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Abstract

Human cognition process is inherently interactive, involving a dynamic interplay

between perception and reasoning. In contrast, contemporary multi-modal AI sys-

tems typically operate under a single-pass processing paradigm, where perception

and reasoning are performed sequentially and passively. While this approach has

proven effective for constrained, well-defined tasks, it exhibits significant limita-

tions in both efficiency and generalizability when applied to complex, open-ended

scenarios. In such cases, this content-as-input paradigm struggles due to funda-

mental constraints in the single-pass pipeline, which hampers the comprehensive

encoding of information-dense content for diverse downstream objectives.

To address this challenge, we propose a new paradigm called interactive multi-

modal content understanding, in which multi-modal content is treated not as static

input but as an interactive environment. Given a task instruction (e.g., a ques-

tion about the content), the AI agent actively explores this environment, iteratively

engaging in perception and reasoning to derive the final answer. This paradigm

draws inspiration from human cognition, facilitating deeper exploration and more

nuanced analysis during the reasoning process.

This thesis begins with a systematic discussion on the proposed paradigm, followed

by in-depth analysis of the technical challenges it presents and our strategies to

address them. Specifically, Part I investigates the essential capabilities of video tem-

poral perception, including visual-audio-text integration, effective video temporal
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grounding, and techniques for transferring these capabilities from images to videos.

Part II focuses on combining fine-grained perception with open-ended reasoning

through large language models, with particular attention to temporal and spatio-

temporal reasoning. Finally, Part III synthesizes the previously discussed technolo-

gies, culminating in the development of an agentic, interactive multi-modal content

understanding system capable of planning, grounding, verification, and question

answering to tackle complex scenarios. Concluding remarks and future research

directions are summarized at the end.
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Chapter 1

Introduction

Our experience of the world is interactive – we perceive what we desire, reason on

what we observe, and generate thoughts through an iterative cycle of perception

and reasoning. Human cognition naturally involves a dynamic interplay between

these processes, shaping and refining our understanding over time [96, 175, 73, 44,

5]. Take a crowd scene, for instance: we might immediately notice a familiar face,

a vivid outfit, or an unusual movement that align with our current goals or expecta-

tions. These perceptions trigger interpretations and questions, which in turn affect

where we direct our attention next. Therefore, cognition is not a passive reception

of sensory inputs, but an active, task-driven process guided by memory, context, and

desire. Psychologists suggest that this interactivity improves attentional efficiency

[181], supports adaptive behaviors in dynamic environments [65], and facilitates

meaningful perception guided by prior knowledge [45, 77].

In contrast, contemporary multi-modal AI systems predominantly operate under a

single-pass processing paradigm, in which perception and reasoning are performed

sequentially and passively, without the opportunity for iterative refinement. In this

framework, a model typically comprises a backbone (e.g., ResNet [84] or ViT [56])

for feature extraction, a series of neck modules for further processing, and multiple
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task-specific heads for output prediction. The model is trained end-to-end to map

the input signals directly to output results. Such a straightforward paradigm has

been proven effective for constrained, well-defined tasks such as object detection

[215, 211, 244, 347], image/video super-resolution [55, 262, 26], and audio recog-

nition [86, 74, 113]. However, when facing complex, open-ended scenarios, e.g.,

open-ended question answering on high-resolution images or hours-long videos,

these content-as-input approaches exhibit significant limitations in both efficiency

[27, 343, 258, 275] and generalizability [158, 194, 161], which we attribute to the

fundamental constraints of the single-pass pipeline in comprehensively encoding

information-dense content for diverse downstream objectives.

In this thesis, we systematically analyze and address this problem by introducing

a new paradigm called interactive multi-modal content understanding. Inspired

by human cognitive processes, we argue that multi-modal content (e.g., images and

videos) should be treated not as static inputs, but as interactive environments. Given

a task instruction (e.g., a question about the content), the AI agent actively explores

this environment, engaging in an iterative loop of perception and reasoning until it

finalizes its response. This content-as-environment paradigm offers several advan-

tages over conventional solutions:

1. Task Adaptivity: The optimal representation of a signal is inherently task-

dependent. For instance, evaluating artistic style requires holistic perception,

while assessing drawing skill demands attention to fine-grained local details.

Conditioning perception on the task at hand allows the model to adapt its

strategy, focus, and reasoning effectively across diverse scenarios.

2. Resource Efficiency: Through appropriate planning before perception, the

model can prioritize the most relevant aspects of the content, significantly

reducing compute, memory, and the strain on model capacity without com-

promising performance. This selective sensing mechanism mirrors human ef-

ficiency in focusing on key information while ignoring irrelevant details.
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3. Reflection Capability: Treating perception and reasoning as an interleaved,

recursive process enables models to self-monitor and refine their understand-

ing over time. During reasoning, the agent can revisit ambiguous or underex-

plored regions of the content, identify inconsistencies, and iteratively update

its internal representation before producing the final response. This reflective

process enhances robustness, interpretability, and generalization.

The proposed framework fundamentally redefines how AI systems conduct multi-

modal content understanding – through task-guided planning, step-by-step explo-

ration, and flexible reflection when solving different problems.

1.1 What Do We Mean by “Interactive” ?

Before proceeding, we would first like to provide a precise definition of “interactive

multi-modal content understanding”, shown as follows.

Interactive multi-modal content understanding is a task-driven process in

which an AI system actively explores the content through iterative cycles of

perception, reasoning, and reflection.

Based on this definition, we broadly refer “interactive” as the mechanism of adap-

tive multi-pass processing for understanding. This involves several essential ca-

pabilities that an agent should possess: (1) Perception: The ability to adaptively

localize relevant regions or moments within multi-modal content, guided by the

specific task context. (2) Reasoning: The capacity to solve open-ended tasks based

on the selectively perceived information. (3) Interaction: The integration of per-

ception and reasoning in a recursive and verifiable manner, enabling step-by-step

completion of complex tasks through continuous feedback and refinement.

As illustrated by the roadmap in Figure 1.1, this thesis has made progresses on all
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AI Assistant Multimedia
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Figure 1.1: A roadmap towards interactive multi-modal content understanding. In

this thesis, we comprehensively discuss and introduce a step-by-step path towards

developing an interactive content understanding system.

three aspects toward building an interactive content understanding system. In par-

ticular, we study this problem through the lens of image and video understanding,

addressing the technical challenges of spatial-temporal awareness, multi-modal in-

tegration, and long-form vision-centric reasoning.

1.2 Perception: Basic Information Acquisition

As previously discussed, perception serves as the initial stage of information acqui-

sition directly from multi-modal content. In our proposed framework, this process

goes beyond the passive reception of images or videos, and becomes a proactive

mechanism involving key regions/moments localization and encoding. Our previ-

ous works [154, 159] have explored the topic of image spatial perception. Here, in

Part I, we investigate video temporal perception, which aims to temporally localize

relevant moments in videos based on flexible natural language queries.
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1.3. Reasoning: Open-Ended Task-Solving

In addition to the extra temporal dimension, videos also contain an audio modality,

which leads to a natural research question: How to integrate audio, visual, and tex-

tual information into a unified model for video temporal grounding? In Chapter 2,

we propose Unified Multi-modal Transformer (UMT) [155], a unified framework

for video moment retrieval and highlight detection. The proposed model supports

flexible modality combinations as inputs, including video + audio, video + text, and

video + audio + text. This is realized by a novel modality fusion module called bot-

tleneck transformer, which employs a small set of learnable tokens as the bridge for

modality-specific information compression and expansion. This design allows joint

augmentation of visual and audio features with linear computational complexity,

while effectively filtering out noise from both modalities.

While UMT has demonstrated significance in audio-visual-text integration, it re-

lies on two backbones for feature extraction and several sophisticated modules for

downstream processing. With the emergence of vision foundation models, Chap-

ter 3 addresses a new question: Is it possible to efficiently transfer a foundation model

from image to video understanding? Our preliminary experiments reveal that exist-

ing methods merely utilize the last-layer features of CLIP [205], which contains

only global semantics and is sub-optimal for fine-grained query-event alignment.

Therefore, we propose Reversed Recurrent Tuning (R2-Tuning) [153], a parameter-

and memory-efficient transfer learning framework for video temporal grounding.

Our method learns a lightweight R2 Block comprising only 1.5% of the total param-

eters to perform progressive spatial-temporal modeling from coarse to fine. Strong

performance has been achieved on several public benchmarks.

1.3 Reasoning: Open-Ended Task-Solving

Taking one step beyond perception, we also study how to integrate open-ended

reasoning with fine-grained perception techniques. Thanks to the advancement of
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large language models (LLMs) [2, 8, 50, 245, 1], it has become feasible to lever-

age multi-modal large language models (MLLMs) [188, 15, 350] as a foundation for

open-ended image and/or video understanding. Specifically, we focus on equipping

MLLMs with fine-grained temporal and spatio-temporal awareness.

First, we are interested in How to enable time awareness in MLLMs for precise event

referring and grounding? A comprehensive discussion and investigation is provided

in Chapter 4, where we introduce a complete solution for event-level and time-

sensitive video understanding [158], consisting of a benchmark (E.T. Bench), a

model (E.T. Chat), and an instruction-tuning dataset (E.T. Instruct 164K). Our

benchmark results show that most existing MLLMs for holistic image/video un-

derstanding fail to comprehend time information in videos. We attribute it to the

improper modeling of timestamps, and propose to reformulate timestamp predic-

tion as an embedding matching problem. The effectiveness of our architectural and

data innovation has been verified on our benchmark.

We then explore a more fine-grained scenario to enable region-level spatial-temporal

reasoning in videos. In Chapter 5, we introduce UniPixel [157], a unified MLLM

framework capable of flexibly interpreting visual prompt inputs and generating

mask-grounded responses. The model accepts various visual prompts (i.e., points,

boxes, and masks) as spatial references, and integrates them seamlessly into open-

ended video understanding. Its outputs may also include special tokens that can

be decoded into masks. This flexibility empowers the model to focus on particular

regions or moving objects, enabling more precise and object-centric reasoning.

1.4 Interaction: Proactive Sensing & Thinking

Upon resolving the critical challenges in task-driven perception and reasoning, we

culminate our efforts in Chapter 6 with the development of VideoMind [156], an

6
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agentic framework for multi-modal content understanding. VideoMind integrates

the previously introduced techniques in this thesis into a cohesive system compris-

ing four carefully designed roles: Planner, Grounder, Verifier, and Answerer, each

responsible for task planning, relevant moment grounding, verification of localiza-

tion results, and moment-specific question answering, respectively.

To support flexible and efficient role-switching at inference time, we also introduce

a novel Chain-of-LoRA mechanism, which loads multiple LoRA adapters [88] and

activates them on demand. This modular role design empowers VideoMind to per-

form iterative perception and reasoning, significantly improving its performance on

long video understanding tasks. Notably, our 2B model surpasses GPT-4o [188] on

several long video understanding benchmarks [28, 343, 258].
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Part I

Perception

There is nothing in the intellect that was not first in the senses.

— Thomas Aquinas, Quaestiones Disputatae de Veritate



Chapter 2

Unified Multi-modal Transformers for

Video Content Analytics

Finding relevant moments and highlights in videos according to natural language

queries is a natural and highly valuable common need in the current video con-

tent explosion era. Nevertheless, jointly conducting moment retrieval and highlight

detection is an emerging research topic, even though its component problems and

some related tasks have already been studied for a while. In this chapter, we present

the first unified framework, named Unified Multi-modal Transformers (UMT), ca-

pable of realizing such joint optimization while can also be easily degenerated for

solving individual problems. As far as we are aware, this is the first scheme to

integrate multi-modal (visual-audio) learning for either joint optimization or the

individual moment retrieval task, and tackles moment retrieval as a keypoint detec-

tion problem using a novel query generator and query decoder. Extensive compar-

isons with existing methods and ablation studies on QVHighlights, Charades-STA,

YouTube Highlights, and TVSum datasets demonstrate the effectiveness, superiority,

and flexibility of the proposed method under various settings.

9
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QUERY 2: A white cat with spots is playing with a feathery toy

(No Query) QUERY 1: A person cuts up photos

Video
(Input)

Audio
(Input)UMT

Figure 2.1: The proposed UMT is a unified and flexible framework which can

handle different input modality combinations, and output video moment retrieval

and/or highlight detection results (marked by red rectangles and golden stars, re-

spectively). Note that different text queries lead to different outcomes from the

same video. Arrows in different colors denote different input-output combinations.

2.1 Introduction

Video has already become the major media in content production, distribution,

and consumption in our daily lives. It has the unique advantage of being able to

include visual, audio, and linguistic information in the same media, in line with our

natural experiences. Such an advantage on information richness, however, is also a

challenging factor limiting its production and consumption, as it brings about very

high costs on satisfying two critical needs. The first one is to find relevant moments

in existing videos for producing new content or just getting creation hints from

such references. The second one is to glance at large amounts of video content

quickly by scanning video highlights rather than watching the entire original videos

or video moments at a normal speed, which is needed by both video producers and

consumers in such a content explosion era.

10
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These two critical needs lead to two important research topics: video moment re-

trieval [6, 70] and video highlight detection [253, 234, 306], respectively. Although

one may realize that these two tasks are closely related (especially when a text

query is given), they have not yet been explicitly jointly studied until a very recent

work [120] which builds a novel dataset called QVHighlights for this purpose and

presents the first model Moment-DETR optimized for jointly solving both problems.

Nevertheless, this seminal work has several limitations. It assumes a text query al-

ways exists and it has only applied to the visual modality of each video. Moreover, it

is still a very basic model called a strong baseline, although it adopts a transformer

framework, the latest and fast-rising neural network architecture type.

This chapter goes deeper into designing joint video moment retrieval and highlight

detection approaches by mainly exploring two aspects: multi-modal learning and

flexibility, as shown in Figure 2.1. Apart from text and video (i.e., visual informa-

tion), audio is also treated as an important input. Moreover, a unified yet flexible

framework called Unified Multi-modal Transformers (UMT) is proposed to handle

different modality reliability situations and combinations. For example, when the

text input is unavailable, the task degenerates to highlight detection only. When

there is some significant distraction in the text, its reliability will be compromised.

Moreover, the audio may also be noisy, which may limit effective exploration. UMT

covers all these natural variations which conventionally need to be resolved by dif-

ferent specifically designed models.

To demonstrate the effectiveness and superiority of the proposed framework, we

conduct experiments not only on the QVHighlights dataset [120], the only one

built for joint video moment retrieval and highlight detection, but also on popular

public datasets for moment retrieval (Charades-STA [70]) and highlight detection

(TVSum [230], YouTube Highlights [234]), with or without text guidance. Detailed

ablation studies are also carried out to evaluate the essential components of the

proposed scheme and to reveal meaningful insights.

11
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2.2 Related Work

2.2.1 Video Moment Retrieval & Highlight Detection

Moment retrieval is a recently studied research topic that focuses on retrieving re-

lated moments in a video given a natural language query. Most existing works

[6, 70] assume there is only a single moment in a video corresponding to a given

text query, and such queries are usually about activities. The recently proposed

QVHighlights dataset [120] goes beyond that by annotating multiple moments in

a video for each query and breaks the former moment distribution bias. Video re-

trieval via text query [191] is a similar task, but it retrieves whole videos rather

than video moments. Some works on language grounding [241, 212] align textual

phrases to temporal video segments, which operate at a finer scale and target at

different applications. Highlight detection concerns about detecting interesting or

salient video segments in a video. It has a long history of about two decades with a

rich literature, covering various domains of videos, including sports [253, 238], so-

cial media [234], and first-person [306]. QVHighlights is the only dataset support-

ing highlight detection conditioned on text-guided moment retrieval results. Video

summarization is a closely related task that targets at summarizing a long video

with short segments. It focuses on representativeness, diversity, and storyline, and

thus it tends to be considered as a downstream application of highlight detection

[306]. Dynamic video thumbnail generation [293] is another downstream task,

which selects attractive video highlights and reforms them into a short segment to

serve as the thumbnail. Among all these tasks, moment retrieval and highlight de-

tection are two fundamental ones and can get highly correlated when a text query

is given. This study follows QVHighlights on modeling both tasks together within a

single framework. Different from Moment-DETR [120], our model has the flexibil-

ity to perform moment retrieval or highlight detection only.
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2.2.2 Text Query Based Models

While text query is a must for moment retrieval, it seldom appears in the studies

for video highlight detection, though we believe that providing text queries leads to

better results as highlights are usually subjective and interest-dependent. An early

work [115] proposes using text to find video highlights, but it is just about using

a text ranking algorithm to rank video descriptions in the text domain for provid-

ing supervision to video shot ranking, not directly matching text and highlights.

The only text-guided highlight detection exists in the very recent work [120]. In

the closely related field of video thumbnail generation, text queries were first in-

vestigated in [317], where a graph convolutional network is used to model the

word-by-clip interactions. Later on, sentence-guided temporal modulation mecha-

nism [218] is proposed to modulate an encoder-decoder based network. All these

works assume the reliability of the text query, while our proposed framework can

easily work without text queries or with unreliable text queries.

2.2.3 Multi-modal Learning

Multi-modal learning approaches have been explored for highlight detection by

jointly modeling visual and audio modalities. The earliest work seems to be MINI-

Net [87], which simply concatenates the feature vectors of both modalities. Very

recently, two more sophisticated modality fusion models [307, 12] have been pro-

posed and significantly boosted the performances. One of them invents a visual-

audio tensor fusion mechanism [307] to learn cross-modality relationships with

tensor decomposition and low-rank constraints. The other does the fusion via cross-

modal bidirectional attention layers [12] which extract audio-attended visual fea-

tures and visually-attended audio features. Though all the three approaches share

the same idea with us on learning multi-modal fused representations for high-

light detection, only the attention-based work build their model under the same

13
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Figure 2.2: Overall architecture of our framework. When either the video or audio

is unavailable, the corresponding uni-modal encoder and cross-modal encoder are

deactivated. If text queries are not provided, the model would simply use learnable

moment queries instead.

supervised-learning setting as ours. To the best of our knowledge, our approach

is the first one to solve joint moment retrieval and highlight detection with multi-

modal (visual-audio) learning.

2.3 Method

2.3.1 Overview

Given an untrimmed video V containing Nv clips and a natural language query T

with Nt tokens, the goal of joint video moment retrieval and highlight detection is

to localize all the moments (represented by temporal boundaries b ∈ R2) in V , in

which the visual and/or audio contents are highly relevant to T , while predicting

clip-level saliency scores {si}Nv
i=1 for each moment simultaneously.

As shown in Figure 2.2, the overall architecture of our framework derives from

the transformer encoder-decoder structure, and can be divided into five parts, i.e.,
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uni-modal encoder, cross-modal encoder, query generator, query decoder, and pre-

diction heads. The input video and text are firstly processed by pre-trained feature

extractors. Specifically, we use three different models (Ev, Ea, and Et) to extract vi-

sual, audio, and textual features, respectively. Each video-text pair can be therefore

represented by three collections of feature vectors, namely visual features {vi}Nv
i=1,

audio features {ai}Nv
i=1, and textual features {ti}Nt

i=1. The visual and audio features

are fed into separate uni-modal encoders to be contextualized under global recep-

tive field, then be fused by the cross-modal encoder for visual-audio joint repre-

sentations {ri}Nv
i=1. These representations, together with textual features, are used

to generate clip-level moment queries {qi}Nv
i=1 that can be utilized to retrieve mo-

ments and highlights from joint representations in the query decoder. After decod-

ing query-guided video features {di}Nv
i=1, we use two prediction heads to obtain the

final moment retrieval and highlight detection results.

2.3.2 Uni-modal Encoder

Most existing feature extractors for videos and audios [247, 24, 113] are under

the sliding window scheme, thus these methods only consider local temporal cor-

relations, without being aware of the global context information, which is of great

essence for video understanding tasks. Detecting queried moments and highlights

in a video also requires an overall view of the global content. Therefore, to augment

the features with global context within each modality, we adopt uni-modal encoder

to process the input visual and audio features. This module is constructed by stack-

ing standard transformer encoder layers [248], each consisting of a multi-head self-

attention block and a feed-forward network. In each attention head, self-attention

for either of the visual or audio modality x ∈ {v, a} can be computed as

x′
i = xi + wz

Nv∑
j=1

exp(wqxi × wkxj)∑Nv

m=1 exp(wqxi × wkxm)
wvxj (2.1)
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where xi and x′
i are the input and output features of clip i, and w{q,k,v,z} indicates

linear transform weights for the query, key, value, and output matrices. More de-

tails about self-attention are referred in [248]. The above formula computes the

embedded gaussian correlations among clips, and aggregates the global context in-

formation into each clip. Subsequently, a two-layer feed-forward network formed

by Linear→ ReLU→ Dropout→ Linear is used to further project the features.

2.3.3 Cross-modal Encoder

Previous studies [12, 180] have claimed that jointly modeling multi-modal features

can better obtain the overall representations. Hence after the uni-modal encoders,

an extra cross-modal encoder is utilized to jointly capture the global correlations

across modalities. Here, the exact form of the cross-modal encoder is not crucial.

A straightforward approach is to apply cross-modal attention [12]. However, such

a strategy has two weaknesses. First, as typical natural signals, both visual and

audio features have heavy spatial-temporal redundancy and noisy information that

are useless for other modalities. Second, the computation of cross-modal atten-

tion is costly, with square complexity when calculating clip-to-clip correlations. A

recent work [180] tried to tackle the first problem by introducing attention bottle-

necks that can be regarded as the information bridge across modalities. Although

promising results have been achieved, this module still suffers from high compu-

tational cost since inter- and cross-modal correlations are jointly modeled. In this

work, we extend this idea and propose to disentangle these strategies, thus the re-

sulting bottleneck transformer module can be divided into two stages, i.e., feature

compression and expansion, shown in Figure 2.3.

Feature Compression Following [180], we introduce bottleneck tokens {zi}Nb
i=1 to

capture the compressed features from all modalities. Here Nb is a number much

smaller than the number of video clips Nv. The feature compression is realized
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Figure 2.3: The architecture of bottleneck transformer module. We introduce bot-

tleneck tokens for cross-modal feature compression and expansion, largely reducing

the computational cost.

by several multi-head attentions between bottleneck tokens and the features from

different modalities. Since there are only visual and audio modalities in this case,

the compression process can be represented by

z′i = zi + wz

Nv∑
j=1

exp(wqzi × wkxj)∑Nv

m=1 exp(wqzi × wkxm)
wvxj (2.2)

where zi and z′i are input and output features of bottleneck tokens. Other notations

are consistent with Eq. 2.1. The only difference between Eq. 2.1 and Eq. 2.2 is

that the query matrix is replaced by zi, aiming to aggregate features into bottleneck

tokens. We apply this operation for both visual and audio features, so that multi-

modality information is refined and compressed into bottleneck tokens.

Feature Expansion After compressing the multi-modal information, we expand

the features and propagate them into each modality using another multi-head at-
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tention. Formally, the computation is as follows.

x′
i = xi + wz

Nv∑
j=1

exp(wqxi × wkzj)∑Nv

m=1 exp(wqxi × wkzm)
wvzj (2.3)

Here, x′
i represents the cross-modality enhanced features of clip i. These features

are then fed into feed-forward networks for further projection. Leveraging such

a two-stage feature propagation across modalities, visual and audio features are

augmented under linear computational complexities, while the noises from both

modalities are effectively discarded.

2.3.4 Query Generator

As transformers are firstly introduced for language translation tasks, the lengths of

the input and output sequences may not be the same, where the length of the out-

put sequence is determined by the query embeddings fed into the decoder. When

generalized to vision tasks, query embeddings are randomly initialized and learned

during training. Such a scheme may not be suitable for video highlight detection,

since the outputs ought to be strictly aligned with the input tokens. Besides, query

embeddings shall naturally guide the process of representation decoding. There-

fore, we introduce a query generator to adaptively generate temporally aligned

moment queries depending on the natural language input. This module is also con-

structed by a multi-head attention layer, in which visual-audio joint representations

{ri}Nv
i=1 act as query, textual features are key and value. Our hypothesis is that by

computing the attention weights between video clips and text queries, each clip can

learn whether it contains which of the concepts described in the text, and predict

a query embedding that can be used to decode the learned information for differ-

ent needs. Note that when text queries are not available, joint representations and

learnable positional encodings are summed up to serve as moment queries instead.
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2.3.5 Query Decoder and Prediction Heads

Query decoder takes visual-audio joint representations {ri}Nv
i=1 and text-guided mo-

ment queries {qi}Nv
i=1 as inputs, and decodes the video features for joint moment

retrieval and highlight detection. The output sequence of the query decoder has

the same length as the encoder input. Such a peculiarity has two advantages: (1)

We may obtain the clip-level saliency (highlight) scores as simple as adding a lin-

ear projection layer with sigmoid activation. 2) The dynamic length of output se-

quence also enables us to define moment retrieval as a keypoint detection problem

[119, 347]. That is, each moment can be represented by its temporal center and

duration (window), where the center point can be estimated by predicting a tem-

poral heatmap and extracting local maxima. The window can be further regressed

from features of the center. Note that the points in the heatmap are discrete, which

may be misaligned with the real temporal center and inevitably damage the re-

trieval performances. An extra offset term used to adjust the center should also be

predicted. We adopt four linear projection layers to predict the saliencies, centers,

windows, and offsets, respectively.

During training, the clip-level saliency score prediction is optimized using a binary

cross-entropy loss Ls. For each ground truth moment with center p ∈ [1, Nv] and

window d, we quantize the center point to p̃ and fill the heatmap H ∈ [0, 1]Nv

using a 1D gaussian kernel Hx = exp(− (x−p̃)2

2σp
2 ) with radius rp. Here, x indicates

the temporal coordinate aligned with clip indices, rp and σp are window-adaptive

parameters that can be computed as

rp = µ · d (2.4)

σp = ρ · (rp + 1) (2.5)

where µ and ρ are hyperparameters controlling the corresponding values. We add

1 to rp in Eq. 2.5 to ensure that the output σp is not too small, preventing extremely

large values in the heatmap. We observe that the performance is not sensitive to
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these hyperparameters, thus both of them are set to 0.2 in all experiments. We

optimize the center point prediction using the gaussian focal loss [143] as

Lc = − 1

N

∑
x

(1− Ĥx)
α log(Ĥx) ifHx = 1

(1−Hx)
γĤx

α
log(1− Ĥx) otherwise

(2.6)

Here, N is the number of moments, α and γ denote the weighting and the exponent

of the modulating factors in the focal loss, which are set to 2.0 and 4.0 in practice.

For window and offset regression, we simply adopt L1 losses to optimize the actual

values for all ground truth centers as

Lw = − 1

N

∑
p

|wp − ŵp| (2.7)

Lo = − 1

N

∑
p

|(op − p̃)− ôp| (2.8)

where wp, ŵp, op, and ôp are the ground truth and predicted windows and offsets

respectively. The overall training loss would be the weighted sum of all the losses

above as

L = λsLs + λcLc + λwLw + λoLo (2.9)

where λ{s,c,w,o} are the weights for saliency, center, window, and offset losses, respec-

tively. When testing, the moment boundries are obtained by comining the center,

window, and offset terms as introduced in [119, 347].

2.4 Experiments

2.4.1 Datasets and Experimental Settings

Datasets QVHighlights [120] is the only existing public dataset that has ground-

truth annotations for both moment retrieval and highlight detection, thus being
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suitable for evaluating the full version of our proposed model. This dataset contains

videos cropped into 10,148 short (150s-long) segments, and had each segment

annotated with at least one text query depicting its relevant moments. There are

averagely about 1.8 disjoint moments per query, annotated on non-overlapping 2s-

long clips. In total, there are 10,310 queries with 18,367 annotated moments. We

follow the original QVHighlights data splits in all experiments.

We also utilize three more datasets: Charades-STA [70], YouTube Highlights [234],

and TVSum [230] for further evaluation on the moment retrieval or highlight de-

tection task only, as our model has the flexibility for tasks. Charades-STA contains

16,128 query-moment pairs annotating different actions. YouTube Highlights has

6 domains with 433 videos currently available. TVSum includes 10 domains with

5 videos each. We follow the tradition to work on a random 0.8/0.2 training/test

split. Note that the annotators for TVSum were aware of the video titles, so we

believe that these titles can serve as noisy text queries. Our model’s flexibility to

handle this situation is studied.

Evaluation Metrics We use the same evaluation metrics used in existing works.

Specifically, for QVHighlights, Recall@1 with IoU thresholds 0.5 and 0.7, mean av-

erage precision (mAP) with IoU thresholds 0.5 and 0.75, and the average mAP over

a series of IoU thresholds [0.5:0.05:0.95] are used for moment retrieval. For high-

light detection, mAP and HIT@1 are utilized, where a clip prediction is treated as a

true positive if it has the saliency score of Very Good. For Charades-STA, Recall@1

and Recall@5 with IoU thresholds 0.5 and 0.7 are used. For YouTube Highlights

and TVSum, mAP and Top-5 mAP are adopted, respectively.

Implementation Details On QVHighlights, we simply leverage the pre-extracted

features using SlowFast [63] and CLIP [205]. Official VGG [227] and optical

flow features, as well as GloVe [197] embeddings, are used for Charades-STA. On

YouTube Highlights and TVSum, we obtain clip-level visual features using an I3D
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Table 2.1: Comparison with representative methods on QVHighlights test split.

MR and HD denote moment retrieval and highlight detection, respectively. w/ PT

means pre-training with ASR captions.

Method

MR HD

R1 mAP ⩾ Very Good

@0.5 @0.7 @0.5 @0.75 Avg. mAP HIT@1

BeautyThumb [229] – – – – – 14.36 20.88

DVSE [152] – – – – – 18.75 21.79

MCN [6] 11.41 2.72 24.94 8.22 10.67 – –

CAL [59] 25.49 11.54 23.40 7.65 9.89 – –

XML [121] 41.83 30.35 44.63 31.73 32.14 34.49 55.25

XML+ [120] 46.69 33.46 47.89 34.67 34.90 35.38 55.06

Moment-DETR [120] 52.89 33.02 54.82 29.40 30.73 35.69 55.60

Moment-DETR w/ PT 59.78 40.33 60.51 35.36 36.14 37.43 60.17

UMT (Ours) 56.23 41.18 53.83 37.01 36.12 38.18 59.99

UMT (Ours) w/ PT 60.83 43.26 57.33 39.12 38.08 39.12 62.39

[24] pre-trained on Kinetics 400 [24]. Since each feature vector captures 32 con-

secutive frames, we follow [12] and consider the feature vector belonging to a clip

if their overlap is more than 50%. We also use CLIP to extract the title features

in TVSum. Audio features are extracted by a PANN [113] model pre-trained on

AudioSet [72]. Visual and audio features are temporally aligned at clip level.

All the models in our experiments contain one uni-modal and cross-modal encoder

layer each. The number of decoder layers is set to 3 for QVHighlights and Charades-

STA, and 1 for YouTube Highlights and TVSum since they have smaller scales. The

number of bottleneck tokens Nb is insensitive thus be set to 4. The weights of losses

are set as λs = 3.0, λc = 1.0, λw = 0.1, and λo = 1.0, while λw and λo are reduced to

0.05 and 0.5 specially for Charades-STA. Following [120], we set the hidden dimen-

sions to 256, with 4× dimension expansions in feed forward networks. Learnable

positional encodings, pre-norm style layer normalizations [11], 8 attention heads,

and 0.1 dropout rates are used in all transformer layers. We also adopt extra pre-

dropouts with rate 0.5 for visual and audio inputs, and 0.3 for text inputs. In
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Table 2.2: Comparison with representative methods on Charades-STA test split. All

the models use the officially released VGG and/or optical flow features of Charades.

Method
R@1 R@5

IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7

SAP [34] 27.42 13.36 66.37 38.15

SM-RL [259] 24.36 11.17 61.25 32.08

MAN [326] 41.24 20.54 83.21 51.85

2D-TAN [334] 40.94 22.85 83.84 50.35

FVMR [71] 42.36 24.14 83.97 50.15

UMT† (Ours) 48.31 29.25 88.79 56.08

UMT‡ (Ours) 49.35 26.16 89.41 54.95

† video + audio, ‡ video + optical flow

Table 2.3: Experimental results on YouTube Highlights (metric: mAP). Above are

the methods using visual features only, the others are using visual-audio features.

Method Dog Gym. Par. Ska. Ski. Sur. Avg.

RRAE [301] 49.0 35.0 50.0 25.0 22.0 49.0 38.3

GIFs [82] 30.8 33.5 54.0 55.4 32.8 54.1 46.4

LSVM [234] 60.0 41.0 61.0 62.0 36.0 61.0 53.6

LIM-S [287] 57.9 41.7 67.0 57.8 48.6 65.1 56.4

SL-Module [292] 70.8 53.2 77.2 72.5 66.1 76.2 69.3

MINI-Net [87] 58.2 61.7 70.2 72.2 58.7 65.1 64.4

TCG [307] 55.4 62.7 70.9 69.1 60.1 59.8 63.0

Joint-VA [12] 64.5 71.9 80.8 62.0 73.2 78.3 71.8

UMT (Ours) 65.9 75.2 81.6 71.8 72.3 82.7 74.9

all experiments, we use Adam [110] optimizer with 1e-3 learning rate and 1e-4

weight decay. The model is trained with batch size 32 for 200 epochs on QVHigh-

lights, batch size 8 for 100 epochs on Charades-STA, batch size 4 for 100 epochs on

YouTube Highlights, and batch size 1 for 500 epochs on TVSum, respectively.

Following [120], we also consider the weakly-supervised pre-training on QVHigh-

lights with automatic speech recognition (ASR) captions. During pre-training, the

saliency loss is turned off since the supervision is only for moment retrieval. We

observe that UMT converges much faster than Moment-DETR due to the novel for-

mulation of moment retrieval, thus we increase the batch size to 2048 and pre-train
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Table 2.4: Experimental results on TVSum (metric: Top-5 mAP). Above are the

methods using visual features only, the others are using visual-audio features.

Method VT VU GA MS PK PR FM BK BT DS Avg.

sLSTM [331] 41.1 46.2 46.3 47.7 44.8 46.1 45.2 40.6 47.1 45.5 45.1

SG [172] 42.3 47.2 47.5 48.9 45.6 47.3 46.4 41.7 48.3 46.6 46.2

LIM-S [287] 55.9 42.9 61.2 54.0 60.4 47.5 43.2 66.3 69.1 62.6 56.3

Trailer [254] 61.3 54.6 65.7 60.8 59.1 70.1 58.2 64.7 65.6 68.1 62.8

SL-Module [292] 86.5 68.7 74.9 86.2 79.0 63.2 58.9 72.6 78.9 64.0 73.3

MINI-Net [87] 80.6 68.3 78.2 81.8 78.1 65.8 57.8 75.0 80.2 65.5 73.2

TCG [307] 85.0 71.4 81.9 78.6 80.2 75.5 71.6 77.3 78.6 68.1 76.8

Joint-VA [12] 83.7 57.3 78.5 86.1 80.1 69.2 70.0 73.0 97.4 67.5 76.3

UMT (Ours) 87.5 81.5 88.2 78.8 81.4 87.0 76.0 86.9 84.4 79.6 83.1

the model for 100 epochs to prevent overfitting.

2.4.2 Results on Joint Moment Retrieval & Highlight Detection

We first evaluate our proposed UMT on QVHighlights test split. The results are

shown in Table 2.1. On both moment retrieval and highlight detection tasks, our

proposed model outperforms all the existing approaches, including the previous

state-of-the-art method Moment-DETR [120] under both settings (with or without

pre-training with automatic speech recognition captions).

2.4.3 Results on Video Moment Retrieval

Table 2.2 shows the comparison of UMT with some representative methods on

Charades-STA test split. Our approach performs better than previous methods

under different metrics. We also tried adopting optical flow instead of audio and

obtained similar performances, demonstrating the generalizability of the proposed

bottleneck transformer when fusing different modality combinations.
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Table 2.5: The effectiveness of multi-modal learning on YouTube Highlights, TV-

Sum, and QVHighlights val split. MR and HD denote moment retrieval and high-

light detection, respectively.

Method
YouTube Highlights TVSum QVHighlights

mAP Top-5 mAP MR (mAP) HD (mAP)

MINI-Net† [87] 61.38 69.79 – –

Joint-VA† [12] 70.50 74.80 – –

Moment-DETR† [120] – – 32.20 36.52

UMT† (Ours) 73.48 81.89 37.79 38.97

MINI-Net‡ [87] 52.23 59.72 – –

Joint-VA‡ [12] 67.00 68.70 – –

Moment-DETR‡ [120] – – 16.69 26.00

UMT‡ (Ours) 65.61 76.51 13.73 23.91

MINI-Net [87] 64.36 73.24 – –

Joint-VA [12] 71.80 76.30 – –

Moment-DETR+ [120] – – 34.05 37.67

UMT (Ours) 74.93 83.14 38.59 39.85

† video only, ‡ audio only, + w/ bottleneck transformer

2.4.4 Results on Video Highlight Detection

Highlight detection results on YouTube Highlights and TVSum are presented in Ta-

ble 2.3 and Table 2.4, respectively. On both datasets, UMT performs better than not

only representative methods which only use video, but also existing multi-modal

ones that utilize both video and audio.

2.4.5 Ablation Studies

Multi-modality (Visual-Audio) Table 2.5 shows the performances of all the multi-

modal methods when different modalities are used. Note that Moment-DETR+ is a

multi-modal extension of original Moment-DETR [120] by implementing a similar

bottleneck structure as UMT. Clearly, multi-modal learning can significantly boost

most methods’ performance on all the datasets and tasks in comparison with using
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Table 2.6: Comparison with Moment-DETR using different training task combina-

tions on QVHighlights val split. MR and HD denote moment retrieval and highlight

detection, respectively.

Method

Training MR HD

MR HD
R1 R1 mAP

mAP HIT@1
@0.5 @0.7 Avg.

✓ 44.84 25.87 25.05 – –

Moment-DETR [120] ✓ – – – 36.52 56.45

✓ ✓ 53.94 34.84 32.20 35.65 55.55

✓ 54.14 33.82 34.02 – –

UMT (Ours) ✓ – – – 40.22 65.03

✓ ✓ 60.26 44.26 38.59 39.85 64.19

a single modality, since it can capture more useful information. Compared with the

most similar competitor Moment-DETR+, UMT can better explore the complemen-

tary information from different modalities and suppress the possible noise.

Multi-task Co-optimization Given a text query for a video, retrieving the related

moments and detecting salient highlights in such moments seem to be highly cor-

related tasks. Therefore, it is interesting to see how the multi-task co-optimization

performs in comparison with training for each individual task when the same frame-

work and backbone are used. We conduct single-task experiments by turning off

the losses corresponding to each task and training the rest of the model. Note that

moment retrieval is considered to be a harder task than highlight detection as ex-

plained in Section 2.1. The results in Table 2.6 show that the co-optimization not

only generates results for both tasks simultaneously, but also significantly boosts

the performance on moment retrieval. This is clear for both our UMT and Moment-

DETR [120]. Note that when training for moment retrieval only, UMT performs

much better than Moment-DETR, indicating its superiority on the model design.

Our UMT better models the moment retrieval task as a keypoint detection prob-

lem [119, 347] rather than set prediction or clip classification. Moreover, the in-
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Table 2.7: Effectiveness justification of the offset loss for moment retrieval on

QVHighlights val split. Both models are trained using the co-optimization recipe.

Losses
R1 mAP

@0.5 @0.7 @0.5 @0.75 Avg.

Lc + Lw 62.32 43.23 57.78 38.61 37.36

Lc + Lw + Lo 60.26 44.26 56.70 39.90 38.59

Table 2.8: The influence of weakly relevant (TVSum) or highly relevant (QVHigh-

lights) text queries on highlight detection.

Text Query TVSum
QVHighlights

mAP HIT@1

81.42 25.14 33.42

✓ 83.14 39.85 64.19

puts to the UMT decoder are clip-aligned text-guided queries instead of positional

encodings, which enables more flexible output sequence lengths and may provide

stronger query information for each clip. Therefore, we believe that UMT can model

the relationship between the two tasks better than Moment-DETR does.

Moment Retrieval Losses Table 2.7 presents the performances of UMT when

different combinations of moment retrieval losses are used. Since the center loss

Lc and the window loss Lw are mandatory for representing a moment, only the

necessity of the offset loss Lo is justified. As the comparison shows, modeling the

temporal offset does make the moment boundary prediction more accurate.

Justification of Text Queries We believe that highlight detection based on text

queries is an important setting for highlight detection, as different interests can fa-

vor quite different highlights from the same video. Table 2.8 reports the results of

our model, with or without the text queries. It can be seen that when the query

is relevant, it does improve the highlight detection performance, and such an im-

provement is more significant when the relevance is greater.
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Table 2.9: Comparison of cross-modal fusion methods on YouTube Highlights, TV-

Sum, and QVHighlights val split.

Method
YouTube Highlights TVSum QVHighlights

mAP Top-5 mAP MR (mAP) HD (mAP)

Concat 73.32 80.26 37.03 38.74

Mean 73.29 81.76 37.04 38.91

Sum 73.53 81.77 37.33 38.88

Bottleneck 74.93 83.14 38.59 39.85

Table 2.10: Ablation study the on number of tokens in the bottleneck transformer

on QVHighlights val split (metric: mAP).

#Tokens 4 8 16 32 64 128

MR 38.59 37.19 38.29 37.15 37.20 38.18

HD 39.85 39.64 39.26 39.37 39.22 39.26

Cross-modal Fusion Methods Table 2.9 shows the comparison among bottleneck

tokens and its baselines for cross-modal feature fusion on multiple datasets. Com-

pared with simple fusion operations such as concatenation, mean, and sum, utiliz-

ing our the bottleneck transformer can improve the performance on both moment

retrieval and highlight detection tasks.

Number of Bottleneck Tokens Table 2.10 examines the influence of the num-

ber of learnable bottleneck tokens. As the number increases from 4 to 128, the

performance on moment retrieval and highlight detection remains relatively sta-

ble. Notably, using only 4 tokens yields the best performance. This is because the

compression and expansion of features help eliminate undesirable noise.

2.4.6 Visualization

Figure 2.4 and Figure 2.5 presents some qualitative results on QVHighlights [120].

The results show that visual and audio features contribute to different moment re-
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QUERY: They are driving through a somewhat green desert while music plays.(b)

QUERY 1: A toddler meets cartoon characters.

QUERY 2: Mickey mouse and a costume pink bunny are 
interacting with a baby held by a mother.

(c)

(a) QUERY: A fluffy white dog is playing near the grill and getting his own meal at the table.

Figure 2.4: Visualizations on QVHighlights. The predicted moments and saliency

scores are shown by brackets and lines. (a) All the highlight clips are presented, in-

dicating that UMT can learn implicit correlations between video content and query

semantics. (b) Different modality combinations guide the model pay attention to

different moments. (c) Our model can handle multiple queries in a single video.

trieval and highlight detection outcomes. For example, in Figure 2.5 (b), the video-

only model fails to refine the retrieved moment given the determiner “indicating

we are listening to his audio”, while the audio-only model can not distinguish the

moment boundaries. Combining the visual and audio information can effectively

improve the performances on both tasks.

Figure 2.6 presents some failure cases on QVHighlights [120]. Figure 2.6 (a) shows

that our model fails to comprehend the time adverbial clause “after a tiring trip”.

Instead, it pays more attention to “a young mother and her family” and predicts
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(a) QUERY: A marbled dark cat with white boot patterns is eating out of a dish.

(b) QUERY: A dog circling in a lawn.

QUERY: A girl looks happy to be laying next to her fluffy white cat.(c)

QUERY: Group of friends listening to music and enjoying in car.(e)

QUERY: Black and white photo of a man indicating we are listening to his audio.(d)

Figure 2.5: More visualization results on QVHighlights val split.
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QUERY: After a tiring trip, a young mother and her family finally reach their hotel with a nice waterfront night view.(a)

QUERY: A cat gets a shot.(b)

QUERY: Cute conversation between me and my daughter.(c)

Figure 2.6: Failure cases on QVHighlights val split.

irrelevant moments. In Figure 2.6 (b), the visual appearances of the retrieved mo-

ment and the ground truth are similar. There are few visual clues that can be used

to separate “shot” and other actions. Figure 2.6 (c) indicates that our model un-

derstands nouns, but cannot comprehend abstract words well. We argue that most

failure cases are caused by the incomplete understanding of text queries, which may

be remitted by using a stronger language model.

2.5 Summary

In this chapter, we explore the integration of vision, audio, and text modalities

for video temporal understanding, which forms the foundation of our interactive

content understanding framework. This framework is designed to enable robust

perception under varying levels of modality reliabilities. Our contributions in this

chapter are summarized as follows:
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1. The first unified multi-modal transformer-based framework (UMT) for joint

video moment retrieval and highlight detection, along with their individual

component tasks, under different modality reliability conditions.

2. A cross-modality fusion module (Bottleneck Transformer) for facilitating ef-

fective and efficient audio-visual integration. This module operates with lin-

ear complexity and substantially mitigates noise propagation.

3. A task-guided multi-modal query generation scheme for better task unification

and event-text alignment. Through this design, the encoder-decoder architec-

ture can be utilized for both moment retrieval and highlight detection.

These contributions are based on the following technical novelties:

1. The token-level feature compression-expansion scheme in the bottleneck

transformer fundamentally alleviates the high computational complexity is-

sue, providing an efficient alternative to traditional cross-attention.

2. Our embedding-as-query approach unifies moment retrieval and highlight de-

tection within a single encoder-decoder architecture, offering a more natural

formulation compared with conventional DETR-based models.

3. Our model is grounded in a novel formulation that represents moments as

keypoints for precise boundary prediction. This approach simplifies the design

of the boundary regression head while achieving stronger performance.

2.6 Limitations & Future Work

Although task and modality unifications have been achieved, the proposed frame-

work remains limited in its feature extraction process. Due to the absence of task-

specific backbone architecture design, our model relies on two frozen backbones

(i.e., CLIP [205] and SlowFast [63]) for fine-grained video feature extraction. This

is both sub-optimal and redundant. In the next chapter, we will propose a simple yet
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effective solution to eliminate the dependency on the auxiliary SlowFast encoder, by

effectively and efficiently transferring image-based CLIP encoders to video temporal

grounding scenarios.
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Chapter 3

Efficient Image-to-Video Transfer

Learning for Temporal Grounding

Video temporal grounding (VTG) is a fine-grained video understanding problem

that aims to ground relevant clips in untrimmed videos given natural language

queries. Most existing VTG models are built upon frame-wise final-layer CLIP fea-

tures, aided by additional temporal backbones (e.g., SlowFast) with sophisticated

temporal reasoning mechanisms. In this chapter, we claim that CLIP itself already

shows great potential for fine-grained spatial-temporal modeling, as each layer of-

fers distinct yet useful information under different granularity levels. Motivated

by this, we propose Reversed Recurrent Tuning (R2-Tuning), a parameter- and

memory-efficient transfer learning framework for video temporal grounding. Our

method learns a lightweight R2 Block containing only 1.5% of the total parame-

ters to perform progressive spatial-temporal modeling. Starting from the last layer

of CLIP, R2 Block recurrently aggregates spatial features from earlier layers, then

refines temporal correlation conditioning on the given query, resulting in a coarse-

to-fine scheme. R2-Tuning achieves state-of-the-art performance across three VTG

tasks (i.e., moment retrieval, highlight detection, and video summarization) on six
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public benchmarks (i.e., QVHighlights, Charades-STA, Ego4D-NLQ, TACoS, YouTube

Highlights, and TVSum) even without the additional backbone, demonstrating the

significance and effectiveness of the proposed scheme.

3.1 Introduction

Video is becoming the major content media in our daily lives. The variety of video

domains has extended beyond daily activities [24, 120] but broader scenes such as

egocentric [76] and surveillance [316]. They maintain large information capacities

within multi-granularities, and thus can convey both high-level context and low-

level details effectively.

In the content production and consumption industry, such a flourishing is accom-

panied by the increasing demand for browsing untrimmed videos efficiently with

different user interests. This derives the topic of video temporal grounding (VTG)

[140], which is a fine-grained video-language understanding problem aiming to

ground video clips conditioning on natural language queries. As shown in Fig-

ure 3.1, VTG can be disentangled into three tasks based on different output formats,

i.e., moment retrieval (MR) [70, 120, 155, 76] for regressing start-end timestamps,

highlight detection (HD) [234, 120] for predicting frame-level saliency curves, and

video summarization (VS) [81, 230, 9] for classifying disjoint shots.

Encouraged by the recent success in adopting vision-language models (VLMs) for

video understanding [145, 183, 106, 165, 17, 92], most existing VTG methods

[120, 155, 294, 178, 98, 177, 233] are built upon frame-wise final-layer features

from CLIP [205]. However, due to CLIP’s misaligned pre-training objective (image-

text contrast), these methods fail to capture temporal correlations well. As a feasible

compromise, an additional backbone (e.g., SlowFast [63]) is incorporated to com-

plement the temporal information, followed by carefully designed modules such as

text-guided queries [155], dynamic anchors [178], and event reasoning [98].
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Summarize the 
video about dog

Highlight of 
this daily video

A white puppy 
is eating cake

(c) Video Summarization

(a) Moment Retrieval

89.9s 95.1s

(b) Highlight Detection

Natural Language QueryUntrimmed Video

Figure 3.1: Video temporal grounding (VTG) contains three video-language un-

derstanding problems, i.e., moment retrieval (MR), highlight detection (HD), and

video summarization (VS).

We refer to the paradigm above as a post-processing scheme (shown in Fig-

ure 3.2 (a)), whereas two natural drawbacks exist due to the sub-optimal de-

sign. First, leveraging two backbones with similar capabilities is unintuitive and

inefficient during inference. A single model with both vision-text alignment and

spatial-temporal modeling abilities is more preferred. Second, queries for VTG

could be of different granularities from coarse (e.g., the family is traveling) to fine

(e.g., when did I take the golf club from the man with white hair). Leveraging only

frame-wise & final-layer features is not granularity flexible, as it would focus more

on high-level scene transitions while overlooking low-level details. Preliminary

experiments in Figure 3.3 also demonstrate that the potential of spatial-temporal

modeling for CLIP is not fully exploited by existing methods. Some recent works

[298, 106, 92] tried to tackle the first problem by fine-tuning (part of) the CLIP

encoders (Figure 3.2 (b) and (c)), but they are all inefficient in terms of data,

learnable parameters, or memory.

This chapter intends to answer the research question: how to efficiently transfer

an image-language foundation model to video temporal grounding? We consider the

above question by exploring two aspects: efficiency and granularity flexibility. To
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Figure 3.2: Different architectural designs for CLIP-based image-to-video trans-

fer learning. The gray rectangle in (d) denotes the progressively refined spatial-

temporal features.

address these issues, a novel image-to-video transfer learning framework called

Reversed Recurrent Tuning (R2-Tuning) is proposed for fine-grained understanding

on untrimmed videos. Our insight is that multi-layer CLIP features offer distinct yet

useful information, while their integration should be tailored to the downstream

task. As illustrated in Figure 3.2 (d), based on a frozen CLIP [205], our method

learns a side-block (R2 Block) containing only 1.5% of the total parameters to per-

form spatial-temporal modeling. R2 Block is recurrently attached to the last few lay-

ers of CLIP encoders from back to front, performing query-modulated spatial pooling

and recurrent temporal refinement from coarse to fine. Aside from the new archi-

tecture, we also introduce video-level and layer-wise constraints to calibrate the

granularities of visual and text encoders. During training, gradient flows do not

pass through the CLIP encoders, thus our scheme is both parameter- and memory-

efficient. It is also granularity-flexible as R2 Block can adaptively control the spatial

pooling strategy conditioning on queries.

We conduct extensive experiments across three VTG tasks on six public benchmarks,

including QVHighlights [120], Ego4D-NLQ [76], Charades-STA [70], TACoS [212],

YouTube Highlights [234], and TVSum [230]. Without bells and whistles, R2-Tuning
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Moment-DETR [120] QD-DETR [178] EaTR [98] R2-Tuning (Ours)
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Figure 3.3: Moment retrieval mAP with different backbones on QVHighlights val

split. CLIP’s potential of temporal modeling was not fully exploited.

achieves more than 3 MR mAP gain on QVHighlights test split compared with 4×

heavier counterparts [177] with additional temporal backbones and carefully de-

signed post-processing modules. Further analysis also shows that our method can

better handle multi-granularity information. Overall, our contributions are sum-

marized as: (1) We introduced R2-Tuning, a novel image-to-video transfer learning

framework tailored for video temporal grounding. (2) We designed two effective

strategies, i.e., query-modulated spatial pooling and recurrent temporal refinement,

to model spatial-temporal information from coarse to fine. (3) To calibrate the

granularities of CLIP visual and text encoders, we further introduce video-level and

layer-wise contrastive constraints to distill distinct information from each layer. (4)

Extensive experiments across three tasks on six benchmarks demonstrate the signif-

icance and effectiveness of R2-Tuning.

3.2 Related Work

3.2.1 CLIP for Video Understanding

With powerful transfer learning abilities, CLIP [205] has been widely used for many

image-language tasks [150, 103], and how to extend them to video understanding
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is an emerging and crucial research topic. Early attempts have been made to trans-

fer CLIP to trimmed videos for action recognition [145, 183, 208] and video-text re-

trieval [106, 165, 17, 92]. Specifically, Efficient-Prompt [106] introduces learnable

prompt tokens to the text encoder, and ViFi-CLIP [208] further adopts learnable

prompts at the visual encoder. Other works also tried to learn external modules

temporal modeling. EVL [145] proposes a temporal decoder in parallel with the

main network. CLIP4Clip [165] investigated multiple temporal fusion strategies for

video frames. Nevertheless, how to effectively transfer CLIP to untrimmed videos

remains unexplored. To our best knowledge, R2-Tuning is the first solution for fine-

grained video temporal grounding via memory-efficient transfer learning.

3.2.2 Video Temporal Grounding

Video temporal grounding (VTG) [140] is a bundle of video understanding prob-

lems including moment retrieval (MR) [70, 120, 155, 294, 178, 98, 298], highlight

detection (HD) [234, 87, 292, 12], and video summarization (VS) [81, 230]. Al-

though these tasks are closely related, they have not been jointly studied until re-

cently. QVHighlights [120] is the first dataset that supports both MR and HD, break-

ing the moment distribution bias in previous MR datasets [212, 70]. The authors

also proposed Moment-DETR, a strong baseline method for MR/HD. Most following

works were built upon this framework with specially designed modules. Notably,

UMT [155] tackles flexible MR and HD through a unified multi-modal architec-

ture. QD-DETR [178] benefits from query-dependent video representations and

dynamic anchors. EaTR [98] incorporates moment reasoning to provide referential

search areas for moment queries. Nevertheless, their design space is still within

pre-extracted CLIP [205] and SlowFast [63] features. A recent work [298] revealed

the possibility of fine-tuning CLIP for MR, while their solution (post pre-training) is

extremely resource-consuming. Compared with existing works, R2-Tuning can effec-

tively learn strong temporal modeling abilities without any pre-training on videos.
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3.2.3 Parameter-Efficient Transfer Learning

Foundation models [205, 245] have achieved remarkable successes in vision and

language understanding. Efforts have been made to efficiently transfer knowledge

from these models to new scenarios. One line of research is to conduct context-

based tuning (e.g., prompt-tuning [345, 344, 101]), which does not modify the

model architectures but incorporates learnable embeddings in the inputs. An-

other paradigm is introducing an extra lightweight adapter to the original model,

and keeping the rest of the parameters frozen [192]. Recent works also consider

memory-efficient transfer learning (METL) that introduces parameters whose gra-

dient flows do not go through the main model [235, 145, 202]. R2-Tuning is also

a METL framework, where we adopt a novel recurrent tuning strategy to ensure

parameter- and memory-efficient.

3.3 Method

3.3.1 Problem Formulation

Given a video V = {vi}Ti=1 and a natural language query Q = {qi}Li=1, where T and

L are the numbers of video frames and text tokens, VTG aims to densely predict a

set of labels (bi, si, fi) for each frame, defined as follows:

• Moment Retrieval is to find the most relevant moments (i.e., sets of consec-

utive frames) in V according to Q, so that bi = [bsi , b
e
i ] ∈ R2 represents the

temporal displacements from frame vi to the start and end timestamps of the

nearest target moment.

• Highlight Detection requires estimating frame-level relevancies between V

and Q, thus si ∈ [0, 1] is a continuous saliency score denoting to what extent

frame vi is semantically aligned with Q.
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• Video Summarization aims to select a subset of video frames according to Q

to form a concise summary, therefore, fi ∈ {0, 1} is a binary score indicating

whether frame vi belongs to the summary.

3.3.2 Preliminary: The CLIP Model

The philosophy of CLIP [205] is to regard images and their corresponding descrip-

tions as different views of the same concept, and to align them in the semantic

space. The model has a two-stream architecture, consisting of a visual encoder

(e.g., ViT [56]) and a text encoder (e.g., Transformer [248]). The input image I

is first split into non-overlapping patches, while the text T is also tokenized into

discrete tokens. They are then mapped into a shared semantic space by the two

encoders. This process is optimized using a symmetric InfoNCE [186] loss L:

LI→T = − 1

B

B∑
i=1

log
exp(v⊤

i qi/τ)∑B
j=1 exp(v

⊤
i qj/τ)

(3.1)

LT→I = − 1

B

B∑
i=1

log
exp(q⊤

i vi/τ)∑B
j=1 exp(q

⊤
i vj/τ)

(3.2)

L =
1

2
(LI→T + LT→I) (3.3)

Here, v and q are encoded image and text embeddings, i and j are indices of

samples in a batch with size B, and τ is a temperature parameter controlling the

smoothness of the softmax distribution. After training, the paired v and q shall be

well-aligned in their shared semantic space.

3.3.3 Overview

Figure 3.4 shows an overview of the proposed framework. Our model derives from a

pre-trained and frozen CLIP [205] with ViT [56] backbone, which has a two-stream

architecture for spatial and textual encoding, respectively. A learnable R2 block is
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Figure 3.4: Overall architecture of our framework. The input video and query are

first encoded by frozen CLIP [205] encoders. Their multi-layer outputs are then

recurrently fused and refined by a learnable R2 Block to construct spatial-temporal

representations h, which would be scaled up/down to construct a temporal feature

pyramid, followed by three heads for MR, HD, and VS, respectively.

iteratively attached to the last K encoder layers to refine the temporal correlation.

The resulting features are then scaled up/down to build a feature pyramid, followed

by three heads to decode the task-specific predictions.

Specifically, the input video V and query Q are first tokenized into frame patches

and word tokens, then sent into the visual encoder Ev and query encoder Eq. The

encoded visual and textual features can be denoted as ev ∈ RB×N×T×(P+1)×Dv and

eq ∈ RB×N×L×Dq , where B, N , T , P , L, Dv and Dq indicate batch size, #encoder

layers, #video frames, #patches per frame, #query tokens, and the dimensions of

visual/query features, respectively. These features are recurrently fused and refined

by R2 block to construct spatial-temporal features h ∈ RB×T×C , in which each token

preserves the C-dimensional features for a frame.

3.3.4 Reversed Recurrent Tuning

Given pre-trained visual and query encoders, existing works [120, 155, 140, 178,

98] merely take features from the last hidden layer, which is sub-optimal due to the
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Figure 3.5: Detailed architecture of the R2 Block. It can be split into two parts: (a)

query-modulated spatial pooling, and (b) recurrent temporal refinement. Note that

the [CLS] tokens of visual features are omitted for clarity.

limited information. In this work, we propose R2-Tuning to exploit the potential of

spatial-temporal modeling based on multi-layer CLIP features. Our scheme learns

a lightweight R2 Block which maintains a zero-initialized hidden state h ∈ RB×T×C

as frame-level spatial-temporal features. The R2 Block is recurrently attached to the

last K layers of CLIP encoders from back to front to refine the hidden state h for K

steps, with each step defined as follows:

hk = Fθ(e
n
v , e

n
q , h

k−1) (3.4)

Here, Fθ is the refinement operation parameterized by θ. k ∈ [1, K] is the index of

current step. n = N − k + 1 denotes the CLIP layer index for step k, thus env and enq

are visual and query features from the n-th CLIP encoder layer. The refinement op-

eration Fθ can be decomposed into two parts: (1) query-modulated spatial pooling,

and (2) recurrent temporal refinement. Details are discussed as follows.

Query-Modulated Spatial Pooling Figure 3.5 (a) presents the data flow of query-

modulated spatial pooling. The goal of this process is to adaptively pool spatial

43



Chapter 3. Efficient Image-to-Video Transfer Learning for Temporal Grounding

features from patch-level representations env to a single token enpool conditioning on

the query enq . We first adopt two separate MLPs to map env and enq into the same

space, formulated as follows:

ênv = MLP(env ) ∈ RB×T×(P+1)×C (3.5)

ênq = MLP(enq ) ∈ RB×L×C (3.6)

Here, C is the reduced hidden size. We further align the shape of ênv and ênq by merg-

ing dimension T into B and repeat ênq for T times in an interleaved style, resulting

ênv ∈ R(B×T )×(P+1)×C and ênq ∈ R(B×T )×L×C . Then, we compute the similarities for

patch-token pairs using normalized Embedded Gaussian [248]:

a = softmax(
(wqê

n
q )

⊤wvê
n
v√

C
) ∈ R(B×T )×L×P (3.7)

Here, wv and wq are learnable matrices for projecting features. This operation de-

rives from cross-attention but discards the linear projection on value. We then mul-

tiply the similarities a with visual features ênv to pool them into each token, such that

tokens can interact with patches independently. After that, a max pooling along the

L dimension is applied:

entoken = MaxPooling(aênv + ênq ) ∈ RB×T×C (3.8)

Here, ênq serves as residuals [84] to stabilize training. Our visualizations in Fig-

ure 3.7 show that this strategy can guide the model to focus more on query-

related regions. Finally, we combine entoken with the [CLS] token to generate

query-modulated spatial features. This is realized by a weighted-sum operation:

enpool = en,0v + gk · entoken ∈ RB×T×C (3.9)

Here, gk ∈ (−1, 1) is a zero-initialized learnable gate for step k constrained by Tanh.

We allow negative values here to remove useless information from [CLS] tokens.

After that, enpool is then used to model temporal correlations and are refined in a

recurrent manner.
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Recurrent Temporal Refinement Figure 3.5 (b) displays the flow of recurrent

temporal refinement. Specifically, the pooled visual features enpool is first fused with

the hidden state hk−1 from the previous step:

ĥk−1 = φk · enpool + (1− φk) · hk−1 (3.10)

where φk ∈ (0, 1) is the learnable gate for step k. Then, we adopt a sequence of

standard multi-head cross-attention (ênq as k, v), multi-head self-attention, followed

by a feed-forward network [248] to update the hidden state:

hk = FFN(MHSA(MHCA(ĥk−1, ênq ))) (3.11)

For each block, we adopt DropPath [117] with p = 0.1 to prevent overfitting. The

query features ênq are utilized both in spatial and temporal modeling as guidance.

Granularity Calibration The refinement process above is based on the assump-

tion that visual and query features from the same layer of CLIP [205] are well

aligned at the same granularity level. However, this cannot be guaranteed as the

two encoders are learned in isolation during pre-training. Therefore, we need to

add manual constraints to calibrate their granularities.

We apply a video-level constraint and a layer-wise constraint by designing two con-

trastive losses. We first denote e0v ∈ RB×K×T×C as the features of K [CLS] tokens

from Eq. 3.9. Then, we select all positive frames (i.e., frames within [bsi , b
e
i ] or with

si or fi higher than a threshold) from e0v and perform average pooling to obtain

video-level representations ẽv ∈ RB×K×C .

ẽv = AvgPool({e0,iv }i∈Ω) (3.12)

Here, Ω is the set of positive frame indices. To obtain query-level representations

ẽq ∈ RB×K×C , a token-wise adaptive pooling is applied following previous work

[140]. We adopt InfoNCE loss [186] along two dimensions to calculate the video-
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level and layer-wise constraints:

Lvideo = λvideo
1

B

∑
b∈B

InfoNCE(ẽbv, ẽ
b
q) (3.13)

Llayer = λlayer
1

K

∑
k∈K

InfoNCE(ẽkv , ẽ
k
q) (3.14)

Here, Lvideo performs contrast among samples in the same batch (diversifying fea-

tures are diverse among moment-query pairs), and averages the loss across K lay-

ers. It also implicitly models temporal correlations between videos and queries.

Llayer performs contrast among layers and averages across the batch. λvideo and

λlayer serve as re-weighting terms for the losses. The temperature is set to 0.07.

3.3.5 Prediction Heads

After refining spatial-temporal features h, a temporal feature pyramid is constructed

by applying 1D convolutions with stride = 2 on h. The number of convolutions

used for each level is subjected to l − 1, where l is the level index starting from 1.

We concatenate features from all levels by the temporal dimension to form ĥ and

predict once in all heads. Following a similar but simplified design from [140], we

adopt three heads for video temporal grounding, described in detail as follows.

Foreground-Background Classification Given ĥ, a two-layer 1D convolution

module with (1× 3) kernels is adopted to predict f̂i for each frame. It is optimized

using a focal loss [143] with α = 0.9 and γ = 2.0:

Lcls = −λclsα(1− f̂i)
γ log(f̂i) (3.15)

We find that focal loss perform better than binary cross-entropy when the numbers

of foreground/background frames are severely imbalanced as noted in [140].

Boundary Regression Similar to foreground-background classification, boundary

regression for moments is also realized by a two-layer 1D convolution module. The
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only difference is that its output dimension is set to 2 instead of 1, representing the

boundary displacements [b̂si , b̂
e
i ] for start-end timestamps. The outputs from head is

supervised by an L1 loss:

Lreg = λreg(|bsi − b̂si |+ |bei − b̂ei |) (3.16)

where bsi and bei are the ground truths. This loss is only applied to frames inside

the ground truth boundaries. We observe that using an L1 loss already works better

than the combination of Smooth L1 Loss and GIoU Loss as in [140].

Saliency Prediction To obtain the saliency scores ŝi for HD, we calculate the

cosine similarities between the adaptive pooled query features at the last refinement

step ẽKq and each token in the spatial-temporal features h:

ŝi =
h⊤
i ẽ

K
q

||hi||2||ẽKq ||2
(3.17)

The training objective is applied through a contrastive loss between sampled posi-

tive frames (with index p ∈ P ) and the adaptively pooled query ẽKq :

Lsal = −λsal log
exp(ŝp/τ)

exp(ŝp/τ) +
∑

i∈Θ exp(ŝi/τ)
(3.18)

Here, Θ is the set of frame indices where si < sp, and τ is a fixed temperature

parameter set to 0.07.

3.3.6 Training and Inference

The whole model is jointly optimized using a sum of the five losses mentioned

above. In practice, the loss weights are set as λvideo = 0.1, λlayer = 0.1, λcls = 1.0,

λreg = 0.1, and λsal = 0.1. During inference, we form an moment retrieval predic-

tion by combining fi and bi, i.e., calculating the start-end timestamps from frame

index i and boundary displacements [bsi , b
e
i ], while regarding fi as the confidence.
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Non-maximum suppression (NMS) with IoU threshold θIoU = 0.7 is applied to re-

duce duplicates. For highlight detection and video summarization, we directly use

the frame-level output from saliency prediction si.

3.3.7 Discussion: Detailed Comparison with Counterparts

In order to further justify our novelty and distinguish our design from previous

methods, we provide an in-depth comparison between our method and existing

ones. To evaluate the effectiveness of a transfer learning method for VTG, we define

four design principles as follows:

P1. Strong Spatial-Temporal Modeling Ability: VTG requires the model to

regress moment temporal boundaries or densely predict frame-level scores.

Hence, strong spatial-temporal modeling abilities are needed to accurately

ground the video.

P2. Parameter-Efficient: As fine-tuning all the parameters of CLIP is resource-

consuming and may even lead to catastrophic forgetting [112], the transfer

learning framework should only learn a few parameters to take full advantage

of the pre-trained knowledge.

P3. Memory-Efficient: Although some recent transfer learning frameworks are

parameter-efficient [101, 192], they might not be memory-efficient as com-

puting the gradients of these learnable parameters requires back-propagating

through the whole network, consuming a large amount of GPU memory.

P4. Granularity-Flexible: Queries for VTG might be of different granularity lev-

els. The capability of parsing multi-granularity queries and extracting ap-

prapriate features accordingly is essential for flexible VTG.

We then systematically compare our proposed scheme with previous ones from two

aspects, architecture and capabilities, respectively.
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Table 3.1: Capability comparison among different image-to-video transfer learning

frameworks. Our proposed R2-Tuning is the only one satisfying all the principles.

Framework P1 P2 P3 P4

(a) Post-processing [120, 155, 178, 98] ✗ ✓ ✓ ✗

(b) Full/Partial Tuning [208, 298] ✓ ✗ ✗ ✗

(c) Adapter/Prompt Tuning [101, 192] ✓ ✓ ✗ ✗

(d) R2-Tuning (Ours) ✓ ✓ ✓ ✓

Architecture As illustrated in Figure 3.2, Post-processing methods [120, 155,

294, 178, 98, 165] follow a straightforward strategy that simply regarding CLIP as

a spatial & textual feature extractor. All the temporal modeling capabilities are real-

ized by carefully designed modules after CLIP. An auxiliary backbone (e.g., SlowFast

[63]) is also utilized to complement the spatial-temporal information. Full/Partial

Tuning methods [208, 298] unfreeze the visual and/or textual stream of CLIP,

and jointly learn it with temporal modeling modules. These models are usually

combined with post pre-training due to the potential catastrophic forgetting [112].

Adapter/Prompt Tuning methods [101, 192, 106, 17, 208, 92] learn lightweight

adapters or prompt tokens to transfer the pre-trained knowledge. These learn-

able weights may perturb the original attention patterns [198]. Our R2-Tuning,

instead, learns an adapter that be used as a side module [235, 202, 53] for the

main network, preserving the information patterns while taking advantages of the

multi-level representations. Compared with the recent side-tuning methods, our

approach shows its advantages by leveraging the reversed fusion path and the recur-

rent refinement strategy.

Capabilities Table 3.1 compares the capabilities of different image-to-video trans-

fer learning frameworks. Post-processing methods [120, 155, 294, 178, 98, 165]

are naturally parameter- and memory-efficient, as they only require to learn tem-

poral modules on top of pre-extracted CLIP features. Nevertheless, these methods

largely rely on the auxiliary temporal backbone as frame-level CLIP embeddings
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limit the temporal modeling capabilities. Merely using the last hidden features is

not granularity-flexible as well. Full/Partial Tuning methods [208, 298] may have

slightly better spatial-temporal modeling as they fine-tuned the spatial encoders on

videos. But the large amount of learnable parameters make the fine-tuning process

inefficient. Adapter/Prompt Tuning methods [101, 192, 106, 17, 208, 92] could

model spatial-temporal information by designing special adapters [192] or prompts

[92]. However, training these adapters/prompts might consume high GPU memory,

as the learnable parameters are tightly bound with frozen ones, thus the gradient

computation cannot be disentangled. To the best of our knowledge, R2-Tuning is

the only scheme that satisfies all the design principles.

3.4 Experiments

3.4.1 Datasets & Evaluation Metrics

We conduct experiments on three VTG tasks across six datasets covering various

domains including daily vlogs & news, in-door scenes, egocentric videos, and sports.

They are introduced in detail as follows.

Joint Video Moment Retrieval and Highlight Detection We adopt QVHighlights

[120] since this is the only dataset that supports both moment retrieval and high-

light detection. It contains 10,148 videos, each trimmed to around 150 seconds

long. The domains of the videos cover from daily vlogs, travel vlogs, to news events.

A total of 10,310 queries with 18,367 disjoint moments are manually annotated.

This dataset also has a private test split for reliable evaluation.

Video Moment Retrieval As for moment retrieval, we adopt Ego4D-NLQ (Natural

Language Query) [76], Charades-STA [70], and TACoS [212] datasets. Ego4D-

NLQ contains 1.3K videos with 8∼ 20 minutes durations under daily egocentric
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Table 3.2: Hyperparameters used for different datasets. LR Drop means the epoch

that drops learning rate by 1/10. * Video clips in YouTube Highlights have overlaps.

We adopt the same setting as UMT [155].

Dataset Pyramid Depth FPS Batch Size Learning Rate Epochs Warmup Iters LR Drop

QVHighlights [120] 4 0.5 128 5e−4 30 500 20

Ego4D-NLQ [76] 4 0.5 32 2.5e−4 30 500 20

Charades-STA [70] 4 1.0 32 2.5e−4 50 500 30

TACoS [212] 4 0.5 32 2.5e−4 100 500 50

YouTube Highlights [234] 1 * 4 5e−4 200 50 –

TVSum [230] 1 0.5 4 5e−4 500 50 –

scenarios. 15.2K queries in the form of questions (e.g., where did I put the plier)

are annotated with precise moments. Charades-STA is an extension of the Charades

[225] dataset with moment annotations. It has 9,848 unique in-door videos with

an average length of 30.6s, and a total of 16,128 query-moment pairs. TACoS is a

small-scale dataset with 273 videos, each with around 4.8 minutes long. There are

9,790, 4,436, and 4,001 queries for training, validation, and testing, respectively.

Video Highlight Detection We utilize YouTube Highlights [234] dataset to eval-

uate the highlight detection performance. This dataset contains videos under 6

domains, i.e., dog, gymnastics, parkour, skating, skiing, and surfing. As some of the

videos are no longer available, we follow previous works [155, 140] to use a subset

that contains 435 videos. The name of video domains are used as queries directly.

Video Summarization TVSum [230] dataset is leveraged for video summariza-

tion evaluation. It contains 10 domains, each with 5 videos. We follow the same

setting as previous works [155, 140] that use 4 videos for training and 1 video for

testing. The video titles are used as queries. Note that TVSum [230] is regarded as

a highlight detection dataset in [140] but as a video summarization dataset in our

work. We claim that both choices are reasonable as HD and VS essentially share

similar problem formulations. The only differences are that: (1) only a small pro-
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Table 3.3: Video moment retrieval (MR) and highlight detection (HD) results on

QVHighlights test split. Note that [98] and [298] only reported their results on

val split. and are CLIP-B/32 and B/16 [205], denotes SlowFast R-50 [63],

and is PANN [113] for audio features extraction. ∗ means estimated parameters.

The best and second-best results are marked with bold and underline, respectively.

Method Backbone
Post

Pre-train

MR HD

#ParamsR1 mAP ⩾ Very Good

@0.5 @0.7 @0.5 @0.75 Avg. mAP HIT@1

BeautyThumb [229] ✗ – – – – – 14.36 20.88 –

DVSE [152] ✗ – – – – – 18.75 21.79 –

MCN [6] ✗ 11.41 2.72 24.94 8.22 10.67 – – –

CAL [59] ✗ 25.49 11.54 23.40 7.65 9.89 – – –

XML [121] ✗ 41.83 30.35 44.63 31.73 32.14 34.49 55.25 –

XML+ [120] ✗ 46.69 33.46 47.89 34.67 34.90 35.38 55.06 –

Moment-DETR [120] ✗ 52.89 33.02 54.82 29.40 30.73 35.69 55.60 4.8M

UMT [155] ✗ 56.23 41.18 53.83 37.01 36.12 38.18 59.99 14.9M

MomentDiff [128] ✗ 58.21 41.48 54.57 37.21 36.84 – – –

QD-DETR [178] ✗ 62.40 44.98 62.52 39.88 39.86 38.94 62.40 7.6M

MH-DETR [294] ✗ 60.05 42.48 60.75 38.13 38.38 38.22 60.51 8.2M

UniVTG [140] ✗ 58.86 40.86 57.60 35.59 35.47 38.20 60.96 41.3M

TR-DETR [233] ✗ 64.66 48.96 63.98 43.73 42.62 39.91 63.42 7.9M

CG-DETR [177] ✗ 65.43 48.38 64.51 42.77 42.86 40.33 66.21 12.0M

EaTR [98] ✗ 61.36 45.79 61.86 41.91 41.74 37.15 58.65 9.0M

Moment-DETR [120] 236K ASR Cap. 59.78 40.33 60.51 35.36 36.14 37.43 60.17 4.8M

UMT [155] 236K ASR Cap. 60.83 43.26 57.33 39.12 38.08 39.12 62.39 14.9M

UniVTG [140] 4.2M Corpus 65.43 50.06 64.06 45.02 43.63 40.54 66.28 41.3M

UnLoc [298] 650K Videos 64.50 48.80 – – – – – 87.9M∗

R2-Tuning (Ours) ✗ 68.03 49.35 69.04 47.56 46.17 40.75 64.20 2.7M

portion (e.g., 20%) of the video clips are regarded as summary for VS, while there

is no limitation on number of highlight clips for HD, and (2) VS requires to quantize

the output scores to binary values in practice. Previous works on HD [155, 292, 12]

and VS [81, 9] also mixed these datasets when conducting evaluations.

Evaluation Metrics We adopt the same evaluation metrics with previous works

[120, 140, 155]. Specifically, we compute Recall@1 with IoU threshold θIoU =

0.5 and 0.7, mAP with θIoU = 0.5 and 0.7, and mAP with a series of thresholds
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Table 3.4: Video moment retrieval results on Ego4D-NLQ, Charades-STA, and

TACoS datasets. means using both CLIP-B/32 and SlowFast R-50 as feature

extractors. indicates using CLIP-B/32 only. The best and second-best results are

marked with bold and underline, respectively. Our method shows significant ad-

vantages in high-quality retrievals (R@0.7) even without a video backbone.

Method
Ego4D-NLQ [76] Charades-STA [70] TACoS [212]

R@0.3 R@0.5 R@0.7 mIoU R@0.3 R@0.5 R@0.7 mIoU R@0.3 R@0.5 R@0.7 mIoU

2D-TAN [334] 4.33 1.83 0.60 3.39 58.76 46.02 27.50 41.25 40.01 27.99 12.92 27.22

VSLNet [329] 4.54 2.40 1.01 3.54 60.30 42.69 24.14 41.58 35.54 23.54 13.15 24.99

Moment-DETR [120] 4.34 1.81 0.65 3.53 65.83 52.07 30.59 45.54 37.97 24.67 11.97 25.49

UniVTG [140] 7.28 3.95 1.32 4.91 70.81 58.01 35.65 50.10 51.44 34.97 17.35 33.60

R2-Tuning (Ours) 7.20 4.49 2.12 4.94 70.91 59.78 37.02 50.86 49.71 38.72 25.12 35.92

[0.5:0.05:0.95] for MR on QVHighlights [120]. mAP and HIT@1 where positive

samples are defined as with the saliency score of Very Good are adopted for HD.

On Ego4D-NLQ [76], Charades-STA [70], and TACoS [212] datasets, we utilize

Recall@1 with θIoU = {0.3, 0.5, 0.7} and mIoU to measure the MR performance. On

YouTube Highlights [234] for HD and TVSum [230] for VS, we follow [155] and

use the same train/val split with mAP and Top-5 mAP as metrics, respectively.

3.4.2 Implementation Details

In all experiments, we adopt the visual and text encoders of CLIP ViT-B/32 [205]

as our backbones. The whole CLIP model is frozen during training, i.e., only the

parameters in R2 Block, temporal feature pyramid, prediction heads are learnable.

Without further specification, we set K = 4, i.e., attaching R2 Block to the last 4

layers of CLIP encoders. In R2 Block, the hidden size is set to 256. A one-layer

transformer encoder with 8 attention heads is used for temporal modeling.

Table 3.2 lists the dataset-specific hyperparameters. The strides of temporal feature
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Table 3.5: Class-wise video highlight detection results (mAP) on YouTube Highlights

dataset. , , and denote image, video, and audio backbones, respectively.

Method Dog Gym. Par. Ska. Ski. Sur. Avg.

RRAE [301] 49.0 35.0 50.0 25.0 22.0 49.0 38.3

GIFs [82] 30.8 33.5 54.0 55.4 32.8 54.1 46.4

LSVM [234] 60.0 41.0 61.0 62.0 36.0 61.0 53.6

LIM-S [287] 57.9 41.7 67.0 57.8 48.6 65.1 56.4

SL-Module [292] 70.8 53.2 77.2 72.5 66.1 76.2 69.3

PLD [271] 74.9 70.2 77.9 57.5 70.7 79.0 73.0

MINI-Net [87] 58.2 61.7 70.2 72.2 58.7 65.1 64.4

TCG [307] 55.4 62.7 70.9 69.1 60.1 59.8 63.0

Joint-VA [12] 64.5 71.9 80.8 62.0 73.2 78.3 71.8

CO-AV [129] 60.9 66.0 89.0 74.1 69.0 81.1 74.7

UMT [155] 65.9 75.2 81.6 71.8 72.3 82.7 74.9

UniVTG [140] 71.8 76.5 73.9 73.3 73.2 82.2 75.2

R2-Tuning (Ours) 75.6 73.5 73.0 74.6 74.8 84.8 76.1

pyramid is set to (1, 2, 4, 8). For all videos, we directly resize and crop the frames to

224×224 without augmentations. The same regularization methods with CLIP pre-

training is adopted to aligned the inputs. The maximum number of query tokens is

set to 77. We train our model with FP16 on a single NVIDIA A100 (80G) GPU.

3.4.3 Comparison with State-of-the-Arts

Joint Moment Retrieval and Highlight Detection We first evaluate our method

on QVHighlights [120] test split, the only dataset that supports both moment re-

trieval and highlight detection. The results are shown in Table 3.3. The first group

of methods utilizes more than one feature extractor. The second group is that

with large-scale post pre-training (i.e., the extra pre-training stage between loading

backbone weights and training on downstream datasets.). Without any additional

backbone and extra pre-training, R2-Tuning achieves start-of-the-art performance

compared with all previous methods with the fewest learnable parameters.
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Table 3.6: Class-wise video summarization results (Top-5 mAP) on TVSum dataset.

, , and denote image, video, and audio backbones, respectively. Our method

does not require any additional video/audio features.

Method VT VU GA MS PK PR FM BK BT DS Avg.

sLSTM [331] 41.1 46.2 46.3 47.7 44.8 46.1 45.2 40.6 47.1 45.5 45.1

SG [172] 42.3 47.2 47.5 48.9 45.6 47.3 46.4 41.7 48.3 46.6 46.2

LIM-S [287] 55.9 42.9 61.2 54.0 60.4 47.5 43.2 66.3 69.1 62.6 56.3

Trailer [254] 61.3 54.6 65.7 60.8 59.1 70.1 58.2 64.7 65.6 68.1 62.8

SL-Module [292] 86.5 68.7 74.9 86.2 79.0 63.2 58.9 72.6 78.9 64.0 73.3

PLD [271] 84.5 80.9 70.3 72.5 76.4 87.2 71.9 74.0 74.4 79.1 77.1

MINI-Net [87] 80.6 68.3 78.2 81.8 78.1 65.8 57.8 75.0 80.2 65.5 73.2

TCG [307] 85.0 71.4 81.9 78.6 80.2 75.5 71.6 77.3 78.6 68.1 76.8

Joint-VA [12] 83.7 57.3 78.5 86.1 80.1 69.2 70.0 73.0 97.4 67.5 76.3

CO-AV [129] 90.8 72.8 84.6 85.0 78.3 78.0 72.8 77.1 89.5 72.3 80.1

UMT [155] 87.5 81.5 88.2 78.8 81.4 87.0 76.0 86.9 84.4 79.6 83.1

UniVTG [140] 83.9 85.1 89.0 80.1 84.6 81.4 70.9 91.7 73.5 69.3 81.0

R2-Tuning (Ours) 85.0 85.9 91.0 81.7 88.8 87.4 78.1 89.2 90.3 74.7 85.2

Video Moment Retrieval We then evaluate our model on moment retrieval task in

egocentric [76] and in-door [212, 70] domains. The results are shown in Table 3.4.

We follow [140] and compare only with the methods using CLIP + SlowFast fea-

tures. R2-Tuning still works better than all baselines with extra features. We also

observe that R2-Tuning shows its significance on high-quality retrievals (R1@0.7),

which requires accurate temporal modeling. This benefits from the fine-grained

temporal modeling ability of reversed and recurrent designs.

Video Highlight Detection & Video Summarization The performances of high-

light detection on YouTube Highlights [234] and extractive video summarization

on TVSum [230] are reported in Table 3.5 and Table 3.6, respectively. Following

previous works [155, 140], we trained the model separately on each domain. The

first group of methods is based on video backbones, which naturally have temporal

modeling abilities. The second group is enhanced by extra image or audio features.

R2-Tuning still reaches the best performance when trained on small-scale data.
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Figure 3.6: Different feature refinement strategies for MR on QVHighlights val

split. Single means using the K-th layer only. Mean denotes averaging the features

from last K layers. Forward and Reversed indicate different refinement directions.

QUERY: A young man talks and gestures with his hands while a woman watches him.

QUERY: A person holding a bucket stands around penguins in an enclosure.

Figure 3.7: Visualization of the attention maps

for query-modulated spatial pooling. Diverse re-

gions are learned for different queries.
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Figure 3.8: Cosine similarities

of video (x-axis) and text (y-

axis) among 7∼12 CLIP layers.

3.4.4 Ablation Studies

Multi-Granularity Features To investigate the significance of granularity flexibil-

ity, we set up a simple baseline that only attaches R2 Block to one layer. Then, we

fuse the multi-layer information by averaging the features from the last K layers.

These two variants are compared in Figure 3.6 (a). For the single-layer setting,

higher-level features are more discriminative than lower-level ones. However, even

a naive multi-layer fusion strategy brings significant performance gains.
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Table 3.7: Effectiveness justification of the combination of granularity calibration

losses on QVHighlights val split.

Lvideo Llayer

MR HD

R1@0.5 R1@0.7 mAP mAP HIT@1

64.48 48.60 44.01 37.94 62.67

✓ 67.68 51.61 46.74 39.81 65.16

✓ 64.71 48.84 44.60 38.91 63.35

✓ ✓ 68.71 52.06 47.59 40.59 64.32

Table 3.8: MR mAP with different query lengths on QVHighlights val split.

Method
#Words in the Query

1-10 11-20 21-30 31-40 ⩾41

QD-DETR [178] 40.30 42.32 29.01 0.10 26.67

EaTR [98] 38.94 39.54 24.58 12.03 41.43

UniVTG [140] 32.38 32.65 20.88 0.00 31.11

R2-Tuning (Ours) 47.08 49.13 28.79 67.24 72.38

Reversed Recurrent Feature Refinement We then further justify our design by

comparing two refinement directions (i.e., forward and reversed) in Figure 3.6 (b).

Note that when K = 1, all four designs in Figure 3.6 are of the same architec-

ture. When utilizing more layers, both forward and reversed refinement benefit

from more information, while the reversed scheme statically performs better, as the

multi-granularity features shall be refined from coarse to fine.

Query-Modulated Spatial Pooling We visualize the attention maps learned by

query-modulated spatial pooling in Figure 3.7. A query generally has multiple key-

words that provide discriminative information to localize moments. The token-wise

attention in Eq. 3.7 can guide the model to focus on multiple regions simultane-

ously, as can be seen in the diverse but meaningful patterns.

Granularity Calibration To verify the effectiveness of granularity calibration, we

also visualize the cosine distances of all the visual-query pairs from 7∼ 12 lay-
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Table 3.9: Comparison among different PETL and METL methods on QVHighlights

val split. #Params and Memory represent the number of learnable parameters and

peak GPU memory (224×224 inputs with 32 batch size & FP16), respectively.

Method
#Params

(M)

Memory

(GB)

MR HD

R1@0.5 R1@0.7 mAP mAP HIT@1

w/o Tuning 2.7 4.3 64.19 45.03 42.22 39.05 63.16

Full-Tuning 147.0 58.5 64.69 45.86 42.41 38.55 62.50

LoRA [88] 4.4 55.4 63.70 44.93 41.29 38.47 61.09

VPT [101] 2.8 42.9 64.55 45.97 42.36 38.56 62.48

VoP [92] 14.5 45.2 65.23 46.01 42.45 38.70 62.75

ST-Adapter [192] 12.2 44.3 65.19 48.58 44.27 39.52 63.49

E3VA [309] 3.3 10.8 65.10 48.38 45.06 39.45 63.38

LoSA [93] 4.8 10.9 65.06 48.43 44.97 39.38 63.35

LST [235] 7.4 10.8 65.26 48.42 45.03 39.81 64.39

R2-Tuning (Ours) 2.7 10.6 68.71 52.06 47.59 40.59 64.32

ers in Figure 3.8. Before calibration, the visual-text features are not well-aligned.

Adding the video-level constraint makes higher-level features aligned with each

other (b), while adding layer-wise constraint makes the model distill diverse infor-

mation across different layers (c). The diagonal in (d) verifies that both calibration

constraints can maximize the mutual similarities of paired visual and text features.

Some quantitative results are presented in Table 3.7. Both video-level and layer-

wise contrastive can help align the multi-granularity visual & query semantics, while

their combination can further boost the performances. We also group the queries

in QVHighlights into 5 bins with different lengths (acting as multi-granularities)

and compute the means of MR mAP in Table 3.8. Although most training queries

are coarse-grained (⩽ 30 words), R2-Tuning can easily generalize to fine-grained

queries (⩾ 31 words), surpassing previous methods.

Comparison with Other Transfer Learning Methods Table 3.9 compares R2-

Tuning with existing representative PETL (LoRA [88], VPT [101], VoP [92], and

ST-Adapter [192]) and METL (E3VA [309], LoSA [93], LST [235]) methods on
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Table 3.10: Performance comparison with different orders of attention layers. Self

and Cross represent self-attention and cross-attention, respectively.

Order
MR@QVHighlights HD@QVHighlights MR@Ego4D-NLQ

R1@0.7 mAP mAP HIT@1 R1@0.7 mIoU

Self → Cross 49.42 45.21 39.10 63.35 2.01 4.75

Cross → Self 52.06 47.59 40.59 64.32 2.12 4.94

Table 3.11: Effectiveness justification of the recurrent design (parameter sharing

across layers) in R2 Block.

Shared
MR@QVHighlights HD@QVHighlights MR@Ego4D-NLQ

R1@0.7 mAP mAP HIT@1 R1@0.7 mIoU

51.35 47.48 40.28 65.42 2.06 4.83

✓ 52.06 47.59 40.59 64.32 2.12 4.94

QVHighlights. “w/o Tuning” means the entire CLIP is frozen and without any

adapters, i.e., only the temporal feature pyramid and prediction heads are trainable.

The rank values for LoRA [88], E3VA [309], and LoSA [93] are set to 16. Our model

consumes the least learnable parameters and GPU memory, while achieving the best

MR and HD performances, demonstrating its parameter- and memory-efficiency.

Order of Attention Layers Table 3.10 compares different orders of attention lay-

ers. The standard transformer decoder [248] (Self → Cross) performs temporal

modeling before aggregating query information, while the temporal modeling in

our design (Cross → Self) can benefit from the guidance from query.

Effect of Recurrent Refinement Table 3.11 presents the justification of recurrent

design of R2 Block. We compare it with a baseline that use a unique R2 Block for

each layer, i.e., parameters for different refinement steps are not shared. Even with

much fewer parameters, adopting the recurrent design leads to slight performance

gains on most tasks.

59



Chapter 3. Efficient Image-to-Video Transfer Learning for Temporal Grounding

Table 3.12: Performance comparison with different numbers of transformer layers

for temporal refinement.

#Layers
MR@QVHighlights HD@QVHighlights MR@Ego4D-NLQ

R1@0.7 mAP mAP HIT@1 R1@0.7 mIoU

1 52.06 47.59 40.59 64.32 2.12 4.94

2 52.14 47.62 40.63 64.28 2.15 4.97

3 52.71 47.68 40.80 64.35 2.21 5.03

4 52.32 47.81 40.85 63.30 2.19 4.91

5 52.13 47.53 40.78 64.41 2.10 4.88

6 51.16 47.42 40.61 64.33 2.04 4.82

Number of Temporal Transformer Layers We study how the number of temporal

transformer layers in R2 Block affects the model performance. The comparison is

shown in Table 3.12. It can be observed that adding the number of transformer

layers for temporal refinement only brings negligible performance gains. The best

results appear when it has 3 or 4 layers. We set it to 1 for simplicity.

3.4.5 Visualization

We visualize some model predictions in Figure 3.9 and Figure 3.10. Compared

with a strong baseline UniVTG [140]. R2-Tuning can regress moment boundaries

and detect highlights more accurately due to the novel design. We also show some

failure cases in Figure 3.11. In the first case, when facing complex queries with

multiple actions, our method focuses more on a single action (i.e., writing). In the

second case, the moment prediction shall be better than the ground truth.

3.5 Summary

In this chapter, we further study the problem of video temporal grounding from a

parameter- and memory-efficient transfer learning perspective. Several task-specific
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Figure 3.9: Visualization of joint moment retrieval and highlight detection results

on QVHighlights val split. We compare our method with UniVTG [140], which

is a strong baseline leveraging both additional temporal backbone and large-scale

post pre-training. R2-Tuning can accurately regress the boundaries of moments and

predict highlight saliency scores through its novel feature refinement design.

modules such as temporal feature pyramid are also presented to enhance video tem-

poral grounding performance. Experiments across three video temporal grounding

tasks on six public benchmarks demonstrate the significance and effectiveness of

the proposed scheme. We summarize our contributions below:

1. A comprehensive analysis and comparison of existing image-to-video transfer

learning approaches. We identified their limitations in spatial-temporal mod-

eling capability, parameter and memory efficiency, and granularity flexibility.

2. A parameter- and memory-efficient transfer learning framework (R2-Tuning)

specifically designed for the fine-grained video temporal grounding tasks. This

framework, for the first time, remove the need of an auxiliary temporal back-

bone while achieving significantly better performance.

3. A lightweight reversed recurrent block (R2 Block) for query-modulated spatial
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Figure 3.10: More visualizations of joint moment retrieval and highlight detection

results on QVHighlights val split. R2-Tuning can accurately regress the boundaries

of moments and predict highlight saliency scores.

62



3.5. Summary

Figure 3.11: Failure cases of predictions from R2-Tuning on QVHighlights val split.

pooling and recurrent temporal refinement.

4. A temporal feature pyramid architecture that can ensure accurate boundary

regression for moments with lengths. This has been a standard module in

most video temporal grounding models.

We also list our novelties behind each successful design:

1. In the proposed R2 Block, we adopt a novel query-modulated spatial pool-

ing strategy that adaptively compresses high-resolution spatial features into

a single compact token conditioning on the input query. Such a mechanism

ensures the model’s robustness to diverse user queries.

2. During model inference, a recurrent temporal refinement scheme is designed

to effectively aggregate multi-layer information from CLIP encoders. This de-

sign produces high-quality features for diverse downstream tasks.

3. In prediction heads, boundary regression and foreground-background classifi-

cation are jointly conducted in parallel, enabling multi-scale prediction while

preserving computational efficiency.
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3.6 Limitations & Future Work

We acknowledge that while the proposed method achieves significant performance

gains across various video temporal grounding scenarios, its scalability and general-

izability remain limited due to the relatively small number of trainable parameters

(2.7M only). We believe this limitation can be effectively mitigated by employing

more powerful backbones (e.g., LLMs) for video/text encoding and incorporating a

large-scale pre-training stage to better facilitate grounding capability learning. In

the next chapter, we present our attempt along this direction and our solution for

integrating video temporal grounding with open-ended question answering.
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Part II

Reasoning

Thoughts without content are empty, intuitions without concepts are blind.

— Immanuel Kant, Kritik der reinen Vernunft



Chapter 4

Event-Level & Time-Sensitive

Video-Language Understanding

Recent advances in Video Large Language Models (Video-LLMs) have demonstrated

their great potential in general-purpose video understanding. To verify the signif-

icance of these models, a number of benchmarks have been proposed to diagnose

their capabilities in different scenarios. However, existing benchmarks merely eval-

uate models through video-level question answering, lacking fine-grained event-

level assessment and task diversity. To fill this gap, we introduce E.T. Bench (Event-

Level & Time-Sensitive Video Understanding Benchmark), a large-scale and high-

quality benchmark for open-ended event-level video understanding. Categorized

within a 3-level task taxonomy, E.T. Bench encompasses 7.3K samples under 12

tasks with 7K videos (251.4h total length) under 8 domains, providing comprehen-

sive evaluations. We extensively evaluated 8 Image-LLMs and 12 Video-LLMs on

our benchmark, and the results reveal that state-of-the-art models for coarse-level

(video-level) understanding struggle to solve our fine-grained tasks, e.g., ground-

ing event-of-interests within videos, largely due to the short video context length,

improper time representations, and lack of multi-event training data. Focusing on
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these issues, we further propose a strong baseline model, E.T. Chat, together with

an instruction-tuning dataset E.T. Instruct 164K tailored for fine-grained event-

level understanding. Our simple but effective solution demonstrates superior per-

formance in multiple scenarios.

4.1 Introduction

The recent advent of Multi-modal Large Language Models (MLLMs) [2, 213, 148,

349, 171, 41] has led to a substantial paradigm shift in visual-language under-

standing, moving away from designing task-specific models and collecting domain-

specific data, towards developing general-purpose task-solvers for open-ended sce-

narios. By integrating LLMs with visual encoders, these models jointly benefit from

perception abilities and powerful reasoning skills, showing remarkable performance

in even unseened applications, demonstrating great potential for such scheme.

To effectively evaluate the capabilities of these models, a number of benchmarks

[320, 123, 160, 32, 310, 126, 184, 130, 161] have been introduced to study their

feasibilities in different scenarios. Yet, most of the benchmarks are focusing on

image or short (seconds-long) video understanding, which require strong static

scene understanding abilities but overlooking the fine-grained temporal informa-

tion. Some recent works [228, 173] tend to evaluate MLLMs on longer videos, but

they still leverage multiple-choice question answering (MCQ) as their main task,

lacking flexibilities for open-ended tasks. Nevertheless, none of the existing bench-

marks are designed for multi-event or time-sensitive scenarios, thus they suffer from

severe single-frame biases, as can be seen in the comparable performances between

Image- and Video-LLMs in these benchmarks [123, 126].

To address these issues and better understand the open-ended capabilities of these

models, we propose E.T. Bench, a comprehensive benchmark for event-level and
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[RAR] Referred Action Recognition

0s 13s 19s 28s

(D) Closing something
(B) Opening something

(C) Putting something on top of something
(A) Taking something out of something

Correct Answer: (B)

[ECA] Event-​Caption Alignment

0s 8s 17s 35s

Which segment can be best described by

(D) From 12.5 to 28.4 seconds
(B) From 10.2 to 15.3 seconds

(C) From 18.6 to 24.1 seconds
(A) From 1.2 to 7.6 seconds

Correct Answer: (C)

[RVQ] Referred Video Question-​Answering

0s 6s 12s 32s

(C) The plate
(D) The refrigerator

(B) The kettle(A) The dish

Correct Answer: (E)

"person sit by the table while eating chocolate"?
What type of action is the camera wearer

performing at around 23s?
Watch the video at 1.4s - 5.2s and answer
"Which object was taken by the person?"

(E) Unable to answer

[TVG] Temporal Video Grounding

0s 12s 43s 51s

Correct Answer:

[TAL] Temporal Action Localization[EPM] Episodic Memory

Localize the event about "buffalo is running".

The event happens in 44.1 - 50.1 seconds.

0s 56s 87s 110s

Correct Answer:

Detect all the moments containing "cricket shot".

It happens in 27.5 - 29.2 and 48.1 - 50.3 seconds.

0s 186s 425s 480s

Correct Answer:

Where did I find the blue T-​shirt in this shop?

The place can be viewed in 330.7 - 350.2 seconds.

[EVS] Extractive Video Summarization

0s 12s 43s 156s

Correct Answer:

[VHD] Video Highlight Detection [DVC] Dense Video Captioning

Summarize this video to 15% of the total length.

The video summary locates in 4 - 12, 28 - 32, 56 -

0s 23s 98s 150s

Correct Answer:

Identify the highlights of "girl making chocolate juice".

The highlights of the given query happen at 18,

0s 112s 248s 360s

Correct Answer:

Densely describe all the events in the video.

0 - 56 seconds, a woman is talking to the camera.
58, 64 - 66, and 88 - 100 seconds. 76, 84, and 105 seconds.

[SLC] Step Localization and Captioning

0s 51s 94s 246s

Correct Answer:

Identify and summarize all the key steps in the video.

0 - 4 seconds, shake and spray it. 42 - 68 seconds,
rub it around. 78 - 90 seconds, wash with water. 98 - 112 seconds...

58 - 94 seconds, she introduce the ingredients. 105 - 170 seconds...

[TEM] Temporal Event Matching

0s 38s 83s 150s

Correct Answer:

Find a similar moment to the one in 56 - 64 seconds.

A similar event (a person with mask pushing a

[GVQ] Grounded Video Question-​Answering

0s 184s 309s 480s

Correct Answer: (C)

How many screws did I pick just now?

shopping cart) can be found in 18 - 30 seconds.
(A) Five (B) Two (C) Three (D) One
The relevant event can be found in 235.5 - 241.6 seconds.

Figure 4.1: Task definitions in E.T. Bench. The 12 tasks derives from 4 essential

capabilities for time-sensitive video understanding: referring, grounding, dense cap-

tioning, and complex understanding.

time-sensitive video understanding. As shown in Figure 4.1 and compared in Ta-

ble 4.1, our benchmark significantly diverse from previous ones that it focus on

time-sensitive understanding on long and multi-event videos. Our motivation is

that a well-performing Video-LLM should possess the capability to precisely refer

to and localize any events that align with user interests. Based on this assumption,

we build our task taxonomy by summarizing four essential capabilities required

for time-sensitive video understanding: referring, grounding, dense captioning, and
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complex understanding. Then, each capability is delineated with carefully designed

tasks. The diversity of scenarios is ensured by meticulously collecting videos from

15 datasets covering 8 domains. A comprehensive data cleaning, annotation repur-

posing, instruction design, manual verification, and sampling pipeline is leveraged

to generate 7.8K high-quality annotations.

We extensively evaluate 20 models, including 7 open-source Image-LLMs, 9 open-

source Video-LLMs, and 4 proprietary MLLMs, on E.T. Bench. The results reveal

that state-of-the-art models on existing VideoQA benchmarks [123, 184, 126] strug-

gle on our E.T. Bench, especially on grounding, dense captioning, and complex un-

derstanding tasks. We attribute it to two key limitations of existing development

pipelines for MLLMs. First, the discrete next-token prediction paradigm has nat-

ural drawbacks in numerical calculations [78, 100], limiting timestamp under-

standing and generation. Second, most existing video instruction-tuning datasets

[125, 171, 127] predominantly comprise short videos with coarse-level annotations,

brining significant gap between training and real-world applications. To tackle

these problems, we propose E.T. Chat, a novel time-sensitive Video-LLM that re-

formulates timestamp prediction as an embedding matching problem, serving as

a strong baseline on E.T. Bench. As for data, we also curate E.T. Instruct 164K,

an instruction-tuning dataset tailored for multi-event and time-sensitive scenarios.

Extensive comparisons demonstrate the effectiveness of the proposed scheme.

4.2 Related Work

4.2.1 Video Large Language Models.

Video-LLMs [171, 135, 131, 328, 228, 216, 90] represent a class of intelligent chat-

bots capable of understanding videos and perform various open-ended tasks. Gen-

erally, a Video-LLM comprises a visual encoder [205, 322] for perception, a projec-
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tor [95, 124] for feature alignemnt, and an LLM [245, 245, 43, 23] for reasoning

and response generation. VideoChat [125] and Video-ChatGPT [171] are two ear-

liest attempts in this direction. Following works tend to provide better solutions via

adding audio modality [328], joint training on images and videos [135, 105], or

performing alignment before projection [135]. A recent trend [89, 216, 90, 200]

involves the integration of Video-LLMs with time-sensitive understanding capabil-

ities, while their solutions remain sub-optimal. Therefore, we propose to reframe

timestamp generation as an embedding matching problem.

4.2.2 Benchmarks for Video-LLMs

The increasing number of Video-LLMs motivate the development of benchmarks

[123, 37, 184, 173, 126, 161]. Among the earliest is SEED-Bench [123], an MLLM

benchmark that supports both Image-LLMs and Video-LLMs and offers three eval-

uation dimensions in the realm of temporal modeling. AutoEval-Video [37] and

Video-Bench [184] are designed specifically for videos. They employ LLMs for QA

generation or model evaluation. MVBench [126] provides a novel scheme to repur-

pose existing datasets for Video-LLM evaluation. Recent studies also expand their

scope and consider the ability of understanding extremely long videos [173, 228]

or comprehending fine-grained temporal order information [161]. Nevertheless,

none of the benchmarks have been designed for multi-event and time-sensitive un-

derstanding. In response to this gap, we introduce E.T. Bench, the first benchmark

providing comprehensive evaluations on these scenarios.

4.3 E.T. Bench

In this section, we illustrate the detailed pipeline employed to develop our E.T.

Bench. As shown in Figure 4.2 (right), the pipeline begins with the definition of
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Table 4.1: Comparison between E.T. Bench and existing Video-LLM benchmarks.

Benchmark Domain Annotator #Tasks #Samples #Videos
Avg. / Max. Long Event Time Answer Evaluation
Duration Video Level Sensitive Type Method

SEED-Bench [123] Action LLM 3 3,757 3,757 8 frames ✗ ✗ ✗ MCQ Likelihood
EgoSchema [173] Egocentric LLM 1 5,031 5,031 180s / 180s ✓ ✗ ✗ MCQ Likelihood
AutoEval-Video [37] Open Human 9 327 327 15s / 101s ✗ ✗ ✗ Open GPT-4
Video-Bench [184] Open LLM 1 17,054 5,917 56s / 3,599s ✓ ✗ ✗ MCQ Mixed‡

TempCompass [161] Open LLM 4 7,540 410 12s / 35s ✗ ✗ ✗ MCQ/Open Rule/GPT
MVBench [126] Open Human† 1 4,000 3,673 15s / 116s ✗ ✗ ✗ MCQ Rule

E.T. Bench (Ours) Open Human† 12 7,289 7,002 129s / 795s ✓ ✓ ✓ MCQ/Open Rule

† Repurposed from existing datasets ‡ Including next-token likelihood, T5 sentence similarity, and GPT-3.5 assisted evaluation

four essential capabilities for event-level and time-sensitive video understanding,

i.e., referring, grounding, dense captioning, and complex understanding, arranged

in increasing order of difficulty. For each capability, we design a series of tasks

for effective assessment. For each task, we meticulously select existing datasets

with timestamp annotations provided by human annotators, and rewrite them into

instruction-following formats according to task formulation, ensuring high quality

and verisimilitude. The diversity of E.T. Bench is guaranteed by carefully choosing

variable-length videos from different domains. Finally, a thorough manual check,

filtering, and sampling process is conducted to eliminate unsatisfactory samples.

The detailed processes for each step are introduced as follows.

4.3.1 Hierarchical Task Taxonomy

To evaluate the open-ended Video-LLMs from various perspectives, we design a

three-level task taxonomy depicted in Figure 4.2 (left). Definitions for capabilities

and tasks are as follows.

Referring means the ability to comprehend time information from user inputs. For

example, given a question “What is the person doing from 23s to 35s?”, the model has

to understand which part of the video is the user referring to, and provide response

with more consideration on that segment. For better quantifying the model perfor-
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mances, we formulate all the referring tasks as multiple-choice question-answerings

(MCQs), including (1) [RAR] Referred Action Recognition: Identify the action given a

coarse timestamp hint (e.g., “around 12s”). The model has to determine the actual

reference according to both the video and options. (2) [ECA] Event-Caption Align-

ment: Select the correct temporal boundary for a given caption. The model need to

understand and distinguish multiple timestamps in the options. (3) [RVQ] Referred

Video Question Answering: Answer the question conditioning on a given segment.

Each question is supplied with four candidates and an “unable to answer” option,

denoting the case when it cannot be answered with given the segment.

Grounding indicates the ability to localize event- or moment-of-interests with ac-

curate timestamps. It diverse from previous works [126, 266] that only consider

coarse-level grounding, e.g., “at the beginning/middle/end of the video”. Outputs

for grounding tasks are open-ended, processed by rule-based parsers and evaluated

with continuous metrics. The definitions of tasks are (1) [TVG] Temporal Video

Grounding: Determine the temporal boundary of a single event according to the

text description. (2) [EPM] Episodic Memory: Localize the event that can answer

the given question in egocentric scenarios, e.g., “Where is my backpack?”. (3) [TAL]

Temporal Action Localization: Detect and localize a series of segments containing

the given action, e.g., finding all “golf swing” segments in a long video. (4) [EVS]

Extractive Video Summarization: Provide a list of segments that can be merged to

form a compact video summary (with around 15% of the total duration). (5) [VHD]

Video Highlight Detection: Cherry-pick a single timestamp (e.g., “15s”) that can best

reflect the highlight moment corresponding to a query. Note that the formulations

of [TAL], [EVS], and [VHD] have been modified (compared with previous works

[223, 230, 120]) to fit the nature of LLMs.

Dense Captioning is a more complicated ability that requires jointly localize key-

events and generate descriptions/summaries for each segment. This is more prac-

tical for storytelling or key-information extraction from long videos in comparison

72



4.3. E.T. Bench

with video-level captioning on trimmed clips [290]. We define two dense captioning

tasks according to different goals: (1) [DVC] Dense Video Captioning: Comprehen-

sively describe all the events happened in the video. This is a general case with

the goal of covering as much events as possible. (2) [SLC] Step Localization and

Captioning: Identify and describe only the key-steps in instructional videos. In this

case, the segments are shorter & disjoint and the step descriptions are more precise

compared with [DVC].

Complex Understanding refers to the versatile integration of the aforementioned

time comprehension and event localization, requiring the model to demonstrate

proficient event-level and time-sensitive understanding. The two tasks are: (1)

[TEM] Temporal Event Matching: Find and locate a similar event in the same video

conditioning on the given segment. This involves a two-stage reasoning process that

first identify the event in the given timestamps, then localize another segment with

the most similar content. (2) [GVQ] Grounded Video Question Answering: Answer the

given multiple-choice question by selecting an option and localizing a segment that

supports the answer. This is also a complex scenario requiring both understanding

and localization abilities. Validating the localization results can help diagnose the

reasoning process of Video-LLMs.

4.3.2 Data Collection and Annotation

The key challenge of data collection is how to obtain videos with precise tempo-

ral boundary annotations. Previous works either prompt LLMs with frame-level

information extracted from collections of experts [265, 200, 266, 90] or transform

human-annotated moment tags (e.g., 5.2s) to boundaries (e.g., 3.2s to 7.2s) using

pre-defined rules [139, 206]. These solutions can only generate temporal bound-

aries with substantial noise, which are not suitable for accurate model evaluation.

Therefore, we meticulously curate multi-event videos from existing datasets with

73



Chapter 4. Event-Level & Time-Sensitive Video-Language Understanding

500 500
500

500
500

50
0

29
2

50
0

146
2550500

354

75

416

28
3

39
4

50
0

464 290

RAR ECA RVQ

TVG

EP
M

TA
L

EVS

VHD

DVC

SL
C

TEM
GVQ

Referring

Grounding

Ca
pt

io
ni

ng

Complex

E.T. Bench

Indoor Activities Tabletop Sports How To

Egocentric News & Vlog Cooking Open

Complex Understanding

Task Definition (12 Tasks)
1

Referring Grounding Captioning
(RAR, ECA, RVQ) (TVG, EPM, TAL, EVS, VHD) (DVC, SLC)

"0~3s, A man is showing...
5~10s, He started to...
14~22s, Then, He bring out...
27s~35s, Finally, a woman..."

(TEM, GVQ)

"What happenned 

"Localize the

"Describe the video in detail"

in 1~3s?"

event about..."

Charades-​STA Perception TestIn
do

or
 A

ct
iv

it
ie

s
N

ew
s 

&
 V

lo
g

QVHighlights

Eg
oc

en
tr

ic

Ego4D-​NLQ

Sp
or

ts

THUMOS'15

H
ow

 T
o

HiREST

* Other domains that are not shown: Cooking and Open (15 datasets are used in total)

Rule-​based Re-​writing & Manual Cleaning

Videos

Annotations

Content Suitability
Annotation Correctness
Instruction Clarity
Scene Diversity
Video & Event Length
Task Difficulty

Sampling (up to 500
samples per sub-​task)

Video Collection (8 Domains)
2

Annotation Repurposing & Cleaning
3.2

Manual Check & Sampling
4

  Instruct. Writing
3.3

Repeat for all tasks

Pre-​filtering
3.1

Video Duration
e.g., 5s ~ 800s

Criteria
Event Duration
e.g., 2s ~ 50s

Ambiguous Categories
e.g., remove "other"

Number of Events/Steps
e.g., less than 10

"You are given a video about <domain>. 
Watch the video carefully and identify 
all the moments containing <action>. 
Your response should be in the format 
of: <format>. For example: <example>."

"Sure. The actions are located in 2s - 
5s, 8s - 14s, 23s - 28s, and 35s - 39s."

Feedback

[RAR]   Opening Somgthing [5s - 8s]    Time: 6s (A) opening (B) closing (C) moving ...

[VHD]   [0.05, 0.2, 0.6, 0.7, 0.6, 0.4, ...]   Highlights: [3s - 5s] [10s - 13s] [18s - 19s]

[ECA]   Cat is eating cake [12s - 18s]   Candidates: [3s - 7s] [12s - 18s] [15s - 26s] ...

... ...

Ta
bl

et
op

Figure 4.2: Left: Task taxonomy and sample distribution. Right: Generation

pipeline for E.T. Bench. We conduct a thorough process of pre-filtering, annotation

repurposing, instruction writing, manual check, and sampling to obtain high-quality

fine-grained annotations. Details are discussed in Section 4.3.

high-quality human-annotated timestamps, and repurpose the annotations by trans-

forming them according to our task formulations. To ensure the diversity of scenar-

ios, we carefully select 15 datasets from 8 domains, i.e., indoor activities, tabletop,

sports, egocentric, cooking, news & vlogs, how-to, and open. All the videos are col-

lected from val or test splits to prevent potential data leakage. For annotation

generation, we develop for each task a thorough process containing pre-filtering,

manual annotation repurposing, and instruction template design, presented in Fig-

ure 4.2 (right).

Dataset Pre-filtering Table 4.2 presents the pre-filtering criteria for each source

dataset when generating E.T. Bench. We design the criteria according each task and

source dataset, leveraging metrics such as video/moment duration, video domain,

and number of steps per video to select high-quality samples for benchmarking.

Annotation Repurposing and Cleaning We also manually design principles to

repurpose the original dataset annotations and clean the unsuitable samples. The
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Table 4.2: Pre-filtering criteria for E.T. Bench generation. N/A means no filtering.

Type Task Source Domain(s) Selection Criteria

R
ef

er
ri

ng

[RAR] Referred Action Recognition Perception Test [194]

· Tabletop

· Indoor Activities

· Egocentric

· Video /∈ [TAL] ∪ [TEM]

· Subset = “Action Localization”
· Video Duration ∈ [20s, 600s]

· #Actions per Video ⩾ 3

· Action Class ̸= “other”

[ECA] Event-Caption Alignment Charades-STA [70] · Indoor Activities
· Video /∈ [TVG]

· Event Duration ∈ [2s, 30s]

[RVQ] Referred Video Question Answering STAR [273] · Indoor Activities · QType ∈ {Interaction, Sequence}

G
ro

un
di

ng

[TVG] Temporal Video Grounding

QVHighlights [120] · News & Vlogs
· Video /∈ [VHD] ∪ [TEM]

· Moment Duration ∈ [2s, 50s]

· #Segments per Query = 1

Charades-STA [70] · Indoor Activities
· Video /∈ [ECA]

· Moment Duration ∈ [2s, 50s]

[EPM] Episodic Memory Ego4D-NLQ [76] · Egocentric
· Video Duration ⩽ 600s

· Moment Duration ∈ [3s, 50s]

[TAL] Temporal Action Localization

Perception Test [194]

· Tabletop

· Indoor Activities

· Egocentric

· Video /∈ [RAR] ∪ [TEM]

· Subset = “Action Localization”
· Video Duration ∈ [20s, 600s]

· #Segments per Action ⩽ 10

· Action Class /∈ {moving object(s)
around, other}

THUMOS'14 [104] · Sports
· Video Duration ⩽ 600s

· #Segments per Action ⩽ 10

· Action Class ̸= “ambiguous”

THUMOS'15 [75] · Sports
· Video Duration ⩽ 600s

· #Segments per Action ⩽ 10

· Action Class ̸= “ambiguous”

[EVS] Extractive Video Summarization
TVSum [230] · Open · Summary Ratio ∈ [0.1, 0.25]

SumMe [81] · Open · Summary Ratio ∈ [0.1, 0.25]

[VHD] Video Highlight Detection
QVHighlights [120] · News & Vlogs

· Video /∈ [TVG] ∪ [TEM]

· #Highlights per Query ⩽ 2

YouTube Highlights [234] · Open · Highlight Ratio ∈ [0.05, 0.9]

D
en

se
C

ap
ti

on
in

g

[DVC] Dense Video Captioning
HiREST [321]

· How To · Query is Relevant to the Video

· Video is Clippable
· Indoor Activities
· Cooking

YouCook2 [346] · Cooking · N/A

[SLC] Step Localization and Captioning

CrossTask [351]
· How To · Step Duration ⩾ 2s

· Cooking · Repeated / Unordered Steps ∈ ∅

HT-Step [3]

· How To

· Indoor Activities

· Cooking

· Video Duration ∈ [10s, 600s]

· Step Duration ⩾ 2s

· #Steps per Video ⩾ 2

· Repeated / Unordered Steps ∈ ∅

C
om

pl
ex

U
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ng

[TEM] Temporal Event Matching

Perception Test [194]

· Tabletop

· Indoor Activities

· Egocentric

· Video /∈ [RAR] ∪ [TAL]

· Subset = “Action Localization”
· Video Duration ∈ [20s, 600s]

· Action Duration ∈ [2s, 50s]

· #Actions per Video ⩾ 2

· Action Class ̸= “other”

QVHighlights [120] · News & Vlogs
· Video /∈ [TVG] ∪ [VHD]

· Segment Duration ∈ [2s, 50s]

· #Segments per Query ⩾ 2

[GVQ] Grounded Video Question Answering QAEgo4D [20] · Egocentric · Segment Duration ∈ [2s, 50s]

75



Chapter 4. Event-Level & Time-Sensitive Video-Language Understanding

detailed repurposing and cleaning steps for each task are summarized as follows.

[RAR] Referred Action Recognition We adopt the action localization subset of

Perception Test [194] for this task. We first select videos with at least three different

actions, in which one action is sampled as ground truth. We then sample two other

actions from the same video as intra-video distracters, and one action from other

videos as inter-video distracter. The coarse timestamp hint is sampled from the

segment containing only the ground truth action.

[ECA] Event Caption Alignment We utilize Charades-STA [70] as data source.

For each event-query pair, we randomly generate distracters (temporal boundaries)

with 0.5× to 2× lengths compared with the ground truth, and ensure the temporal

IoUs between any two options are no more than 0.5.

[RVQ] Referred Video Question Answering We leverage the high quality QA pairs

from interaction and sequence question types of STAR [273]. Since the original an-

notations only contain question-relevant temporal boundaries, we randomly pick

20% of the QA pairs and modify their boundaries to have no overlap with the orig-

inal ones, in order to synthesis the case when the question cannot be answered

within the given boundary. An extra “unable to answer” option is added to all QA

pairs to verify the robustness.

[TVG] Temporal Video Grounding Two datasets, i.e., Charades-STA [70] and

QVHighlights [120], are chosen for this task. We filter out the samples with event

duration shorter than 2s or longer than 50s, as these are generally noisy samples.

On QVHighlights, only the samples with single events are selected to align with our

problem formulation.

[EPM] Episodic Memory We employ Ego4D-NLQ [76] and conduct a thorough

data cleaning & verification process. First, we perform a rule-based fix for noisy

questions. Some common cases are: (1) Question starts with an additional “Query

Text:” string. (2) Typos such as “I” → “i” or “l”. (3) Unclear references such as
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“person x”. We also found that some questions are ambiguous in the context of

long videos, so we randomly crop the all the videos to 300-second long.

[TAL] Temporal Action Localization We adopt Perception Test [194], THU-

MOS'14 [104] (test split), and THUMOS'15 [75] (val split). Videos with ambigu-

ous action classes, e.g., moving object(s) around and other in Perception Test, and

ambiguous in THUMOS, are discarded. To reduce the difficulty, samples with more

than 10 ground truth moments are filtered out as well.

[EVS] Extractive Video Summarization We repurpose TVSum [230] and SumMe

[81] to generate samples. In conventional video summarization, each frame is

annotated with a probability of being the summary, which is incompatible with

Video-LLMs that cannot strictly produce temporally-aligned frame-level scores, as

can be seen in the near-random results in [216, 200]. Therefore, we reformulate

it to predicting a set of temporal boundaries that compose the summary. Ground

truths are obtained by sorting the frame-level scores and generate boundaries for

consecutive frames with top-15% scores. When a video is annotated by multiple

annotators (i.e., in TVSum), we simply average the scores. This reformulation helps

models persistently generate reasonable results.

[VHD] Video Highlight Detection Samples are generated from QVHighlights

[120] and YouTube Highlights [234] using a similar method as [EVS], but we only

consider the frames with the highest scores. That means, ground truths are the

frames with the highest saliencies. During inference, a prediction is considered

correct if the timestamp falls into any of the temporal boundaries. We directly uti-

lize the text queries in QVHighlights as highlight queries. For YouTube Highlights,

the domains are used, and videos with highlights covering more than 90% are

discarded.

[DVC] Dense Video Captioning We utilize YouCook2 [346] and HiREST [321].

Although HiREST only contains instructional videos, it is still considered as [DVC]
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rather than [SLC] because of the large event coverage. We also trimmed out the

opening and closing scenes of HiREST videos.

[SLC] Step Localization and Captioning We select CrossTask [351] and HT-Step

[3] for this task. For CrossTask, we filter out the samples with wrong annotations,

e.g., repeated steps, and select only the videos with all steps longer than 2s to avoid

ambiguous annotations. For HT-Step, we keep only the videos with at least 2 steps

and remove the samples with incorrect temporal orders.

[TEM] Temporal Event Matching We repurpose Perception Test [194] and

QVHighlights [120] for this novel task, where the former focus on actions and

the latter is for general events. We select videos with actions (excluding the other

category) occurs multiple times from Perception Test, and sample one segment as

the input reference. Other boundaries are used as ground truths. For QVHighlights,

samples with one query referring to multiple disjoint moments are used.

[GVQ] Grounded Video Question Answering We adopt QAEgo4D [20] which nat-

urally contains both QA pairs and corresponding timestamps derived from Ego4D-

NLQ [76]. To control the task difficulty, we randomly crop all the videos to 150-

second long. Typos in QA pairs are fixed.

Instruction Templates We design several instruction templates for each task,

which are shown in Table 4.3. To ensure the models could give responses in de-

sired formats, each instruction starts with a sentence introducing the domain/title

of the video, followed by detailed requirements about the task. We also add an

explicit statement about the format of response and an example as guidance. The

model outputs are passed through rule-based parsers for answer extraction.

Manual Verification and Sampling After annotation generation, we conduct a

careful manual review on the samples, focusing on content suitability, annotation

correctness, instruction clarity, scene diversity, video & event length, and task dif-
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Table 4.3: Instruction templates for E.T. Bench. Green text indicates the candidate

expressions for difference domains. Blue text means the placeholder to be filled

according to each sample. <time> denotes the timestamp representation.

Type Task Instruction Template Example Response

R
ef
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ng

[RAR]

You are given a video containing a series of actions. Watch the video carefully and identify
the action around <time> by choosing from a set of options. The format of your response
should be: “Best Option: (your choice)”. For example: “Best Option: (B)”. Now I give you
the options: (A) <option> (B) <option> (C) <option> (D) <option>. Please provide your
choice.

Best Option: (A)

[ECA]

You are given a video about indoor activities. Watch the video carefully and select the
moment that can be best described by the sentence “<query>”. The format of your response
should be: “Best Option: (your choice)”. For example: “Best Option: (A)”. Now I give you
the options: (A) <time> - <time> (B) <time> - <time> (C) <time> - <time> (D) <time> -
<time>. Please provide your choice.

Best Option: (C)

[RVQ]

You are given a video about indoor activities. Watch the video carefully and answer a
multiple choice question solely based on the event in <time> - <time>. The format of your
response should be: “Best Option: (your choice)”. For example: “Best Option: (C)”. You
may select “unable to answer” if the question can not be answered based on the provided
moment. Now I give you the question: “<question>”. The options are (A) <option> (B)
<option> (C) <option> (D) <option> (E) <option>. Please provide your choice.

Best Option: (D)

G
ro
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[TVG]

You are given a video about daily activities / indoor activities. Watch the video carefully
and find a visual event described by the sentence: “<query>”. The format of your response
should be: “The event happens in <start time> - <end time>”. You must represent start and
end times in seconds. For example: “The event happens in 10.2 - 12.8 seconds”.

The event happens in <time> - <time>.

[EPM]

You are given an egocentric video about daily activities. Watch the video carefully and find
a visual event that can answer the question: “<question>”. The format of your response
should be: “The event happens in <start time> - <end time>”. You must represent start and
end times in seconds. For example: “The event happens in 10.2 - 12.8 seconds”.

The event happens in <time> - <time>.

[TAL]

You are given a video containing a series of actions. Watch the video carefully and find all
the visual events belonging to the action category: “<action>”. The format of your response
should be: “The action happens in <start time> - <end time>, <start time> - <end time>,
and <start time> - <end time>”. You must represent start and end times in seconds. For
example: “The action happens in 4.2 - 6.8, 7.5 - 10.3, 15.1 - 18.6, and 23.4 - 27.5 seconds”.

The action happens in <time> - <time> and <time> -
<time>.

[EVS]

You are given a video about <domain>. Watch the video carefully and summarize it into
multiple short segments. The total length of the segments should be about 15% of the
original video. The format of your response should be: “The summary locates in <start
time> - <end time>, <start time> - <end time>, and <start time> - <end time>”. You must
represent start and end times in seconds. For example: “The summary locates in 5.2 - 7.5,
9.4 - 12.3, 16.9 - 18.2, and 21.8 - 25.4 seconds”.

The summary locates in <time> - <time> and <time>
- <time>.

[VHD]

You are given a video about daily activities. Watch the video carefully and find a highlight
moment according to the sentence / its domain: “<query>”. The format of your response
should be: “The highlight moment happens at <time>”. You must represent time in
seconds. For example: “The highlight moment happens at 26.8 seconds”.

The highlight moment happens at <time>.

D
en

se
C

ap
ti

on
in

g [DVC]

You are given a video about “<query>”. Watch the video carefully and densely describe all
the events in it. For each event, you need to determine the start and ends times and
provide a concise description. The format of your response should be: “<start time> - <end
time>, <description>”. For example: “90 - 102 seconds, spread margarine on two slices of
white bread. 114 - 127 seconds, place a slice of cheese on the bread.”.

<time> - <time>, place bulgur wheat in a bowl and
add boiling water. <time> - <time>, finely chop
a bundle of parsley and add to a bowl. <time> -
<time>, remove the leaves from stalks of mint chop
finely and add to the parsley.

[SLC]

You are given a video about “<task>”. Watch the video carefully and identify all the key
steps in it. For each step, you need to determine the start and ends times and provide a
concise description using a few words. The format of your response should be: “<start
time> - <end time>, <description>”. You must represent start and end times in seconds. For
example: “24.8 - 30.2 seconds, cut apple. 35.6 - 40.4 seconds, wash dishes.”.

<time> - <time>, add sugar. <time> - <time>, pour
water. <time> - <time>, cut lemon. <time> - <time>,
squeeze lemon. <time> - <time>, pour lemon juice.
<time> - <time>, stir mixture.

C
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ng [TEM]

You are given a video about daily activities / containing a series of actions. Watch the video
carefully and identify the event in <time> - <time>, then localize a different moment that
contains the most similar event. The format of your response should be: “The similar event
happens in <start time> - <end time>”. You must represent start and end times in seconds.
For example: “The similar event happens in 16.8 - 20.4 seconds”.

The similar event happens in <time> - <time>.

[GVQ]

You are given an egocentric video about daily activities. Watch the video carefully and
answer a multiple choice question. Your answer should contain a choice of the best option
and a relevant moment that supports your answer. The format of your response should be:
“Best Option: (your choice). The relevant event happens in <start time> - <end time>”.
Now I give you the question: “<question>”. The options are (A) <option> (B) <option> (C)
<option> (D) <option>. Please provide your choice and the relevant moment.

Best Option: (C). The relevant event happens in
<time> - <time>.
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Figure 4.3: Left: Word cloud of text queries shows a considerable degree of diver-

sity. Right: Distribution of averaged video durations (in seconds) across 12 tasks.

ficultly. Feedback from this review helped us actively optimize the generation pro-

cess. Finally, to balance the quality and efficiency of evaluation, we randomly sam-

ple up to 500 samples for each sub-task (task-source combination). In most cases,

each video would only be sampled once.

4.3.3 Benchmark Analysis

We present some statistics of the generated benchmark. Detailed comparisons are

shown in Table 4.1. Overall, the proposed E.T. Bench contains 7,289 samples un-

der a taxonomy of 4 capabilities, 12 tasks, and 20 sub-tasks. There are in total

7,002 unique videos originate from 15 datasets, covering 8 domains. The average

duration of videos is 129.3s, with the minimum and maximum values of 6.2s and

795.0s, respectively. This differs from most existing benchmarks that have averaged

durations only 10 ∼ 20 seconds. We also have diverse answer types for different

tasks, including both MCQ and open-ended styles. The evaluation process is purely

rule-based without human or LLM integration, ensuring satisfied objectivity. Below

we introduce more detailed analysis on the benchmark.

Task and Sample Distribution Figure 4.2 (left) shows the distribution of tasks,

sub-tasks, and samples in E.T. Bench. Here, a sub-task is defined as a task-source

combination, e.g., [TVG] contains two sub-tasks from two source datasets. A large
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Figure 4.4: Frequency distribution of verbs (top 25 / 461) in E.T. Bench. The x- and

y-axes denote the verbs and their frequencies, respectively.

proportion of samples are in the grounding category, as we emphasize the moment

localization ability of modern Video-LLMs.

Text Queries Figure 4.3 (left) shows the word cloud of text queries in E.T. Bench.

Thanks to the wide range of video domains, the queries are also diverse in terms of

both nouns and verbs. Most queries are human-centric, describing human activities

or human-object interactions. We visualize the frequency distribution of verbs and

nouns in E.T. Bench in Figure 4.4 and Figure 4.5, respectively. The distribution

histograms demonstrate the diversity of queries in E.T. Bench.

Video Durations Figure 4.3 (right) shows the distribution of averaged video du-

rations across tasks. Our videos have a wide spectrum of durations, where referring

tasks have relatively shorter videos, and grounding and captioning have longer ones.

Our experimental results in Table 4.9 show that the duration of videos have signifi-

cant influence on model performance.

Distribution of Queries We visualize the frequency distribution (top 25) of verbs

and nouns in E.T. Bench in Figure 4.4 and Figure 4.5, respectively. The verbs and
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Figure 4.5: Frequency distribution of nouns (top 25 / 3,090) in E.T. Bench. The x-

and y-axes denote the nouns and their frequencies, respectively.

nouns cover multiple human-centered daily activities. The distribution histograms

demonstrate the diversity of queries in E.T. Bench.

4.4 Our Method

Extensive evaluations (in Table 4.9) reveal that even the state-of-the-art Video-LLMs

cannot perform well on E.T. Bench, especially on the more complicated grounding,

dense captioning, and complex understanding tasks. We attribute this phenomenon to

two key limitations of existing development pipelines for Video-LLMs: (1) Model:

Existing models fall short in numerical modeling [58, 64], which are essential ca-

pabilities for arithmetic calculations – timestamps processing in our case; (2) Data:

Both pre-training and instruction-tuning are conducted on short & single-event

videos, leading to weak general understanding abilities for multi-event videos. To

address these limitations, we propose E.T. Chat, a novel Video-LLM that reformu-

lates timestamp prediction as an embedding matching problem, serving as a strong

baseline on E.T. Bench. we also curate E.T. Instruct 164K, an instruction-tuning

82



4.4. Our Method

It was given by
the owner at

26s.

Causal
Self-​Attention

Where did the
puppy's cake at 35s
~ 42s come from?

Visual
Encoder

Frame
Compressor

     Tokenizer

      Projector
      Projector

LLM

"<vid>"

Bi-​directional
Self-​Attention

Learnable

Frozen

26s

28s

29s

25s

24s

... ...
......

Video Token

Text Token

Figure 4.6: Overall architecture of E.T. Chat. We reformulate timestamp prediction

as an embedding matching problem. Detailed are provided in Section 4.4.1.

dataset tailored for multi-event and time-sensitive video understanding.

4.4.1 Model

Figure 4.6 presents the overall architecture of E.T. Chat. Given a video frame

Vt ∈ RH×W×3 sampled at time t ∈ T , where H and W are the height and width,

we first leverage a frozen visual encoder Ev to convert it into patch embeddings

Pt ∈ RK×C , where K and C are the number of patches and feature dimension.

To preserve high temporal resolution while reducing redundant compute, we adopt

a frame compressor Ec to merge and project patch embeddings to a single token

etv ∈ R1×D, where D is the embedding dimension of LLM. The compressed frame

tokens {etv}Tt=1 are then concatenated with text tokens {enq }Nn=1 and sent into the

LLM for response generation. Two projectors are also designed to map the output

tokens. The detailed process will be introduced in the following sections.

Frame Compression As illustrated in Figure 4.7, the frame compressor Ec arises

from [131] and consists of a Q-Former [124] Eq with M learnable queries, a context
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Figure 4.7: Detailed illustration of the frame compressor. It accepts video patch

embeddings Pt and the text prompt T as inputs, and compress video frame features

into a single token.

aggregator Ea, and a projector Ep. For each time step, Eq accepts patch embeddings

Pt and the text prompt T as inputs, and re-samples them into learnable queries

Qt ∈ RM×C . Then, Ea merges Qt with Pt and compresses them into a single token.

Ep finally projects it to the same embedding space as LLM. In particular, the context

aggregator Ea is built upon cross attention module [248], formulated as follows:

a = Softmax(
(wq ×Qt)

⊤ × (wk ×Pt)√
C

) (4.1)

Ft = Mean(a×Pt +Qt) (4.2)

Here, Ft ∈ R1×C is the compressed frame token for time t, containing text-

conditioned visual information. This process can be parallelized across all frames.

The projected video token sequence ev is then concatenated with text tokens eq to

form the inputs with shape (T +N)×D for LLM.

Timestamp Prediction as Embedding Matching Our key insight focuses on the

design of timestamp processing. As illustrated in Figure 4.8, existing MLLMs typ-

ically handle timestamps (for videos) or coordinates (for images) in three ways:

(1) Numerical Expressions [196, 31, 216, 89]: Representing numbers directly in
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Figure 4.8: Design space for timestamp processing. Existing MLLMs handle times-

tamps in videos or coordinates in images via (a) numerical expressions, (b) special

tokens, or (c) external modules.

the form of text. This straightforward strategy loses continuity among numbers

[58, 64]. A wrong prediction could be extremely far away from the ground truth.

(2) Special Tokens [35, 260, 90, 200]: Defining a set of special tokens to quantize

time/position into a fixed number (typically 100 to 300) of bins. This solution in-

evitably brings severe quantization loss, and it is not flexible for videos with variable

lengths. Moreover, introducing too many new tokens into the vocabulary would

break the pre-trained distribution of LLMs, making them hard to optimize without

post pre-training. (3) External Modules [116, 167, 83]: Leveraging pre-trained

external models (e.g., SAM [111]) for grounding. This would introduce extra pa-

rameters and latency to LLMs. It is not directly compatible with videos as well, as

existing temporal grounding models [120, 155, 178, 140, 153] are domain-specific

and hard to generalize to all scenarios like SAM.

Motivated by the characteristic of Transformers that they are naturally good at se-

lective copying rather than numerical calculations [78, 100], we propose to refor-

mulate timestamp prediction as an embedding matching problem. That is, we train

the model to generate/copy embeddings of video frames that it would like to refer

to, and obtain timestamps by matching these embeddings back to the video.
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Specifically, we define a special token <vid> used to stimulate the matching pro-

cess. When <vid> is generated during inference, e.g., the model outputs “the event

happens around ¡vid¿”, this token is utilized to match a video frame token, such

that the desired timestamp can be easily obtained from the matched frame index.

For example, for a video sampled to 1 FPS, if <vid> is matched to the i-th frame,

then <vid> means the i-th second of the video. The matching process is designed to

be simple and efficient. We denote the l-th layer hidden states of <vid> token and

video frame tokens as hl
vid ∈ R1×D and hl

frm ∈ RT×D, respectively. During match-

ing, two MLPs Evid and Efrm are first leveraged to project the hidden states to the

alignment space g:

gvid = Evid(h
L−1
vid ), gfrm = Efrm(h

L
v ) (4.3)

Here, L refers to the total number of LLM layers. We extract <vid>’s hidden states

from the second-last layer to preserve a larger feature range [83]. Subsequently,

we compute the cosine similarities between gvid and all {gt
frm}Tt=1 to obtain the

matched frame index tmatch:

s =
gvid · gfrm

||gvid||2 · ||gfrm||2
∈ R1×T , tmatch = argmax(s) (4.4)

The frame index tmatch is then multiplied with frame rate r to generate the real

timestamp in seconds. Through this operation, the direct prediction of timestamps

is replaced by embedding matching, which is easier to learn as a selective copying

problem by Transformer-based models. For the case when <vid> occurs in inputs,

the input features of <vid> are added with the corresponding frame features. Dur-

ing training, an extra binary matching loss is utilized:

Lmatching = − 1

T

T∑
t=1

yt · log(st) (4.5)

Here, yt denotes the binary label indicating whether t is the ground truth frame.

Lmatching is added with the original language modeling loss Llanguage to jointly opti-

mize the model.
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Numerical Continuity. The matching process above still cannot preserve numerical

continuity, as the hidden states of adjacent frames may be far away from each other.

We introduce two modifications to alleviate this problem. First, the causal self-

attentions in LLM block out the bi-directional information flow. This is reasonable

for text but limits the ability of video understanding. Thus, we allow bi-directional

attentions among video tokens. Second, we introduce a smoothed label 1

α|t−tgt| to

replace the binary label yt in Eq. 4.5, where α is a hyperparameter controlling the

extent of smoothing, and tgt refers to the ground truth frame index.

4.4.2 Instruction-Tuning Dataset

To fill the gap of lacking multi-event and time-sensitive training data for MLLMs,

we introduce E.T. Instruct 164K, a large-scale instruction-tuning dataset with fine-

grained timestamp annotations. The statistics are shown in Table 4.4.

Task Selection E.T. Instruct 164K covers 9 event-level understanding tasks, in-

cluding [RVC] referred video captioning, [TVG] temporal video grounding, [TAL]

temporal action localization, [EVS] extractive video summarization, [VHD] video

highlight detection, [DVC] dense video captioning, [TVC] tagged video captioning,

[SLC] step localization and captioning, and [GVQ] grounded video question answer-

ing. Most tasks are aligned with E.T. Bench but with different source datasets. The

only exceptions are [RVC] and [TVC], where the former requires to generate cap-

tions for the the given temporal boundary, and the latter is similar to [DVC] but with

start timestamps only. Note that [RAR], [ECA], [RVQ], [EPM], and [TEM] are in E.T.

Bench only, serving as held-out tasks during evaluation.

Data Collection and Instruction Generation We meticulously sample videos and

annotations from 14 datasets, including HowToCaption [224], DiDeMo [6], QueryD

[185], TACoS [212], NaQ [206], ActivityNet [21], HACS [338], VideoXum [138],
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Table 4.4: Task and sample distribution in E.T. Instruct 164K.

Task Source Manual Label Avg. Duration #Samples Ratio

[RVC] HowToCaption [224] ✗ 176.9s 16,907 10.3%

[TVG]

DiDeMo [6] ✓ 49.0s 33,000 20.1%

QueryD [185] ✗ 173.7s 4,267 2.6%

TACoS [212] ✓ 151.9s 6,693 4.1%

NaQ [206] ✗ 296.5s 10,546 6.4%

[TAL]
ActivityNet [21] ✓ 118.8s 9,807 6.0%

HACS [338] ✓ 159.5s 15,218 9.3%

[EVS] VideoXum [138] ✓ 123.5s 7,989 4.9%

[VHD] Mr. HiSum [232] ✗ 196.4s 9,056 5.5%

[DVC] ActivityNet Captions [114] ✓ 118.9s 9,830 6.0%

[TVC] ViTT [91] ✗ 210.0s 2908 1.8%

[SLC]
COIN [239] ✓ 138.9s 7,659 4.7%

HowToStep [132] ✗ 189.8s 20,000 12.2%

[GVQ] EgoTimeQA [52] ✗ 150.0s 10,000 6.1%

Total 146.4s 163,880 100%

Mr. HiSum [232], ActivityNet Captions [114], ViTT [91], COIN [239], HowToStep

[132], and EgoTimeQA [52]. During sampling, we ensure that the videos have no

overlap with E.T. Bench. Different from E.T. Bench in which all the samples are

manually labeled, more than 40% of the samples in E.T. Instruct 164K are with

automatically generated annotations. A similar filtering and rule-based cleaning

process as E.T. Bench generation is conducted. Note that videos from EgoTimeQA

are randomly cropped to 150-second long to reduce ambiguity during training.

We then convert the original annotations into instruction-following formats. Follow-

ing previous works [127, 216], for each task, we write a well-designed instruction,

then prompt GPT-4 [2] to extend it to multiple diverse expressions. For some tasks

having overlap with previous work [216], existing instructions are also considered.

We manually select and refine 6 expressions for each task to serve as the instruction

templates. To obtain ground truth responses, we convert the original annotations

into natural language styles using manually designed templates. The generated
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Table 4.5: Instruction and response templates in E.T. Instruct 164K (Part I). Blue

text means the placeholder to be filled according to each sample, and <time> de-

notes the timestamp representation.

Task Instruction Templates Response Format

[RVC]

· Watch the video segment in <time> - <time> and provide a concise description for it. <answer>.
· Watch the video portion spanning from <time> to <time> and provide a depiction of its main event.
· Describe the video event happened in <time> - <time>.
· Depict the event happening in the video from <time> to <time>.
· Provide a description of the activity shown in the video within <time> - <time>.
· Focus on the video event in <time> - <time> and describe what is happening.

[TVG]

· Localize the visual content described by the given textual query “<query>” in the video, and output The event happens in
the start and end timestamps in seconds. <time> - <time>.

· Detect and report the start and end timestamps of the video segment that semantically matches the
given textual query “<query>”.

· Give you a textual query: “<query>”. When does the described content occur in the video? Please
return the timestamp in seconds.

· Locate the visual content mentioned in the text query “<query>” within the video using timestamps.
· The given natural language query “<query>” is semantically aligned with a video moment, please

give the start time and end time of the video moment.
· Find the video segment that corresponds to the given textual query “<query>” and determine its start

and end seconds.

[TAL]

· Detect and localize all the video segments containing the given action “<action>”, and provide the The action happens in
outputs using start and end timestamps. <time> - <time>, <time> -

· Find all the sections of the video where the action “<action>” occurs, and report the results with their <time>, and <time> -
respective start and end timestamps. <time>.

· For the given action “<action>”, locate all corresponding video sections and present the results with
starting and ending timestamps.

· Discover and determine the locations of all video portions containing the action “<action>”, and
return the start and end time in seconds.

· Locate all instances of the action “<action>” in the video and give me the start and end times for each
occurrence.

· Identify and list all segments of the video where the action “<action>” takes place, providing the start
and end times for each instance.

[EVS]

· Summarize the video to about 15% of the original length based on the video domain “<domain>”, and The summary locates in
provide the outputs using start and end timestamps. <time> - <time>, <time> -

· Condense the video to approximately 15% of its original length, focusing on the domain “<domain>”, <time>, and <time> -
and include start and end timestamps for each summarized segment. <time>.

· Reduce the video’s length to roughly 15%, emphasizing the “<domain>” domain, and provide the
outputs with their respective start and end timestamps.

· Generate a 15% summary of the video, particularly related to the domain “<domain>”, and include
the start and end times for each selected portion.

· Provide a summary of the video, reducing it to around 15% of its length, with a specific focus on the
domain “<domain>”, including start and end timestamps for the selected segments.

· Summarize the video to about 15% of its total duration, specifically highlighting the domain
“<domain>”, and include start and end timestamps for each segment.

[VHD]

· Find a highlight moment in the video according to the given query: “<query>”, and return its The highlight moment
timestamp. happens at <time>.

· Identify a highlight in the video that matches the query “<query>”, and provide the corresponding
timestamp.

· Detect a highlight in the video corresponding to the query “<query>”, and report its timestamp.
· Identify a highlight moment in the video based on “<query>”, and give me the timestamp.
· Localize a highlight moment that matches the given query “<query>”, and return the timestamp for it.
· According to the query “<query>”, please find a single highlight moment in the video and provide its

timestamp.

[DVC]

· Localize a series of activity events in the video, output the start and end timestamp for each event, and <time> - <time>, <event>.
describe each event with sentences. The output format of each predicted event should be like: “start - <time> - <time>, <event>.
end seconds, event description”. <time> - <time>, <event>.

· Determine the start and end times of various activity events in the video, accompanied by descriptions.
· Capture and describe the activity events in the given video, specifying their respective time intervals,

and output the time intervals in the “start - end seconds format”.
· Identify, timestamp, and describe various activity events occurring in the video. The timestamp

should include the start time and end time in seconds.
· Detect and report the start and end timestamps of activity events in the video, along with descriptions.
· Pinpoint the time intervals of activity events in the video, and provide detailed descriptions for each

event.
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Table 4.6: Instruction and response templates in E.T. Instruct 164K (Part II). Blue

text means the placeholder to be filled according to each sample, and <time> de-

notes the timestamp representation.

Task Instruction Templates Response Format

[TVC]

· Densely capture all the events happened in the video, and describe them in the form of “start time, <time>, <event>. <time>,
description”. <event>. <time>, <event>.

· List all the events in the video in detail and format them as “start time, description”.
· Chronologically describe each event in the video, noting “start time, description”.
· Identify all the events in the video and provide a concise description for each of them. The response

for each event should contain its start time and the description.
· Pinpoint all events in the video and give a concise description with their respective start times.
· Recognize every event in the video, describing each concisely and report it as “start time, description”.

[SLC]

· Localize a series of action steps in the given video, output a start and end timestamp for each step, and <time> - <time>, <step>.
briefly describe the step. <time> - <time>, <step>.

· Locate and describe a series of actions or steps in the video, including their start and end timestamps. <time> - <time>, <step>.
· Identify and mark the video segments corresponding to a series of actions or steps, specifying the

timestamps and describing the steps.
· Find, identify, and determine the temporal boundaries of a series of distinct actions or steps occurring

throughout the video. For each action, output the corresponding start and end timestamps,
accompanied by a concise description.

· Identify and localize a series of steps or actions occurring in the video, providing start and end
timestamps and related descriptions.

· Locate and pinpoint a sequential series of specific actions or steps in the video, accurately specifying
the start and end timestamps for each action. Additionally, provide a succinct description.

[GVQ]

· Watch the video carefully and answer the question: “<question>”. Your response should mention the <answer>. The relevant
start and end timestamps as a reference. For example: “<answer>. The relevant event happens in event happens in <time> -
<start time> to <end time>”. <time>.

· Given the question: “<question>”, please watch the video carefully and provide both
the answer and the relative moment that as a reference.

· Taking the question: “<question>” into consideration, please watch the video attentively and provide
your answer along with the exact timing as a reference.

· Answer the following question and provide the corresponding start and end timestamps depicting the
relevant moment: “<question>”.

· Give a response to the question “<question>” according to the video and include the precise times
marking the relevant moment.

· After watching the video, provide an answer to the following question “<question>” and point out the
relevant start and end times in the video.

instruction templates and response formats are shown in Table 4.5 & 4.6.

4.5 Experiments

4.5.1 Evaluation Settings

As different tasks in E.T. Bench are under different settings with diverse output for-

mats. A single metric (e.g., accuracy) like existing benchmarks is not sufficient. To

balance the quantity of metrics and the ease of ranking, we unify the metrics within

each capability and leverage accuracy for referring tasks, F1 score for grounding
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tasks, F1 score and sentence similarity for dense captioning tasks, and recall for

complex understanding tasks. The evaluation metrics are as follows.

Referring All the tasks are formulated as multiple-choice question-answerings

(MCQs), thus we adopt accuracy as the main metric.

Grounding We compute F1 scores averaged among IoU thresholds θIoU at four lev-

els (0.1, 0.3, 0.5, and 0.7). For [TVG] and [EPM], only the first predicted temporal

boundary is accepted. This aligns with conventional Recall@1 metric. For [TAL], all

the predicted boundaries are used. In [EVS], F1 scores are computed at clip level,

that is, each video is divided into 1-second long clips, and precision/recall is defined

as the percentage of true positive clips with respect to all the predicted/ground truth

clips. For [VHD], a prediction (single timestamp) is regarded as a true positive when

it falls into any of the ground truth boundaries.

Dense Captioning Similar to grounding, we utilize F1 score at the same four lev-

els of θIoU for boundary predictions in [DVC] and [SLC]. To measure the correctness

of descriptions, previous works leverage traditional metrics for machine transla-

tion [193, 136, 18, 249], which cannot handle ambiguity in open-ended scenarios.

Therefore, we perform evaluation at semantic level and employ sentence similarity

[214] to measure the distances between predictions and ground truths. Following

previous practices [52], the all-MiniLM-L6-v2 model in Sentence Transformers1

library is used as the embedding model.

Complex Understanding We adopt Recall@1 as the metric for both [TEM] and

[GVQ]. The IoU thresholds are aligned with grounding and dense captioning. For

[TEM], only the first predicted temporal boundary is accepted, and it is regarded as

a true positive when it has the maximum IoU among all ground truths larger than

the threshold. For [GVQ], aside from boundary prediction, the MCQ answer should

also be correct for a successful recall.

1https://github.com/UKPLab/sentence-transformers
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Table 4.7: Hyperparameter settings.

Hyperparameter Value

Visual Encoder Ev

Frame Sampling Rate 1 FPS
Preprocessing Center Crop
Input Resolution 224 × 224
Patch Size 14 × 14

Frame Compressor Ec

Number of Learnable Queries M 32
Number of Layers 12
Hidden Size 768

MLP Projector Evid & Efrm

Number of Layers 2
Hidden Size 1536
Output Size 3072

Large Language Model

LoRA r 128
LoRA α 256
LoRA Dropout Rate 0.05
LoRA Modules QKVO Layers

Model Training

Max Number of Tokens 2048
Number of Epochs 1
Batch Size 32
Learning Rate for LoRA 5e-5
Learning Rate for Other Parameters 2e-5
Weight Decay 0.0
Warmup Ratio 0.03
LR Scheduler Type Cosine
Optimizer AdamW [162]
AdamW β1, β2 (0.9, 0.999)

With the unified evaluation metrics, we

are able to average them and measure

a model’s general performance under

each capability. To achieve this, we de-

fine 5 averaged metrics: (1) Accref : Av-

eraged accuracy on referring tasks; (2)

F1gnd: Averaged F1 score on ground-

ing tasks; (3) F1cap: Averaged F1 score

on dense captioning tasks; (4) Simcap:

Averaged sentence similarity on dense

captioning tasks; (5) Reccom: Averaged

recall on complex understanding tasks.

These metrics serve as indicators for

the general performance on event-level

and time-sensitive understanding.

4.5.2 Implementation Details

We adopt the pre-trained ViT-G/14 from EVA-CLIP [61] as visual encoder. The

architecture of frame compressor and LLM are based on Q-Former [48, 124] and

Phi-3-Mini-3.8B [1], respectively. We first pre-train the model following the stage-

1 and stage-2 recipes in [131], then activate the MLP projectors Evid & Efrm and

fine-tune them on E.T. Instruct 164K. Evid and Efrm are randomly initialized, and

the embeddings for <vid> token are initialized from the averaged embeddings of

all existing tokens. During fine-tuning, we freeze the visual encoder and the FFN

layers in Q-Former, and introduce LoRA [88] adapters on the LLM. Therefore, only

the attention layers and projectors in frame compressor Ec, LoRA adapters, and

matching projectors (Evid & Efrm) are learnable. We train the model with mixed

precision (FP16) on 8 NVIDIA V100 GPUs. The training process costs around 20
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Table 4.8: Architectures of the models on E.T. Bench. Size means the LLM size.

Model Size Frame Resolution Sampled Frames Visual Encoder Language Model

Image-LLMs

LLaVA-1.5 [147] 7B 336 × 336 8 CLIP-ViT-L/14 Vicuna-1.5
LLaVA-InternLM2 [23] 7B 336 × 336 8 CLIP-ViT-L/14 InternLM2
mPLUG-Owl2 [308] 7B 448 × 448 8 CLIP-ViT-L/14 Llama-2
InternLM-XComposer [332] 7B 224 × 224 8 EVA-ViT-G/14 InternLM
Bunny-Llama3-V [85] 8B 384 × 384 8 SigLIP-ViT-L/14 Llama-3
MiniCPM-Llama3-V-2.5 [240] 8B 980 × 980 8 SigLIP-ViT-L/14 Llama-3
Qwen-VL-Chat [14] 7B 448 × 448 8 CLIP-ViT-bigG/14 Qwen

Video-LLMs

Video-ChatGPT [171] 7B 224 × 224 100 CLIP-ViT-L/14 LLaMA
Video-LLaVA [135] 7B 224 × 224 8 LanguageBind-ViT-L/14 Vicuna-1.5
LLaMA-VID [131] 7B 224 × 224 1 FPS EVA-ViT-G/14 Vicuna-1.5
Video-LLaMA-2 [328] 7B 224 × 224 8 EVA-ViT-G/14 Llama-2-Chat
PLLaVA [291] 7B 672 × 672 16 CLIP-ViT-L/14 Vicuna-1.5
VTimeLLM [89] 7B 224 × 224 100 CLIP-ViT-L/14 Vicuna-1.5
VTG-LLM [80] 7B 224 × 224 96 EVA-ViT-G/14 Llama-2
TimeChat [216] 7B 224 × 224 96 EVA-ViT-G/14 Llama-2
LITA [90] 13B 224 × 224 100 CLIP-ViT-L/14 Vicuna-1.3

E.T. Chat (Ours) 3.8B 224 × 224 1 FPS EVA-ViT-G/14 Phi-3-Mini

hours. More detailed hyperparameters are listed in Table 4.7.

4.5.3 Baselines

We extensively evaluate 20 MLLMs on E.T. Bench, including 7 open-source Image-

LLMs (LLaVA-1.5 [147], LLaVA-InternLM2 [23], mPLUG-Owl2 [308], InternLM-

XComposer [332], Bunny-Llama3-V [85], MiniCPM-Llama3-V-2.5 [240], and Qwen-

VL-Chat [14]), 9 open-source Video-LLMs (Video-ChatGPT [171], Video-LLaVA

[135], LLaMA-VID [131], Video-LLaMA-2 [328], PLLaVA [291], VTimeLLM [89],

VTG-LLM [80], TimeChat [216], and LITA [90]), and 4 proprietary MLLMs (GPT-4V

[187], GPT-4o [188], Gemini-1.5-Flash [213], and Gemini-1.5-Pro [213]).

We compare the architectures of open-source MLLMs in Table 4.8. Optional visual

encoders for these models are CLIP [205], EVA-CLIP [61], SigLIP [322], OpenCLIP

[94], and LanguageBind [348], while the LLM backbones include LLaMA [245],
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Llama-2 [246], Llama-3 [4], Vicuna [43], InternLM [332], InternLM2 [23], Qwen

[13], and Phi-3-Mini [1].

4.5.4 Main Results

We extensively evaluate 7 open-source Image-LLMs, 9 open-source Video-LLMs,

and 4 proprietary MLLMs on E.T. Bench. For Image-LLMs, we uniformly sample

8 frames and add an extra prompt indicating the video duration as a hint for times-

tamps. For Video-LLMs, we use their default number of frames as inputs. Propri-

etary MLLMs are evaluated by calling APIs on a subset with 470 samples. The inputs

for GPT-4V and GPT-4o are aligned with Image-LLMs. For Gemini-1.5 models, raw

videos are directly uploaded.

The evaluation results are presented in Table 4.9. We report the metrics averaged

among sub-tasks due to space limit. The Random in the first row refers to ran-

dom guessing. We also provide comparisons and ranking in Figure 4.9. Below we

summarize our key findings from the results.

Performance gap between Image- and Video-LLMs. We observe that on referring

tasks, most Image- and Video-LLMs perform at the same level. Some Image-LLMs

such as XComposer and Qwen-VL-Chat can even beat most Video-LLMs. This is be-

cause the videos for referring are generally short, as compared in Figure 4.3 (right),

such that the sampled 8 frames cover most information. The gap becomes larger on

tasks with longer videos such as [TVG] and [TAL], demonstrating the importance of

temporal modeling on E.T. Bench compared with other benchmarks.

Strong Video-LLMs on existing benchmarks struggle on E.T. Bench. Some state-

of-the-art Video-LLMs on existing benchmarks, e.g., Video-LLaMA-2 and PLLaVA,

are less effective on our E.T. Bench, especially on grounding and dense captioning

tasks. We attribute this to the single-frame bias caused by both model architecture

and training data. It also motivate us to consider the balance between spatial and
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Table 4.9: Performance of representative MLLMs on E.T. Bench. We evaluate both

open-source and proprietary models. The best and second-best results are marked

with bold and underline, respectively.

Method
Referring Grounding Dense Captioning Complex

RARAcc EVCAcc RVQAcc TVGF1 EPMF1 TALF1 EVSF1 VHDF1 DVCF1 DVCSim SLCF1 SLCSim TEMRec GVQRec

Random 25.0 25.0 20.0 – – – – – – – – – – –

Open-source Image-LLMs: All models use 8 uniformly sampled frames as inputs. Prompts have been added with hints about timestamps.

LLaVA-1.5 [147] 34.2 27.4 26.2 6.1 1.9 7.8 2.4 30.9 14.5 11.5 0.9 9.5 7.7 0.0
LLaVA-InternLM2 [23] 34.0 34.8 37.0 2.7 0.1 0.3 0.2 32.3 16.9 8.5 0.1 4.7 7.2 1.5
mPLUG-Owl2 [308] 37.8 26.4 34.6 1.1 0.2 3.0 4.1 36.8 0.1 8.1 0.1 7.7 6.2 0.0
XComposer [332] 33.0 19.6 40.2 4.9 1.5 9.9 2.8 28.9 5.4 5.9 2.7 9.0 10.5 0.0
Bunny-Llama3-V [85] 33.2 27.4 26.6 7.0 0.1 5.1 0.4 30.6 13.5 8.8 0.1 7.6 7.2 0.0
MiniCPM-V-2.5 [240] 37.6 28.0 37.6 2.0 0.1 4.4 13.4 18.7 6.2 11.8 1.4 9.7 0.7 0.0
Qwen-VL-Chat [14] 33.4 32.2 33.6 16.2 4.0 10.7 16.3 34.4 17.4 13.8 6.2 13.1 3.2 1.5

Open-source Video-LLMs: All models use their default numbers of frames as inputs.

Video-ChatGPT [171] 22.6 24.2 23.0 7.0 1.3 15.1 8.4 28.8 8.8 11.3 5.7 10.2 15.9 0.0
Video-LLaVA [135] 33.6 33.0 22.6 7.0 1.9 15.0 0.3 28.9 28.0 15.0 0.9 8.3 7.5 0.1
LLaMA-VID [131] 30.4 38.4 28.8 5.5 1.2 8.0 1.4 30.0 27.1 12.6 5.2 11.1 7.0 0.9
Video-LLaMA-2 [328] 28.8 27.4 28.0 0.1 0.0 0.0 0.0 1.5 0.6 14.5 0.0 15.2 0.0 0.1
PLLaVA [291] 33.8 22.6 31.8 6.9 1.1 5.7 0.3 28.9 13.3 10.6 9.7 11.8 4.1 1.2
VTimeLLM [89] 28.4 31.0 29.2 7.6 1.9 18.2 15.9 28.9 12.4 13.1 8.7 6.4 6.8 1.9
VTG-LLM [80] 6.6 12.0 7.8 15.9 3.7 14.4 26.8 48.2 40.2 18.6 20.8 14.4 8.9 1.4
TimeChat [216] 30.8 27.6 24.6 26.2 3.9 10.1 29.1 40.5 16.6 12.5 5.6 9.2 18.0 1.5
LITA [90] 33.0 40.8 27.2 22.2 4.6 18.0 29.7 23.9 39.7 17.2 21.0 12.2 16.0 2.2

E.T. Chat (Ours) 44.6 37.0 33.6 38.6 10.2 30.8 25.4 62.5 38.4 19.7 24.4 14.6 16.5 3.7

Proprietary MLLMs: Evaluated on a subset with 470 samples.

GPT-4V [187] 33.3 40.9 46.2 27.0 1.8 18.0 28.6 55.1 16.1 19.4 21.9 13.5 23.9 0.0
GPT-4o [188] 27.8 27.3 57.7 40.4 4.5 20.0 17.6 56.9 46.9 22.3 23.1 14.9 13.6 0.0
Gemini-1.5-Flash [213] 38.9 50.0 61.5 43.9 5.4 27.0 5.4 60.8 31.6 14.9 16.5 13.3 20.8 1.0
Gemini-1.5-Pro [213] 61.1 27.3 57.7 43.1 6.2 33.8 7.9 47.0 24.0 17.5 5.8 9.8 32.1 1.0

E.T. Chat† (Ours) 33.3 31.8 30.8 32.9 8.9 28.1 15.3 60.9 39.8 19.5 23.7 14.8 14.8 1.3

† Evaluated on the same subset as proprietary MLLMs

temporal modeling in Video-LLMs.

Some Video-LLMs fail to follow instructions. During evaluation, we also notice

that some models, e.g., Video-LLaVA and Video-LLaMA-2, fail to generate outputs

in desired formats for some tasks even with carefully designed instructions and ex-

amples. For instance, Video-LLaVA can only generate repeated text outputs without

any timestamps for [EVS], while Video-LLaMA-2 faces the similar problem on al-

most all grounding tasks. we claim that this is due to the severe overfitting on their
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Figure 4.9: Left: Performance comparison between E.T. Chat and representative

models. Right: Ranking of MLLMs on E.T. Bench, where red means higher ranks

and blue represents lower ranks.

instruction-tuning data, which do not contain any timestamps outputs.

Some Image-LLMs performs exceptionally well. Qwen-VL-Chat and Bunny-

Llama-3-8B-V are two models producing relatively good results compared with

other Image-LLMs and even some Video-LLMs. On [TVG] and [DVC], Qwen-VL-Chat

achieves 15.6 and 21.3 F1 scores, respectively, surpassing a number of Video-LLMs.

But there is still a significant gap when compared with best-performing Video-LLMs

such as TimeChat and LITA.

Time-sensitive Video-LLMs are the first-class models. VTimeLLM, TimeChat, and

LITA are three Video-LLMs with explicit optimizations for timestamps modeling,

such that they can persistently follow instructions and generate considerable re-

sponses when facing time-sensitive scenarios.

Proprietary MLLMs are still competitive. Even with 8-frame inputs, GPT-4V and

GPT-4o show their significance compared with open-source models on some tasks

such as [TVG], [TAL], and [DVC]. By supporting direct video inputs, Gemini-1.5 se-

ries achieve the strongest performance on a number of tasks in E.T. Bench, including

[RAR], [EVC], [RVQ], [TVG], [TAL], [VHD], and [TEM].
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Table 4.10: Comparison on architectural designs.

<vid> Token Bi-directional Smoothing Accref F1gnd F1cap Simcap Reccom

25.0 17.5 21.2 12.3 8.6

✓ 34.0 25.2 26.4 15.4 9.2

✓ ✓ 33.7 30.5 27.5 15.8 9.8

✓ ✓ 34.5 25.8 26.4 13.6 9.5

✓ ✓ ✓ 38.4 33.5 31.4 17.1 10.1

Table 4.11: Choices of frame compressor.

Method Accref F1gnd F1cap Simcap Reccom

Pooling 29.6 25.5 21.1 11.3 9.1

Q-Former 38.4 33.5 31.4 17.1 10.1

E.T. Chat fills the gap between open-source and proprietary MLLMs. Benefit

from the novel timestamps processing design and the multi-event instruction-tuning

data, E.T. Chat achieves state-of-the-art performance among open-source MLLMs on

most tasks, and obtain comparable results as proprietary MLLMs. Notably, signifi-

cant improvements can be viewed on [EPM], [VHD], [TEM], and [GVQ].

4.5.5 Ablation Studies

Effect of Architectural Designs We verify the effectiveness of <vid> token, bi-

directional attention across video tokens, and label smoothing during training. The

results are compared in Table 4.10. Without introducing the <vid> token (first

row), our model falls back to the numerical expression variant discussed in Sec-

tion 4.4.1, which struggles in timestamp prediction even with instruction-tuning on

E.T. Instruct 164K. By reformulating timestamp prediction as embedding matching

(second row), our method significantly works better on all tasks on E.T. Bench.

Extra modifications, i.e., bi-directional attention (third row) and label smoothing

(fourth row), further enhance the model to achieve better localization abilities,
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Table 4.12: Choices of layers for matching. Layervid and Layerfrm denote the index

of LLM layer utilized for matching. –1 means using the final-layer hidden states.

Layervid Layerfrm Accref F1gnd F1cap Simcap Reccom

–1 –1 38.2 32.2 31.0 17.2 9.6

–1 –2 37.8 32.5 30.8 16.5 9.9

–2 –1 38.4 33.5 31.4 17.1 10.1

–2 –2 37.6 33.8 31.2 16.7 9.7

Table 4.13: Comparison on learnable modules. ATTN and FFN represent the atten-

tion and feed-forward layers in Q-Former, respectively.

Q-Former Eq Aggregator

Ea

Projector

Ep

LLM

(LoRA)
Accref F1gnd F1cap Simcap Reccom

ATTN FFN

36.1 29.2 27.1 14.1 8.7

37.3 30.5 28.3 15.0 9.6

37.9 31.8 29.6 15.7 9.5

38.4 33.5 31.4 17.1 10.1

37.5 29.1 32.2 17.5 9.3

demonstrated by the substantial increase in F1gnd.

Choice of Frame Compressor Table 4.11 compares the performance of two de-

sign choices for frame compressor Ec, i.e., a naive spatial pooling among frame

patches Pt and a query-guided compression based on Q-Former [124]. The results

confirm that employing Q-Former for frame compression is a superior alternative,

as it can adaptively determine the aggregation weight according to queries.

Choice of LLM Layer for Matching As articulated above, during matching, we

utilize the second-last layer’s hidden states for the <vid> token, while the final-

layer’s hidden states for frame tokens. This strategy take into consideration the

small feature range of final-layer hidden states for the <vid> token [83]. We further

verify its effectiveness in Table 4.12. While the results are essentially similar, current

setting exhibits a marginally superior overall performance.
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Table 4.14: Effect of α for label smoothing.

α Accref F1gnd F1cap Simcap Reccom

1.0 37.2 30.8 26.3 14.8 9.6

1.5 37.9 31.6 28.6 15.4 10.3

2.0 38.4 33.5 31.4 17.1 10.1

2.5 38.1 33.0 29.8 16.8 9.2

3.0 37.5 33.7 28.4 16.0 9.8

Learnable Modules In Table 4.13, we justify the training strategy for instruction-

tuning. Updating only the context aggregator Ea and projector Ep (first row) makes

the training hard to converge with new tokens, and fine-tuning the LLM with LoRA

(second row) brings better performance. We contend that the pre-trained Q-Former

is suitable only for short & single event videos due to the constraints of pre-training

data. Serving as the frame compressor, such limitation would hinder the model’s

performance. Line 3∼ 5 corroborate our hypothesis, as updating Q-Former on E.T.

Instruct 164K brings notable performance improvements. Furthermore, we observe

that fine-tuning the whole Q-Former makes the model slightly overfit to dense cap-

tioning tasks, and freezing its FFN layers could strike the balance between adapting

to new data and retaining pre-trained capabilities.

Effect of α for label smoothing. We ablate the effect of different α values for label

smoothing in Table 4.14. Smaller α values make the optimization goal of matching

scores smoother. Generally, setting α to around 2.0 brings considerable results.

Joint effect of model and instruction-tuning dataset. We compare in Table 4.15

the joint effect of model design and instruction-tuning dataset collection. We choose

two representative models (LLaMA-VID [131] and TimeChat [216]) as baselines

and train them on E.T. Instruct 164K. Our E.T. Bench is also trained on TimeIT

dataset [216] for in-depth comparison. The comparison results between line 1 & 2,

3 & 4, and 5 & 6 demonstrate the effectiveness of E.T. Instruct 164K. Results in line

2, 4, and 6 verify the significance of our model design.
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Table 4.15: Joint effect of model and instruction-tuning (IT) dataset.

Model IT Dataset Accref F1gnd F1cap Simcap Reccom

LLaMA-VID [131] 723K Corpus [131] 32.5 9.2 16.2 11.9 4.0

LLaMA-VID [131] E.T. Instruct 164K (Ours) 31.3 16.0 19.8 14.9 7.8

TimeChat [216] TimeIT [216] 27.7 21.9 11.1 10.8 9.7

TimeChat [216] E.T. Instruct 164K (Ours) 29.5 24.3 21.5 11.5 11.4

E.T. Chat (Ours) TimeIT [216] 34.9 22.1 20.1 13.4 6.9

E.T. Chat (Ours) E.T. Instruct 164K (Ours) 38.4 33.5 31.4 17.1 10.1

Table 4.16: Ablation study on instruction-tuning tasks.

RVC TVG TAL EVS VHD DVC SLC GVQ Accref F1gnd F1cap Simcap Reccom

✓ 36.5 9.8 0.4 10.3 0.5

✓ ✓ 36.0 12.8 3.7 12.5 5.1

✓ ✓ ✓ 35.4 31.9 10.3 11.5 9.9

✓ ✓ ✓ ✓ 35.6 32.5 9.5 11.8 9.5

✓ ✓ ✓ ✓ ✓ 35.9 33.6 15.1 10.8 9.7

✓ ✓ ✓ ✓ ✓ ✓ 37.4 34.8 18.2 12.5 9.4

✓ ✓ ✓ ✓ ✓ ✓ ✓ 34.2 33.7 28.5 14.3 9.2

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 38.4 33.5 31.4 17.1 10.1

Effect of instruction-tuning tasks. To study the effect of each task during instruc-

tion tuning, we provide detailed comparisons in Table 4.16. We observe that adding

more tasks for instruction-tuning might slightly affect the performance on original

tasks. This can be alleviated by carefully balancing the number of samples per task.

4.5.6 Visualizations

Figure 4.10∼4.15 present task-specific qualitative comparisons among 5 represen-

tative open-source MLLMs, i.e., LLaVA-1.5 [147], Video-ChatGPT [171], LLaMA-VID

[131], TimeChat [216], and E.T. Chat. The correct model responses are marked

green. We observe that the unsatisfactory performance of existing methods comes

from (1) weak instruction-following abilities, (2) low temporal resolution, (3) lack

of time-sensitive designs, and (4) lack of multi-event instruction-tuning data.
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4.6 Summary

In this chapter, we systematically investigate the solution for integrating video tem-

poral grounding with multi-modal large language models for time-sensitive video

reasoning. A complete solution, i.e., a benchmark, a model, and an instruction-

tuning dataset is proposed to study this problem. To summarize, our contribution

in this chapter is three-fold:

1. A comprehensive benchmark (E.T. Bench) focusing on event-level and time-

sensitive video-language understanding for multi-modal large language mod-

els (MLLMs) evaluation. This benchmark encompasses 7.3K samples under

12 tasks with 7K videos (251.4h total length) under 8 domains. Currently, 8

Image-LLMs and 12 Video-LLMs have been evaluated on it.

2. A new Video-LLM (E.T. Chat) designed for event-level and time-sensitive

video understanding. The proposed model can comprehend user referred mo-

ments and generate accurate timestamps in its responses. Strong find-grained

video understanding capabilities has achieved by this model.

3. A large-scale instruction-tuning dataset (E.T. Instruct 164K) to support the

training of Video-LLMs. The dataset consists of high-quality samples curated

for carefully designed temporal understanding tasks.

We also list our novelties in this chapter:

1. We identify the fundamental challenge of timestamp understanding and pre-

diction in MLLM-based video temporal understanding. A complete solution

including benchmark, model, and dataset is therefore proposed.

2. We present a novel reformulation of timestamp prediction in MLLMs as an

embedding matching problem. This new formulation enables a unified frame-

work that effectively integrates discrete next-token prediction with continuous

timestamp regression.
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3. We also introduce a new smoothed embedding matching loss to enhance the

model’s temporal awareness. Comprehensive ablation studies further validate

the effectiveness of the proposed scheme.

4. For the benchmark and instruction-tuning dataset, we design two controllable

and scalable data engines to generate high-quality evaluation and training

samples, respectively. These pipelines are easily extensible to more tasks.

4.7 Limitations & Future Work

Currently, the proposed E.T. Bench is based on val or test split of existing datasets,

whose training split might be included for MLLM training. This could potentially

result in data leakage, thereby compromising the integrity of the zero-shot evalua-

tion framework and leading to unfair comparisons. Therefore, an important future

work to overcome this limitation would be self-collecting new videos and provide

manual annotations under each carefully designed task. More flexible input-output

formats shall also be considered.

For E.T. Chat, even with advanced frame compression strategies, the low spatial

resolution limits the model’s ability to perceive spatial details. Modern Image-LLMs

can support extra-high-resolution image inputs, but this is not directly compatible

to videos due to the large computational overhead. Our future work will focus on

the balance between spatial and temporal resolution for Video-LLMs.

4.8 Licenses

The annotations of E.T. Bench are provided to the public under CC BY-NC-SA

4.0 license. A copy can be obtained at https://creativecommons.org/licenses/

by-nc-sa/4.0/. By downloading our dataset from our website or other sources,
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the user agree to adhere to the terms of CC BY-NC-SA 4.0 and licenses of the source

datasets. Licenses of the source datasets are listed in Table 4.17.

Table 4.17: Licenses of source datasets in E.T. Bench.

Dataset License Link

Perception Test [194] CC BY 4.0 https://creativecommons.org/licenses/by/4.0/

Charades-STA [70, 225] Non-Commercial https://prior.allenai.org/projects/data/charades/license.txt

STAR [273] Apache 2.0 https://github.com/csbobby/STAR/blob/main/LICENSE

QVHighlights [120] CC BY-NC-SA 4.0 https://creativecommons.org/licenses/by-nc-sa/4.0/

Ego4D-NLQ [76] Custom https://ego4d-data.org/pdfs/Ego4D-Licenses-Draft.pdf

THUMOS'14 [104] Research Only https://www.crcv.ucf.edu/THUMOS14

THUMOS'15 [75] Research Only http://www.thumos.info/

TVSum [230] CC BY 4.0 https://creativecommons.org/licenses/by/4.0/

SumMe [81] N/A https://doi.org/10.1007/978-3-319-10584-0_33

YouTube Highlights [234] N/A https://doi.org/10.1007/978-3-319-10590-1_51

HiREST [321] MIT License https://opensource.org/license/mit

YouCook2 [346] MIT License https://opensource.org/license/mit

CrossTask [351] BSD 3-Clause https://opensource.org/license/bsd-3-clause

HT-Step [3] CC BY-NC 4.0 https://creativecommons.org/licenses/by-nc/4.0/

QAEgo4D [20] N/A https://doi.org/10.1109/CVPRW56347.2022.00162
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[RAR] Referred Action Recognition

You are given a video containing a series of actions. Watch the video carefully and identify the action around 
17.1 seconds by choosing from a set of options. The format of your response should be: 'Best Option: (your 
choice)'. For example: 'Best Option: (D)'. Now I give you the options: (A) closing something (B) opening 
something (C) moving object(s) around (D) putting something into something. Please provide your choice.

Prompt: 

Correct Answer: (C)

   Best Option: (C) moving object(s) around

   The video shows a person opening a box and placing a piece of paper inside.

   Best Option: (A) closing something

   Please choose an option: (A) closing something
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E.T. Chat    Best Option: (C) moving object(s) around.

[ECA] Event-​Caption Alignment

You are given a video about indoor activities. Watch the video carefully and select the moment that can be 
best described by the sentence 'person starts laughing'. The format of your response should be: 'Best Option: 
(your choice)'. For example: 'Best Option: (B)'. Now I give you the options: (A) 1.3 - 9.6 seconds (B) 5.3 - 14.5 
seconds (C) 7.4 - 21.4 seconds (D) 12.8 - 28.7 seconds. Please provide your choice.

Prompt: 

Correct Answer: (D)

   Best Option: (C) 7.4 - 21.4 seconds

   Best Option: B. 5.3 - 14.5 seconds.

   Best Option: (B)

   Best Option: (B) 5.3 - 14.5 seconds
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E.T. Chat    Best Option: (D).

Figure 4.10: Qualitative comparison on [RAR] (left) and [ECA] (right).

[RVQ] Referred Video Question-​Answering

You are given a video about indoor activities. Watch the video carefully and answer a multiple choice 
question solely based on the event in 7.3 - 12.9 seconds. The format of your response should be: 'Best 
Option: (your choice)'. For example: 'Best Option: (E)'. You may select 'unable to answer' if the question can 
not be answered based on the provided moment. Now I give you the question: 'Which object was taken by 
the person?'. The options are (A) The clothes (B) Unable to answer (C) The phone/camera (D) The 
cup/glass/bottle (E) The towel. Please provide your choice.

Prompt: 

Correct Answer: (E)

   Best Option: (D) The cup/glass/bottle

   The person took the cup/glass/bottle.

   Best Option: (C)

   Best Option: (D) The cup/glass/bottle
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E.T. Chat    Best Option: (C) The phone/camera.

[TVG] Temporal Video Grounding

You are given a video about wild animals. Watch the video carefully and find a visual event described by the 
sentence: 'the turtle is walking'. The format of your response should be: 'The event happens in <start time> - 
<end time>'. You must represent start and end times in seconds. For example: 'The event happens in 10.2 - 
12.8 seconds'.

Prompt: 

Correct Answer: 6.5 - 22.5 seconds

   The event happens in 10.2 - 12.8 seconds.

   The event happens in 10.2 - 12.8 seconds.

   The event happens in 10.2 - 12.8 seconds.

   The given query happens in 15 - 25 seconds.
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E.T. Chat    The event happens in 6 - 23 seconds.

Figure 4.11: Qualitative comparison on [RVQ] (left) and [TVG] (right).
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[EPM] Episodic Memory

You are given an egocentric video about daily activities. Watch the video carefully and find a visual event 
that can answer the question: 'What did I put in the bin?'. The format of your response should be: 'The event 
happens in <start time> - <end time>'. You must represent start and end times in seconds. For example: 'The 
event happens in 10.2 - 12.8 seconds'.

Prompt: 

Correct Answer: 184.5 - 189.0 seconds

   The event happens in 10.2 - 12.8 seconds.

   The event happens in 10.2 - 12.8 seconds.

   The event happens in 10.2 - 12.8 seconds.

   The given query happens in 253.4 - 258.4 seconds.
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E.T. Chat    The event happens in 185 - 188 seconds.

[TAL] Temporal Action Localization

You are given a video about human actions. Watch the video carefully and find all the visual events 
belonging to the action category: 'clean and jerk'. The format of your response should be: 'The action 
happens in <start time> - <end time>, <start time> - <end time>, and <start time> - <end time>'. You must 
represent start and end times in seconds. For example: 'The action happens in 4.2 - 6.8, 7.5 - 10.3, 15.1 - 
18.6, and 23.4 - 27.5 seconds'.

Prompt: 

Correct Answer: 20.1 - 43.2, 80.3 - 90.9, and 116.6 - 134.8 seconds

   The action happens in 4.2 - 6.8, 7.5 - 10.3, 15.1 - 18.6, and 23.4 - 27.5 seconds.

   The action happens in 4.2 - 6.8, 7.5 - 10.3, 15.1 - 18.6, and 23.4 - 27.5 seconds.

   The action happens in 0.0 - 0.1, 0.14 - 0.28, 0.26 - 0.41, and 0.46 - 0.61 seconds.

   There are no visual events belonging to the action category: 'clean and jerk'.

LLaVA-1.5

Video
ChatGPT

LLaMA
VID

TimeChat

E.T. Chat    The action happens in 22 - 42, 81 - 90, and 81 - 134 seconds.

Figure 4.12: Qualitative comparison on [EPM] (left) and [TAL] (right).

[EVS] Extractive Video Summarization

You are given a video about getting vehicle unstuck. Watch the video carefully and summarize it into 
multiple short segments. The total length of the segments should be about 15% of the original video. The 
format of your response should be: 'The summary locates in <start time> - <end time>, <start time> - <end 
time>, and <start time> - <end time>'. You must represent start and end times in seconds. For example: 'The 
summary locates in 5.2 - 7.5, 9.4 - 12.3, 16.9 - 18.2, and 21.8 - 25.4 seconds'.

Prompt: 

Correct Answer: 0 - 14, 66 - 74, 118 - 122, and 130 - 132 seconds

   The summary locates in 5.2 - 7.5, 9.4 - 12.3, 16.9 - 18.2, and 21.8 - 25.4 seconds.
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E.T. Chat    The summary locates in 1 - 11, 64 - 86, and 128 - 135 seconds.

The summary locates in 0.0 - 0.2, 0.28 - 0.49, 0.48 - 0.7, 0.63 - 0.89, and 0.81 - 1.0, 0.91 - 
1.0, and 0.99 - 1.0, 0.99 - 1.0, and 0.99 - 1.0, 0.99 - 1.0, and 0.99 - 1.0, 0.99 - 1.0, and 0.99 - 
1.0, 0.99 - 1.0, and 0.99 - 1.0, 0.99 - 1.0, and 0.99 - 1.0, 0.99 - 1.0, and 0.99 - 1.0...

The video shows a man and his dog getting stuck in the mud. They are helped by a 
group of people who use a chain to pull the vehicle out. The video also shows the man 
and his dog playing with a frisbee in a field. The summary of the video is as follows:
* The video starts with a man and his dog getting stuck in the mud.
* A group of people helps them by using a chain to pull the vehicle out.
* The man and his dog are then shown playing with a frisbee in a field.

0.0 - 3.9 seconds, A man is in a studio talking to the camera. 4.9 - 61.1 seconds, A car 
is seen on a railroad track and it begins to move.  62.4 - 148.5 seconds, The people on 
the track try to get the car off the track, and a tow truck is called in.

[VHD] Video Highlight Detection

You are given a video about daily activities. Watch the video carefully and find a highlight moment according 
to the sentence: 'the kids are playing on the floor with the dog'. The format of your response should be: 'The 
highlight moment happens at <time>'. You must represent time in seconds. For example: 'The highlight 
moment happens at 26.8s'.

Prompt: 

Correct Answer: Any moment within 82 - 108 seconds

   The highlight moment happens at 100.0s.

   The highlight moment happens at 10.5s.

   The highlight moment happens at 26.8s.

   The highlight moment happens at 25.5 seconds.
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Figure 4.13: Qualitative comparison on [EVS] (left) and [VHD] (right).
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[DVC] Dense Video Captioning

You are given a video about 'making spicy tuna roll'. Watch the video carefully and densly describe all the 
cooking steps. For each step, you need to determine the start and ends times and provide a concise 
description. The format of your response should be: '<start time> - <end time>, <description>'. You must 
represent start and end times in seconds. For example: '90 - 102 seconds, spread margarine on two slices of 
white bread. 114 - 127 seconds, place a slice of cheese on the bread.'.

Prompt: 
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E.T. Chat 8 - 9 seconds, intro.
12 - 33 seconds, ingredients.
33 - 147 seconds, cutting fish into strips.
114 - 197 seconds, adding seasonings & mix well.
156 - 195 seconds, rolling sushi in bamboo mat.
336 - 345 seconds, placing on top with avocado.
336 - 345 seconds, finished result.

0.0 - 13.6 seconds, A man wearing a black shirt and black pants is seen holding a 
knife and cutting up some sushi. 
14.4 - 123.5 seconds, He talks to the camera and cuts up the fish and vegetables. 
127.6 - 368.2 seconds, He then prepares the fish and vegetables with some rice.

00:00 - 00:12, A man with brown hair and a black shirt.
00:13 - 00:25, A man with brown hair and a black shirt.
00:26 - 00:38, A man with brown hair and a black shirt...

90 - 102 seconds, spread margarine on two slices of white bread.
114 - 127 seconds, place a slice of cheese on the bread.
130 - 143 seconds, cut the cheese into small pieces.
145 - 158 seconds, cut the tuna into small pieces.
160 - 173 seconds, mix the tuna and cheese together.
175 - 188 seconds, roll the tuna and cheese mixture into small balls.
190 - 203 seconds, place the balls on a plate.

In the video, the person is seen cutting the cheese into small pieces and mixing it 
with the tuna. After that, they roll the tuna and cheese mixture into small balls and 
place them on a plate. The video ends at 203 seconds.
00:00 - 00:11, A jar of mayonnaise is shown.
00:11 - 00:22, A jar of tuna is shown.
00:22 - 00:33, A jar of ketchup is shown.
00:33 - 00:45, A slice of bread is shown.
00:45 - 00:57, A slice of cheese is shown...

[SLC] Step Localization and Captioning

You are given a video about 'cook a veal roast'. Watch the video carefully and identify all the key steps. For 
each step, you need to determine the start and ends times and provide a concise description using a few 
words. The format of your response should be: '<start time> - <end time>, <description>'. You must 
represent start and end times in seconds. For example: '24.8 - 30.2 seconds, peel and chop into small pieces. 
35.6 - 48.4 seconds, fry the tomatoes.'.

Prompt: 
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E.T. Chat 0 - 18 , add salt and pepper on both sides of meat.
34 - 41 , heat olive oil in pan over medium high heat.
36 - 45 , brown chicken with garlic powder and parmesan cheese.
41 - 49 , season chicken breast with salt and pepper before cooking it.
51 - 141 , place chicken breasts on baking sheet lined with foil or parchment paper. 
141 - 144 , brush butter onto top of chicken.
144 - 154 , sprinkle fresh herbs such as thyme, sage, basil, marjoram, and rosemary.
145 - 154 , use olive oil for frying instead of butter.
154 - 165 , make sure not to let the sauce burn.

The chef in the video is cooking a veal roast. The first step is to season the roast 
with salt and pepper. The second step is to sear the roast in a pan with olive oil. The 
third step is to cook the roast in the oven at 350 degrees for 15 minutes. The fourth 
step is to rest the roast for 10 minutes before slicing and serving.

0.0 - 0.25 seconds, man wearing white shirt.
0.25 - 0.45 seconds, man's hands holding food.
0.45 - 0.65 seconds, man's hands shaping food.
0.65 - 0.85 seconds, food on a plate.
0.85 - 1.0 seconds, food in a bowl.

00:00 - 00:16, The video starts with a black screen.
00:17 - 00:31, The video shows a loaf of bread.
00:32 - 00:45, The video shows a bowl of flour.
00:46 - 00:6, The video shows a bowl of eggs.
00:61 - 00:74, The video shows a bowl of milk.
00:75 - 00:87, The video shows a bowl of salt.
00:88 - 01:0, The video shows a bowl of sugar.
01:01 - 01:13, The video shows a bowl of yeast...

   I cannot provide a concise description of the video as it is not available.

Figure 4.14: Qualitative comparison on [DVC] (left) and [SLC] (right).

[TEM] Temporal Event Matching

You are given a video about daily activities. Watch the video carefully and identify the event in 56 - 64 
seconds, then localize a different moment that contains the most similar event. The format of your response 
should be: 'The similar event happens in <start time> - <end time>'. You must represent start and end times 
in seconds. For example: 'The similar event happens in 16.8 - 20.4 seconds'.

Prompt: 

Correct Answer: 18 - 30 or 36 - 38 seconds (shoppers wearing masks)

   The similar event happens in 56 - 64 seconds.

   The similar event happens in 16.8 - 20.4 seconds.

   The similar event happens in 46.1 - 54.9 seconds.

   The given query happens in 110.8 - 145.8 seconds.
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[GVQ] Grounded Video Question-​Answering

You are given an egocentric video about daily activities. Watch the video carefully and answer a multiple 
choice question. Your answer should contain a choice of the best option and a relevant moment that 
supports your answer. The format of your response should be: 'Best Option: (your choice). The event 
happens in <start time> - <end time>'. Now I give you the question: 'What did I cut in the tray?'. The options 
are (A) cucumber (B) meat (C) dough (D) potato. Please provide your choice and the relevant moment.

Prompt: 

Correct Answer: (C) Relevant Moment: 30.9 - 58.0 seconds

   Best Option: C. The event happens in 0.0 - 0.99 seconds.

   Best Option: (C) dough. The event happens in 0 - 5 seconds.
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E.T. Chat    Best Option: (C). The relevant event happens in 49 - 52 seconds.

The best option is that the person took four peppers. The relevant moment is when 
the person is seen holding a pepper in their hand and then putting it into a bowl.

Best Option: C. dough. The event happens in <start time> - <end time>.
In the video, you can see a person cutting dough in a tray. This suggests that the 
person is likely preparing food, and the dough is a key ingredient in the recipe. 
Therefore, the answer to the question is C. dough.

Figure 4.15: Qualitative comparison on [TEM] (left) and [GVQ] (right).
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Chapter 5

Unified Referring and Segmentation

for Pixel-Level Visual Reasoning

Recent advances in Large Multi-modal Models (LMMs) have demonstrated their re-

markable success as general-purpose multi-modal assistants, with particular focuses

on holistic image- and video-language understanding. Conversely, less attention has

been given to scaling fine-grained pixel-level understanding capabilities, where the

models are expected to realize pixel-level alignment between visual signals and lan-

guage semantics. Some previous studies have applied LMMs to related tasks such

as region-level captioning and referring expression segmentation. However, these

models are limited to performing either referring or segmentation tasks indepen-

dently and fail to integrate these fine-grained perception capabilities into visual rea-

soning. To bridge this gap, we propose UniPixel, a large multi-modal model capable

of flexibly comprehending visual prompt inputs and generating mask-grounded re-

sponses. Our model distinguishes itself by seamlessly integrating pixel-level percep-

tion with general visual understanding capabilities. Specifically, UniPixel processes

visual prompts and generates relevant masks on demand, and performs subsequent

reasoning conditioning on these intermediate pointers during inference, thereby
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enabling fine-grained pixel-level reasoning. The effectiveness of our approach has

been verified on 10 benchmarks across a diverse set of tasks, including pixel-level

referring/segmentation and object-centric understanding in images/videos. A novel

PixelQA task that jointly requires referring, segmentation, and question answering

is also designed to verify the flexibility of our method.

5.1 Introduction

Large Multi-modal Models (LMMs) have been the de facto standard for develop-

ing general-purpose assistants. By effectively aligning multi-modalities with lan-

guage, their significance has been demonstrated across various applications, in-

cluding multi-modal analysis [188, 50, 8, 148, 156], autonomous driving (AD)

[47, 257, 330, 38], and Embodied AI [339, 57, 109, 312].

In the field of visual-language understanding, efforts have been dedicated to devel-

oping holistic understanding models, where simple projection layers between visual

encoders and LLMs are utilized to bridge vision and language modalities. Supported

by large-scale alignment pre-training and visual instruction tuning, such a straight-

forward paradigm achieves strong performance in holistic understanding tasks such

as captioning [144, 21, 346] and general question answering [126, 66, 173, 158].

However, these models exhibit two fundamental limitations in fine-grained scenar-

ios. First, their interactions with users are limited to text format, lacking support for

more intuitive forms of communication such as drawing points/boxes as references

or grounding model responses with key regions represented by masks. Second,

the internal reasoning process of these models predominantly operates at a coarse

level, directly perceiving the entire content rather than reasoning over specific ob-

jects/regions, making them hard to understand fine-grained details. Some previous

studies have explored the application of LMMs to related tasks such as region-level

captioning [39, 318, 319], referring expression segmentation [108, 174, 146, 54,
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Reasoning Segmentation (ReasonSeg)Referring Expression Segmentation (RES) Interactive Segmentation (IS)

Reasoning Video Object Segmentation (ReVOS)Referring Video Object Segmentation (RVOS) Motion-Grounded Video Reasoning

Referred Video Description Referred Video Question-Answering

Find the empty chair that is to the 
left of the main sitting down.

Segment the zebra standing 
in the middle of the frame.

Locate the area that a cyclist 
uses to navigate in the city.

Find the place where patients lie 
down to receive examination.

Please segment and track 
the marked <region>.

Please segment and track the hopping rabbit that leaped from the other one in the video. Where are the utensils used for drinking? Answer with masks. Q: Who shook off and scored? A: The man in red pants.

A: This police officer is a middle-aged man with a beard, wearing a blue uniform shirt, a 
black hat, and glasses. He stopped a blue vintage car and talked to the driver sitting inside.

Q: Please describe 
the <region>.

Q: If <region> continues his breakdance 
routine, what is a likely future event? A: He will perform more complex and varied breakdance moves.

Pixel-Level Video Question Answering (PixelQA) — Joint Referring + Segmentation + QA in Videos

Q: How does the behavior of [1] differ from that of [2]? Why?

1

2 3

4

A: [1] appears disinterested and focuses on nibbling on the ground, while [2] is engaging with [4], 
who is offering food to [2] and [3]. This might because [1] doesn’t like the food from [4].

1
2

Figure 5.1: UniPixel flexibly supports a variety of fine-grained image and video

understanding tasks, including referring/reasoning/interactive segmentation and

referred video description & question answering. It can also handle a novel PixelQA

task that jointly requires object-centric referring, segmentation, and QA in videos.

221, 199], and reasoning segmentation [116, 97, 297, 16, 341]. Nevertheless,

their models are limited to performing either referring or segmentation tasks in-

dependently via rigidly defined input/output templates (e.g., “It’s <SEG>.” in LISA

[116]), lacking the flexibility to comprehend user-referred concepts and generate

mask-grounded responses simultaneously. More importantly, these methods cannot

integrate such fine-grained perception capabilities with their original human-like

[284, 283, 282, 286, 285] multi-modal reasoning abilities, resulting in degraded

performance on general visual understanding benchmarks [314, 288, 99].

In this work, we seek to bridge this gap by introducing UniPixel, a large multi-
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modal model that can flexibly comprehend visual prompt inputs (i.e., points, boxes,

and masks) and generate mask-grounded responses. Our model significantly differ-

entiates itself from existing ones by unifying the internal representations of referred

and segmented objects via a novel object memory bank, which is a hashmap stor-

ing the spatial-temporal information of objects. During inference, UniPixel initial-

izes the object memory bank and updates it on demand by adding object-centric

information according to the context. The model responses are then generated con-

ditioning on the fine-grained object memory. Benefits from such unification, UniP-

ixel is able to perform not only basic referring/segmentation tasks, but also flexible

pixel-level reasoning tasks that require simultaneous visual prompt comprehen-

sion and mask prediction. As illustrated in Figure 5.1, given a video1, a question,

and optionally a visual prompt (e.g., a point specified by a click on an object in any

frame), UniPixel can (1) infer the mask for the referred object in the corresponding

frame, (2) propagate it to all video frames containing the same instance, (3) extract

the mask-grounded object features, and finally (4) answer the question condition-

ing on both the video-level and object-centric information. All these operations are

seamlessly conducted within a single model, eliminating the need for external frame

samplers [297], mask generators [318, 319], or object trackers [16].

We evaluate the effectiveness of UniPixel from two aspects, i.e., basic refer-

ring/segmentation capabilities and flexible pixel-level reasoning capabilities. For

the first aspect, we conduct extensive experiments on 10 public benchmarks across

8 image/video referring/segmentation tasks, including ReVOS [297] for reasoning

video object segmentation, MeViS [54], Ref-YouTube-VOS [221], Ref-DAVIS17

[199] for referring video object segmentation (RVOS), GroundMoRe [51] for

motion-grounded video reasoning, RefCOCO/+/g [108, 174] for referring ex-

pression segmentation (RES) and comprehension (REC), ReasonSeg [116] for

reasoning segmentation, VideoRefer-BenchD [319] for referred video description,

1Images are treated as single-frame videos, thus we do not explicitly differentiate them in this work.
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LLMBox/Mask 
Encoder

Point/Box/Mask Prompt

Mask 
Decoder

It shows a...

LLM

Image/Video

Sure. It’s <SEG>.

Prompt 
Encoder

[3] is less interested in [2] 
compared with [1].

LLM

Masks

Mask 
Decoder

How does the behavior 
of [3] differ from [1]?

1 2 3Describe 
this region.

Segment 
the bunny.

(a) Referring-only Models (b) Segmentation-only Models (c) Unified Pixel-level Reasoning Model

Update

(e.g., Osprey, GPT4RoI, VideoRefer) (e.g., LISA, PixelLM, VISA)

Object Memory Bank

Figure 5.2: Schematic comparison between UniPixel and its counterparts. To the

best of our knowledge, UniPixel is the first unified method supporting simultaneous

object referring and segmentation.

and VideoRefer-BenchQ [319] for referred video question answering. Our method

achieves state-of-the-art performance in diverse scenarios. Notably, on video rea-

soning segmentation and referred video QA tasks, our 3B model obtains 62.1 J&F

on ReVOS [297] and 72.8% Acc on VideoRefer-BenchQ [319], surpassing strong

counterparts with 7B∼ 13B parameters. Further ablation studies demonstrate the

mutual reinforcement effect across tasks. For the second aspect, we introduce a

novel PixelQA task that jointly requires object-centric referring, segmentation, and

QA in videos, which cannot be handled by existing methods. UniPixel establishes a

strong baseline for this novel setting. Our contributions are summarized below:

1. We propose UniPixel, a unified large multi-modal model that supports flexible

object referring and segmentation in images and videos, via a novel object

memory bank design.

2. Our model achieves state-of-the-art performance on 10 public benchmarks

across 9 referring/segmentation tasks, verifying the mutual reinforcement

effect of such unification.

3. We also introduce a novel PixelQA task that jointly requires object-centric

referring, segmentation, and QA in videos, where UniPixel establishes a strong

baseline for this setting.
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5.2 Related Work

5.2.1 Large Multi-modal Models

The remarkable success of large multi-modal models (LMMs) has shifted the

paradigm of visual-language understanding from close-ended experts to open-

ended task solvers. Early attempts [148, 147, 48, 349] involve an MLP projector or

Q-Former [124] to align visual encoders to LLMs, enabling open-ended tasks such

as visual question answering. With advanced designs such as dynamic resolution

and data augmentation, open-source models, e.g., Qwen-VL [14, 255, 15] and

InternVL [41, 190, 40] series, have narrowed the gap with advanced proprietary

models like the GPT [187, 188] and Gemini families [213, 49]. Recent studies

[189, 79, 168, 133, 156] also explore test-time scaling on visual-language under-

standing. However, these methods are spatially coarse-grained. UniPixel can also

be regarded as an object-centric test-time scaling approach, where key objects are

first segmented then encoded to facilitate the subsequent reasoning process.

5.2.2 Visual Referring and Segmentation

To meet the growing demand for fine-grained visual understanding [159, 154, 155,

153, 276], recent efforts have focused on enhancing LMMs with object referring and

segmentation capabilities, as compared in Figure 5.2. LISA [116] is a representative

model that enables LMM-based segmentation by integrating SAM [111] as its de-

coder. They also introduced a novel reasoning segmentation task, requiring models

to perform segmentation based on implicit queries. Other works in this direction

[323, 217, 336, 209, 97] have explored advanced mask decoders, more flexible

tasks, and larger-scale datasets. Recent studies have also extended these capabil-

ities to videos [16, 297, 315]. Additionally, some research has examined regional
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understanding through boxes [39] and masks [318, 319]. While recent approaches

attempt to unify these two capabilities, they either support only images [209] or

rely on sub-optimal, tool-based pipelines [62]. To the best of knowledge, UniPixel

is the first end-to-end method unifying object referring and mask prediction.

5.3 Method

5.3.1 Problem Formulation

We provide a unified definition for pixel-level reasoning tasks. Formally, the inputs

are an image or a video X , a text prompt T , and N optional visual prompts {Pi}Ni=1

where each Pi could be a point, box, or mask on a specific frame. The outputs are

textual responses to the prompt with K grounded spatial-temporal masks {Mi}Ki=1.

Here, both N and K could be zero (degenerating to a normal visual understand-

ing task) and K is not necessarily equal to N , as the model may segment extra

objects/regions that are not specified by the visual prompts.

5.3.2 Overview

Figure 5.3 presents an overview of UniPixel. It is built upon the Qwen2.5-VL [15]

framework, consisting of an LLM backbone and a ViT-based visual encoder that

supports dynamic resolution inputs. Given a video and a text prompt, the model

first tokenizes them via the visual encoder and text tokenizer, then sends them

into the LLM for response generation. To boost this framework from holistic-level

to pixel-level, we introduce (1) a prompt encoder supporting three types of visual

prompts, (2) an object memory bank for storing object information and injecting it

into the response generation process, and (3) a mask decoder for generating spatial-

temporal masks. We also extend the LLM’s vocabulary by adding <REF>, <MEM>, and
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Figure 5.3: The overall architecture of UniPixel. Given a video, a question, and

visual prompts, the model encodes them into tokens via the visual encoder, prompt

encoder, and tokenizer, respectively, then predicts a spatial-temporal mask for each

visual prompt via the mask decoder. The masks are updated into the object memory

bank, and subsequently injected into the prompt for pixel-level reasoning.

<SEG> tokens. The former two serve as placeholders in the input prompt that would

be replaced by visual prompt and memory tokens, respectively, while the <SEG>

token is utilized to trigger and guide the mask decoding process.

5.3.3 Prompt Encoder

This module aims to effectively encode each visual prompt into a single token that

can be processed by the LLM. We denote a point prompt as a tuple (x, y, t) con-

taining its spatial coordinates (x, y) and the corresponding frame index t. For box

prompts, it is extended to (x1, y1, x2, y2, t) containing the positions of top-left and

bottom-right corners. A mask prompt is densely represented by a 2D binary mask

mij ∈ {0, 1} with the same shape as the encoded target frame.
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Figure 5.4: Illustration of joint positional & temporal encoding. The joint encoding

approach supports both point (X1Y1T ) and box (X1Y1X2Y2T ) prompts.

For sparse prompts (points and boxes), as shown in Figure 5.4, we encode each

position (xi, yi) as the sum of a 2D Fourier embedding [237] and a learnable type

embedding. For box prompts, we merge the two positional embeddings by concate-

nating them along the channel dimension and linearly projecting them back to the

original size. Frame indices are also encoded similarly with 1D Fourier embeddings.

The resulting positional and temporal embeddings are concatenated again, and

then projected to the LLM’s embedding space via a GELU→ Linear block, such that

the sparse coordinates in a point/box are encoded into a compact high-dimensional

token. This design is inspired by [111, 210] with two key differences: (1) the

spatial-only embeddings are extended to include temporal information, and (2) the

negative points are discarded. For dense prompts (masks), we directly resize the

binary masks and apply masked pooling on the outputs of the visual encoder. An

M→L projector (Linear→ GELU→ Linear) is leveraged to project the pooled visual

features to the LLM’s embedding space.

5.3.4 Object Memory Bank

Although sparse prompts contain rich positional and temporal information indicat-

ing the objects that users are referring to, it is still hard for the model to focus on
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these important regions. Previous studies [39, 318, 319] also confirm that direct

region cropping can generally provide better object awareness compared to posi-

tional pointers. To seamlessly integrate such a mechanism while preserving the

flexibility of visual prompts (e.g., allow pointing on a single frame instead of draw-

ing complete masks on all frames), we propose an object memory bank to bridge

sparse visual prompts and dense object masks. This is a hashmap where the keys

are object IDs and the values are the corresponding spatial-temporal masks. It is

initialized as an empty storage for every chat session, and is dynamically updated

on demand. We define two operations for the object memory bank, namely memory

pre-filling and memory injection. An example is shown below.

Prompt 1: How does the behavior of [1] <REF> differ from [2] <REF> and [3] <REF>?

<REF> detected, enhancing the prompt with object memory.

Memory Pre-filling Response:
The relevant regions for this question are [1] <SEG> [2] <SEG> [3] <SEG> [4] <SEG>.
(4 objects with masks added to the object memory bank)

Memory Injected Prompt:
Here is a video with 4 frames denoted as <1> to <4>. The highlighted regions are as follows:
[1]: <1> <MEM> <2> <MEM> <3> <MEM> ← This object is not visible in the last frame
[2]: <1> <MEM> <2> <MEM> <3> <MEM> <4> <MEM>

[3]: <1> <MEM> <2> <MEM> <3> <MEM> <4> <MEM>

[4]: <1> <MEM> <2> <MEM> <3> <MEM> <4> <MEM>

How does the behavior of [1] differ from [2] and [3]?

Response 1: [1] appears disinterested and focuses on nibbling on the ground, while [2] is engaging with
[4], who is offering some food to [2] and [3].
Prompt 2: What food is [4] offering? ← Users can directly refer to objects in the memory
Response 2: [4] is offering carrots.

Memory Pre-filling This operation is triggered upon the detection of <REF> tokens

in the input prompt, aiming to thoroughly analyze the referred objects and predict

their corresponding masks. In this stage, the model responds with object IDs and

<SEG> tokens for the relevant objects according to the context, and predicts their

spatial-temporal masks accordingly. These object-mask pairs are then saved into

the object memory bank.
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Memory Injection We inject the features of the saved objects into the prompt

to enhance object-awareness. Similar to the mask prompt encoder described in

Section 5.3.3, each frame-level object mask is downsampled to match the spatial

resolution of visual tokens. We then apply masked pooling to aggregate object-

centric features. Each frame-level mask is condensed into a single feature token,

projected through the mask projector, and subsequently utilized to replace the cor-

responding <MEM> token in the memory-injected prompt. Through this pre-filling

and injection mechanism, object-centric information is effectively integrated into

the model inference process.

Why using object memory bank? An alternative is directly appending a <SEG>

token to each <REF> token, followed by masked pooled features obtained during

inference. However, we do not adopt this approach for two reasons: (1) During

mask prediction, the <SEG> tokens, due to the unidirectional nature of causal self-

attention in LLMs, are unable to aggregate the full context of the prompt, thereby

compromising the quality of predicted masks. (2) By utilizing the object memory

bank, we can effectively decouple regional understanding and mask prediction,

allowing each to benefit from referring and segmentation data during training, thus

enhancing both capabilities.

5.3.5 Mask Decoder

We adopt SAM 2.1 [210] as the mask decoder to disentangle the discrete language

modeling and continuous mask prediction capabilities. For each <SEG> token, we

extract its last-layer hidden states, downsample them via an L→M projector (ar-

chitecturally identical to the M→L projector), and reshape them into two tokens.

Using two tokens ensures better preservation of object information when downsam-

pling from high- to low-dimensional channel space. These tokens prompt the mask

decoder to predict the mask on the first frame, which is then propagated to the
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remaining frames by the same module.

5.3.6 Model Training

The training loss for UniPixel is a linear combination of language modeling loss and

mask decoding losses [210], including a focal loss and dice loss for mask predic-

tion, a mean-absolute-error (MAE) loss for IoU prediction, and a cross-entropy loss

for objectness prediction. The loss weights are set to 1, 100, 5, 5, and 5, respec-

tively. We train the model through a three-stage progressive alignment recipe. The

datasets are listed in Table 5.1. In the first stage, we pre-train the sparse prompt

encoder using 851K regional captioning data. Then, we align the LLM and mask

decoder by training the L→M projector on 87K referring segmentation data. In

the last stage, we further unfreeze the M→L projector and mask decoder, and ap-

ply LoRA [88] on the visual encoder and LLM. The model is jointly trained on a

large-scale corpus with around 2M samples for diverse tasks.

5.4 Experiments

We evaluate the effectiveness of UniPixel by conducting extensive experiments

across a diverse set of benchmarks and tasks. Specifically, we study the following

research questions.

Q1. Whether UniPixel is flexible and effective on basic image/video referring and

segmentation tasks compared to the corresponding representative methods?

Q2. How does it perform on the more challenging PixelQA task, which requires

joint referring, segmentation, and question answering in videos?

Q3. What effects does each architectural design contribute? More importantly,

does the unified modeling of referring and segmentation lead to a mutual

reinforcement effect?
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5.4.1 Implementation Details

We instantiate our base models with 3B and 7B versions of Qwen2.5-VL [15]. Both

variants employ pre-trained SAM 2.1 [210] with Hiera Base+ [219] backbone as

the mask decoder. The M→L projector is initialized with the weights from the V→L

projector of Qwen2.5-VL. The hidden size inside the prompt encoder is 256. To

reduce GPU memory and accelerate training, we randomly sample 8 frames per

video, with each frame resized to 3162 ∼ 4482 pixels (128∼ 256 tokens per frame).

The frame sampling strategies follow the specifications of each benchmark during

inference. The mask decoder has a fixed resolution of 768×768. For each segmen-

tation sample, up to 5 objects are randomly selected to compute the mask prediction

losses. During training, LoRA adapters [88] with rank=128 and alpha=256 are ap-

plied to all QKVO layers in the visual encoder and LLM. The input sequences are

restricted to 4K tokens. We train the model with 8 RTX A6000 Ada (48G) GPUs,

with a global batch size of 256 for stages 1 and 2, and 32 for stage 3. In the first

two stages, the learning rates are set to 1e-3. In the last stage, it is set to 5e-6

for the mask decoder and 2e-5 for all the other parameters, respectively. A linear

warmup in the first 3% steps followed by cosine decay is adopted in all stages. The

configurations of datasets are introduced in the following section.

5.4.2 Training Datasets

The detailed distribution of training datasets for UniPixel is shown in Table 5.1.

Within the three-stage training recipe, we first pre-train the sparse prompt encoder

using short caption samples from Inst-IT [195] and VideoRefer [319]. For each sam-

ple, we randomly select a point inside the ground truth mask (50%) or generate an

augmented box from it (50%). This stage aims to enable the model with simple

visual prompt comprehension and regional captioning capabilities on images and

videos. In the second stage, we align the LLM and mask decoder using referring ob-
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Table 5.1: The distribution of training datasets for UniPixel. We use different back-

ground colors to denote object referring, object segmentation, regional understanding,

memory pre-filling, and general image & video understanding data, respectively.

Stage Dataset
Inputs Outputs

#Samples #Repeat Ratio
Text Image Video Point Box Mask Text Mask

1
Inst-IT-Image-Short-Caption [195] ✓ ✓ ✓ ✓ ✓ 351K 1 41.2%
VideoRefer-Short-Caption [319] ✓ ✓ ✓ ✓ ✓ 500K 1 58.8%

RefCOCO [108] ✓ ✓ ✓ ✓ 17K 5 20.8%
RefCOCO+ [108] ✓ ✓ ✓ ✓ 17K 5 20.8%

2 RefCOCOg [174] ✓ ✓ ✓ ✓ 22K 5 26.8%
RefClef [108] ✓ ✓ ✓ ✓ 18K 5 22.0%
Ref-YouTube-VOS [221] ✓ ✓ ✓ ✓ 13K 3 9.5%

3

Osprey-Conversation [318] ✓ ✓ ✓ ✓ 1.4K 5 0.1%
Osprey-Detail-Description [318] ✓ ✓ ✓ ✓ 29K 5 2.5%
Osprey-Pos-Neg [318] ✓ ✓ ✓ ✓ 20K 5 1.7%
VideoRefer-Detailed-Caption [319] ✓ ✓ ✓ ✓ 120K 5 10.1%
VideoRefer-QA [319] ✓ ✓ ✓ ✓ 69K 5 5.8%
Inst-IT-Video-QA [195] ✓ ✓ ✓ ✓ 159K 5 13.4%
VideoRefer-QA-Memory [319] ✓ ✓ ✓ ✓ ✓ ✓ 69K 3 3.5%
Inst-IT-QA-Memory [195] ✓ ✓ ✓ ✓ ✓ ✓ 158K 3 8.0%
RefCOCO [108] ✓ ✓ ✓ ✓ 17K 10 2.9%
RefCOCO+ [108] ✓ ✓ ✓ ✓ 17K 10 2.9%
RefCOCOg [174] ✓ ✓ ✓ ✓ 22K 10 3.7%
RefClef [108] ✓ ✓ ✓ ✓ 18K 10 3.0%
ReasonSeg [116] ✓ ✓ ✓ ✓ 1.6K 10 0.3%
ADE20K [342] ✓ ✓ ✓ ✓ 20K 3 1.0%
COCOStuff [22] ✓ ✓ ✓ ✓ 118K 3 6.0%
Mapillary Vistas [182] ✓ ✓ ✓ ✓ 18K 3 0.9%
PACO-LVIS [207] ✓ ✓ ✓ ✓ 46K 3 2.3%
PASCAL-Part [36] ✓ ✓ ✓ ✓ 4.4K 3 0.2%
Ref-YouTube-VOS [221] ✓ ✓ ✓ ✓ 13K 5 1.1%
Ref-DAVIS17 [199] ✓ ✓ ✓ ✓ 0.6K 10 0.1%
Ref-SAV [315] ✓ ✓ ✓ ✓ 56K 3 2.8%
MeViS [54] ✓ ✓ ✓ ✓ 23K 5 1.9%
LV-VIS [252] ✓ ✓ ✓ ✓ 11K 3 0.6%
ViCaS [10] ✓ ✓ ✓ ✓ 41K 3 2.1%
ReVOS [297] ✓ ✓ ✓ ✓ 29K 5 2.5%
GroundMoRe [51] ✓ ✓ ✓ ✓ 5.6K 3 0.3%
LLaVA-1.5-Mix-665K [147] ✓ ✓ ✓ 647K 1 10.9%
VideoGPT+ Instruct [169] ✓ ✓ ✓ 573K 1 9.7%

ject segmentation datasets [108, 174, 221]. We use short caption/query samples for

the first two stages to focus on alignment rather than knowledge learning. For the

last stage, we collect a large-scale, high-quality dataset called UniPixel-SFT-1M2 to

2 https://huggingface.co/datasets/PolyU-ChenLab/UniPixel-SFT-1M
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Table 5.2: Comparison with state-of-the-art methods on ReVOS [297] val split.

Method Size
Referring Reasoning Overall

R
J F J&F J F J&F J F J&F

Non-LLM-based Specialists

MTTR [19] – 29.8 30.2 30.0 20.4 21.5 21.0 25.1 25.9 25.5 5.6

LMPM [54] – 29.0 39.1 34.1 13.3 24.3 18.8 21.2 31.7 26.4 3.2

ReferFormer [277] – 31.2 34.3 32.7 21.3 25.6 23.4 26.2 29.9 28.1 8.8

LLM-based Generalists

LISA [116] 13B 45.2 47.9 46.6 34.3 39.1 36.7 39.8 43.5 41.6 8.6

TrackGPT [231] 13B 48.3 50.6 49.5 38.1 42.9 40.5 43.2 46.8 45.0 12.8

VISA [297] 13B 55.6 59.1 57.4 42.0 46.7 44.3 48.8 52.9 50.9 14.5

HyperSeg [269] 3B 56.0 60.9 58.5 50.2 55.8 53.0 53.1 58.4 55.7 –

InstructSeg [270] 3B 54.8 59.2 57.0 49.2 54.7 51.9 52.0 56.9 54.5 –

GLUS [142] 7B 56.0 60.7 58.3 48.8 53.9 51.4 52.4 57.3 54.9 17.9

ViLLa [341] 6B – – – – – – 54.9 59.1 57.0 –

Sa2VA [315] 4B – – – – – – – – 53.2 –

UniPixel (Ours) 3B 62.3 66.7 64.5 57.1 62.1 59.6 59.7 64.4 62.1 19.0

UniPixel (Ours) 7B 63.9 67.8 65.8 59.4 63.7 61.5 61.7 65.7 63.7 19.4

jointly train the model on diverse pixel-level tasks. The original annotations have

been rewritten using task-specific templates with instructions. General image and

video understanding datasets [147, 169] are also incorporated, resulting around

2M samples in total.

5.4.3 Evaluation Metrics

For video segmentation tasks, we adopt J&F as the main metric to jointly con-

sider region similarity J and contour accuracy F . Image segmentation is evaluated

using cIoU (the cumulative intersection over the cumulative union) and gIoU (the

average of all per-image IoUs) following existing work. For referred video descrip-

tion and question answering tasks, we follow the official evaluation protocols to

report GPT-4o [188] scores and MCQ accuracy, respectively. For referring expres-

sion comprehension, we leverage mean accuracies, where a predicted bounding box

is considered correct when it has the IoU with the ground truth no less than 0.5.

121



Chapter 5. Unified Referring and Segmentation for Pixel-Level Visual Reasoning

Table 5.3: Comparison on referring video object segmentation (RVOS) and motion-

grounded video reasoning datasets, including MeViS [54] (val), Ref-YouTube-VOS

[221] (val), Ref-DAVIS17 [199] (val), and GroundMoRe [51] (test).

Method Size
MeViS Ref-YouTube-VOS Ref-DAVIS17 GroundMoRe

J F J&F J F J&F J F J&F J F J&F

Non-LLM-based Specialists

URVOS [221] – 25.7 29.9 27.8 45.3 49.2 47.2 47.3 56.0 51.6 – – –

MTTR [19] – 28.8 31.2 30.0 54.0 56.6 55.3 – – – – – –

ReferFormer [277] – 29.8 32.2 31.0 61.3 64.6 62.9 58.1 64.1 61.1 11.2 14.3 12.7

LMPM [54] – 34.2 40.2 37.2 – – – – – – 12.7 14.0 13.3

OnlineRefer [274] – – – – 61.6 65.5 63.5 61.6 67.7 64.8 – – –

LLM-based Generalists

PixelLM [217] 7B 36.3 41.1 38.7 54.3 55.7 55.0 63.4 70.0 66.7 9.9 10.0 10.0

LISA [116] 13B 35.8 40.0 37.9 54.0 54.8 54.4 63.2 68.8 66.0 6.3 6.7 6.5

VISA [297] 13B 41.8 47.1 44.5 61.4 64.7 63.0 67.0 73.8 70.4 5.3 4.7 5.9

VideoLISA [16] 3.8B 41.3 47.6 44.4 61.7 65.7 63.7 64.9 72.7 68.8 – – –

VideoGLaMM [179] 3.8B 42.1 48.2 45.2 65.4 68.2 66.8 73.3 65.6 69.5 – – –

ViLLa [341] 6B 46.5 52.3 49.4 64.6 70.4 67.5 70.6 78.0 74.3 – – –

GLUS [142] 7B 48.5 54.2 51.3 65.5 69.0 67.3 – – – – – –

Sa2VA [315] 4B – – 46.2 – – 70.0 – – 73.8 – – –

MoRA [51] 7B – – – – – – – – – 27.4 26.9 27.2

UniPixel (Ours) 3B 50.4 55.7 53.1 68.6 72.3 70.5 70.7 77.8 74.2 36.0 38.7 37.4

UniPixel (Ours) 7B 53.2 58.3 55.8 69.5 72.4 71.0 72.7 80.1 76.4 36.5 39.1 37.8

5.4.4 Q1: Comparison with State-of-the-Arts

Reasoning Video Object Segmentation We begin with the most challenging

ReVOS [297] dataset, which requires models to predict masks based on implicit text

queries demanding complex reasoning abilities based on world knowledge. The re-

sults are shown in Table 5.2. Our 3B variant outperforms all existing methods with

larger LLMs (including Sa2VA-4B [315] also with SAM 2 decoder), achieving 62.1

overall J&F . The 7B model further boosts the performance to 64.0 J&F – an

improvement of 12% over the previous state-of-the-art – demonstrating that UniP-

ixel can effectively understand implicit queries based on its world knowledge, and

accurately generate masks as responses.
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Table 5.4: Experimental results on MeViS

[54] valu set. Post means applying post

optimization after mask prediction.

Method Size FT J F J&F

LMPM [54] – ✗ 36.5 43.9 40.2

LISA [116] 7B ✗ 39.9 46.5 43.2

LISA [116] + XMem [42] 7B ✗ 41.9 49.3 45.6

VideoLISA [16] 7B ✗ 48.4 54.9 51.7

VideoLISA [16] + Post 7B ✗ 50.9 58.1 54.5

Sa2VA [315] 4B ✗ – – 52.1

Sa2VA [315] 8B ✗ – – 57.0

UniPixel (Ours) 3B ✗ 56.1 63.2 59.7

UniPixel (Ours) 7B ✗ 58.4 65.0 61.7

Table 5.5: Performance comparison on

Ref-SAV [315] val set. FT means fine-

tuning after pre-/co-training.

Method Size FT J F J&F

UniRef++ [278] – ✗ 11.6 9.5 10.5

UNINEXT [296] – ✗ 8.8 6.4 7.6

LMPM [54] – ✗ 12.2 9.8 10.3

VISA [297] 7B ✗ 13.2 11.3 11.8

Sa2VA [315] 8B ✗ 39.6 43.0 41.3

UniRef++ [278] – ✓ 15.8 13.4 14.6

Sa2VA [315] 8B ✓ 48.3 51.7 50.0

UniPixel (Ours) 3B ✗ 66.9 67.6 67.2

UniPixel (Ours) 7B ✗ 68.5 69.6 69.0

Referring Video Object Segmentation The performance comparisons on MeViS

[54], Ref-YouTube-VOS [221], and Ref-DAVIS17 [199] datasets are presented in Ta-

ble 5.3. UniPixel consistently achieves the best performance among its counterparts.

Its advantage is particularly evident on the more challenging MeViS dataset, where

our 3B model outperforms GLUS-7B [142] by around 3.5%, as well as the similarly

sized VideoGLaMM-3.8B [179] by 17%. More experimental results on MeViS [54]

valu set and Ref-SAV [315] val set are provided in Table 5.4 and Table 5.5, re-

spectively. Ref-SAV features long referring descriptions, large object motion, large

camera motion, and heavy occlusion compared with existing datasets. Given these

complex descriptions and video content, our method consistently performs better

than counterparts, including those fine-tuned on the target dataset.

Motion-Grounded Video Reasoning We also evaluate our method on Ground-

MoRe [51] dataset (shown in Table 5.3), which highlights visual answer generation

that requires joint spatial and temporal grounding. Note that we mainly compare

the results with MoRA [51], which is fine-tuned on GroundMoRe while other meth-

ods are evaluated under the zero-shot setting. Benefit from the strong pixel-level

reasoning capability, UniPixel significantly performs better than the baseline.
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Table 5.6: Performance comparison with representative methods on referring ex-

pression segmentation (RES) and reasoning segmentation datasets, including Ref-

COCO/+/g [108, 174] and ReasonSeg [116] (val).

Method Size
RefCOCO RefCOCO+ RefCOCOg ReasonSeg

val testA testB val testA testB val(U) test(U) gIoU cIoU

Non-LLM-based Specialists

ReLA [146] – 73.8 76.5 70.2 66.0 71.0 57.7 65.0 66.0 – –

PolyFormer [149] – 76.9 78.5 74.8 72.2 75.7 66.7 71.2 71.2 – –

X-Decoder [352] – – – – – – – 64.6 – 22.6 17.9

SEEM [353] – – – – – – – 65.7 – 25.5 21.2

LLM-based Image Generalists

NExT-Chat [323] 7B 74.7 78.9 69.5 65.1 71.9 56.7 67.0 67.0 – –

LISA [116] 7B 74.9 79.1 72.3 65.1 70.8 58.1 67.9 70.6 61.3 62.9

Groundhog [336] 7B 78.5 79.9 75.7 70.5 75.0 64.9 74.1 74.6 56.2 –

LaSagnA [268] 7B 76.8 78.7 73.8 66.4 70.6 60.1 70.6 71.9 48.8 47.2

M2SA [97] 13B 74.6 77.6 71.0 64.0 68.1 57.6 69.0 69.3 – –

LLM-based Video Generalists

VideoLISA [16] 3.8B 73.8 76.6 68.8 63.4 68.8 56.2 68.3 68.8 61.4 67.1

VISA [297] 7B 72.4 75.5 68.1 59.8 64.8 53.1 65.5 66.4 52.7 57.8

Vitron [62] 7B 75.5 79.5 72.2 66.7 72.5 58.0 67.9 68.9 – –

Sa2VA [315] 4B 78.9 – – 71.7 – – 74.1 – – –

UniPixel (Ours) 3B 80.5 82.6 76.9 74.3 78.9 68.4 76.3 77.0 64.0 56.2

UniPixel (Ours) 7B 80.8 83.0 77.4 75.3 80.1 70.0 76.4 77.1 60.5 58.7

Referring Expression Segmentation and Reasoning Segmentation Table 5.6

compares the image segmentation capabilities using explicit and implicit queries.

We evaluate our co-trained model on RefCOCO/+/g [108, 174] and ReasonSeg

[116]. While state-of-the-art performance has been achieved on RES datasets, we

observe that the reasoning segmentation data (239 samples) can be easily over-

whelmed by the other samples during training due to its limited size. Table 5.7

presents the RES performance after fine-tuning. We follow the common practice

that jointly fine-tunes the model on RefCOCO/+/g datasets [108, 174], and then

evaluate on them separately. These results demonstrate the generalizability of UniP-

ixel when facing both explicit and implicit queries.

Referring Expression Comprehension Our method also supports referring ex-
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Table 5.7: Fine-tuned performance on referring expression segmentation (RES)

datasets, including RefCOCO/+/g [108, 174].

Method Size
RefCOCO RefCOCO+ RefCOCOg

val testA testB val testA testB val(U) test(U)

LISA [116] 7B 74.9 79.1 72.3 65.1 70.8 58.1 67.9 70.6

GSVA [279] 7B 77.2 78.9 73.5 65.9 69.6 59.8 72.7 73.3

OMG-LLaVA [335] 7B 78.0 80.3 74.1 69.1 73.1 63.0 72.9 72.9

GLaMM [209] 7B 79.5 83.2 76.9 72.6 78.7 64.6 74.2 74.9

Sa2VA [315] 4B 80.4 – – 74.3 – – 75.7 –

UniPixel (Ours) 3B 81.9 83.5 78.6 75.3 80.3 70.6 77.2 78.5

UniPixel (Ours) 7B 83.0 84.9 80.4 77.8 82.3 72.7 78.7 79.7

Table 5.8: Performance comparison on referring expression comprehension (REC)

datasets, including RefCOCO/+/g [108, 174].

Method Size
RefCOCO RefCOCO+ RefCOCOg

val testA testB val testA testB val(U) test(U)

OFA [256] – 80.0 83.7 76.4 68.3 76.0 61.8 67.6 67.6

Shikra [31] 7B 87.0 90.6 80.2 81.6 87.4 72.1 82.3 82.2

MiniGPT-v2 [30] 7B 88.7 91.6 85.3 79.9 85.1 74.4 84.4 84.6

Vitron [62] 7B 90.9 93.2 89.3 83.7 89.1 76.9 86.4 87.0

UniPixel (Ours) 3B 91.8 93.8 87.5 86.3 90.8 80.3 88.0 88.2

UniPixel (Ours) 7B 92.0 94.4 88.1 87.2 91.9 82.1 88.6 88.7

pression comprehension by inferring the bounding boxes from predicted masks. Its

performance (accuracy with IoU ⩾ 0.5) is compared with representative methods

in Table 5.8. Benefiting from the high-quality mask prediction, UniPixel can also

achieve very competitive performance on this simpler task.

Referred Video Description and Question Answering We study UniPixel’s re-

gional understanding capabilities on VideoRefer-Bench [319], which contains two

subsets for description and question answering tasks. The comparisons are in Ta-

ble 5.9 and Table 5.10. BQ, SQ, RQ, CQ, and FP denote basic questions, sequential

questions, relational questions, reasoning questions, and future predictions, respec-

tively. Both tasks leverage mask prompts as inputs, where single-frame and multi-
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Table 5.9: Comparison with state-of-the-art methods on VideoRefer-BenchD [319].

Method Size
Single-Frame Multi-Frame

SC AD TD HD Avg. SC AD TD HD Avg.

General LMMs

Qwen2-VL [255] 7B 2.97 2.24 2.03 2.31 2.39 3.30 2.54 2.22 2.12 2.55

InternVL2 [190] 26B 3.55 2.99 2.57 2.25 2.84 4.08 3.35 3.08 2.28 3.20

GPT-4o-mini [188] – 3.56 2.85 2.87 2.38 2.92 3.89 3.18 2.62 2.50 3.05

GPT-4o [188] – 3.34 2.96 3.01 2.50 2.95 4.15 3.31 3.11 2.43 3.25

Image Referring LMMs

Ferret [311] 7B 3.08 2.01 1.54 2.14 2.19 3.20 2.38 1.97 1.38 2.23

Osprey [318] 7B 3.19 2.16 1.54 2.45 2.34 3.30 2.66 2.10 1.58 2.41

Video Referring LMMs

Elysium [251] 7B 2.35 0.30 0.02 3.59 1.57 – – – – –

Artemis [203] 7B – – – – – 3.42 1.34 1.39 2.90 2.26

VideoRefer [319] 7B 4.41 3.27 3.03 2.97 3.42 4.44 3.27 3.10 3.04 3.46

UniPixel (Ours) 3B 4.04 3.15 3.10 3.37 3.42 4.08 3.13 3.13 3.42 3.44

UniPixel (Ours) 7B 3.83 3.07 2.96 3.62 3.37 3.82 3.05 3.01 3.57 3.36

frame modes denote applying the masks only on a specific frame and on all frames,

respectively. UniPixel can effectively comprehend both types of prompts, and accu-

rately respond with object-centric descriptions or answers.

General Video Question Answering We also evaluate UniPixel on MVBench

[126] in Table 5.12 to compare its general video understanding capabilities with

existing methods. Note that our method is the only one in the table that supports

referring and segmentation. By jointly training on holistic-level and pixel-level data,

UniPixel can effectively balance the capabilities under both scenarios, demonstrated

by the strong performance compared with holistic-level models.

5.4.5 Q2: Pixel-Level Video Question Answering (PixelQA)

We design the new PixelQA task based on VideoRefer-BenchQ [319], where the

original mask prompts are replaced with point or box prompts. Given these am-

biguous visual cues, models are expected to identify the target object according to
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Table 5.10: Comparison with state-of-the-art

methods on VideoRefer-BenchQ [319] (mask

prompts). MF denotes multi-frame mode.

Method Size MF BQ SQ RQ CQ FP Avg.

General LMMs

Qwen2-VL [255] 7B ✗ 62.0 69.6 54.9 87.3 74.6 66.0

InternVL2 [190] 26B ✗ 58.5 63.5 53.4 88.0 78.9 65.0

GPT-4o-mini [188] – ✗ 57.6 67.1 56.5 85.9 75.4 65.8

GPT-4o [188] – ✗ 62.3 74.5 66.0 88.0 73.7 71.3

Image Referring LMMs

Ferret [311] 7B ✗ 35.2 44.7 41.9 70.4 74.6 48.8

Osprey [318] 7B ✗ 45.9 47.1 30.0 48.6 23.7 39.9

Video Referring LMMs

VideoRefer [319] 7B ✗ 75.4 68.6 59.3 89.4 78.1 71.9

UniPixel (Ours) 3B ✗ 73.6 70.3 60.7 88.8 78.0 72.2

UniPixel (Ours) 7B ✗ 68.9 73.1 64.7 88.8 83.3 73.4

VideoRefer [319] 7B ✓ – 70.6 60.5 – – 72.1

UniPixel (Ours) 3B ✓ 75.3 70.7 62.3 87.4 77.2 72.8

UniPixel (Ours) 7B ✓ 70.6 74.6 64.7 88.8 82.5 74.1

Table 5.11: Evaluation results on

PixelQA. All the visual prompts

are applied in a single frame.

Method Size J F J&F Acc

Point Prompts

InternVL2 [190] 26B – – – 60.8

Qwen2-VL [255] 72B – – – 69.3

UniPixel (Ours) 2B 45.6 50.7 48.1 68.2

UniPixel (Ours) 7B 43.7 48.8 46.2 70.0

Box Prompts

InternVL2 [190] 26B – – – 61.3

Qwen2-VL [255] 72B – – – 69.0

UniPixel (Ours) 2B 48.1 53.6 50.9 68.7

UniPixel (Ours) 7B 43.4 48.4 45.9 69.6

Mixed (50% Points + 50% Boxes)

InternVL2 [190] 26B – – – 60.9

Qwen2-VL [255] 72B – – – 69.1

UniPixel (Ours) 2B 46.4 51.7 49.0 68.5

UniPixel (Ours) 7B 43.6 48.6 46.1 69.9

the question and the visual prompt, then respond with both the textual answer

and the object masks. We report the mask prediction J&F and MCQ accuracy in

Table 5.11. Note that none of the existing methods supports this scenario. Thus,

we apply set-of-mark prompts [302] directly on video frames, and evaluate the QA

accuracies of two strong LMMs [255, 190] as our baselines. Aside from point- or

box-only prompts, we also explore a more flexible setting that randomly chooses dif-

ferent prompts for different objects. The results verify that our memory pre-filling

& injection paradigm effectively enhances the model’s reasoning capabilities.

5.4.6 Q3: Ablation Studies

Effect of Task Unification We study the effect of task unification in Table 5.13 (a).

Unifying referring and segmentation capabilities into a single model and training
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Table 5.12: Comparison with representative methods on MVBench [126]. Note that

UniPixel is the only model supporting pixel-level referring & segmentation.

Model Size AS AP AA FA UA OE OI OS MD AL ST AC MC MA SC FP CO EN ER CI Avg.

GPT-4V [187] – 55.5 63.5 72.0 46.5 73.5 18.5 59.0 29.5 12.0 40.5 83.5 39.0 12.0 22.5 45.0 47.5 52.0 31.0 59.0 11.0 43.5

Video-ChatGPT [171] 7B 23.5 26.0 62.0 22.5 26.5 54.0 28.0 40.0 23.0 20.0 31.0 30.5 25.5 39.5 48.5 29.0 33.0 29.5 26.0 35.5 32.7
Video-LLaMA [328] 7B 27.5 25.5 51.0 29.0 39.0 48.0 40.5 38.0 22.5 22.5 43.0 34.0 22.5 32.5 45.5 32.5 40.0 30.0 21.0 37.0 34.1
VideoChat [125] 7B 33.5 26.5 56.0 33.5 40.5 53.0 40.5 30.0 25.5 27.0 48.5 35.0 20.5 42.5 46.0 26.5 41.0 23.5 23.5 36.0 35.5
Video-LLaVA [135] 7B 46.0 42.5 56.5 39.0 53.5 53.0 48.0 41.0 29.0 31.5 82.5 45.0 26.0 53.0 41.5 33.5 41.5 27.5 38.5 31.5 43.0
TimeChat [216] 7B 40.5 36.0 61.0 32.5 53.0 53.5 41.5 29.0 19.5 26.5 66.5 34.0 20.0 43.5 42.0 36.5 36.0 29.0 35.0 35.0 38.5
PLLaVA [291] 7B 58.0 49.0 55.5 41.0 61.0 56.0 61.0 36.0 23.5 26.0 82.0 39.5 42.0 52.0 45.0 42.0 53.5 30.5 48.0 31.0 46.6
ST-LLM [151] 7B 66.0 53.5 84.0 44.0 58.5 80.5 73.5 38.5 42.5 31.0 86.5 36.5 56.5 78.5 43.0 44.5 46.5 34.5 41.5 58.5 54.9
VideoGPT+ [169] 4B 69.0 60.0 83.0 48.5 66.5 85.5 75.5 36.0 44.0 34.0 89.5 39.5 71.0 90.5 45.0 53.0 50.0 29.5 44.0 60.0 58.7
VideoChat2 [126] 7B 75.5 58.0 83.5 50.5 60.5 87.5 74.5 45.0 47.5 44.0 82.5 37.0 64.5 87.5 51.0 66.5 47.0 35.0 37.0 72.5 60.4

UniPixel (Ours) 3B 69.5 62.5 83.0 48.5 76.5 86.5 66.5 38.0 49.0 40.5 87.0 49.0 74.0 95.0 49.0 45.0 63.5 34.5 58.0 73.5 62.5
UniPixel (Ours) 7B 71.0 68.0 84.0 45.0 78.0 91.5 66.5 35.5 57.5 43.0 91.5 47.0 73.5 92.5 58.0 53.0 74.0 37.5 49.0 69.0 64.3

Table 5.13: Key ablation studies with UniPixel-2B on PixelQA (mixed).

(a) Task Unification

Refer Segment Memory J&F Acc

✓ – 64.6

✓ 47.5 –

✓ ✓ 48.2 67.4

✓ ✓ ✓ 49.0 68.5

(b) Object Memory Bank

Referring Method J&F Acc

① <REF> 46.8 64.5

② <REF><SEG> 47.8 64.9

③ <REF><SEG> + Pooling 47.5 66.3

④ Object Memory Bank 49.0 68.5

(c) Encoder & Decoder

Encoder Decoder J&F Acc

w/o Time – 44.3 63.7

w/ Time – 49.0 68.5

– Independent 46.1 66.2

– Propagation 49.0 68.5

them jointly leads to better results on both tasks (first three rows), demonstrating

the mutual reinforcement effect of such unification. Incorporating memory pre-

filling as an auxiliary task (last row) brings extra improvements.

Effect of Object Memory Bank Table 5.13 (b) verifies the effectiveness of object

memory bank. ① means using a single token for each referred object. ② means

adding segmentation as an auxiliary task. ③ further appends masked-pooled visual

tokens after it. The results show that (1) both adding auxiliary segmentation task

and masked-pooled features help regional understanding, and (2) decoupling them

via object memory bank further boosts the performance.

Design Space of Prompt Encoder & Mask Decoder We compare different
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Table 5.14: Effectiveness justification of multi-stage training. The three-stage train-

ing recipe leads to the optimal performance.

Stage 1 Stage 2 Stage 3
ReVOS MeViS (valu) VideoRefer-BenchQ

J F J&F J F J&F Single-Frame Multi-Frame

✓ 58.3 63.6 61.0 54.8 61.9 58.4 71.1 71.5

✓ ✓ 59.0 63.4 61.2 55.2 62.1 58.7 71.8 72.3

✓ ✓ 59.6 63.5 61.6 55.7 62.5 59.1 71.2 71.6

✓ ✓ ✓ 59.7 64.4 62.1 56.1 63.2 59.7 72.2 72.8

Table 5.15: Ablation study on the num-

ber of hidden tokens for each <SEG> to-

ken. Performance gains are negligible

with more than 2 tokens/object.

#Tokens
ReVOS MeViS (valu)

J F J&F J F J&F

1 59.6 63.5 61.6 55.8 62.5 59.2

2 59.7 64.4 62.1 56.1 63.2 59.7

4 59.8 63.9 61.9 56.8 63.1 59.9

8 59.5 64.0 61.8 56.4 62.8 59.6

Table 5.16: Ablation study on M→L pro-

jector. Init and PT denote weight ini-

tialization from V→L projector and ex-

tra pre-training, respectively.

Init PT
VideoRefer-BenchQ PixelQA

Single-Frame Multi-Frame Mixed Acc

71.4 71.9 67.7

✓ 71.5 71.7 67.4

✓ 72.4 72.6 68.2

✓ ✓ 72.2 72.8 68.5

prompt encoder and mask decoder designs in Table 5.13 (c). The performance

significantly drops when the temporal encoding in the prompt encoder is removed

(first two rows). For the mask decoder (last two rows), we explore an alternative

strategy that treats video frames independently (as batched images), which could

largely accelerate inference but lead to sub-optimal accuracies. We hypothesize

that this is because the LLM-generated <SEG> token cannot well-capture the ob-

ject information in all frames, thus disentangling the segmentation and tracking

capabilities to an external module is reasonable.

Effect of Multi-stage Training We investigate the effectiveness of multi-stage

training in Table 5.14. As shown in the first line, directly training the model us-

ing large-scale data only leads to sub-optimal performance, due to the unaligned
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Table 5.17: Ablation study on training data used in stage 3. Gradually adding more

pixel-level data brings performance gains.

Regional Segmentation Memory General
ReVOS MeViS (valu) VideoRefer-BenchQ

J F J&F J F J&F Single-Frame Multi-Frame

✓ – – – – – – 72.1 72.0

✓ 58.9 63.8 61.4 56.0 63.2 59.6 – –

✓ ✓ 59.2 63.7 61.5 55.8 63.1 59.5 72.3 72.6

✓ ✓ ✓ 59.6 64.5 62.1 56.3 63.5 59.9 72.4 72.5

✓ ✓ ✓ ✓ 59.7 64.4 62.1 56.1 63.2 59.7 72.2 72.8

representations among prompt encoder, LLM, and mask decoder. We observe that

pre-training either the sparse prompt encoder or the L→M projector (the second

and third lines) brings performance gains on both tasks (referring and segmenta-

tion). We hypothesize that this is because pre-aligning either of them can alleviate

the burden of joint-task learning in stage 3. The last row verifies that the perfor-

mance can be further boosted by pre-aligning both of them.

Number of Hidden Tokens for Mask Decoder There is a huge gap between the

feature dimensions of the LLM and the mask decoder, thus splitting the <SEG> token

into more hidden tokens can better preserve the object information from the LLM.

We ablate this mechanism in Table 5.15. According to the results, using only 1

hidden token cannot fully preserve the object information, as the mask prediction

performance is sub-optimal. However, we also observe that using more than 2

hidden tokens (e.g., 4 or 8) only brings negligible performance gain. Therefore, we

choose 2 hidden tokens per object in our final model.

Training Strategy for the M→L projector The M→L projector aims to project

the masked-pooled object-centric features to the LLM’s embedding space. Since the

object features originate from the visual encoder, it is possible to re-use the pre-

trained weights of the original V→L projector in Qwen2.5-VL. Its effects are studied

in Table 5.16. We investigated two strategies: 1) re-using the weights and 2) adding
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If [1] continues moving forward, what is a likely future event?
(A) The bear will encounter other animals (B) The bear will find a place to rest (C) The bear will start running (D) The bear will climb the stone wall

What is a likely future event with [1]?
(A) He will stop and rest (B) He will start walking slowly (C) He will continue to navigate through more obstacles (D) He will sit down and take a break

How is [4] related to [2]?
(A) [4] is holding [2] (B) [4] is controlling [2] with a leash (C) [4] is walking away from [2] (D) [4] is ignoring [2]

Figure 5.5: Visualization of UniPixel-2B’s outputs on PixelQA task. In the left-most

frame, star markers and boxes represent point and box prompts, respectively. The

frames with highlighted borders are those where visual prompts are applied.

an extra pre-training stage for better alignment. The comparison shows that directly

re-using weights without extra pre-training can achieve the best results.

Combination of Training Data Table 5.17 studies the effect of the combination

of multi-task co-training data in stage 3. Compared with training only on the re-

gional or segmentation data, leveraging both of them leads to considerable per-

formance on both tasks. Incorporating memory pre-filling data (requiring both re-

ferring and segmentation) can further boost the performance. We also mix some

general holistic-level video understanding data to preserve the original capabilities

of the base model, while it slightly affects the performance on pixel-level tasks.

5.4.7 Visualizations

Visualizations of outputs from UniPixel-2B on PixelQA are shown in Figure 5.5. Fig-

ure 5.6∼ 5.11 present more qualitative results on different pixel-level understand-

ing tasks. Our method can effectively handle flexible visual prompts [319], implicit

queries [116, 297], long queries [315], and motion-grounded questions [51].
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5.5 Summary

In this chapter, we further study the topic of fine-grained spatial-temporal reason-

ing via multi-modal large language models. Specifically, we address this problem

from two aspects: model and evaluation. We have demonstrated that through ap-

propriate model architectural design, fine-grained pixel-level perception and high-

level reasoning could be effectively integrated into a unified framework. Moreover,

we also present more flexible ways of interactions between human and machine

– through explicit visual prompts such as points, boxes, and masks. Our detailed

contributions in this chapter are summarized as follows:

1. A unified large multi-modal model (UniPixel) that supports flexible pixel-level

object referring and segmentation in images and videos. It can also integrate

such fine-grained grounding capabilities with its internal reasoning.

2. An object memory bank module storing the intermediate information of key

regions or objects. This enables the model to re-examine the regions/objects

after segmentation for further reasoning.

3. A new pixel-level video understanding task (PixelQA) that requires visual

prompt understanding, object segmentation and tracking, and video question

answering capabilities.

We also list the technical novelties in this chapter below:

1. To effectively unify object referring and segmentation, the novel design of

object memory bank allows the model to crop and focus more on the user

referred regions/objects, largely enhancing the model’s fine-grained video un-

derstanding capabilities.

2. In the visual prompt encoder, we carefully designed the joint spatial and tem-

poral encoding scheme for visual prompts. This novelty ensures the model to

accurately comprehend the spatial-temporal position of the reference.
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3. The proposed PixelQA benchmark is a novel combination of object refer-

ring, object segmentation, and video question answering tasks, servings as

the foundation for future pixel-level MLLM research.

5.6 Limitations & Future Work

Due to the limited computing resources, we did not further scale up the training

data to incorporate more pixel-level tasks such as grounded caption generation

(GCG) on images [209] or videos [179], which are interesting scenarios and their

data may bring more performance gains. Besides, the mask decoder currently pre-

dicts the first mask on the first frame and propagates it to the following frames,

while it potentially supports predicting on the best frame (defined as the frame

with the best view of the target) and propagates it to both sides of the video. To

addresses these limitations, potential future works shall focus on exploring more

pixel-level understanding tasks and more flexible mechanisms for the mask decoder.
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If [1] continues to move forward, what is a likely future event involving [2]?
(A) [2] will run away (B) [2] will sit down and stop moving (C) [2] will start barking (D) [2] will continue walking by the wheelchair

What action does [1] perform that involves [3]?
(A) [1] extends an arm across [3]'s chest (B) [1] hands something to [3] (C) [1] talks to [3] (D) [1] ignores [3]

What is [1] wearing?
(A) Blue sweatshirt and black jeans (B) Red sweatshirt and light blue jeans (C) Green t-shirt and white pants (D) Yellow hoodie and dark blue jeans

If <object1><region> continues riding the bike, what is a likely future event?
(A) [1] will stop (B) [1] will start running (C) [1] will change a different outfit (D) [1] will continue to challenge different high difficulty movements

Figure 5.6: Visualization of the outputs from UniPixel on PixelQA.

Please segment the zebra which is younger in this video.

Please segment the cow that is the furthest from the camera in this video.

Which goldfish is on the left side of the screen at the beginning of the video? Please provide the segmentation mask.

Can you find the skunk that has black fur all over its body and a tuft of white fur on its head and the tip of its tail?

Where is the instrument that serves to shield from the sun or protect from rain and snow?

Which ferret(s) is/are being licked by a cat consistently? Please provide the segmentation mask.

Can you segment the insect(s) belonging to the superfamily Papilionoidea of the Lepidoptera order in this video?

Figure 5.7: Visualization of the outputs from UniPixel on ReVOS [297].
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Where is the man wearing a cap and shorts in this video? Respond with the segmentation mask.

Can you find the blue wooden car in the frames?

Segment and track the green motorbike in this video.

Please segment the black swan in this video.

Where is the rope? Give me the segmentation results directly.

Figure 5.8: Visualization of the outputs from UniPixel on Ref-DAVIS17 [199].

Q: Who might not open the cooler if not for feeding the walrus a fish?                                                       A: The woman.

Q: Who opens the ziploc bag to transfer the crushed Oreo cookies into the bowl?                                                  A: The girl.

Q: Who dribbles the ball before he shoots it?                                                                      A: The man in the black shorts.

Q: Who asked if the little girl could carry the box before she picked it up?                                                 A: The man.

Q: What might not be given to the woman by the man if he did not eat by himself? A: The bag.

Q: Who kicks the ball into the goal? A: The boy.

Figure 5.9: Visualization of the outputs from UniPixel on GroundMoRe [51].
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Find the object according to the description: The object is a dark-colored backpack with light-colored accents, featuring multiple
compartments and pockets, securely fastened to an individual's back. The person is dressed in dark clothing and ascending an
escalator in a public setting, likely a mall or transportation hub. The backpack has adjustable straps and a top handle, appearing
functional for carrying various items. The individual moves steadily up the escalator, indicating a purposeful journey.

Analyze the following sentences and provide the corresponding segmentation mask: The object is a dark-colored sedan, likely blue
or black, parked on an unpaved surface, possibly a dirt road or an area with loose soil. It has four doors, a visible rear spoiler on
the trunk, silver wheels, and tinted windows. The car is slightly tilted, suggesting it might be parked on uneven ground or
experiencing some form of imbalance. Throughout the video, the sedan remains stationary, with no indication of movement or
actions being performed by the vehicle.

Please segment the object according to the description: The object is a person with long dark hair, wearing a dark top and a
patterned skirt with geometric designs. This individual is stationary or moving very slowly in the background of a retail store,
possibly a furniture or home goods store. The person remains in close proximity to another shopper pushing a shopping cart,
suggesting they might be together or interacting. The scene captures a typical shopping experience.

Figure 5.10: Visualization of the outputs from UniPixel on Ref-SAV [315].

Find the lens that is more 
suitable for photographing 
nearby objects.

Where is the goat nearest 
to the bottom stone? Give 
me the segmentation mask.

In some rural areas, horse-
drawn carts are still used for 
transportation and carrying 
goods. What is the main 
source of power that drives 
the cart in the picture?

What item in the picture can 
provide information to help 
guide travelers through this 
rugged terrain that can be 
challenging to navigate?

Please localize the place 
where piano players should 
sit in this image.

Where is the place where 
the garbage should be put? 
Please respond with the 
segmentation mask.

Which part of the vehicle 
must be used to display 
identifying information as 
required by law? Segment 
the target directly.

Segment the place where the 
patient lies down to receive 
examination in this image.

Figure 5.11: Visualization of the outputs from UniPixel on ReasonSeg [116].
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Part III

Interaction

We must perceive in order to move, but we must also move in order to perceive.

— J. J. Gibson, The Ecological Approach to Visual Perception



Chapter 6

A Chain-of-LoRA Agent for

Interactive Video Understanding

Videos, with their unique temporal dimension, demand precise grounded under-

standing, where answers are directly linked to visual, interpretable evidence. De-

spite significant breakthroughs in text-based reasoning with large language mod-

els, multi-modal reasoning – especially for videos – remains limited. In this chap-

ter, we fill this gap by introducing VideoMind, a novel video-language agent for

temporal-grounded video reasoning. Our method involves two key innovations:

(1) We identify four essential capabilities for grounded video reasoning and pro-

pose a role-based agentic workflow, comprising a planner to coordinate roles, a

grounder for temporal event localization, a verifier to assess event candidates,

and an answerer for question answering. (2) To efficiently integrate these roles

during inference, we propose a novel Chain-of-LoRA mechanism, where a unified

base model with multiple LoRA adapters is leveraged to enable seamless role switch-

ing, balancing efficiency and flexibility. Extensive experiments on 14 benchmarks

across 3 tasks demonstrate the effectiveness of the proposed scheme in advancing

video agent, test-time scaling, and long-form video reasoning.
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6.1 Introduction

Recent advancements in large language models (LLMs) have demonstrated remark-

able success in text-based reasoning [272, 304, 222], significantly improving both

accuracy and interpretability in complex problem-solving scenarios [305]. Follow-

ing these breakthroughs, efforts have been devoted to extending these reasoning

capabilities to multi-modal domains [337, 289, 243] such as vision-centric science

[163] and math [168] understanding.

Among multi-modal signals, videos pose a unique challenge due to their tempo-

ral dimension, introducing complexities absent in images or text. Effective video

reasoning requires not only recognizing visual appearances but also understand-

ing how they evolve over time [281, 28, 158, 276]. While recent visual Chain-of-

Thought (CoT) methods [337, 289, 243] excel at generating detailed thoughts for

static images, they struggle with long videos as they cannot explicitly localize or

revisit earlier parts of the sequence, as presented in Figure 6.1 (left). Humans, by

contrast, can reason over long videos with ease [284, 283, 285]: they break down

complex problems, identify relevant moments, revisit them to confirm details, and

synthesize their observations into coherent answers. This natural proficiency moti-

vates the development of an AI agent that emulates this process – flexibly coordi-

nating multiple capabilities to achieve advanced, vision-centric reasoning.

In this work, we introduce VideoMind, a video-language agent with enhanced

temporal-grounded reasoning capabilities. To meet the demands of diverse tasks,

we define four essential roles for understanding complex long-form videos: (1) a

planner to decompose tasks and coordinate other roles, (2) a grounder for pre-

cise moment localization, (3) a verifier for moment candidates assessment, and

(4) an answerer for moment-aware response generation. Each role is carefully de-

signed to deliver strong performance, for example, the grounder is equipped with a

139



Chapter 6. A Chain-of-LoRA Agent for Interactive Video Understanding

VLM

To answer this question, I 

need to examine the 

activities of bunnies in the 

video and see if there are 

certain scenes showing...

10, 23

51, 97

15, 76

42, 89

Timestamps:Action Plan:

0.52

0.86 0.47

0.29

Confidences: Final Answer:

Because a boy is 

sitting aside and 

handing out food to 

the bunnies.

None

LoRA 3LoRA 2

LoRA 1

I'm acting as a...

VideoMind: Multi-​modal Chain-​of-​LoRA ReasoningText-​based CoT

Why are the bunnies 
gathering on the table?

Let's think step by step
Grounder1

50
mi
n

Verifier

Answerer

Grounder Verifier

Planner Answerer

Base

2

3 H
i-

​Re
s 

K
ey

 M
om

en
ts

Lo
w

-​R
es

 F
ul

l V
id

eo

There are four candidate moments. 
Let me verify them one-​by-​one, 

focusing on the temporal boundaries 
and semantic similarities.

I'm zooming-​in to the most confident
moment and watching it under a 

higher spatial resolution. Based on 
this, I've figured out the answer.

I'm localizing the moment about 
"bunnies gathering at the table". Here

are some candidate moments 
containing the relevant event.

The question seems related to the 
event "bunnies gathering on the 

table". I would ground this moment, 
verify it, then answer the question.

1

2 3

4

Figure 6.1: Illustration of VideoMind’s Chain-of-LoRA reasoning mechanism. The

problem is decomposed by the planner and distributed to grounder, verifier, and an-

swerer to systematically localize, verify, and interpret the relevant video moments.

timestamp decoder to ensure accurate temporal grounding. To enable efficient in-

tegration of these roles, we also propose a novel Chain-of-LoRA mechanism, where

all the roles are implemented based on the same base LMM but with different LoRA

adapters [88]. Therefore, role-specific capabilities can be trained separately on tai-

lored datasets. During inference, all the LoRA parameters are cached into the mem-

ory, so that each role could be activated by simply switching to the corresponding

LoRA, as shown in Figure 6.1 (right). This approach reflects a minimalist yet flexi-

ble design philosophy, facilitating seamless transitions and interactions among roles

without incurring the memory overhead of maintaining multiple full models. As a

result, VideoMind achieves both efficiency and flexibility on diverse tasks.

We conduct extensive experiments on 14 public benchmarks, including 3 on

Grounded VideoQA, 6 on Video Temporal Grounding, and 5 on General VideoQA, to

evaluate the effectiveness of our approach. VideoMind exhibits strong adaptability

in addressing diverse reasoning tasks by jointly providing accurate responses and

temporal-grounded evidence. Notably, our 2B model surpasses GPT-4o [188] and

Gemini-1.5-Pro [213] on several long video benchmarks such as CG-Bench [28],
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MLVU [343], and LVBench [258]. State-of-the-art performance is also achieved

on temporal grounding datasets including QVHighlights [120] and Charades-STA

[70]. We further conduct ablation studies to justify our design choices, particularly

the Chain-of-LoRA mechanism for enhancing flexibility while preserving efficiency.

Our contributions are summarized as follows:

1. We propose VideoMind, a multi-modal agentic framework that enhances

video reasoning by emulating human cognitive processes, including task de-

composition, moment localization and verification, and answer synthesis. It

addresses the unique challenges of long video reasoning in a progressive and

structured manner.

2. We also introduce Chain-of-LoRA, an efficient test-time scaling mechanism

that enables a single model to seamlessly switch among multiple roles. This

approach enhances VideoMind’s flexibility without incurring additional mem-

ory overhead.

3. Our method demonstrates strong performance across three scenarios, includ-

ing Grounded VideoQA, Video Temporal Grounding, and General VideoQA.

Notably, VideoMind-2B outperforms GPT-4o and Gemini-1.5-Pro on several

long video benchmarks.

6.2 Related Work

6.2.1 Temporal-grounded Video Understanding

Significant advances in video understanding have propelled tasks such as video cap-

tioning [340, 141], video question answering [280, 324], and video-text retrieval

[176, 139]. However, these models often lack visually grounded correspondence

and interpretability, particularly for long-form videos. The task of Video Tempo-
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ral Grounding [70, 114] tackles this issue by requiring precise temporal localiza-

tion for diverse queries, though regression-based models [155, 153] excel at lo-

calization but fall short in providing textual interpretability. Recent benchmarks

[281, 28, 158] intensify this challenge, demanding both reasoning for complex

questions and fine-grained temporal correspondence. Previous baselines for these

tasks typically rely on multi-task objectives or modular agents composed of dis-

tinct components [313, 261, 60], often yielding sub-optimal performance or overly

complex systems, which constrain their efficiency and flexibility. Our VideoMind

is an agentic workflow built upon a unified LMM, seamlessly integrating multiple

functionalities while enhancing localization and interpretability, thus surpassing the

limitations of prior methods.

6.2.2 Multi-modal Reasoning

Large Multi-modal Models [148, 122, 157] exhibit generalized capabilities such

as free-form question answering. However, they fall short in addressing complex

challenges that often require reasoning [272]. One approach to overcome this

is to develop agent-based interfaces [324, 107], which integrates textual outputs

from visual tools to enable reasoning via LLMs. Advanced methods [236, 303, 69]

invoke visual APIs (e.g., detectors and captioners) through progressive execution

and reasoning. Alternatively, pure text-based reasoning [189, 79] has been a dom-

inant paradigm in LLMs, exemplified by training with long CoT processes using

reinforcement learning, which provides detailed step-by-step reasoning, with some

works [337, 289] extending this mechanism to the visual domain. Despite these ad-

vances, extending reasoning to videos remains an open challenge. Given the long-

context nature of informative videos, we believe that a vision-centric CoT should

incorporate human-like re-watching, self-validation, and state-switching strategies

[282, 286, 285], leading us to introduce the novel Chain-of-LoRA framework.
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6.2.3 Inference-time Searching

Inference-time searching has emerged as a critical technique for tackling com-

plex reasoning and planning challenges in domains like robotics [264], games

[226], and navigation [242]. The advent of OpenAI o1 [189] has advanced these

inference-time techniques within LLMs by integrating sampling strategies such as

controlled decoding [25, 295], Best-of-N sampling [134], and Monte Carlo Tree

Search (MCTS) [263, 327, 250], allowing LLMs to iteratively refine outputs and

achieve superior performance without altering their underlying weights. However,

the potential of inference-time searching remains largely untapped in video under-

standing, where temporal reasoning introduces unique challenges. In our frame-

work, we explore how such a strategy can be tailored for video temporal reasoning,

observing that models are highly sensitive to the selection of temporal segments,

often producing unreliable predictions when segment choices are sub-optimal. To

address this, we propose a moment-level searching approach where a grounder gen-

erates multiple candidates, followed by a verifier that evaluates and determines the

correct correspondence. This strategy significantly enhances temporal grounding

accuracy and robustness across diverse scenarios.

6.3 Method

6.3.1 Overview

Figure 6.2 provides an overview of VideoMind. Our model derives from the Qwen2-

VL [255] architecture, consisting of an LLM backbone and a ViT-based visual en-

coder support dynamic resolution inputs. Given a video input V and a text query

Q, the model performs step-by-step reasoning by adaptively calling different roles:

(1) Planner: Dynamically coordinates the following roles based on the query. (2)
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Figure 6.2: The overall workflow of VideoMind. Given a video and a query, it adap-

tively activates different roles (e.g., Planner → Grounder → Verifier → Answerer in

this case) and performs step-by-step reasoning by calling individual modules.

Grounder: Identifies and localizes relevant video moments. (3) Verifier: Evalu-

ates the validity of the moments identified by the grounder, refining them through a

zoom-in process with boolean outputs. (4) Answerer: Generates the final response

in natural language. This mechanism enables the models to revisit the videos sev-

eral times (with varying temporal segments & spatial resolutions) to derive the

final response.

6.3.2 Planner

An agent must be flexible enough to handle diverse tasks and efficiently determine

which functions (roles) to call. To achieve this, we design the planner, which

dynamically coordinates all the other roles for each query. It decides the sequence

of function calls based on the multi-modal context. We utilize a JSON-style object

{"type": "<role>", "value": "<argument>"} to denote a function call. In this way,

a sequence of roles can be succinctly represented as a list of such objects. Three
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Figure 6.3: Planner coordinates all the other roles based on the video and query

context, offering three reasoning plans and a query rephrasing mechanism to ad-

dress diverse demands.

reasoning plans for different tasks are pre-defined and illustrated in Figure 6.3.

(1) Grounding & Verifying & Answering: This plan requires the agent to generate

both a textual response and a corresponding temporal moment. For example, in

Grounded VideoQA scenarios [280], to answer the question “What is the boy doing

when the baby is crying?”, the agent should identify the moment of “baby is crying”,

and then investigate the boy’s activity.

(2) Grounding & Verifying: This plan is designed for grounding-only tasks such

as moment retrieval [120, 70]. For questions like “When does the woman go down-

stairs?”), the model should provide precise timestamps directly as the answer. Since

the grounding results could potentially be unreliable, an extra zoom-in verification

step is necessary.

(3) Answering Only: If the question is straightforward (e.g., “Summarize this

video”) or the video is very short, it could be unnecessary to perform grounding.

Instead, the model should watch the entire video and answer directly.

Query Rephrasing When the user query lacks sufficient detail for accurate mo-

ment localization, the planner is allowed to rephrase the question into a more

descriptive version. For instance, the question “What is the person sitting on the bed

doing as the baby plays?” may confuse the grounder as it contains multiple events

(“person sitting on the bed” and “baby plays”). It can be rephrased to “the baby is

playing” as an accurate scene description.
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Figure 6.4: Detailed architecture of the timestamp decoder. This module accepts

hidden states of both the frame tokens and the <REG> token, and decodes them into

the corresponding start and end timestamps.

To train the planning and query rephrasing capabilities, we curated a dataset of 39K

samples (shown in Table 6.1) from public benchmarks. For planning, we aligned

each reasoning plan with corresponding question types: temporal questions from

NExT-QA [280] are assigned to Plan-1, moment queries from QVHighlights [120]

are for Plan-2, and causal & descriptive questions from NExT-QA [280] are for Plan-

3. For query rephrasing, we leverage GPT-4o mini [188] to generate synthetic video

+ question → query samples.

6.3.3 Grounder

The grounder aims to localize relevant moments (i.e., predicting start and end

timestamps) based on text queries, thereby supporting the reasoning process by

identifying visual cues. This requirement calls for the development of an LMM with

robust temporal grounding capabilities.
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Timestamp Decoder Instead of directly predicting timestamps through language

modeling [216] or special tokens [89, 158], we develop a timestamp decoder to

maximize the LMM-based grounding performance. Specifically, we introduce a

<REG> token to facilitate this process. When the <REG> token is generated, the

last-layer hidden states of it and all the visual tokens will be sent into the decoder

for timestamp prediction, obtaining a tuple [tstart, tend] representing the normalized

start and end timestamps.

As shown in Figure 6.4, the decoder accepts the hidden states of the visual tokens

hv ∈ R(T×H×W )×DL and the <REG> token hr ∈ R1×DL as inputs, where T , H, W , DL

are the downsampled number of frames, height, width, and hidden dimensions of

the LLM, respectively. We apply a 1D average pooling with kernel size and stride

equal to H ×W to compress the visual tokens to one token per frame.

h′
v = AvgPool(hv) ∈ RT×DL (6.1)

Then, h′
v and hr are projected by two linear layers Ev and Er to reduce the hidden

dimension to D.

ev = Ev(h
′
v) ∈ RT×D, er = Er(hr) ∈ R1×D (6.2)

The resulting ev and er serve as consolidated representations of the video frames

and the query1, respectively. To effectively integrate their information, we concate-

nate them along the sequence dimension and send them into a three-layer trans-

former encoder [248].

[e′v; e
′
r] = Transformer([ev +mv + ep;hr +mr]) (6.3)

Here, modality indicators mv ∈ R1×D and mr ∈ R1×D are randomly initialized

learnable embeddings. mv is expanded to T ×D before being added with ev. ep is

a normalized sinusoidal positional encoding [248] for preserving temporal aware-

1We use the term “query” to denote the features of <REG> token.
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ness. The output sequence is split back into e′v and e′r, indicating the contextualized

frame and query embeddings, respectively.

Temporal Feature Pyramid To improve the model’s adaptability to videos and

moments of varying lengths, we map e′v into a four-level temporal feature pyramid

[153, 325]. Each level is produced by a Conv1D→ LayerNorm→ SiLU block, where

the Conv1D employs a kernel size and stride of 2. Therefore, the resulting four

levels retain 1, 1/2, 1/4, and 1/8 of the original sequence length, respectively. To

accelerate the prediction, we concatenate the sequences from all pyramid levels

along the temporal dimension to form pv with length L = T + T/2 + T/4 + T/8,

allowing parallelized prediction across temporal resolutions.

Prediction Heads We introduce two heads for timestamps prediction: (1) A clas-

sification head is designed for frame-level foreground-background classification.

This is instantiated by a two-layer Conv1D module with kernel size 3 and padding

1, followed by a Sigmoid activation. The outputs are frame-level confidence scores

{ĉi}Li=0 indicating whether each frame falls inside the desired moment. A binary

focal loss [143] is utilized to optimize these scores.

Lcls = −λclsα(1− ĉi)
γ log(ĉi) (6.4)

Here, α = 0.9 and γ = 2.0 are hyperparameters of the focal loss, and λcls is the

loss reweighing term. (2) A boundary regression head is adopted to predict the

frame-level temporal offsets for start and end boundaries {[b̂si , b̂ei ]}Li=0. This is also a

two-layer Conv1D block (with 2 output channels), followed by an exponential acti-

vation. Predictions from different pyramid levels are further modulated by different

learnable scaling factors. These outputs are supervised by an L1 loss.

Lreg = λreg(|bsi − b̂si |+ |bei − b̂ei |) (6.5)

In order to realize better alignment between e′v and e′r, we incorporate an additional

contrastive loss to encourage learning more discriminative representations. Specif-
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Table 6.1: Training datasets for different roles. Source datasets were repurposed

for training planner and verifier. mr and step denote the moment retrieval and step

localization subsets, respectively.

Role #Samples Datasets

Planner 39K NeXT-QA-Plan (34K), QVHighlights-Plan (5K)

Grounder 210K
QVHighlights (5K), DiDeMo (33K), TACoS (9K), InternVid-VTime (54K),

CosMo-Cap (87K), QuerYD (19K), HiRESTmr (8K), HiRESTstep (4K)

Verifier 232K DiDeMo-Verify (165K), TACoS-Verify (43K), QVHighlights-Verify (24K)

ically, we calculate the cosine similarities among all frame-query pairs (denoted as

{si}Li=0), then sample a positive frame (falling within the ground truth boundary)

and apply the following optimization objective:

Lcon = −λcon log
exp(sp/τ)

exp(sp/τ) +
∑

i∈Θ exp(si/τ)
(6.6)

Here, Θ is the set of frame indices with sp > si, and τ = 0.07 is the temperature

parameter. The final loss for the timestamp decoder is the sum of these losses at

all layers with λcls = 5.0, λreg = 1.0, and λcon = 0.05. The training datasets for the

grounder are listed in Table 6.1.

6.3.4 Verifier

Key moments are crucial for providing visual cues, yet they might be unreliable due

to grounding errors. Thus, further verifications are necessary. We let the grounder

generate top-5 predictions, then employ the verifier to select the most reliable

one. This process is presented in Figure 6.5.

Recap by Zooming-in For each candidate moment, we apply a zoom-in strat-

egy by expanding the boundaries by 50% on both sides and temporally cropping

the enlarged segment. The resulting segment and the original text query are sent

to the verifier to assess whether the queried event exactly occurs within the tem-
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Grounder: Find the candidate moments

10, 23 15, 76 ... 51, 97 42, 89

0.29 0.86 0.470.52

Zoom-​in
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Figure 6.5: The grounder generates multiple candidate moments, which are then

refined by the verifier via zooming-in to select the best moment.

poral boundaries. To enhance boundary awareness, we adopt two special tokens,

<SEG-START> and <SEG-END>, to explicitly mark the beginning and end of the mo-

ment. These tokens are inserted among the visual tokens at the corresponding

frames, effectively guiding the model in recognizing moment boundaries.

Boolean Judgement The verifier’s responses are binary, i.e., either “Yes” or “No”.

To train this role, we sample predictions from the grounder and assign binary labels

based on an IoU threshold of 0.5. The model is then fine-tuned via SFT to predict

these labels. During inference, for each candidate moment, we employ teacher

forcing to obtain the likelihoods of the <Yes> and <No> tokens, denoted as Ly and

Ln, respectively. The confidence score is then computed as Sigmoid(Ly − Ln). The

moment with the highest score is selected and passed to the answerer.

6.3.5 Answerer

The answerer responds to the given question based on the cropped video segment

(w/ grounder) or the whole video (w/o grounder). Since the objective of this role is

strictly aligned with existing LMMs, we employ the original model directly without

fine-tuning or architectural modifications.
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6.3.6 Chain-of-LoRA

The four roles introduced above demonstrate distinct yet complementary capabil-

ities, collaborating to achieve advanced vision-centric reasoning. However, simply

integrating these roles into a single model poses challenges, as their core function-

alities can interfere with one another. To avoid inefficiently implementing them as

multiple models while still accommodating diverse demands, we propose a novel

Chain-of-LoRA mechanism to enable flexible and efficient role switching.

In greater detail, all roles are based on a shared LMM backbone and are augmented

with different LoRA adapters [88]. Note that an additional timestamp decoder is

used exclusively by the grounder. During inference, the framework dynamically ac-

tivates role-specific LoRA adapters according to the planner, thereby maximizing the

strengths of each role while minimizing the memory consumption and architectural

modifications to the base model.

6.4 Experiments

We evaluate the effectiveness of VideoMind through extensive experiments across

14 public benchmarks. Specifically, we study the following research questions.

Q1. Whether VideoMind is flexible and effective on diverse video understanding

tasks compared to the corresponding baselines with task-specific designs?

Q2. Compared with (1) training a single agent on multiple tasks or (2) distributing

all roles to different models, what advantages does Chain-of-LoRA offer?

Q3. What effects does each individual design contribute? More importantly,

whether each role is necessary for building such a video reasoning system?
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Table 6.2: Statistics of evaluation benchmarks. The datasets encompass three rep-

resentative tasks – Grounded VideoQA, Video Temporal Grounding, and General

VideoQA, with video durations ranging from several seconds to more than 1 hour.

Dataset Duration Domain Main Metrics

Grounded Video Question Answering (Grounding + QA)

CG-Bench [28] 1624.4s Diverse rec.@IoU, acc.@IoU

ReXTime [29] 141.1s Vlog, News, Activity mIoU, Acc (IoU⩾ 0.5)

NExT-GQA [281] 39.5s Reasoning mIoP, Acc@GQA

Video Temporal Grounding (Grounding only)

Charades-STA [70] 30.1s Indoor R@{0.3∼0.7}, mIoU

ActivityNet-Captions [114] 111.4s Activity R@{0.3∼0.7}, mIoU

QVHighlights [120] 150s Vlog, News R@{0.5, 0.7}, mAP

TACoS [212] 358.2s Cooking R@{0.3∼0.7}, mIoU

Ego4D-NLQ [76] 379.0s Egocentric R@{0.3∼0.7}, mIoU

ActivityNet-RTL [90] 111.4s Reasoning P@0.5, mIoU

General Video Question Answering (QA only)

Video-MME [66] 1017.9s Diverse Acc (w/o subs)

MLVU [343] 930s Diverse Acc

LVBench [258] 4101s Diverse Acc

MVBench [126] 15s Diverse Acc

LongVideoBench [275] 473s Diverse Acc

6.4.1 Benchmarks and Settings

The experiments are extensively designed across 14 diverse benchmarks. The statis-

tics are listed in Table 6.2. We mainly evaluate VideoMind on grounded VideoQA

and video temporal grounding scenarios, and also study its generalizability on gen-

eral VideoQA benchmarks. The major benchmarks are introduced below.

CG-Bench [28] is designed for long video grounded question answering, featuring

a diverse domain and various evaluation metrics. It includes 1.2K manually curated

videos, ranging from 10 to 80 minutes, with a total of 12K QA pairs. The dataset

is categorized into perception, reasoning, and hallucination question types, and

introduces clue-based evaluation methods like white box and black box assessments

to ensure models provide answers based on accurate video reasoning.
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ReXTime [29] tests models on complex temporal reasoning, using an automated

pipeline for QA pair generation, significantly reducing manual effort. It includes

921 validation and 2.1K test samples, each manually curated for accuracy, and

highlights a 14.3% accuracy gap between SoTA models and human performance.

This benchmark is crucial for evaluating models on cause-and-effect relationships

across video segments.

NExT-GQA [281] aims to challenge models to reason about causal and temporal

actions, supporting both multi-choice and open-ended tasks. This is an extension of

NExT-QA [280] comprising 10.5K manually labeled video QA pairs with temporal

segments. The samples in this benchmark are from “causal” and “temporal” classes,

while the “descriptive” questions in NExT-QA are discarded.

Charades-STA [70] contains 10K in-door videos, averaging 30.1 seconds each, with

16K temporal annotations spanning daily activity, alongside free-text descriptions.

These rich annotations make Charades-STA particularly suitable for evaluating tem-

poral grounding models under indoor environments.

ActivityNet-Captions [114] is a large-scale benchmark with 20K untrimmed

YouTube videos totaling 849 hours, covering diverse activities from personal care

to sports. This dataset contains high-quality dense video captioning annotations

(3.65 temporally localized sentences per video), which we use as queries for video

temporal grounding. Each query has an average length of 13.5 words.

6.4.2 Implementation Details

We leverage the 2B and 7B versions of Qwen2-VL [255] as our base models, and

apply LoRA adapters with rank = 64 and alpha = 64 to the planner, grounder,

and verifier. The hidden size of the timestamp decoder is set to 256. The maxi-

mum number of tokens per frame and maximum number of frames for the planner,

grounder, verifier, and answerer are set as [64, 100], [64, 150], [64, 64], and [256,
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Table 6.3: Performance comparison on Grounded VideoQA on CG-Bench [28]. De-

spite its smaller size, VideoMind surpasses GPT-4o [188] and open-source baselines

on this challenging long video benchmark (avg. duration: 27 min).

Method Size long-acc. mIoU rec.@IoU acc.@IoU

GPT-4o [188] – 45.2 5.62 8.30 4.38

Gemini-1.5-Pro [213] – 37.2 3.95 5.81 2.53

Claude-3.5-Sonnet [7] – 40.5 3.99 5.67 2.79

Video-LLaVA [135] 7B 16.2 1.13 1.96 0.59

VideoLLaMA [328] 7B 18.4 1.21 1.87 0.84

VideoChat2 [126] 7B 19.3 1.28 1.98 0.94

ST-LLM [151] 7B 23.8 2.23 2.86 1.13

ShareGPT4Video [33] 16B 26.7 1.85 2.65 1.01

Chat-UniVi-v1.5 [105] 13B 25.9 2.07 2.53 1.21

VILA [137] 8B 28.7 1.56 2.89 1.35

MiniCPM-v2.6 [240] 8B 30.1 2.35 2.61 1.04

LongVA [333] 7B 28.7 2.94 3.86 1.78

LLaVA-OneVision [122] 7B 31.1 1.63 1.78 1.08

VITA [67] 8×7B 33.3 3.06 3.53 2.06

Qwen2-VL [255] 72B 41.3 3.58 5.32 3.31

InternVL2 [190] 78B 42.2 3.91 5.05 2.64

VideoMind (Ours) 2B 31.0 5.94 8.50 4.02

VideoMind (Ours) 7B 38.4 7.10 9.93 4.67

32], respectively. We train different roles separately and load them together dur-

ing inference, so that the model can efficiently switch roles by activating different

LoRAs. During training, we set the global batch size to 32, and utilize the AdamW

optimizer [162] with learning rates of 2e-5, 1e-4, and 5e-5 for planner, grounder,

and verifier, respectively. All the roles were trained for 1 epoch on their specific

datasets, with a linear warmup in the first 3% steps. During inference, we apply an

NMS with IoU = 0.75 to reduce duplicated moments from the grounder.

6.4.3 Q1: Comparison with State-of-the-Arts

Grounded Video Question Answering Table 6.3 compares the performance

on Grounded VideoQA on CG-Bench [28], a challenging video benchmark with
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Table 6.4: Performance comparison on Grounded VideoQA on ReXTime [29]. FT

indicates whether fine-tuned on the downstream training set.

Method Size FT R@0.3 R@0.5 mIoU Acc Acc@IoU

VTimeLLM [89] 7B ✗ 28.84 17.41 20.14 36.16 –

TimeChat [216] 7B ✗ 14.42 7.61 11.65 40.04 –

LITA [90] 13B ✗ 29.49 16.29 21.49 34.44 –

VTimeLLM [89] 7B ✓ 43.69 26.13 29.92 57.58 17.13

TimeChat [216] 7B ✓ 40.13 21.42 26.29 49.46 10.92

VideoMind (Ours) 2B ✗ 34.31 22.69 24.83 69.06 17.26

VideoMind (Ours) 7B ✗ 38.22 25.52 27.61 74.59 20.20

an average duration of 27 minutes. On temporal grounding metrics (mIoU and

rec.@IoU), our lightweight 2B model outperforms all the baselines, including

GPT-4o [188] and Gemini 1.5 Pro [213]. Our 7B model further setups a new state-

of-the-art on clue-grounded QA (acc.@IoU). In Table 6.4 and Table 6.5, we further

present the comparison results on ReXTime [29] and NExT-GQA [281]. Despite

the challenges posed by the causal event relationships on RexTime, our model

can successfully identify the correct moment, resulting in significant performance

boosts compared with zero-shot baselines. On NExT-GQA, compared to agent-based

solutions such as LLoVi [324] and LangRepo [107] and end-to-end methods like

VideoChat-TPO [299], VideoMind demonstrates its effectiveness on both key event

grounding and question answering.

Video Temporal Grounding Since the performance of the grounder and veri-

fier is essential for VideoMind, we evaluate these modules on temporal grounding

datasets. In Table 6.6 and Table 6.7, we validate the zero-shot grounding capa-

bilities of VideoMind. Benefiting from (1) the timestamp decoder design of the

grounder, and (2) a verifier that refines the results by focusing on critical segments,

our model surpasses all LLM-based temporal grounding methods and yields com-

petitive results compared to fine-tuned temporal grounding experts.
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Table 6.5: Performance comparison on Grounded VideoQA on NExT-GQA [281].

Method Size
IoU IoP

Acc@GQA
R@0.3 R@0.5 mIoU R@0.3 R@0.5 mIoP

FrozenBiLM NG+ [300] 890M 13.5 6.1 9.6 28.5 23.7 24.2 17.5

VIOLETv2 [68] – 4.3 1.3 3.1 25.1 23.3 23.6 12.8

SeViLA [313] 4B 29.2 13.8 21.7 34.7 22.9 29.5 16.6

LangRepo [107] 8×7B – 12.2 18.5 – 28.7 31.3 17.1

VideoStreaming [201] 8.3B – 13.3 19.3 – 31.0 32.2 17.8

LLoVi [324] 1.8T – 15.3 20.0 – 36.9 37.3 24.3

HawkEye [266] 7B 37.0 19.5 25.7 – – – –

VideoChat-TPO [299] 7B 41.2 23.4 27.7 47.5 32.8 35.6 25.5

VideoMind (Ours) 2B 45.2 23.2 28.6 51.3 32.6 36.4 25.2

VideoMind (Ours) 7B 50.2 25.8 31.4 56.0 35.3 39.0 28.2

We additionally compare VideoMind with representative methods on the challeng-

ing TACoS [212], Ego4D-NLQ [76], and QVHighlights [120] datasets in Table 6.8,

Table 6.9, and Table 6.10, respectively. Our model performs better than the strong

task-specific baseline UniVTG [140] on TACoS but slightly worse than it on Ego4D-

NLQ, because UniVTG was originally pre-trained on egocentric videos. Even with-

out egocentric pre-training, VideoMind can still produce comparable results on

Ego4D-NLQ. To our best knowledge, VideoMind is the first LLM-based grounding

model that supports multi-moment outputs, thereby being able to be evaluated

on QVHighlights. Compared with task-specific experts, our VideoMind-2B signifi-

cantly outperforms all previous methods on this challenging dataset, setting a new

state-of-the-art.

Reasoning Temporal Localization We also evaluate the generalization ability of

grounder and verifier on the more challenging reasoning temporal localization [90]

task, which is similar to video temporal grounding, but the queries are not directly

describing the moment. The models are required to infer the actual event using

their world knowledge. The results in Table 6.11 show that VideoMind can success-

fully generalize its strong zero-shot grounding capability to complex scenarios.
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Table 6.6: Performance of video tempo-

ral grounding on Charades-STA [70].

Method Size FT R@0.3 R@0.5 R@0.7 mIoU

Non-LLM-based Specialists

Moment-DETR [120] – ✓ 65.8 52.1 30.6 45.5
UniVTG [140] – ✓ 70.8 58.1 35.6 50.1
R2-Tuning [153] – ✓ 70.9 59.8 37.0 50.9

LLM-based Generalists

VTimeLLM [89] 13B ✗ 55.3 34.3 14.7 34.6
TimeChat [216] 7B ✗ 51.5 32.2 13.4 –
Momentor [200] 7B ✗ 42.6 26.6 11.6 28.5
HawkEye [266] 7B ✗ 50.6 31.4 14.5 33.7
ChatVTG [204] 7B ✗ 52.7 33.0 15.9 34.9
VideoChat-TPO [299] 7B ✗ 58.3 40.2 18.4 38.1
E.T. Chat [158] 4B ✗ 65.7 45.9 20.0 42.3

VideoMind (Ours) 2B ✗ 67.6 51.1 26.0 45.2
VideoMind (Ours) 7B ✗ 73.5 59.1 31.2 50.2

Table 6.7: Performance of video tempo-

ral grounding on ANet-Captions [114].

Method Size FT R@0.3 R@0.5 R@0.7 mIoU

Non-LLM-based Specialists

2D-TAN [334] – ✓ 60.4 43.4 25.0 42.5
MMN [267] – ✓ 64.5 48.2 29.4 46.6
VDI [164] – ✓ – 48.1 28.8 –

LLM-based Generalists

VideoChat [125] 7B ✗ 8.8 3.7 1.5 7.2
Video-LLaMA [328] 7B ✗ 6.9 2.1 0.8 6.5
Video-ChatGPT [171] 7B ✗ 26.4 13.6 6.1 18.9
Valley [166] 7B ✗ 30.6 13.7 8.1 21.9
ChatVTG [204] 7B ✗ 40.7 22.5 9.4 27.2
Momentor [200] 7B ✗ 42.9 23.0 12.4 29.3
E.T. Chat [158] 4B ✗ 24.1 12.8 6.1 18.9

VideoMind (Ours) 2B ✗ 44.0 26.5 12.6 30.1
VideoMind (Ours) 7B ✗ 48.4 30.3 15.7 33.3

Table 6.8: Video temporal grounding on

TACoS [212]. Note that our method was

co-trained on this dataset.

Method Size FT R@0.3 R@0.5 R@0.7 mIoU

Non-LLM-based Specialists

2D-TAN [334] – ✓ 40.0 28.0 12.9 27.2
Moment-DETR [120] – ✓ 38.0 24.7 12.0 25.5
UniVTG [140] – ✓ 51.4 35.0 17.4 33.6
R2-Tuning [153] – ✓ 49.7 38.7 25.1 35.9

LLM-based Generalists

VideoMind (Ours) 2B ✓ 38.6 26.9 15.5 27.4
VideoMind (Ours) 7B ✓ 49.5 36.2 21.4 34.4

Table 6.9: Performance of video tempo-

ral grounding on Ego4D-NLQ [76].

Method Size FT R@0.3 R@0.5 R@0.7 mIoU

Non-LLM-based Specialists

2D-TAN [334] – ✓ 4.3 1.8 0.6 3.4
VSLNet [329] – ✓ 4.5 2.4 1.0 3.5
Moment-DETR [120] – ✓ 4.3 1.8 0.7 3.5
UniVTG [140] – ✓ 7.3 4.0 1.3 4.9
R2-Tuning [153] – ✓ 7.2 4.5 2.1 4.9
UniVTG [140] – ✗ 6.5 3.5 1.2 4.6

LLM-based Generalists

VideoMind (Ours) 2B ✗ 5.9 2.9 1.2 4.7
VideoMind (Ours) 7B ✗ 7.2 3.7 1.7 5.4

General Video Question Answering We are also interested in whether our tem-

porally augmented design can improve general VideoQA tasks. In Table 6.12, we

evaluate our model on three long video benchmarks to determine if the Chain-

of-LoRA design generalizes to common settings. Our designs effectively help the

model localize cue segments before answering the question. For long VideoQA, we

also provide evaluations on LongVideoBench [275] in Table 6.13, which further ver-
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Table 6.10: Fine-tuned video temporal grounding results on QVHighlights [120].

Method Size
R1 mAP

@0.5 @0.7 @0.5 @0.75 Avg.

Non-LLM-based Specialists

XML [121] – 41.83 30.35 44.63 31.73 32.14

XML+ [120] – 46.69 33.46 47.89 34.67 34.90

Moment-DETR [120] – 59.78 40.33 60.51 35.36 36.14

UMT [155] – 60.83 43.26 57.33 39.12 38.08

MomentDiff [128] – 58.21 41.48 54.57 37.21 36.84

QD-DETR [178] – 62.40 44.98 62.52 39.88 39.86

UniVTG [140] – 65.43 50.06 64.06 45.02 43.63

R2-Tuning [153] – 68.03 49.35 69.04 47.56 46.17

LLM-based Generalists

VideoMind (Ours) 2B 75.42 59.35 74.11 55.15 51.60

VideoMind (Ours) 7B 78.53 61.09 76.07 58.17 54.19

ifies the effectiveness of VideoMind on videos scaling to one-hour long. Table 6.14

presents more results of VideoMind on MVBench [126], which is a benchmark with

very short videos (around 15s). Our model can still achieve good performance.

6.4.4 Q2: The Advantages of Chain-of-LoRA

Table 6.15 studies the effect of role integration on VideoMind-2B. First, text-based

CoT does not improve the base model, highlighting the need for a vision-centric

reasoning strategy. Second, although the all-distributed approach achieves the best

performance, it requires multiple copies (4×) of the model weights. In contrast,

Chain-of-LoRA maintains top performance while being efficient.

6.4.5 Q3: Ablation Studies

Effect of Individual Roles The contributions of different roles are studied in Ta-

ble 6.16. Our observations are as follows: (1) Grounder: By identifying visual
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Table 6.11: Performance compar-

ison on reasoning temporal local-

ization on ActivityNet-RTL [90].

Our zero-shot method outperforms

the fine-tuned baseline LITA by a

considerable margin.

Method Size FT P@0.5 mIoU

LITA [90] 7B ✓ 21.2 24.1

LITA [90] 13B ✓ 25.9 28.6

VideoMind (Ours) 2B ✗ 20.1 22.7

VideoMind (Ours) 7B ✗ 28.0 31.3

Table 6.12: VideoQA performance on Video-

MME [66], MLVU [343], and LVBench [258].

Method Size
Video-MME MLVU LVBench

All Long M-Avg Overall

Gemini-1.5-Pro [213] – 75.0 67.4 – 33.1

GPT-4o [188] – 71.9 65.3 54.5 30.8

Video-LLaVA [135] 7B 41.1 37.8 29.3 –

TimeChat [216] 7B 34.3 32.1 30.9 22.3

MovieChat [228] 7B 38.2 33.4 25.8 22.5

PLLaVA [291] 34B 40.0 34.7 53.6 26.1

VideoChat-TPO [299] 7B 48.8 41.0 54.7 –

LongVA [333] 7B 52.6 46.2 56.3 –

VideoMind (Ours) 2B 55.4 46.3 58.7 35.4

VideoMind (Ours) 7B 58.2 49.2 64.4 40.8

Table 6.13: Performance of VideoQA on LongVideoBench [275] val split.

Method Size Acc
Acc @ Duration Groups

(8, 15] (15, 60] (180, 600] (900, 3600]

GPT-4o [188] – 66.7 71.4 76.7 69.1 60.9

GPT-4 Turbo [2] – 59.0 65.2 68.2 62.4 50.5

Gemini-1.5-Pro [213] – 64.0 67.4 75.1 65.3 58.6

Gemini-1.5-Flash [213] – 61.6 68.3 76.2 62.6 54.0

Idefics2 [118] 8B 49.7 59.8 65.7 47.8 42.7

Phi-3-Vision [1] 4B 49.6 59.3 61.6 46.8 44.7

Mantis-Idefics2 [102] 8B 47.0 56.6 55.8 45.6 42.2

Mantis-BakLLaVA [102] 7B 43.7 53.4 57.6 40.3 38.7

VideoMind (Ours) 2B 48.8 59.3 59.3 49.3 41.7

VideoMind (Ours) 7B 56.3 67.7 67.4 56.8 48.6

cues, the grounder can slightly improve QA accuracy, indicating that the grounder

is especially effective on long videos. (2) Verifier: Selecting the best candidate

through the verifier improves grounding performance, yielding a consistent gain of

3.2 mIoU on Charades-STA. (3) Planner: Coordinating roles via the planner – even

when performing grounding on only 40% samples – boosts the accuracy from 69.2

to 70.0. This highlights the model’s flexibility to adaptively determine whether to

perform grounding under different temporal contexts.
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Table 6.14: Performance comparison on general VideoQA on MVBench [126].

Model Size AS AP AA FA UA OE OI OS MD AL ST AC MC MA SC FP CO EN ER CI Avg.

GPT-4V [187] – 55.5 63.5 72.0 46.5 73.5 18.5 59.0 29.5 12.0 40.5 83.5 39.0 12.0 22.5 45.0 47.5 52.0 31.0 59.0 11.0 43.5

Video-ChatGPT [171] 7B 23.5 26.0 62.0 22.5 26.5 54.0 28.0 40.0 23.0 20.0 31.0 30.5 25.5 39.5 48.5 29.0 33.0 29.5 26.0 35.5 32.7
Video-LLaMA [328] 7B 27.5 25.5 51.0 29.0 39.0 48.0 40.5 38.0 22.5 22.5 43.0 34.0 22.5 32.5 45.5 32.5 40.0 30.0 21.0 37.0 34.1
VideoChat [125] 7B 33.5 26.5 56.0 33.5 40.5 53.0 40.5 30.0 25.5 27.0 48.5 35.0 20.5 42.5 46.0 26.5 41.0 23.5 23.5 36.0 35.5
Video-LLaVA [135] 7B 46.0 42.5 56.5 39.0 53.5 53.0 48.0 41.0 29.0 31.5 82.5 45.0 26.0 53.0 41.5 33.5 41.5 27.5 38.5 31.5 43.0
TimeChat [216] 7B 40.5 36.0 61.0 32.5 53.0 53.5 41.5 29.0 19.5 26.5 66.5 34.0 20.0 43.5 42.0 36.5 36.0 29.0 35.0 35.0 38.5
PLLaVA [291] 7B 58.0 49.0 55.5 41.0 61.0 56.0 61.0 36.0 23.5 26.0 82.0 39.5 42.0 52.0 45.0 42.0 53.5 30.5 48.0 31.0 46.6
ShareGPT4Video [33] 7B 49.5 39.5 79.5 40.0 54.5 82.5 54.5 32.5 50.5 41.5 84.5 35.5 62.5 75.0 51.0 25.5 46.5 28.5 39.0 51.5 51.2
ST-LLM [151] 7B 66.0 53.5 84.0 44.0 58.5 80.5 73.5 38.5 42.5 31.0 86.5 36.5 56.5 78.5 43.0 44.5 46.5 34.5 41.5 58.5 54.9
VideoGPT+ [170] 3.8B 69.0 60.0 83.0 48.5 66.5 85.5 75.5 36.0 44.0 34.0 89.5 39.5 71.0 90.5 45.0 53.0 50.0 29.5 44.0 60.0 58.7
VideoChat2 [126] 7B 75.5 58.0 83.5 50.5 60.5 87.5 74.5 45.0 47.5 44.0 82.5 37.0 64.5 87.5 51.0 66.5 47.0 35.0 37.0 72.5 60.4

VideoMind (Ours) 2B 77.0 78.0 77.0 46.5 70.5 87.0 71.5 33.0 48.0 39.5 91.0 53.0 78.0 89.0 43.5 53.5 61.5 37.5 49.5 53.0 61.9
VideoMind (Ours) 7B 74.0 71.5 81.0 50.0 77.0 93.0 75.0 38.0 48.5 46.0 91.0 39.0 80.0 94.5 49.5 55.5 70.0 40.5 57.0 61.0 64.6

Table 6.15: Comparison with different test-time scaling strategies.

Method Memory
NExT-GQA Charades-STA Video-MME

mIoU Acc R@0.5 mIoU All Long

Qwen2-VL-2B 4.1G – 69.6 – – 53.0 43.1

+ CoT [272] 4.1G – 69.7 – – 52.8 43.3

+ All-in-One 4.2G 28.0 70.5 47.8 42.1 53.6 43.6

+ All-Distributed 16.6G 28.6 71.4 51.1 45.2 55.4 46.3

+ Chain-of-LoRA 4.2G 28.6 71.4 51.1 45.2 55.4 46.3

Effect of the Temporal Feature Pyramid Table 6.17 studies the effectiveness of

the temporal feature pyramid. Our baseline model directly makes predictions on

the last-layer transformer outputs. When adding more pyramid levels, the perfor-

mance of video temporal grounding consistently improves under all metrics on the

Charades-STA [70] dataset under zero-shot setting, suggesting the effectiveness of

improving the robustness of the model when facing moments with different lengths.

Design Choices of Verifier In Table 6.18, we examine various design choices for

the verifier. The term “Direct” refers to the method where the grounded moment is

directly sent into the model without any expansion. “Expand” denotes expanding

the temporal boundaries by 50%, while “Textual” involves adding supplementary

textual information to indicate the length of the target event. “Special Token” rep-
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Table 6.16: Effects of individual roles. The top half evaluates the full system on

grounded VideoQA, while the bottom half details the impact of the grounder and

verifier on video temporal grounding. Ground% indicates the percentage of samples

processed with the grounder.

VideoMind Roles ReXTime Charades-STA

Answerer Grounder Verifier Planner Ground% mIoU Acc R@0.5 R@0.7 mIoU

✓ 0% – 68.0 – – –

✓ ✓ 100% 24.5 68.8 – – –

✓ ✓ ✓ 100% 24.8 69.1 – – –

✓ ✓ ✓ ✓ 100% 24.7 69.2 – – –

✓ ✓ ✓ ✓ 40% 26.7 70.0 – – –

✓ – – 47.2 21.7 42.0

✓ ✓ – – 51.1 26.0 45.2

Table 6.17: Effect of the temporal fea-

ture pyramid on Charades-STA [70].

#Pyramid Levels
Charades-STA

R@0.3 R@0.5 R@0.7 mIoU

1 60.55 44.57 15.82 38.13

2 61.51 46.90 19.36 40.43

3 62.62 47.02 20.08 41.27

4 63.55 47.23 21.69 42.02

Table 6.18: Effect of different verifier

styles on Charades-STA [70].

Verifier Type
Charades-STA

R@0.3 R@0.5 R@0.7 mIoU

Direct 60.42 45.28 19.32 39.84

Expand 65.10 48.70 23.15 43.57

Textual 65.24 49.33 23.89 44.01

Special Token 67.63 51.05 25.99 45.22

resents our final approach, utilizing special tokens to denote the grounded start

and end timestamps. The comparison demonstrates that expanding the temporal

boundaries effectively broadens the verifier’s perceptual range, and the use of spe-

cial tokens enhances the model’s awareness of precise moment boundaries.

6.4.6 Visualization

In Figure 6.6, we illustrate how VideoMind applies all roles to progressively derive

the correct answer while avoiding potential mistakes. The planner determines what

roles are needed, then calls the grounder to generate candidate moments. The
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31s24s16s0s

Options: (A) Want to hug child (B) Dancing (C) Doing squats (D) Want to hug dog (E) Stretching his arms
Question: Why did the adult squat down and opened his arm at the end of the video?

8s

VideoMind (Ours)
In the video, the adult is seen stretching his arms 
out while holding the child. This suggests that the 
adult is likely trying to catch the child or provide 

support. The other options do not seem to be 
relevant to the context of the video. Answer: (E)

Chain-​of-​Thought

The moment that CoT might refer to

VideoMind's Grounded Moment

Ground Truth Moment

Grounder Query: The adult squats down 
and opens his arm at the end of the video

1. Grounder
2. Verifier
3. Answerer

Action Plan:

[18.2, 26.6]

[24.5, 30.3]

[26.6, 30.9]

[21.9, 29.5]

Candidate Moments:

0.420.40

Best Option: (A) 
Want to hug child

0.490.41

Final Answer:Confidence:

Figure 6.6: Visualization of VideoMind’s reasoning process. Through chaining the

grounder, verifier, and answerer, our model accurately localizes the critical moment

and selects the correct answer, avoiding confusion from incorrect segments.

verifier selects the most relevant segment (highlighted in yellow), which is then

zoomed-in and passed to the answerer for further reasoning.

6.5 Summary

In this chapter, we finally combine all the relevant techniques introduced in the

previous chapters, and propose VideoMind, a novel visual-language agent designed

for temporal grounded video reasoning. Our approach employs an agentic work-

flow consisting of several roles, along with a Chain-of-LoRA strategy to efficiently

switch among these roles. Extensive experiments in grounded video question an-

swering, video temporal grounding, and general video question answering demon-

strate its effectiveness and significance in providing precise, evidence-grounded an-

swers. The contributions in this chapter are summarized below:

1. An explicit vision-centric formulation of multi-step long video reasoning, in-

cluding the steps of planning, grounding, verification, and question answer-

ing. This formulation is in contrast to conventional pure-text based reasoning

and can better handle vision-centric tasks.

2. A flexible, learnable, and scalable multi-agent framework (VideoMind) for
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interactive image and video understanding. This framework explicitly defines

four roles to handle different essential steps for long video reasoning.

3. A Chain-of-LoRA strategy for efficient role-switching and effective inference

acceleration. This design combines the advantages of all-in-one learning and

multi-agent frameworks.

The novelties behind our contributions in this chapter are:

1. We, for the first time, propose and demonstrate the significance and effec-

tiveness of vision-centric multi-step video reasoning. Compared to pure-text-

based reasoning like OpenAI o1 [189] and DeepSeek R1 [79], our new for-

mulation is more suitable for vision-centric tasks.

2. The proposed VideoMind framework offers a simple yet scalable implementa-

tion of our formulation. Its detailed role-specific technical designs are novel

and hold potential to inspire future research in related areas.

3. Our Chain-of-LoRA technology introduces a novel approach that combines

the strong performance of multi-agent systems with the efficiency of an all-in-

one joint training strategy. To the best of our knowledge, this is also the first

solution to employ LoRA adapters dynamically during model inference, rather

than solely in training.

6.6 Limitations & Future Work

The proposed framework represents our initial attempt at a multi-agent-based so-

lution for interactive video understanding. In this chapter, we identify two limita-

tions that warrant deeper exploration. First, the current planner design and role

distribution are based on heuristic decisions, which might be sub-optimal and can

potentially be more flexible. For example, a possible enhancement of planner would

be allowing it to call the answerer for an initial answer generation, then generate

163



Chapter 6. A Chain-of-LoRA Agent for Interactive Video Understanding

the detailed plan based on the preliminary answer. Second, the entire inference

pipeline lacks an explicit reflection design. Therefore, the overall performance of

each role is largely affected by the previous role. Enabling the reflection capability

is essential for building a real interactive content understanding agent. To address

these limitations, a promising direction for future work is to integrate the planner

and answerer into a unified agent that possesses reflection capabilities. This would

allow the model, upon detecting that a predicted answer may be incorrect, to re-

trigger the grounder and/or verifier dynamically for correction and improvement.

Modern reinforcement learning training techniques such as PPO [220] and GRPO

[79] might also be utilized.
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Conclusion

This thesis presents a systematic approach towards building an interactive multi-

modal content understanding system. We identify the fundamental limitation of

contemporary AI systems: the reliance on the single-pass processing paradigm,

which is sub-optimal for comprehensively encoding all information for diverse

downstream tasks. Our solution to this limitation is a new paradigm that treats

multi-modal content as an environment, and develops an agent to actively explore

this environment during reasoning.

This agentic formulation introduces three core challenges: task-driven perception,

open-ended reasoning, and proactive interaction. Chapter 2 addresses the inte-

gration of visual, audio, and textual modalities for video moment retrieval and

highlight detection, particularly under varying modality reliability. Chapter 3 fur-

ther proposes a simple yet effective solution for video temporal grounding through

parameter- and memory-efficient transfer learning. These techniques are further

extended to LLM-based architectures. Chapter 4 introduces a complete solution

for event-level and time-sensitive video-language understanding, while Chapter 5

focuses on the more fine-grained spatial-temporal region/object referring and seg-

mentation. Finally, Chapter 6 brings all these relevant techniques together into a
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multi-agent system capable of planning, grounding, verification, and question an-

swering. We have demonstrated through extensive experiments that this agentic

solution for interactive multi-modal content understanding brings significant per-

formance gains compared with conventional single-pass approaches, especially in

complex, long-video scenarios.

In summary, we introduce a new paradigm of multi-modal content understanding,

and provide innovative solutions in terms of problem formulations, model archi-

tectural designs, training objectives, high-quality data, and extensive evaluation.

We hope that this thesis could inspire future research in the area of multi-modal

understanding, large language models, and agents.

7.1 Potential Future Impact

While we have demonstrated significant performance gains across diverse public

benchmarks, the broader impact of the innovations in this thesis extends far beyond

the immediate tasks explored. Here, we outline some potential future impact of our

research across multiple research directions and real-world application scenarios,

then articulate open challenges and promising future directions.

7.1.1 Impact on Research Directions

Multi-modal Content Understanding The proposed new paradigm of treating

multi-modal content as an interactive environment introduces a foundation for the

next-generation content understanding system – from passive encoder-decoder ar-

chitectures to proactive agentic solutions. We believe that this perspective opens up

new avenues for advancing image/video/audio understanding.

Agentic AI The core conceptual innovation of our multi-agent system in Chapter 6
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– roles capable of planning, grounding, verification, and reasoning – can inform the

design of future multi-agent systems. Our Chain-of-LoRA technique also naturally

complements ongoing efforts in LLM-as-agent research and contributes to the de-

velopment of more general-purpose agents.

MLLMs for Fine-grained Image/Video Understanding Our technical contribu-

tions in Chapter 4 and Chapter 5 outline a practical roadmap for MLLM-based fine-

grained spatial-temporal image/video understanding. The proposed solutions have

demonstrated robustness and scalability, and are strong candidates to become stan-

dard architectural components in future MLLM designs.

Efficient Fine-tuning and Transfer Learning The strategies and theoretical foun-

dations for parameter- and memory-efficient learning introduced in Chapter 3 pro-

vide a robust framework for the scalable deployment of multi-modal models. These

approaches are well-suited for real-world applications on resource-constrained plat-

forms, thereby advancing the democratization of multi-modal intelligence.

7.1.2 Impact on Real-World Applications

Multimedia Analytics and Content Production Our moment retrieval and high-

light detection techniques introduced in Chapter 2∼4 could power automated mul-

timedia curation, production, and management. These capabilities allow platforms

to generate trailers, detect highlights, and segment long-form content into search-

able and browsable units to enhance user engagement.

Education and E-Learning The relevant techniques in video spatial/temporal un-

derstanding and agentic exploration enable educational assistants capable of under-

standing and summarizing video lectures, identifying key moments, and answering

complex questions from learners. These AI-driven systems have the potential to
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revolutionize personalized learning and assessment.

Robotics and Embodied AI Multi-modal agents proposed in Chapter 6 that ac-

tively perceive environments through planning, grounding, verification, reasoning,

and reflection could form the foundation of embodied AI systems for applications

such as household robotics, autonomous navigation, and industrial automation.

Healthcare and Assistive Technology Our technical innovations in video under-

standing can also support medical video analysis, such as in surgery recordings or

patient monitoring systems. They can help detect critical events, assist practitioners

in reviewing long procedures, or aid in training simulations.

7.2 Future Work

Although the proposed paradigm demonstrates significant potential, many chal-

lenges remain unresolved. One of the most promising directions for future research

is the explicit incorporation of a vision-centric reflection mechanism. Specifically,

this would allow the model to adaptively revisit previous reasoning steps upon

detecting inconsistencies or errors in the current inference process. One poten-

tial approach to implementing such a mechanism involves integrating Monte Carlo

Tree Search (MCTS) [46] with vision-centric designs. This would enable models

to actively explore visual content and iteratively refine their reasoning paths. An-

other direction worth investigating is the integration of reinforcement learning (RL)

[220, 79] with visual reasoning tasks. With appropriately designed rewards, RL pro-

vides greater potential to learn more robust reasoning strategies while mitigating

the risk of overfitting. Together, these approaches could play a pivotal role in devel-

oping the next generation of interactive content understanding systems. We hope

that this thesis can provide new insights into interactive content understanding and

inspire more research in this promising but challenging area.
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