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Abstract

Large Language Models (LLMs) have recently been introduced into recommender sys-
tems to leverage their strong abilities in semantic understanding and reasoning beyond
traditional models, raising the vision that the next generation of recommender sys-
tems could be LLM-based. However, simply plugging LLMs into recommendation
pipelines, e.g., description-based prompting, raises three fundamental challenges: it
is unclear whether LLMs truly learn the relationship between user—item features and
interaction labels, how LLMs can directly exploit high-order structure in attributed
graphs, and how to make such graph-integrated LLM recommenders efficient enough
for real-world deployment. This thesis presents a systematic framework to address
these challenges, advancing LLM-based recommendation by integrating user—item
features into LLMs, extending this integration to attributed graphs, and ultimately
enabling graph-based collaborative filtering (CF) on user—item interaction graphs
with LLMs. First, we propose a self-monitoring framework that guides LLMs to align
their predictions with informative user—item features. Next, we move to attributed
graphs and introduce graph as a new language, enabling LLMs to capture high-order
structure from new language corpus. Then we apply this idea to user—item interac-
tion graphs and efficiently learn collaborative user/item embeddings from a sampled
corpus for deployment. These three contributions form a coherent pipeline, demon-
strating that with proper integration of user—item features and interaction graphs into
LLMs, they can move beyond description-based prompting toward practical, scalable

LLM-based recommender systems.
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Chapter 1

Introduction

1.1 Background

Recommender systems have been a long-standing research topic. Despite their success
in many real-world applications, traditional recommender models face two inherent
limitations. (i) Limited real-world knowledge. Most traditional recommendation
models are trained purely on user-item features and interactions. They have only nar-
row recommendation knowledge instead of general common sense [3, 81]. Therefore,
they can only treat user-item features and interactions as abstract IDs or low-level
numerical signals, without truly understanding the real semantic meaning behind.
(ii) Limited reasoning ability. Traditional models are mainly designed to capture
statistical correlations in user—item features and interactions [I8]. They struggle to
perform more complex reasoning over user—item features and interactions. The rapid
development of large language models (LLMs), such as GPT and Llama [56], 26], has
sparked strong interest in applying them to recommendation. These models have
shown impressive capabilities in text understanding, reasoning, and generation [10§],
which naturally leads to the question: can LLMs serve as the core of the next gen-

eration of recommender systems? To integrate LLMs to recommender systems, a
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common paradigm is to verbalize both types of information into natural language
prompts: user and item features are expressed in text, and associated interactions
are also described in language to model collaborative information [96]. Building on
this prompt-based paradigm, recent studies have explored different ways of using
LLMs for recommendation, which can be roughly grouped into two categories [47]:
(i) The first category treats LLMs as powerful in-context learners. On top of
directly asking the model for a final recommendation, these methods decompose the
task into simpler sub-tasks and prompt the LLM to generate intermediate reasoning
steps before producing the final answer [104]. At each step, the LLM may branch into
multiple reasoning paths, reflect on previous mistakes, or revise earlier decisions [72].
In a similar spirit, some works further organize one or more LLMs into an agent
framework [35], where multiple agents plan and manage task execution, maintain an
external memory, and collaborate to complete complex recommendation tasks. (ii)
The second category focuses on fine-tuning LLMs with parameter-efficient tech-
niques [34], aligning them more directly with specific recommendation objectives. In
this line of work, recommendation data are reorganized as instruction-style inputs, so
that LLMs can learn to follow task-specific prompts and encode knowledge about tar-
get items and user preferences [97]. Depending on how strongly the LLM is involved,
it may serve as a side-information encoder, e.g., providing semantic representations of
user—item features or interaction [46], as the core recommender model itself [37], or be

tightly coupled with traditional recommendation models in a hybrid architecture [39].

1.2 Motivation

Although LLM-based recommender systems are an appealing vision, directly apply-
ing LLMs to recommendation also raises several concerns. First, current LLMs are
pre-trained on general text corpora and their objectives are not tailored for recom-

mendation [2], so it is unclear whether they truly learn the relationship between
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user—item features and interaction labels, rather than relying on a few salient tokens
in the prompt. Second, the user—item interaction graph contains rich collaborative
information, where high-order neighbors encode key user preferences [77]. However,
LLMs are inherently designed for processing one-dimensional token sequences instead
of graphs [10], and simply describing graph neighborhoods in natural language leads
to long prompts and makes it hard for LLMs to capture high-order structural infor-
mation. Finally, even if an LLM could encode high-order collaborative signals [61],
LLM fine-tuning and generation-based inference over the entire item set would incur
prohibitive latency and cost, which limits their practicality in real-world scenarios. To
move beyond these limitations, we need an LLM that could comprehensively model
user-item features in prediction and then could capture high-order structure infor-
mation in interaction graphs and make them efficient in both training and inference
for deployment, ultimately advancing the efficiency and effectiveness of LLM-based

recommender systems.

1.3 Research Objectives

The central aim of this thesis is to move towards LLM-based recommender systems
by improving how LLMs model users and items, from feature-level understanding
to interaction-graph-level understanding. This goal is operationalized through three

interconnected research objectives:

e LLM-based User—Item Feature Integration. The first objective is to inves-
tigate how LLMs use user-item features in recommender systems and to make
this usage more comprehensive. This includes: (i) analyzing whether LLMs
truly learn the relationship between textual features and interaction labels; and
(ii) designing training objectives that encourage LLMs to boost their predictions

on informative user-item features.



Chapter 1. Introduction

e Attributed Graph-Aware LLMs. The second objective is to enable LLMs to
directly model graph structure, rather than relying only on textual attributes or
long graph descriptions. Concretely, this involves: (i) devising a way to leverage
the LLM’s language-processing capabilities to learn graph structure in a natural
manner; and (ii) studying whether training LLMs in this way allows them to

capture high-order structure information in a token-efficient manner.

e Efficient Interaction-Graph LLMs. The third objective is to build an LLM-
based framework that models the user—item interaction graph while remaining
practical for real-world deployment. This includes: (i) exploring how to rep-
resent user—item interaction graphs as compact sequences that LLMs can effi-
ciently learn from; (ii) understanding how high-order collaborative information
can be encoded in these sentences; and (iii) designing a retrieval-friendly rep-
resentation so that the learned information can be used without relying on

expensive online LLM inference.

1.4 Contributions

This thesis proposes three contributions to LLM-based recommender systems, pro-

gressing from user—item feature integration to user—item graph integration.

e Self-Monitoring LLMs for Click-through Rate (CTR) Prediction. This
thesis proposes a self-monitoring framework (FILM) that uses LLMs for CTR
prediction while explicitly aligning predictions with user-item features. By
adding simple self-monitoring and label-matching objectives, the model uses
features more comprehensively and improves performance, especially on long-

tail items, compared to simply fine-tuned LLMs.

e Each Graph as a New Language for Graph-Aware LLMs. We present
a general method (GDL4LLM) that treats each graph as a new language, and
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construct corpus from the graph. Training LLMs on these graph-defined corpus
lets the model learn high-order graph structure without long natural language

descriptions, and achieves strong results on node-level tasks.

e Efficient LLM-based Collaborative Filtering (CF) on User—Item In-
teraction Graphs. Building on the “graph as language” view, we develop
an LLM-based CF framework (NLCF) that models the user—item interaction
graph efficiently. We construct and sample a compact graph corpus to fine-tune
LLMs, and then aggregate their hidden states into user/item embeddings for
fast retrieval. This framework preserves high-order collaborative information

while keeping both training and inference efficient.

Work 2: GDLALLM

Work 1: FILM Work 3: NLCF

- -
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Figure 1.1: The roadmap of this thesis. We progress from semantic alignment to

structural learning, and finally achieve efficient recommendation.

1.5 Overall Structure

This thesis is organized around a progression from integrating user—item features with
LLMs to modeling user—item interaction graphs with LLMs as shown in Figure (1.1}
After this introductory chapter, Chapter 2 gives background on LLM-based CTR
prediction, LLM-based attributed graph modeling, and LLM-based CF, highlighting

the limitations in these domains. Chapters 3-5 present the three core research papers.
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Paper 1 [113] investigates how LLMs learn the relationship between user-item features
and interaction labels for CTR prediction, and aims to better align LLM predictions
with features. Paper 2 [I11] views each attributed graph as a new language corpus
and shows that LLMs trained on this corpus can effectively learn graph structure.
Paper 3 [114] applies this idea to user-item interaction graphs and distills the sampled
graph corpus into user/item embeddings for efficient online retrieval. The concluding
chapter traces the overall trajectory of this thesis and points out several directions

for future work.



Chapter 2

Literature Review

2.1 Input and Output of Recommender Systems

In recommender systems, there are two main types of input data. The first is user-
item features, such as a user’s living place and occupation and an item’s category and
title [48]. The second is user-item interactions, such as browsing and buying, which
are usually organized as a user—item interaction graph where users and items are nodes
and edges indicate observed interactions between them [0, [105]. The recommender
system then outputs, for each user, a ranked list of candidate items, produced through
a retrieval-and-ranking pipeline that first retrieves a small candidate set from the full
item set and then scores and ranks these candidates [83]. In the pipeline, this thesis

focuses on two representative ones: (i) CTR prediction and (i) CF.

2.2 LLM-based CTR Prediction

CTR prediction aims to estimate the probability that a user will interact with an item

based on user—item features [§,[92]. The essence of this task is to uncover meaningful
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higher-order feature interactions within categorical or numerical fields [87] and cap-
ture rich relationships between input features and interaction labels. With the rapid
development of LLMs, many recent studies use them for CTR prediction by convert-
ing user—item features into text and then either fine-tuning an LLM or prompting
it directly to estimate interaction probabilities or rank items [94, [112]. Some works
further enrich the prompt with short interaction histories or simple behavior statis-
tics [95]. In this process, reinforcement learning or heuristics technique is used to
sample which interactions to include [12] [76]. To leverage the strength of tradi-
tional CTR models in capturing higher-order feature interactions, a few methods also
combine LLMs with conventional CTR predictors and train them jointly [39]. In
industrial applications, modeling heterogeneous user behaviors with Large Language
Models (LLMs) has become a prominent research direction, particularly involving
multi-objective optimization tasks [103, [52]. A pioneering framework in this domain
is OneRec [109], which was the first to implement an encoder-decoder architecture
using semantic IDs for next-item prediction via reinforcement learning in a real-world
scenario. Building on this, Minionerec [33] simplifies the architecture using an RQ-
VAE tokenizer to better adapt to offline recommendation datasets, while GPR [9§]
improves generation accuracy by replacing the standard decoder with a dual heteroge-
neous hierarchical decoder. To facilitate large-scale evaluation, FORGE [11] releases a
generative retrieval benchmark containing billions of SIDs, incorporating massive user
behavior data and rich multimodal item features. Recent works have further refined
SID representation and alignment: Onesearch [5] utilizes keyword-enhanced hierar-
chical quantization to emphasize multi-view user behaviors; DAS [90] bridges the gap
between quantization and alignment stages through co-training to reduce informa-
tion loss; and Align3GR. [R9] introduces multi-granularity alignment at the token,
behavior, and preference levels. Additionally, OneLoc [74] extends these capabilities
by integrating user location information into SID modeling and reward mechanisms.
Despite these efforts, most existing studies focus on how to feed features into LLMs

rather than how LLMs actually use these features. It remains unclear whether LLMs
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truly learn a comprehensive mapping between user—item features and interaction la-
bels, especially given that they are not originally designed for CTR prediction and

may not naturally exploit all the provided information.

2.3 LLM-based Attributed Graph Modeling

The rise of LLMs has opened a new line of research on attributed graph understanding
for tasks such as node classification and link prediction, especially when nodes or
edges carry textual attributes, e.g, user-item interaction graph [60]. Since LLMs are
strong at language understanding and reasoning, One line of work builds prompts
that mix target node textual attributes with a small local subgraph centered around
to obtain richer node and edge representations [36]. They could further enrich them
with generated additional textual attributes or attributes aggregated from similar
or neighboring nodes [82]. To enhance the performance, some methods also align
these LLM-based representations with those from a teacher model, e.g., a well-trained
graph encoder [57]. Another line mainly uses LLMs as graph augmentors: instruction-
tuned LLMs refine edges to remove noise in the graph structure and a graph model
is then trained on the updated structure [63, 49]. Based on this line, some works also
generate labels for unlabeled nodes to support few-shot or even zero-shot learning
on graphs [50, 51]. However, these methods face several issues. Using LLMs to
directly reason over graphs is expensive, since two-dimensional structures must be
linearized into long, detailed graph descriptions. Moreover, when LLMs are used
only to augment graphs or provide labels, their capacity to directly learn and exploit

graph structure is not fully utilized.
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2.4 LLM-based CF

CF estimates how much a user will like an item by looking at users or items that
have similar interactions, based on the idea that users with similar past interests
are likely to prefer similar items in the future [19]. To bring LLMs into CF, one
direct approach is to verbalize a user’s interaction history as a prompt and feed it
to an LLM for reasoning [30]. However, such purely text-based methods usually
miss rich high-order collaborative information. A second line of work injects these
information via precomputed embeddings [22, [30]: a conventional graph-based CF
model is first trained on the full user-item graph to obtain user/item embeddings,
and these embeddings are then consumed by the LLM, e.g., by replacing raw IDs
in prompts [37, 101]. To better align these numerical embeddings with LLMs, some
methods discretize embeddings into tokens [I00] or even learn custom tokenizations
and extend the vocabulary [30, [70, 58]. A third direction asks LLMs to generate side
information, such as refined or external user/item descriptions, which are then fed
into graph-based CF models [38, 27]. Across these lines, most approaches share one
or two limitations: (i) they rely on expensive text generation or re-ranking over a
small candidate set rather than efficient full-item set retrieval in the inference stage;
and (ii) they do not leverage LLMs directly learn collaborative embeddings from the
user—item interaction graph, but depend on precomputed representations, which can

cause loss of collaborative information.

10



Chapter 3

Self-Monitoring Large Language
Models for Click-Through Rate

Prediction

3.1 Introduction

Having established the fundamental principles of CTR prediction task in Section [2.2]
the effectiveness of a C'TR prediction model is largely governed by two key capabilities:
(i) deriving rich, informative representations from user—item features, and (ii) faith-
fully capturing how these features are associated with interaction labels [67, [84]. As
discussed in Chapter , pre-trained LLMs are not explicitly trained for (ii): learning
the mapping between user-item features and interaction labels, since such interac-
tion records rarely appear in the pre-training data. After fine-tuning, an LLM can
directly learn feature—interaction mappings from the CTR dataset. However, the com-
binatorial space of possible feature—interaction pairs is enormous and only sparsely
instantiated in observed data [I12]. Plain fine-tuning alone may still be insufficient

to fully realize capability (ii). This motivates our main question: to what extent
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do fine-tuned LLMs learn the feature—interaction relationships?

We investigate this question through complementary analyses. From a feature-wise
perspective, we employ explainability tools to quantify how much user/item features
contribute to the estimated probability in a fine-tuned LLM. We find lower feature
attributions than those observed in advanced CTR methods, indicating that the LLM
relies on a narrower subset of inputs. From an interaction-wise perspective, we com-
pare performance on head versus tail items, where head items have abundant labels
and tail items are underrepresented. Fine-tuned LLMs are competitive on head items
but lag on tail items, suggesting difficulty in learning reliable feature—interaction rela-
tionships under label sparsity. Together, these results highlight room for improvement

in capability (ii).

Two factors make this challenging. (i) Inconsistent feature attention across
predictions. Trained primarily on general text, LLMs may shift attention across
features for similar inputs, producing unstable feature prioritization. (ii) Power-
law data distribution. Real-world datasets exhibit long tails; rare items and their
associated feature combinations appear infrequently, making it difficult for fine-tuning

to fully capture the mapping from those combinations to labels.

To address these issues, we propose Feature-Instructed Large language model for
Monitoring (FILM), a simple yet effective framework that strengthens learning of fea-
ture—interaction relationships via two designs. First, we introduce a self-monitoring
temperature. This module assigns a sample-specific, adaptive temperature in the
loss function, encouraging the model to align its predictions more closely with the en-
coded feature information in the representation space. Second, we devise an auxiliary
compaction loss that encourages compact separation between interaction-inducing
and non-interaction-inducing feature patterns, so that interaction and non-interaction
samples are more clearly separated in the representation space. With these two de-
signs, FILM significantly outperforms state-of-the-art CTR baselines, with especially

strong gains on tail items. We also show that embeddings produced by FILM can be
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transferred to lightweight traditional CTR models, offering a practical deployment

solution and further improving downstream performance.

Our contributions are summarized as follows:

e We perform feature-wise and interaction-wise studies to examine how well a fine-
tuned base LLM captures feature—interaction relationships. Our results show
that the LLM uses user-item features in a limited way and performs poorly on

tail items with few interaction labels.

e We propose FILM, which integrates two simple mechanisms. Feature-wise, the
self-monitoring temperature guides the LLM’s attention toward informative
user-item features. Interaction-wise, the auxiliary compaction loss helps the

model better learn feature—interaction relationships for tail items.

e Experiments on three real-world datasets demonstrate that FILM outperforms
strong CTR baselines, especially on tail items. Further analysis shows that
FILM improves the learning of feature-interaction relationships and generalizes

across different LLLM backbones.

3.2 Preliminaries

3.2.1 Problem Statement

We consider a CTR prediction corpus D = (U,I,R). The set U = {Uy,..., Uy}
contains user profiles, where each U, aggregates attributes, e.g., age and location. The
set I = {I,..., 11} contains item profiles, where each I; includes title, description,
price, sales rank, etc. The binary interaction matrix R € RIVI*1I stores labels 7,; €

{0, 1}, indicating whether user u interacts with item 1.

Given a pair (u,1), the goal is to estimate r,; from the associated features. We cast

13



Chapter 3. Self-Monitoring Large Language Models for Click-Through Rate
Prediction

this as an instruction-style generation task: user/item features are verbalized into a
prompt and tokenized as {z1, ...,z }. The LLM is trained to predict the label token

Trabel € {“Yes”, “No” } for the final blank, aligning with the interaction label r;.

Prompt Templates. For each dataset, we design a template encoding user and item

attributes and include user/item IDs for personalization [94]. We use:

Amazon Movies: Given the user’s and item’s attributes, identify whether the user will
like the target movie by answering Yes or No. Here is the information of the user
[user_id]. Here is the information of the movie [movie_id]: Its title is [title], and its
price is [price]. Its description is: [description]. Its sales rank among all movies is

[sales rank]. Response: []

Book-Crossing: Given the user’s and item’s attributes, identify whether the user will
like the target item by answering Yes or No. Here is the information of the user
[user_id]: The user is [age] years old and lives in [location]. Here is the information
of the book [item_id]: The title is [title] written by [author] and published in [year of

publication]. The publisher is [publisher]. Response: [ ]

Amazon CDs: Given the user’s and item’s attributes, identify whether the user will
like the target item by answering Yes or No. Here is the information of the user
[user_id]. Here is the information of the item [item_id]: Its title is [title], and its
price is [price]. Its description is [description]. Its sales rank in item is [sales rank].

Response: []

We fill placeholders with features U, Z;; the LLM outputs “Yes” or “No” at the final

position following [13].

3.2.2 Fine-Tuning with Prompt

We adopt parameter-efficient fine-tuning, letting the LLM map the prompt to a prob-
ability for each label token.
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Interaction Probability Calculation
At the top transformer layer, the LLM produces token embeddings {ei,...,er}. A

linear head with weights wyes and wy, projects the last-token embedding ey, to logits

lyes, INo, Which are normalized by softmax to obtain pyes, PNo-

Fine-Tuning with LoRA

We apply Low-Rank Adaptation (LoRA) to reduce trainable parameters. For a base
weight Wy € R>? LoRA adds a low-rank update AW = BA with B € R¥™" A €
R™? where r < min(d,d’). We initialize A from a Gaussian and set B = 0, so

AW = 0 at start. Only AW is optimized; Wy remains frozen.

Amazon Movies

Book-Crossing Amazon CDs 0.6

DeepFM 0 4

DCN DCN 0 2
FinalMLP FinalMLP
GDCNP GDCNP
GDCNS GDCNS
Base LLM Base LLM

Userid  Item id Title Description Price Sales rank Userid Itemid Title LocationAuthorPublisher Age Year-Of-Pub Userid  Item id Title Description Price  Sales rank _06

Figure 3.1: Attribution scores for Amazon Movies, Book-Crossing, and Amazon

CDs. The first five models are traditional CTR methods that explicitly learn fea-

ture—interaction relations via crossing networks; the last is a fine-tuned base LLM.
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3.3 Analysis of Fine-tuned LLMs

We study two aspects: (i) how strongly input features contribute to predictions (Sec-

tion [3.3.1); and (ii) performance on head vs. tail items (Section [3.3.2)).

3.3.1 Feature Attribution Score Analysis

To address question (i), we quantitatively analyze how much each input feature con-

tributes to the predicted interaction label.

We adopt integrated gradients (IG) [62] to compute these attributions. Since the
features are encoded as a sequence of tokens, we treat the tokens themselves as the
units to which we assign contributions. Concretely, we measure how each input token
affects the predicted probability pj.e by looking at the gradients with respect to its
embedding. Let g(-) be the attribution function and let the bold symbol x; denote
the embedding of input token z;. The attribution score for token embedding x; is

defined as:

= aplabel(xbase + %(Xz - Xbase))
g(Xz) = (Xi - Xbase) . Z Ox. :

q=1

1
— 3.1

~ (31)
Here, X345 is the starting point of the integration, which is typically set to the zero
vector. We then build a straight-line path from x,,s to the input token embedding
x; and divide this path into m equal steps. At the g-th step, we compute the gradient
of the target prediction piqpe With respect to the intermediate input x,, where x, is

given by the linear interpolation between Xp,s and x;.

Since gradients describe how small changes in the input affect the model output,
Eq. sums these gradients along the entire interpolation path from the baseline
to the actual input. This path integral measures how each token gradually shifts the
model’s prediction from the baseline output to the final output. The below theoretical

results show that this procedure gives a valid and consistent way to attribute the
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prediction to the input tokens.

Theorem 1. The sum of token attributions equals the change in the target probability:

Zle g(Xi) = plabez({iﬁi iL=1) - Plabez({%ase}le)-

Proof. To simplify the notation, we represent prape;({x:}2 1) and praper({Zpase ;) as

P(z) and P(Z) respectively. Let v(«),a € [0,1] represent a parametric curve con-

necting x and &, where 7(0) = Z,v(1) = x, then we have

P(x) = P(z) = P(7(1)) — P(+(0)),
_ [ ar,,
0 da ’

1
- [ 9. Pr(@). A (@)da
L 1
=3 [ 1V, PG @) @)lda,
And we set y(«) as the straight line between two points:
1@) = (1 - a)z + a7,

Then the difference of predictions becomes:

L
P(r) - = Z / Vo P((@))|y(@)=(1-a)e+as dali x [2 — i,

L m
= i "y(a) (1—-a)z+az, a*i] * [.Z' - x]z’,
m

i=1 q:l

= ZQ(%)~

(3.2)

(3.3)

The key idea of this theorem is that integrated gradients break down the predicted

probability of the target label into a weighted sum of gradient integrals for the input

tokens over a chosen interval. In this view, a positive attribution score for a feature
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Table 3.1: Head/tail Logloss for traditional CTR baselines vs. fine-tuned LLMs.

Amazon Movies Book-Crossing Amazon CDs
Model Head Logloss | Tail Logloss | Head Logloss | Tail Logloss | Head Logloss | Tail Logloss
DeepFM 0.2941 0.3001 0.4336 0.4813 0.2030 0.2212
DCN 0.2943 0.2925 0.4326 0.4802 0.1964 0.2239
FinalMLP 0.3013 0.2962 0.4336 0.4769 0.2124 0.2216
GDCNP 0.2973 0.3006 0.4359 0.4780 0.2026 0.2218
GDCNS 0.2937 0.2906 0.4379 0.4828 0.2024 0.2210
Base LLM 0.2932 0.3277 0.4321 0.4850 0.1994 0.2295

means that this feature pushes the model toward the correct target label. When more
features receive positive attribution scores, the LLM can rely on a richer set of signals
to recognize the target label. Using Eq., we first compute an attribution score
for every token in each test sample. We then aggregate these token-level scores within
the same feature, across all samples in the test set, to obtain a feature-level score. In
other words, for each feature, we sum its token scores over all test instances to derive

its overall contribution for each model.

Applying IG to LLM attribution analysis presents certain limitations. First, tokeniza-
tion sensitivity. Since LLMs process a single word as several tokens, the attribution
score of a single semantic feature is often distributed across multiple tokens. To mit-
igate this, our analysis operates at the feature, where we sum the attribution scores
of all constituent tokens belonging to a specific feature. This aggregation provides a
unified estimate of the feature’s total contribution to some extent. Second, baseline
selection. 1G requires a baseline input and we choose an all-zero vector. The physical
meaning of the all-zero embedding is ambiguous, which may introduce bias, although

it is a widely accepted default choice in the literature.

Attribution Score Visualization. We fine-tune LLaMA-7B using the strategy
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in Section [3.2.2] on three real-world datasets: Amazon Movies, Book-Crossing, and
Amazon CDs. For comparison, we also train several representative traditional CTR
prediction models following the settings in Section [3.5.1] Figure [3.1]shows the result-

ing attribution scores.

Our analysis shows that input features do not provide strong positive contributions
to the predictions of the fine-tuned LLM. In many cases, the LLM’s decisions are only
weakly supported by most features. For instance, on the Amazon Movies and Amazon
CDs datasets, the predictions mainly rely on the item title and sales rank, while other
features contribute very little. By contrast, traditional CTR models assign positive
contributions to almost all features when predicting interaction labels on these two
datasets, and their overall feature scores are consistently higher than those of the

fine-tuned LLM.

These results highlight the strength of traditional CTR models, which explicitly con-
struct feature combinations through feature-crossing networks and thus can better
capture complex relations between features and interaction labels from training data.
LLMs, however, are originally built for understanding and generating natural lan-
guage, not for exhaustively modeling feature—interaction relationships. Simple fine-
tuning may therefore be insufficient for them to fully learn such comprehensive re-
lationships. This also suggests that LLM-based CTR models can still improve by
involving more features more deeply in the prediction process and by learning richer

feature—interaction patterns.

3.3.2 Performance on Head and Tail Items

To study question (ii), we split items into head and tail groups and pay special
attention to model performance on tail items. Tail items have very few training
examples, so predicting their interaction probabilities depends heavily on how well

the model learns feature-interaction relationships. Following prior work [9, [110], we
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Prompt Token Embedding Interaction embeddings in Batch
D:] : @ Non-interaction @ Interaction
prompt ‘ LLMs N
D:] [:D Prompt Embedding \

title is ts
description is

Here is the information of user Pooling
1: Heisan . Here :> ® :
is the information of item 1. Its :> g I 1tcraction Embedding

0.0001

D:] Head Layer
... Its sales rank... is S v @'%‘No 02905
. Response [label]. 7 1350013 @ Yes 0.71—>05

Figure 3.2: The overall pipeline of the FILM framework. On the left, we show how
user-item features are organized into the input prompt. In the middle, the prompt
and the interaction embedding are used together to adjust the predicted interaction
probability. On the right, samples with the same interaction label in a batch are

pulled closer in the representation space to form more compact clusters.

treat the top 20% of items with the most training samples as head items, and the

rest as tail items.

We then compute the Logloss for each group, as reported in Table The results
show that fine-tuned LLMs perform worse than traditional CTR models on tail items,
while achieving similar performance on head items. A natural explanation is that, for
head items, the rich training data is enough for the LLM to adapt and fit interaction
probabilities through fine-tuning. In contrast, tail items appear only a few times,

making it hard for the LLM to estimate interaction probabilities reliably.

If the LLM is able to fully capture feature-interaction relationships, we would expect
its performance on tail items to be much closer to that on head items. The clear gap
we observe instead suggests that, under data scarcity, the LLM has difficulty learning

these relationships, which directly harms its predictions on tail items.
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3.4 Feature-Instructed Large language model for

Monitoring (FILM)

In this section, we introduce FILM, which incorporates two plug-and-play designs, as
illustrated in Figure [3.2] Feature-wise, a self-monitoring temperature penalizes low-
confidence predictions with a larger training loss (Section . Interaction-wise, a
label matching loss is introduced to compact the representation space of interaction
and non-interaction labels, helping LLMs effectively differentiate between interaction-
inducing and non-interaction-inducing features (Section . Finally, we discuss
how to transfer FILM ranking capabilities to lightweight traditional CTR prediction
models by using FILM-generated embeddings.

3.4.1 Self-monitoring Temperature

The core idea is to treat the correlation between feature and interaction embeddings
as a confidence score, and use it to adapt both the interaction probability pyes and
the interaction loss Ly.e. This encourages the LLM to ground its predictions in rele-
vant features. Prompt token embeddings encode contextualized feature information;
weak correlation between a sample’s interaction embedding and prompt embeddings
indicates poor modeling of the feature—interaction relationship and should yield low

confidence.

To address this, we introduce a self-monitoring mechanism that maps this correlation
to a learnable temperature, which calibrates the predicted interaction probability
during both training and testing. In training, low feature—interaction correlation
yields a small temperature that pushes pyes toward 0.5. As shown in Theorem [3]
this increases the interaction loss while shrinking gradients on interaction scores, so
unreliable samples do not dominate learning. At test time, the temperature down-

weights the interaction probability for weakly correlated samples, helping rank items
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with better feature modeling higher and aligning predictions with feature quality.

To compute the temperature, we first obtain the interaction and prompt embeddings.
We take the last prompt token embedding e, as the interaction embedding, and derive

the prompt embedding via mean pooling and a linear projection:

1 L
eC:WC'Z;ej7

where W, is a learnable matrix. We then apply cosine similarity s(-) to get an
initial temperature. To avoid trivial correlations, we add a discrimination step: we
compare the similarity between ey, and its own prompt embedding e. with similarities
computed using other prompt embeddings e/, and interaction embeddings €; within
the same batch B. The final self-monitoring temperature 1" for a sample is:

s(ec, er)

T = —.
Z(e’c,éL)eIB s(et,er)

(3.10)

The reason that we use the normalized form instead of an alternative, e.g., simple
Sigmoid, is twofold: (i) Relative calibration: we aim to measure how well a sample
is aligned relative to the current batch statistics, rather than relying on an absolute
threshold which is hard to tune. (ii) Training stability: in the early stages of fine-
tuning, absolute cosine similarities might be uniformly low. A non-normalized T
would be too small, causing vanishing gradients. The normalization ensures that
even in early stages, samples contribute meaningful gradients. We then scale logits
inside softmax:
exp(lyes - T)

= . 3.11
P, exp(lyes - T') + exp(lno - T') ( )

We multiply by T rather than divide by it, so small temperatures do not cause

numerical issues such as NaN values. Then we train with cross-entropy:

Elabel - _(y lngYes + (]- - y) 10g(1 - pYes))7 (312)

where y = 1 if 2 =“Yes” and y = 0 if x50 =“No”. The following theorem

explains how this design affects optimization:
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Theorem 2. The gradient of the LLM interaction score satisfies: %j‘i”el x T.

Proof. The derivative 0L;qpe;/0l; of the loss towards the interaction score [; is:

Liaber i 310% Olog(p;) Z Yj 317]

ol;
~ Yi Op; Y; 3pj
pi Ol; Z
3.13
= -T2 —p@ -7 Z —p;pi) (3:13)
J#z

2
=—Tyi+Typi + T Z yipi = —Tyi + Tp; Z Yj

i j=1

=T(p; —y;) xT.

This theorem shows that the gradient of the interaction loss w.r.t. interaction scores
is scaled by the temperature. When the cosine similarity between prompt and in-
teraction embeddings is low, the temperature — and thus the gradient magnitude —
decreases, reducing the impact of samples with weak feature—interaction correlation
and encouraging the model to rely on a broader feature set instead of overfitting to a

narrow subset.

We set the temperature in the click-prediction loss via the cosine similarity between
prompt and interaction embeddings for two reasons. First, LLMs are typically over-
confident: they assign very high probability to the top prediction, almost none to
alternatives, and lack calibrated confidence for unseen or rare feature combinations.
Second, cosine similarity offers a cheap proxy for prediction confidence: higher similar-
ity indicates stronger alignment between input features and the model’s output repre-
sentation [91], while lower similarity indicates less reliable predictions that should be
down-weighted. Our temperature mechanism therefore provides a simple and efficient

way to incorporate uncertainty estimation into LLM-based CTR prediction.

23



Chapter 3. Self-Monitoring Large Language Models for Click-Through Rate
Prediction

3.4.2 Label Matching Loss

Tail items, which have only a few interaction labels, make it hard for the model to
learn and emphasize feature modeling. Their associated user—item features rarely
appear in prompts, so the LLM does not see enough examples to form a thorough
understanding of feature—interaction relationships. As a result, its predictions for
these items can be unreliable. To strengthen the link between user—item features
and interaction labels, especially for items with limited labels, we introduce a label
matching loss that makes the representation boundary between interaction and non-

interaction labels more separable.

The label matching loss is designed as an additional training objective. It encourages a
compact representation space for interaction embeddings of both interaction and non-
interaction labels. By pulling together interaction embeddings of tail items and other
samples with the same label within the batch, the LLM can learn a clearer decision

boundary and better align user—item features with their corresponding interaction

labels.

To compact these interaction embeddings in the representation space, we first derive a
closed-form expression for the volume occupied by a batch of interaction embeddings,

and then explicitly shrink this volume.

Theorem 3. Assume the rows in the interaction embedding matrix E have zero
mean values. The volume of the space Vol(E) satisfies the following: Vol(E)
log det (I + HE%ETE»

Proof. We apply the SVD decomposition to the matrix E = UXV . The orthogonal
matrices U, V' represents the rotation and reflections of the matrix E while the

singular values oy, 0s..., 04 control the magnitude of orthogonal directions. And we

1 B] T
EPILA

J=

use the eigenvalues Aj, As..., A; of the covariance matrix ¥ = E

|T%HEET € R4 to replace the singular values:
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HA =\ [ det( ’B’EET) (3.14)

Since there may be zero eigenvalues, we add the scaled identity matrix to slightly

Vol(E) Haj =

j=1

perturb the original matrix. But the added matrix also takes up space, we use the
space volume of the added matrix as the unit volume to estimate the volume of E.

=%+ %I = %I + EEET € R%? such that the following equation holds:

VOZ (E) det < I+ |1 EET) B d
Vol (E) Vol (Unif) x Tt (gI) =4 /det (I+ 5|2 ) (3.15)

]

In this theorem, E € RE*? denotes the interaction embedding matrix for one mini-
batch, where |B| is the batch size and d is the embedding dimension. The operator
det(:) denotes the determinant, I is the identity matrix, and € is a tunable hyperpa-

rameter.

Based on this result, we next compute the volumes of the subspaces associated with
interaction and non-interaction labels separately. Each interaction embedding in a
batch can belong to either subspace with some probability. Embeddings with lower
probability for a given label should have a smaller impact on the volume of that label’s
subspace. Therefore, we weight interaction embeddings by their predicted probabili-
ties pyes and py, when constructing the interaction and non-interaction spaces. Our
goal is to sharpen the decision boundary by compressing both label-specific subspaces.
To this end, we minimize the sum of their volumes. Let E;, denote the interaction em-

beddings in one batch. We define Z;lg:o trélgl’“) log det (I + T ) = B HkEb> where

I1; is a diagonal matrix whose i-th diagonal entry is the probability that the i-th
sample belongs to the non-interaction label when £ = 0, and to the interaction label
when k£ = 1. By shrinking the volumes of these two label-conditioned spaces, the

LLM can learn a clearer interaction decision boundary.
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However, aggressively compressing both subspaces may gradually drive the entire
representation space toward a single point. To avoid such collapse and preserve
meaningful geometric structure, we also encourage the overall space spanned by all
samples in the batch to remain sufficiently wide [93]. Combining these two terms

yields the label matching loss L,,.:, formally defined as:

1

tI‘(Hk)
Lypat = E -logdet (1
¢ 2 2[B| og de < +

ﬁEJHkEb) — %log det (I - @EJEI,) :

(3.16)
The above loss has two merits: (i) Theoretical guarantee: Theorem [3| proves that
optimizing the label matching loss is equivalent to compacting the representation
space. (ii) No need for additional sample construction: CTR prediction datasets
suffer from label imbalance [78], where one label may have a large number of samples
while another has a few. Manually constructing more samples for the tail class may
require multiple forward propagations, which is inefficient. Finally, we combine the
interaction prediction loss and the label matching loss to fine-tune the LLM. The

overall training objective is

L= £label + chah (317)

where the hyperparameter 5 controls the strength of the label matching loss relative

to the standard label prediction loss.

3.4.3 Transferring FILM to Lightweight Models

Although FILM achieves strong ranking performance, its inference cost is still high
for latency-sensitive scenarios. To make the method practical for real-time CTR
prediction, we introduce a resource-efficient strategy that transfers FILM’s ranking
ability to lightweight, traditional CTR models, avoiding any LLM-related overhead
at serving time. The key idea is to extract semantic embeddings from FILM and use

them to enhance standard CTR models via knowledge transfer.
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During FILM training, interaction embeddings encode rich dependencies between
user—item features and interaction labels. And we use the interaction embeddings
on the training set to learn compact user and item semantic embeddings, which can
later be used as additional input features in lightweight CTR prediction models. We
first obtain prompt-level representations from the trained FILM by averaging token

embeddings within each prompt: e, = %Zle e;.

To construct semantically meaningful user and item representations, we adopt a dual-
tower structure similar to DSSM [24]. This structure uses two separate multi-layer
perceptrons (MLPs) to map the concatenation of the prompt embedding and inter-

action embedding into user-specific and item-specific semantic embeddings:
e, = MLP([e.,e]), e; =MLP([e.eL]), (3.18)

where e,,e; € R? are the resulting user and item semantic embeddings, and d is

chosen to match the embedding size used in downstream lightweight CTR models.

We train these MLPs with a reconstruction objective that encourages the semantic
embeddings to preserve the interaction probabilities predicted by FILM. For each

user—item pair (u,?) in a training batch B, we minimize:
1
Lreco = ] Z (u,7) € B(pyes — €4 €)% (3.19)

After training, the learned semantic embeddings can be plugged in as extra features
for any lightweight CTR prediction model, such as DeepFM. This yields a favorable
trade-off: the downstream model benefits from the high-level knowledge distilled from
FILM, while its inference remains efficient, since it contains far fewer parameters than

an LLM and can handle large-scale online traffic with low latency.

3.5 Experiments

Our experiments aim to answer the following research questions:
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e RQ1: How does FILM perform compared with the state-of-the-art CTR predic-

tion baselines?
e RQ2: How well does FILM learn feature-interaction relationships?

e RQ3: How does each design component contribute to FILM’s performance im-

provement?

e RQ4: How well does FILM generalize across different scenarios, including vari-

ous LLM backbones, and LLM-driven CTR prediction backbones?
e RQ5: What is the impact of different hyper-parameters?

e RQ6: What is the effectiveness of the FILM-generated embeddings?

3.5.1 Experimental Setting
Data Preparation

We evaluate on three text-rich recommendation datasets: Amazon CDs [20], Amazon
Movies [20], and Book-Crossing [116]. The two Amazon categories (CDs & Vinyl;
Movies & TV) are drawn from a large-scale e-commerce platform and include abun-
dant interactions and detailed item metadatal] The Book-Crossing corpus originates

from an online book-sharing community and is publicly hosted on Kagglef

Following prior work [3], we binarize ratings into interaction labels. For Book-
Crossing, ratings > 5 are mapped to positive (“Yes”) and ratings < 5 to negative
(“No”); for Amazon datasets, we use a threshold of 3. For Book-Crossing, we retain
all available fields: user ID, age, location, ISBN, title, author, publication year, pub-

lisher. For Amazon datasets, many attributes are missing for a nontrivial portion of

thttps:/ /jmcauley.ucsd.edu/data/amazon/
Zhttps://www.kaggle.com/datasets/somnambwl/bookcrossing-dataset
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3.5. Experiments

Table 3.2: Comparison with Traditional CTR Prediction Baselines.

Amazon Movies Book-Crossing Amazon CDs
Model AUC Logloss AUC Logloss AUC Logloss
DeepFM 0.8567 0.2969 0.7528 0.4514 0.8865 0.2136
DCN 0.8559 0.2938 0.7533 0.4504 0.8882 0.2123
FinalMLP 0.8547 0.2991 0.7543 0.4497 0.8827 0.2178
GDCNP 0.8581 0.2987 0.7513 0.4516 0.8883 0.2139
GDCNS 0.8580 0.2929 0.7530 0.4546 0.8867 0.2133
FILM 0.8710 0.2823 0.7791 0.4436 0.9053 0.1985

interactions; we therefore keep key attributes user ID, item ID, title, price, descrip-
tion, sales rank. Datasets are randomly split into train/validation/test with ratios

80% : 10% : 10% following [68].

Evaluation Metrics

In line with [64], we report AUC (Area Under ROC Curve) and Logloss (logistic loss).
AUC measures the model’s ability to rank positives above negatives, while Logloss

captures the gap between predicted probabilities and binary labels.

3.5.2 Baselines

We compare against two groups of representative methods. (i) Traditional CTR

models with explicit feature crossing:

e DeepFM [15]: combines FM [2§] for linear crosses with a deep neural network

(DNN) for nonlinear interactions.

e DCN [69]: augments a cross network with a low-rank parametrization and a
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Table 3.3: Comparison with LLM-driven CTR Prediction Baselines.

Amazon Movies Book-Crossing Amazon CDs
Model

AUC Logloss AUC Logloss AUC Logloss
BAIU 0.8560 0.2913 0.7527 0.4509 0.8832 0.2166

ClickPrompt 0.8623 0.2889 0.7561 0.4507 0.8919 0.2062

TallRec 0.8559 0.2962 0.7532 0.4529 0.8862 0.2385
P5 0.8465 0.3080 0.7492 0.4581 0.8858 0.2167
LlamaRec 0.8569 0.2975 0.7364 0.4954 0.8850 0.2238
KAC 0.8592 0.2939 0.7545 0.4471 0.8904 0.2095

w/o Loss-1 0.8379 0.2638 0.7387 0.4595 0.8049 0.3595

w/o Loss-2 0.5236 0.3202 0.7551 0.4569 0.5268 0.4163
FILM 0.8710 0.2823 0.7791 | 0.4436 | 0.9053 | 0.1985
deep tower.

e GDCNS [68]: uses a gated mechanism to filter unrelated high-order crosses.
e GDCNP [68]: presents a parallel stacking of linear and nonlinear parts.

e FinalMLP [54]: creates a two-stream MLP enhanced with feature gating and

interaction aggregation.
(i) LLM-driven CTR baselines that integrate LLMs into CTR prediction task:

e BAIU [85]: extracts semantic signals via LLM and feeds them to a classical

CTR model.

e TallRec [3]: uses parameter-efficient fine-tuning to predict tokens in prompts.
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P5 [13]: designs prompt formats for recommendation and label prediction.

LlamaRec [95]: fuses a CTR model’s score into the prompt.

ClickPrompt [40]: jointly trains a soft-prompt generator with an LLM.

KAC [81]: uses hybrid-adapter to convert LLM knowledge for CTR models.
(iii) Variants of FILM for ablation study analysis:

e w/o Loss: keep only the self-monitoring temperature.
e w/o Temperature: keep only the label matching loss.
e w/0 Loss-1: remove the first term in the label matching loss.

e w/0 Loss-2: remove the second term in the label matching loss.

3.5.3 Implementation Details

We use official public implementations for all baselines. LLaMA-7B [65] serves as
the default LLM backbone; LLaMA-2-7B [65] and LLaMA-3.1-8B [I] are used for
generalization. Training runs on NVIDIA Tesla A100 80GB. For LLM-based models,
LoRA dropout, rank, and « are set to 0.2, 8, and 16; weight decay is le-2; optimizer
is AdamW with Ir=1e-4; batch size 32. Hyperparameters «, [ are selected from

{1e% 1e71, 1e72, 173, 1e7*}. Each configuration is repeated 10 times.

For traditional CTR models, we tune DNN hidden sizes from {512,256, 128, 64, 32},
L2 from {1e° le7t 1e72,1e73, 1e7*}, and dropout from {0,0.05,0.1,0.15,0.2,0.25},
selecting by validation. Batch size is 1024.

For attribution analysis, we set IG steps m = 50. Because the LLM consumes the en-
tire prompt, at step g we scale each input token embedding by ¢/50, obtain gradients

for all tokens, and average across steps to obtain token-level attributions.
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Figure 3.3: Figure (a) shows the performance contribution from each component of
our design. Figures (b) and (c) report FILM’s performance when we swap in Llama2-
7B and Llama-3.1-8B as backbones, respectively. Figure (d) presents analogous re-

sults when replacing the backbone with TallRec and ClickPrompt.
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Figure 3.4: Fine-tuned LLM shows only 1/4/1 positively attributed features across
the three datasets, whereas FILM increases them to 2/4/3 respectively.
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3.5.4 Main Comparisons (RQ1)

Tables and summarize results across the three datasets. We highlight three
findings. @ Explicit feature crossing helps estimate interaction probabilities.
Within traditional baselines, deeper or gated cross networks, e.g., DCN, GDCN vari-
ants, FinalMLP generally outperform DeepFM, indicating that richer feature cross-
ing captures more informative feature-interaction relationships. @ Augmenting
prompts with additional features benefits LLM-driven CTR. Methods cou-
pling LLMs with ID-based models, e.g., ClickPrompt, BAIU, outperform pure LLM
fine-tuning, e.g., P5, suggesting complementarity: LLMs contribute semantics, while
CTR models better learn feature-interaction relations, particularly for tail entities.
Yet these hybrids still fall behind our approach. @ FILM achieves the best overall
results. FILM strengthens how fine-tuned LLMs capture feature—interaction relation-
ships. Unlike prior LLM-based CTR predictors, it explicitly addresses the tendency
of LLMs to ignore user-item features when ranking candidate items. By recalibrat-
ing feature modeling in the cross-entropy loss, FILM increases the model’s sensitiv-
ity to feature signals in CTR prediction. In addition, it sharpens the interaction
decision boundary by separately compacting the representations of interaction and
non-interaction samples. Taken together, these findings indicate that FILM effectively
unlocks additional performance from LLMs, enabling them to surpass traditional

CTR prediction baselines.

3.5.5 Feature—interaction Relationships Analysis (RQ2)

We first inspect feature utilization via attribution visualizations in Figures[3.I]and 3.4]
and then evaluate head/tail performance following [46] in Table[3.4, @ FILM increases
positive feature usage and improves tail generalization. The self-monitoring
temperature encourages reliance on informative features, while the label matching loss

compacts label-wise embedding spaces, yielding clearer boundaries. This explains the

33



Chapter 3. Self-Monitoring Large Language Models for Click-Through Rate
Prediction

Table 3.4: Head/tail performance across CTR baselines, fine-tuned LLM, and FILM.

Amazon Movies Book-Crossing Amazon CDs
Model
Head Logloss | Tail Logloss | Head Logloss | Tail Logloss | Head Logloss | Tail Logloss

DCN 0.2943 0.2925 0.4326 0.4802 0.1964 0.2239
FinalMLP 0.3013 0.2962 0.4336 0.4769 0.2124 0.2216
GDCNP 0.2973 0.3006 0.4359 0.4780 0.2026 0.2218
Base LLM 0.2932 0.3277 0.4321 0.4850 0.1994 0.2295
FILM 0.2786 0.2884 0.4266 0.4722 0.1886 0.2056

significant gains on tail items.

To evaluate attribution reliability, we perturb Amazon Movies by masking 75% of
item-1D token embeddings. Table |3.5| and Figure |3.5| show that performance drops
align with attribution dependence: the base LLM changes marginally due to low
attribution, traditional CTR models degrade moderately, and FILM degrades the most,
consistent with its higher reliance on item ID. Attributions reallocate from the masked

feature to others while decreasing for item ID, supporting stability and faithfulness.

3.5.6 Ablation Study (RQ3)

To address the third research question, we conduct an ablation study that isolates each
component of FILM and examines its individual effect. The corresponding results are
reported in Figure We summarize our findings as follows: ® every component
in FILM contributes positively to performance. The base model alone performs
relatively poorly, mainly due to two issues: weak exploitation of feature information

and a blurry interaction decision boundary, especially for tail items.

Both ablated variants, removing self-monitoring temperature or removing label match-
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Amazon Movies

Table 3.5: Performance under item- 0.75

DeepFM

ID perturbation on Amazon Movies. GDCNP
OA/OL=Original AUC/Logloss; GDCNS
PA /PL=Perturbed AUC/Logloss. pose

Model OA OL PA PL

DeepFM | 0.8567 | 0.2969 | 0.8511 | 0.2971
GDCNP | 0.8581 | 0.2987 | 0.8538 | 0.2974
GDCNS | 0.8580 | 0.2929 | 0.8544 | 0.2931
Base 0.8465 | 0.3080 | 0.8452 | 0.3085
FILM | 0.8710 | 0.2823 | 0.8634 | 0.2906
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Figure 3.5: Attribution under item-1D

perturbation on Amazon Movies.

ing loss, perform better than the base model, with the variant that retains label
matching loss achieving the larger gain. This suggests that, without temperature cal-
ibration, the LLM does not sufficiently emphasize user-item features in the interaction
embeddings. When we activate both components simultaneously, the performance

improves substantially, indicating that they are complementary.

3.5.7 Backbone Generalization (RQ4)

To answer RQ4, we evaluate FILM’s generalizability across: (i) different LLM back-
bones and (ii) different LLM-driven CTR backbones on Figure We observe that
® FILM consistently improves performance across backbones. The gains on
LLaMA-2-7TB and LLaMA-3.1-8B suggest that even strong LLMs may underutilize
features under sparse supervision; FILM encourages attention to informative user—item
attributes and strengthens feature—interaction learning. Furthermore, FILM can be in-
tegrated with other LLM-driven CTR predictors to further unlock performance. @
We also find that performance is sensitive to model size: larger LLM back-

bones consistently surpass their smaller counterparts, indicating that increased ca-
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Figure 3.6: t-SNE visualization of interaction embeddings from FILM without vs. with

the label matching loss.

pacity helps the model encode more complex feature-interaction relationships. This

trend aligns with established scaling-law observations.

3.5.8 Hyperparameter Sensitivity (RQ5)

To examine how the hyperparameters o and ( jointly affect performance, we sweep
one while holding the other fixed. The resulting three-dimensional landscapes on the
Amazon Movies dataset are presented in Figure 3.7(a) and Figure 3.7(b). The main
observations are as follows: ® Overall, moderate settings of o and f yield the
best performance. For «, increasing its value effectively enlarges the representation
space for interaction and non-interaction labels. However, if o becomes too large,
the representation clusters spread out excessively, making it difficult for the LLM to
separate interaction labels and causing a noticeable performance drop. When « is too
small, the opposite issue arises: interaction representations are over-compressed and
may collapse toward a single point, which also severely harms performance. For j,
small values weaken the influence of the label matching loss, thus limiting its ability
to enforce a clear interaction decision boundary. On the other hand, overly large
places too much emphasis on this regularization term, disrupting normal interaction

probability learning and leading to degraded results. Across all datasets, the trends
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Figure 3.7: Hyperparameter sensitivity of FILM w.r.t. « and 8 on Amazon Movies,
visualized as 3D surfaces for AUC and Logloss. Results for a = 10~* are omitted due

to training instability.

are consistent: extreme values of o or 8 are suboptimal, while intermediate choices

of both hyper-parameters achieve the highest AUC and lowest LogLoss.

3.5.9 Effectiveness of FILM-generated Embeddings (RQ6)

To assess the utility of the embeddings produced by FILM, we feed the reconstructed
user and item semantic embeddings into a lightweight DeepFM-based CTR prediction
model as additional feature inputs. The resulting model, denoted as FILM-DeepFM,
is then benchmarked against a broad collection of practically deployable baselines, as
reported in Table[3.6] We intentionally omit baselines that depend on LLM calls at in-
ference time, since their reliance on expensive LLM querying contradicts our objective
of efficient real-world deployment. The comparison shows that FILM-DeepFM consis-
tently surpasses all conventional CTR prediction baselines across three datasets and
evaluation metric. Even relative to KAC, which already exploits knowledge distilled

from pre-trained LLMs, FILM-DeepFM achieves superior performance. We attribute
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Table 3.6: Comparison of FILM-DeepFM with lightweight traditional CTR baselines.

Amazon Movies Book-Crossing Amazon CDs
Model

AUC Logloss AUC Logloss AUC Logloss
DeepFM 0.8567 | 0.2969 | 0.7528 | 0.4514 | 0.8865 | 0.2136
DCN 0.8559 | 0.2938 | 0.7533 | 0.4504 | 0.8882 | 0.2123
FinalMLP 0.8547 | 0.2991 | 0.7543 | 0.4497 | 0.8827 | 0.2178
GDCNP 0.8581 | 0.2987 | 0.7513 | 0.4516 | 0.8883 | 0.2139
GDCNS 0.8580 | 0.2929 | 0.7530 | 0.4546 | 0.8867 | 0.2133
KAC 0.8592 | 0.2939 | 0.7545 | 0.4471 | 0.8904 | 0.2095
FILM-DeepFM | 0.8606 | 0.2908 | 0.7560 | 0.4462 | 0.8915 | 0.2090

this advantage to two main reasons: (i) the learned embeddings are explicitly aligned
with the CTR prediction task, in contrast to methods that simply reuse generic LLM
representations without task-specific adaptation; and (ii) traditional CTR models
such as DeepFM and DCN mainly depend on feature-cross networks to capture fea-
ture—interaction relationships, but lack the richer semantic modeling capabilities that

the FILM embeddings introduce.

3.6 Summary

This chapter examines how fine-tuned LLMs internalize the relationship between
user—item features and interaction labels in CTR prediction. Through both feature-
wise and interaction-wise analyses, we reveal that base LLMs often neglect user—item
features when estimating interaction probabilities, leading to particularly weak per-

formance on tail items.

38



3.6. Summary

To mitigate these issues, we proposed FILM, a framework that augments LLM fine-
tuning and inference with two simple but effective mechanisms. The first component,
self-monitoring temperature, dynamically adjusts the prediction loss by tracking how
well the model utilizes feature information, thereby encouraging more faithful feature
modeling. The second component, label matching loss, explicitly compacts the repre-
sentations of interaction and non-interaction labels to form a sharper decision bound-
ary. Together, these designs drive LLMs toward comprehensive feature—interaction
learning, yielding substantial performance improvements over both strong traditional

baselines and recent LLM-driven predictors.

Limitations. Despite these advancements, a fundamental limitation remains: FILM
operates under the assumption that interactions are independent and identically dis-
tributed. It treats each user-item interaction as an isolated instance based solely on
textual semantics, thereby overlooking the high-order neighbors that naturally exists
in recommendation scenarios. In real-world systems, users buying similar items are
implicitly related, creating a rich web of collaborative information that feature-level

modeling alone cannot capture.

This limitation motivates the transition to the next chapter, where we extend our
scope from semantic feature space to structural graph space. Specifically, we propose
to model the recommendation problem through the lens of the attributed graph. As
we will discuss, this formulation serves as a unified prototype, capable of generalizing
across interaction graphs, etc. By treating the attributed graph as a language, we aim
to equip LLMs with the ability to reason over these structural dependencies, filling

the gap between isolated semantics and collaborative information.
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Chapter 4

Each graph is a new language:

Graph Learning with LLMs

4.1 Introduction

As discussed in Section 2.3 many works try to bring LLMs into text-attributed
graph learning following two directions: description-based and summarization-based
approaches. Both approaches struggle with higher-order neighborhoods. Long free-
form descriptions are redundant and poorly structured, and complex connections
become messy when written as text, leading to long prompts and weak reasoning.
On the other hand, approaches that mainly use attribute embeddings do not involve
structure deeply in the LLM’s training. Multi-order aggregation can cause over-
smoothing and separates the LLM’s optimization from structural learning, making it

hard to learn high-order relations well.

As a result, it is hard to give LLMs a representation of high-order neighborhoods
that is both compact and accurate. Unlike GNNs that build message passing into
the model, LLMs usually need to linearize the graph into sequences, which increases

context length and compute. Also, dependencies across different orders grow quickly
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as neighborhoods expand, which makes concise representations difficult.

We take inspiration from cross-lingual transfer: LLMs trained mostly on one language
can still work well on another after seeing a relatively small amount of data. Based
on this, we view each graph as a new language and teach the LLM that language.
Our framework, Graph-Defined Language for Large Language Models (GDL4LLM),
replaces natural language descriptions with a graph language corpus built from the
graph. We map nodes to special tokens and create graph sentences by random walks.
Pre-training on these sentences helps the LLM learn structural patterns. We also
show that this pre-training objective encodes structure, such as how node degree
affects uncertainty, into the model. For downstream tasks, we sample short graph
sentences centered on a target node to compactly capture multi-hop information, and

we can attach textual attributes to provide semantic information.

During fine-tuning, we keep the structure knowledge learned in pre-training by freez-
ing the pre-trained LoRA weights and adding a new set of LoRA weights for the
specific task. This keeps the learned grammar of the graph language and allows effi-
cient adaptation to node classification. The sampled graph sentences give a concise
view of multi-hop structure without long prompts. If needed, we also concatenate
the textual attributes of visited nodes so the LLM can use its strength in natural lan-
guage understanding. In short, by treating a graph as a language and training LLMs
to understand that language, GDLALLM offers compact yet structure-aware repre-
sentations that scale to higher-order dependencies, providing a simple and effective

approach for learning on text-attributed graphs.

Our main contributions are:

e We treat graph structure learning for LLMs as learning a language and provide a
theoretical argument that the pre-training objective stores structural properties

in the model.

e We present GDL4LLM, which builds a graph language corpus with random
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walks for pre-training and then fine-tunes with short, target-centered graph

sentences, optionally combined with node textual attributes.

e On five real datasets, GDLALLM outperforms description-based methods and
attribute-embedding baselines. It achieves higher accuracy with fewer tokens

and faster inference, and it captures higher-order neighborhoods effectively.

4.2 Methodology

This section presents GDL4LLM, a two-stage framework that treats a text-attributed
graph as a learnable language. We first formalize the problem and training objective,
then detail (i) the construction of a graph language corpus and pre-training of an
LLM on that corpus, and (ii) a structure-aware fine-tuning procedure that preserves
structural knowledge while adapting to node classification. Throughout, we integrate

notation and task definitions that would otherwise appear in preliminaries.

4.2.1 Problem Setup and Learning Objective

Graph and attributes. Let a text-attributed graph be denoted by G = (V, &, X),
where V = {v1,...,vy} is the node set, £ C V x V is the edge set, and X' =
{x1,...,x)y} contains node-level textual attributes. The topology is encoded by an
adjacency matrix A € RV*VI with A;; = 1 if (v;,v;) € € and 0 otherwise. Each x;

may be a document such as a paper abstract or product description.

Node classification. Given G, our goal is to produce a representation t; € R? for

every v; that fuses structure and text, and to predict a class label in {1,...,C}. We
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Figure 4.1: The figure demonstrates a comparison between mainstream methods and

GDLALLM for node-classification task. Figure (a) utilizes LLMs to embed node at-

tributes and leverages GNN to aggregate the embeddings. Figure (b) presents the

descriptions of graph structure centered around target nodes. Figure (c) illustrates

how LLMs are pre-trained to capture graph structures through graph language learn-

ing, and how textual attributes are further integrated to enhance LLMs fine-tuning.

use a linear classifier with parameters Wj, € R¥C and bias b € RC:

exp (VAV,ICti + bc>

260:1 exp <W;6ti + bé> .

e
Y =

Training minimizes the cross-entropy over labeled nodes:

Ze

Lop ==Y Y yilog,

i=1 c=1

where y§ € {0,1} is the ground-truth indicator.

(4.1)

(4.2)

Parameter-efficient tuning. We adopt Low-Rank Adaptation (LoRA) for effi-

cient fine-tuning of a frozen LLM. For a base weight Wy € R¥? in the LLM, we
introduce a trainable low-rank update AW = BA with B € R A € R™% and

r < min(d,d’). We initialize B = 0 and A with a Gaussian distribution so that AW

starts at zero and only the small factors are optimized while W remains fixed.
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4.2.2 Graph Language Pre-training

We convert the graph into a discrete language over an extended vocabulary and
pre-train an LLM to model token transitions induced by the topology. This stage
equips the model with structural priors without resorting to verbose natural language

descriptions.

Vocabulary and Syntax of the Graph Language

Tokens (nodes). We assign each node v; a unique special token, e.g., <node_i>, by
expanding the tokenizer’s vocabulary. These tokens are out-of-vocabulary w.r.t. the

base LLM and will be embedded via a learnable projector.

Sentences (paths). A graph sentence is a sequence of tokens following edges in G;
semantically, it encodes a walk in the graph. For example, a sentence may look like
<node_8><node_3><node_10><node_12><node 9>. Collecting many such sequences

yields a corpus C = {s1, o, . .. } that reflects local and higher-order structures.

Sampling the Corpus via Random Walks

To expose the model to structure around every node, we perform k£ random walks of
length [ starting from each node token. Let N(v;) = {v; | (v;,v;) € €} denote the
neighbors of v;. The transition probability is

Aij if Vj S N(UZ'),

P(oj | vy) = { =t (4.3)

0, otherwise.

This procedure produces approximately k-|V| sentences, jointly covering 1-hop through

[-hop neighborhoods, with token frequency governed by degrees and local edges.
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Embedding New Tokens and Language Modeling Objective

Projecting node tokens. Because <node_i> tokens are newly introduced, we ob-
tain initial semantic anchors by encoding textual attributes x; with the LLM and
then applying a learnable linear projector W, € R%*? to align these anchors with
structure. Intuitively, W, learns to map nodes with similar local structure to nearby

embeddings while preserving text-driven semantics.

Next-token pre-training. We endow the LLM with a trainable head W, € RVl
over node tokens and attach a LoRA adapter AW, to selected LLM layers during
pre-training. Given a sentence s; = (s;1,..., ;) € C and hidden states {tq}flzl, we

maximize the likelihood of the next token:

l
£pre - Z log P(Si,q | Si,lzq—l; va Awh Wh) ) (44)

g=1

where the distribution over node tokens at step ¢ is parameterized by logits W t,.

What is learned structurally.

Theorem 4. For a language model with sufficient capacity to construct the inner

product between all Wy, , and t, pairs, given node s; , with degree dgy, then Wy, 4-t, o
log (H(si,qil,siyq)ES'ZA>

dg

Proof. Assume that all possible token weight vectors W), , form a weight vector set
W, and all hidden representations of the next possible graph token t, form a context
set 7. We use #(-,-) to represent the number of co-occurrences of two quantities.
If the language model has sufficient capacity to construct the inner product between
any pair Wy 4 and t,, the optimization of each pair’s inner product does not affect
the others. Then we replace the cross entropy loss in the pre-training process with

the binary cross entropy loss. The overall pre-training loss is calculated as:
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L= #(wt) (log (1 ixi)i;‘zwt)t)))

weWw teT

+ 37 #(w.t) - W] Epep, {bg (mﬂ '

wew teT

The pre-training loss with respect to a specific pair is calculated as:

Liw) z#(w,t)log( xp(w - 8 )) +|W!-#<w>-klog(

1+ exp(w-t 1—|—exp(w-t))’
where k is a constant factor. We calculate the gradient of the above term and set it

to zero, obtaining the following terms:

o [ #wt) H(w, t)
¢ (\W|-#<w>-dq 1) = W] W)k (45)

The inner product w - t, i.e., x, satisfies the following equation:

H(si,q,l,si,q)es : ZA) (4 6)

w-toclog( dd_
q%q—

]

The above theorem and proof shows how node degrees shape the pre-training objec-
tive. Nodes with higher degrees tend to have smaller optimal inner products, while
nodes with lower degrees have larger ones, which matches the difference in certainty
for sampled graph sentences. Through this training process, the LLM gradually picks

up key structural signals, such as node degrees and how nodes are connected.

4.2.3 Structure-aware Fine-tuning

We now adapt the pre-trained graph language model to node classification while

preserving structural knowledge and incorporating textual semantics.
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Retaining Structural Knowledge with Disjoint Adapters

Let Wy be the frozen LLM weights and AW the pre-trained structural adapter. For

downstream tasks, we introduce a separate LoRA branch AW,:
W =W, + AW, + AW,, (4.7)

and only optimize AWy while keeping Wy and AW, fixed. We reinitialize a task-
specific classifier W), € R¥? and a new projector Wp, to better align text and graph

structure for the target label space optimization..

Graph Language Conditioning for Classification

For a target node v;, we sample a small set of graph sentences {sq,...,s;} of length
[ using (4.3)), each starting from <node_i>. This mini-corpus compactly captures the

subgraph structure. We condition the LLM on these sentences and minimize

Lcg = —log P <yi

sk W, AW, W) (4.8)

which couples the preserved structural prior via AW with the task adapter AW,.
Choosing [ and k balances local specificity and higher-order coverage without incur-

ring long natural language prompts.

Injecting Textual Semantics

To simultaneously exploit structural and semantic signals, we integrate the graph
language corpus with the textual attributes of nodes. The graph language encodes
structure regularities, whereas the textual attributes supply complementary seman-
tic context to the prompt. For each node, we construct a composite document by
traversing its sequence in the graph language corpus and concatenating the textual

attributes of all visited nodes. This composite document is paired with the graph
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language during both pre-training and fine-tuning, allowing the LLM to better inter-
pret inter-node relationships and to produce more accurate node classifications via

its natural language reasoning abilities.

4.3 Discussion

4.3.1 Beyond Metaphor: The Statistical Isomorphism be-

tween Graph and Language

While the concept of ”graph as language” serves as the foundational metaphor for
GDL4LLM, it is grounded in specific statistical properties shared between attributed
graph and natural language. We summarize these shared properties to delineate the

validity scope of this metaphor.

Power-Law Distributions. The first connection lies in the statistical distribution
of their constituent elements. Natural language vocabulary follows Zipf’s law, where
a few words appear frequently while the majority are rare. Similarly, most real-world

graphs are scale-free networks where node degrees follow a power-law distribution .

Probabilistic Alignment. The core mechanism bridging the two domains is proba-
bilistic dependency. In natural language, the semantic relationship between words is
fundamentally captured by their co-occurrence probability within a sequence. Simi-
larly, in graphs, the structural relationship between nodes is governed by the transition
probability of moving from one node to another. Our random walk strategy acts as a
translation layer that explicitly maps the graph’s transition probabilities into token
co-occurrence probabilities. This ensures that the LLM learns topological proximity
using the exact same objective function it uses to learn linguistic grammar, validating

the "graph as language” metaphor at a mathematical level.
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4.3.2 Theoretical Analysis: Information vs. Redundancy

Trade-off

While our corpus construction strategy is empirically justified, it involves a funda-
mental theoretical trade-off between maximizing structural information and mini-
mizing token redundancy. We formulate this as an optimization problem from an

information-theoretic perspective.

Let Cy; be the constructed graph corpus, parameterized by the number of walks
per node k and the walk length [. The quality of the corpus can be measured by
the mutual information between the graph topology and the generated sequences,

denoted as I(G;Cy,).

Our objective is to maximize this mutual information subject to a computational
budget, e.g., total graph token count N o< |[V| -k -1. This can be expressed as the

following optimization objective:

max J (k1) =1(G;Cry) — X - Cost(k, 1) (4.9)

)

where A is a Lagrange multiplier controlling the penalty for computational cost. The

trade-off is shown in two key aspects:

e Walk Length [: Increasing [ allows the corpus to capture higher-order prox-
imities and long-range dependencies. However, as [ goes longer, the random
walk converges to the stationary distribution and subsequent tokens become
statistically independent of the starting node, contributing noise rather than

local structure information. This leads to diminishing returns in 1(G; Cy ).

e Walk Number k: Increasing k improves the estimation of local transition
probabilities via the Law of Large Numbers. However, excessive sampling leads

to redundancy, where the marginal information gain of adding a new sequence
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A1(GiCr,1)
ON

approaches zero <e.

Therefore, our parameter choices for k and [ aim to locate the “knee point” of this op-
timization landscape. We seek a corpus that is sufficiently informative to reconstruct
the graph structure while remaining compact enough to avoid diluting the LLM’s

attention mechanism with redundant token transitions.

4.4 Experiments

We evaluate GDL4LLM on five public benchmarks to quantify accuracy, dissect the
contribution of each component, study sensitivity to design choices, and measure
efficiency. Concretely, we aim to answer: RQ1 How does GDL4LLM perform on node
classification compared with competitive text-attributed graph methods? RQ2 What
are the roles of graph language pre-training and attribute-aware prompting, and how
much do they contribute individually and jointly? RQ3 How do core hyperparameters
and backbone LLMs influence performance? RQ4 How efficiently does GDL4LLM

capture higher-order structural context in terms of tokens and time cost?

4.4.1 Datasets

We consider five datasets: ACM, Wikipedia, Amazon, Ogbn-Arxiv, and Ogbn-Products.
Table summarizes basic statistics. Detailed dataset descriptions as well as the as-
sociated train/validation/test splits are provided. Following prior work [102], we
partition the first three datasets into training, validation, and test sets with an 8:1:1
ratio. For the benchmark datasets Ogbn-Arxiv and Ogbn-Products, we adopt the
standard public splits.
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Table 4.1: Micro-F1 comparison across five datasets.

ACM Wiki Amazon | Ogbn-Arxiv | Ogbn-Products
LMs GNNs
Val. ‘Tcst Val. ‘ Test | Val. ‘ Test | Val. ‘ Test | Val. Test
Fine-tuned LMs + GNNs

- 77.8 | 75.069.8|69.6|90.8|90.5|71.8| 69.8 |82.2 69.4

GCN 80.6 | 80.3 | 71.0 | 70.3 | 93.6 | 93.3 | 71.7| 70.5 | 92.1 78.8
bert GAT 81.0 | 79.9 | 73.5 | 72.8 | 93.7 | 93.6 | 729 | 70.6 | 93.0 81.5

GraphSAGE | 80.8 | 79.7 | 73.2 | 72.0 | 93.8 | 929 | 70.9 | 68.5 |91.9 78.6

- 76.2 | 76.4 | 72.1 | 70.6 | 88.9 | 88.5|69.8 | 67.1 |80.8 66.5

GCN 80.5|79.9 | 70.8 | 69.0 | 93.6 | 93.5 | 7T1.5 | 69.2 | 92.1 78.0
Roberta

GAT 80.9 | 80.1 | 73.7 | 73.0 | 94.0 [ 93.5 | 72.6 | 70.3 | 92.8 81.3

GraphSAGE | 80.9 | 79.5 | 73.2 | 70.4 | 943 | 94.1 | 70.2 | 67.6 |924 78.6

Specialized frameworks for text-attributed graphs
MPAD 80.1 | 78.9 | 68.8|68.093.1(928|682| 639 |77.6 63.9
GLEM 814|798 |73.6|71.2|945|94.3|769| 759 |93.2 84.7
GraphFormers 75.3 | 75.1 | 66.8 | 67.5 | 85.6 | 86.4 | 70.4 | 68.4 | 75.0 60.3
LLAGA 772|775 | 717720901908 | 775 | 76.1 |92.4 84.2
InstructGLM 75.4 | 745|722 |70.6 | 94.3 | 94.2 | 76.9 | 76.2 - -
GDL4LLM 81.9|81.4|74.3/73.2/94.694.6 |77.7| 76.5 |93.9 85.4
Fine-tuned LLMs + GNNs

GraphAdapter | - 80.8 1804 | 71.9 | 71.794.1 |93.4 | 77.3 | 76.5 - -
Llama3-8b - 80.7 | 80.6 | 71.9 | 71.2 | 92.0 | 91.6 | 73.0 | 72.5 - -
Llama3-8b GraphSAGE | 82.0 | 81.3 | 72.8 | 73.0 | 93.1 | 92.8 | 76.8 | 76.1 - -
GDL4LLM |w/ attr 83.9/82.8/74.0/73.4/95.8/95.5|77.6| 76.6 - -

4.4.2 Baselines and Variants

fine-tuned LMs with graph encoders.

o1

We benchmark against three families of strong methods: (i) Classical GNN-based
models: GCN [31], GraphSAGE [16], and GAT [66].

(ii) Frameworks tailored for

text-attributed graphs: MPAD [55], GLEM [106], GraphFormers [86], LLAGA [7],
InstructGLM [88], and GraphAdapter [25]. (iii) Hybrid LM-GNN pipelines combining

We also include ablations of our approach: (i) GDL4LLM w/o pre-train: removes the
graph language pre-training while keeping structure-aware fine-tuning; (ii) GDL4LLM
w/ attr: augments prompts with node textual attributes; (iii) GDLJLLM w/ attr w/o
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Table 4.2: Dataset statistics.

Dataset #Nodes #Edges | #Classes
ACM 48,579 193,034 9
Wiki 36,501 1,190,369 10

Amazon 50,000 632,802 7

Ogbn-Arxiv 169,343 | 1,166,243 40
Ogbn-Products | 2,449,029 | 61,859,140 47

Table 4.3: Macro-F1 performance comparison across five datasets.

ACM Wiki Amazon | Ogbn-Arxiv | Ogbn-Products
LMs GNNs
Val. ‘Test Val. | Test | Val. ‘Test Val. ‘ Test | Val. Test
Fine-tuned LMs + GNNs

- 73.6 | 69.0 | 59.7 | 58.4 | 87.7 | 86.9 | 52.5 | 50.8 | 59.2 46.2

GCN 75.9 | 74.6 | 61.0 | 58.7 | 91.5 | 90.1 | 53.3 | 51.6 | 69.5 55.8
Bert GAT 76.2 | 74.1 | 62.3 | 60.8 | 91.6 | 90.6 | 55.6 | 53.7 | 70.4 56.8

GraphSAGE | 76.3 | 74.1 | 61.8 | 59.5 | 91.8 | 90.0 | 50.2 | 48.4 | 65.7 54.0

- 71.2 | 70.7 | 60.4 | 57.6 | 85.8 | 83.9 | 52.4 | 50.6 | 58.0 44.8

GCN 75.6 | 74.1 | 60.0 | 56.1 | 91.3 | 90.7 | 53.1 | 51.8 | 684 55.0
Roberta

GAT 76.1 | 74.2 | 62.6 | 61.2 | 91.6 | 90.5 | 55.7 | 53.4 | 69.2 55.5

GraphSAGE | 76.0 | 74.1 | 61.2 | 57.5 | 90.6 | 90.4 | 49.1 | 48.4 | 64.8 53.7

Specialized Frameworks for Text-Attributed Graphs
MPAD 72.2 | 71.6 | 56.2 | 53.9 | 90.4 | 88.6 | 48.6 | 43.5 | 57.6 43.2
GLEM 76.6 | 73.9 | 62.8 | 58.3 | 91.8 | 90.9 | 57.4 | 55.9 | 73.6 64.7
GraphFormers 71.0 | 65.4 | 53.5 | 51.2 | 85.2 | 82.2 | 49.4 | 44.8 | 54.3 42.1
LLAGA 72.8 | 72.1 | 60.9 | 60.5 | 89.5 | 88.6 | 60.4 | 60.2 | 72.1 64.3
InstructGLM 70.1 | 68.9 | 62.1 | 58.1 | 90.8 | 89.6 | 60.1 | 59.8 - -
GDL4LLM 77.2|75.6|63.0/61.5]92.1(91.3|60.9| 60.5 |74.3 65.5
Fine-tuned LLMs + GNNs

GraphAdapter | - 774|757 61.6 | 59.9 | 91.7 | 90.0 | 60.9| 60.4 - -
Llama3-8b - 75.9 | 73.8 | 61.7 | 59.0 | 88.9 | 88.3 | 56.5 | 54.7 - -
Llama3-8b GraphSAGE | 78.5 | 76.4 | 62.0 | 60.6 | 90.9 | 89.6 | 59.6 | 60.0 - -
GDL4LLM w/ attr 79.7|77.7/63.0|61.5|93.192.4| 60.6 | 60.5 - -

pre-train: combines attribute augmentation with no pre-training.
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4.4.3 Implementation Details

We conduct all experiments on a server equipped with eight NVIDIA A100 GPUs,
each with 80 GB of memory. To ensure a fair comparison, we obtain baseline results
using their official publicly released implementations. Our framework is implemented

in PyTorch with the transformers library.

Hyperparameters are selected via grid search. In particular, the graph sentence
length [ and the number of graph sentences k are tuned over the sets {2,3,4,5}
and {2,4,6,8,10}, respectively, and the best configuration is chosen according to
performance on the validation set. For LoRA, we fix the dropout rate, rank, and
scaling factor a to 0.2, 8, and 16, respectively. We apply a weight decay of 1le—2 to
mitigate overfitting. The proposed framework is trained with a learning rate of le—4
and a batch size of 32, using the Adam optimizer and early stopping based on micro
accuracy on the validation set. And we also report the macro accuracy on the test
set. In the main comparison, we adopt Llama2-7B [65] as the backbone LLM, and
additionally employ Llama3-8B to investigate the effect of varying the backbone.

4.4.4 Main Results (RQ1)

Table lists Micro-F1, and Table lists Macro-F1 results. They demonstrate the

same trend. We compare against three broad groups and summarize takeaways:

LM-GNN hybrids. These pipelines benefit from message passing in GNNs and from
LM-derived features, but their overall performance hinges on external aggregation
rather than the LM’s internal capacity to reason over higher-order neighborhoods.

The limited structural signal present in raw attributes further constrains them.

Description-based methods. Encoding neighborhoods as natural language de-
scriptions tends to inflate prompt length, often restricting models to first-order or

second-order nodes in practice. By contrast, GDL4LLM compresses structure into

23



Chapter 4. Each graph is a new language: Graph Learning with LLMs

Accuracy Comparison of GDLALLM Variants
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Figure 4.2: Test accuracy of GDL4LLM variants across five datasets.

compact graph tokens and scales to higher-order nodes, leading to consistent improve-

ments.

LLM-enhanced GNNs. Although LLMs boost attribute embeddings, the integra-
tion between LLM reasoning and graph aggregation is typically shallow, which limits
modeling of multi-hop dependencies. Treating structure as a language, GDL4LLM
marries structural modeling and semantic understanding within a single LLM, yield-

ing stronger results.

4.4.5 Ablation Study (RQ2)

We analyze the effects of pre-training and attribute-aware prompting. Figure

report the results.
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GDL4LLM w/o pre-train GDLALLM w/ pre-train
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Figure 4.3: Validation and test accuracy of GDL4LLM with Llama3-8B across five

datasets.

Pre-training on graph sentences substantially improves downstream accuracy, espe-
cially when combined with attributes (GDL4LLM w/ attr). This mirrors classic
LM pre-training benefits: the model develops an internalized understanding of token

transitions reflective of graph connectivity.

Incorporating textual attributes into the prompts further improves performance by
adding semantic information that is not captured by the graph structure alone. Taken
together, the structural knowledge learned during pre-training and the extra seman-
tics from attributes work in a complementary way: pre-training brings in an inductive
bias that is aware of node connectivity, while the attributes strengthen class separa-

tion by making use of the node attributes.

4.4.6 Backbones and Hyperparameters (RQ3)

Backbones. We replace Llama-2 with Llama-3 backbones in Figure Llama-

3 consistently yields higher scores, likely due to architectural and pre-training data
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Figure 4.4: Effect of sentence length [ and number k£ on Wiki dataset.

improvements over Llama-2. Ablations on Llama-3 reaffirm that our graph language
pre-training is beneficial across different LLM backbones.

Hyperparameters. We study the sentence length [ and the number of sampled
sentences k. As shown in Figure [£.4] performance saturates around /=5 and k=10.

This indicates that compact corpora suffice to capture multi-hop neighbors: with

[=5, fourth-order context is modeled, whereas typical GNN depths, e.g., two layers

emphasize second-order neighbors [10] 59].

4.4.7 Efficiency Analysis (RQ4)

We compare token usage and runtime with description-centric approaches. Table
shows that GDL4LLM dramatically reduces tokens while modeling the same or higher
structural order, outperforming InstructGLM and LLAGA-HO. LLAGA-HO com-

presses neighborhoods via GNN summarization but still relies on verbose natural
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Table 4.4: Token budget vs. modeled structural order (Token/(order)).
ACM Wiki Amazon Ogbn-Arxiv | Ogbn-Products

LLMs -

Val. | Test Val. Test | Val. | Test | Val. | Test | Val. Test

InstructGLM | 146(1) | 149(1) | 1024(2) | 319(1) | 532(2) | 538(2) | 460(0) | 463(0) | - -
LLAGA-HO | 155(4) | 155(4) | 130(4) | 130(4) | 140(4) | 140(4) | 492(4) | 492(4) | 370(4) | 370(4)

GDL4LLM 54(4) | 54(4) | 72(4) | 72(4) | 72(4) | 72(4) | 106(4) | 106(4) | 106(4) | 106(4)

Reduction (%) | 63.01 | 63.01 | 44.62 | 44.62 | 48.57 | 48.57 | 76.96 | 76.96 | 71.35 | 71.35

Table 4.5: Training and inference time (hh:mm:ss).

LLMs Stage| ACM | Wiki | Amazon | Ogbn-Arxiv | Ogbn-Products
Train | 5:59:04 | 4:30:16 | 6:07:02 102:29:23 N/A
InstructGEM | poct | 0:06:41 | 0:05:01 | 0:07:08 0:42:20 N/A
Train | 0:47:26 | 0:35:18 | 0:49:29 3:09:03 5:33:11
LLAGA-HO Test | 0:04:41 | 0:01:57 | 0:04:04 0:44:12 143:01:12
Prep | 0:00:03 | 0:00:58 | 0:00:05 0:00:28 0:35:02
GDL4LLM Train | 1:05:23 | 0:34:03 | 0:32:15 2:40:06 5:03:39
Test |0:02:06 | 0:01:17 | 0:01:45 0:06:44 6:29:13

language descriptions; by replacing descriptions with graph tokens, GDL4LLM re-

mains succinct and scalable to higher-order context.

The efficiency benefits of GDL4ALLM are clearly illustrated in Table where it
achieves faster training and inference on most datasets. On the ACM dataset,
GDL4LLM finishes inference in 2:06, while InstructGLM and LLAGA-HO require
6:41 and 4:41, respectively. On the larger Ogbn-Arxiv dataset, GDL4LLM completes
inference in 6:44, compared with 42:00 for InstructGLM and 44:12 for LLAGA-HO.
These results indicate that GDL4LLM can greatly cut both token consumption and

runtime, while still modeling high-order structure effectively.

Furthermore, the data preprocessing time required by GDL4LLM is marginal across
all datasets. It is worth noting that this preprocessing is a one-time offline procedure.
Therefore, it does not significantly increase the overall time cost, further confirming

the practical efficiency of our proposed approach compared to the baselines.
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4.5 Summary

In this work, we point out two key drawbacks of relying only on natural language
to model text-attributed graphs with LLMs: (i) graph descriptions quickly become
long and redundant, especially when high-order neighbors are involved; and (ii) text
attributes alone do not contain enough structural signals, which makes it hard for
LLMs to learn high-order graph structure. We further focus on two core challenges:
(i) LLMs lack an internal mechanism similar to message passing in GNNs, and (ii)
there exist strong dependencies between high-order neighbors and the target node
across different orders. To tackle these issues, we introduce the GDL4LLM framework,
which lets LLMs handle text-attributed graphs as if they are learning a new language.
GDLALLM has two stages: (i) we build a graph language corpus and pre-train LLMs
on it so they can better understand graph structures, and (ii) we then fine-tune LLMs
with this corpus to generate compact descriptions of subgraphs centered on target
nodes. In this way, LLMs can gradually learn and use graph structure at different
orders. Extensive experiments show that GDL4LLM is both efficient and effective for

modeling text-attributed graphs in various downstream tasks.

Limitations. However, while GDL4LLM achieves superior performance by unify-
ing semantics and structure, it introduces a critical challenge regarding deployment
efficiency. As analyzed in our experiments, direct LLM inference on graphs faces two
major bottlenecks: combinatorial explosion of paths in dense subgraphs and unac-
ceptable inference latency due to auto-regressive generation. These computational
constraints make real-time deployment difficult. This limitation motivates the work
in the next chapter, where we will explore how to distill the structural knowledge
learned by LLMs into efficient embedding-based inference models, aiming to balance

the reasoning power of LLMs with the speed requirements of industrial systems.
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Chapter 5

LLM Collaborative Filtering:

User-Item Graph as New Language

5.1 Introduction

The Chapter [1] introduces multi-order collaborative information is central to CF and
classical graph-based CF models such as Light GCN [I§] capture collaborative infor-
mation via iterative neighborhood aggregation on the user—item interaction graph.
And as discussed in Section [2.4] to adapt LLMs to CF, recent adaptations trans-
late a user’s immediate interactions into natural language graph descriptions, falling
into two broad families: description reasoning-based and embedding injection-
based methods. And these approaches suffer from one or both of the following issues:

loss of multi-order collaboration and slow inference.

While recent methods, e.g., LLMEmb [45], LLM-CF [61], improve inference by build-
ing user/item profiles [23] with LLMs, they do not model the user—item graph with
LLMs and do not completely solve these limitations. Given the efficacy of graphs for
capturing multi-order collaboration [73], leveraging LLMs’ learning ability over graph

structure is compelling but hindered by:
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NLCF
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that the user may enjory. Response:...
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Figure 5.1: Pipeline comparison between prior methods and NLCF. NLCF attains
efficiency by training on short graph sentences and serving via precomputed user-item

embeddings.

(1) Structural mismatch: User-item graphs are irregular 2D structures, whereas
LLMs process 1D sequences. Unlike graph-based CF models that aggregate
over neighborhoods [80], LLMs lack native graph inductive bias.

(2) Compute constraints: The count of multi-order neighbors grows geometri-
cally, yet LLM fine-tuning and serving are costly at scale. Meeting real-world

latency targets further constrains deployment.

We introduce New Language Collaborative Filtering (NLCF), a framework that treats
the user-item graph as a new language to let LLMs efficiently learn collaborative em-
beddings. As shown in Figure[5.1, NLCF transforms the graph into a compact corpus
whose empirical token transition probabilities converge to graph transition probabil-
ities. This design supports multi-order interaction modeling. NLCF then balances
frequent and rare multi-order interactions via similarity-based sampling. The sampled
corpus is used to fine-tune an LLM, whose hidden states are aggregated to construct
user/item collaborative embeddings. Training is efficient due to concise graph sen-
tences, and inference is efficient via embedding retrieval rather than token generation.
To clearly distinguish our proposed framework from these existing generation-based

LLM CF paradigms, we provide a conceptual comparison in Table (.1 And our
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contributions are as follows:

e We propose a framework NLCF, which integrates LLMs with CF by converting
the user—item graph as a new language, enabling LLMs to learn collaborative

user/item embeddings.

e We develop two core modules: (i) a graph corpus collection module that converts
the graph into compact sentences and applies similarity-based sampling; and
(ii) a collaborative embedding construction module that fine-tunes LLMs and

aggregates hidden states for efficient retrieval.

e Extensive experiments on three datasets show consistent gains over graph-based
CF and LLM-based baselines, with notable efficiency improvements. Online

A/B tests further validate industrial effectiveness.

Table 5.1: Conceptual comparison between generation-based LLM CF and the pro-
posed NLCF framework.

Feature Generation-based LLM CF NLCF (Ours)

Inference Mechanism | Autoregressive text generation Embedding-based dot-product search
Inference Latency High (Depends on output length) Low (Efficient similarity search)

Inference Versatility | High (Free text) Focused (Ranked item lists)

Input Representation | Natural language prompts Compact graph sentences (Random walks)
Structure Modeling Implicit reasoning via descriptions Explicit multi-order interaction encoding
Hallucination Issue Prone to generating non-existent items | Free (Constrained to candidate set)
Deployment Hard (Slow for real-time serving) Easy (Compatible with ANN indices)

5.2 Preliminary

Notation. Let the user-item graph be G = (V, ), where V = U UZ is the union of

users U and items Z, indexed by {v1, ..., vy }. Edges &€ C U x I encode interactions,
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with adjacency A € RIVIXIVI.

1, if (v, v;) € €,

0, otherwise.
The bipartite nature implies zero entries for user—user and item—item pairs. We fine-
tune an LLM on G with LoRA [21] parameters W to learn user embeddings h,, and

item embeddings h,,.

Low-Rank Adaptation. LoRA fine-tunes LLMs efficiently by introducing trainable
low-rank matrices [21]. Given a weight matrix W € R¥>? LoRA augments it as

W = W + BA during adaptation.

Collaborative Filtering. CF learns user/item embeddings from user—item inter-
actions; multi-order collaborative signals in G [18] are crucial. The forward process

updates embeddings h,,, h,, via
H®) — f(A,H), (5.2)

where f(-) is a GNN capturing higher-order collaboration. To do recommendations,
preference scores over Z use

Jui = hFTh). (5.3)

And we retrieve Top-N items per user.

5.3 New Language Collaborative Filtering

We present NLCF, which lets LLMs learn collaborative embeddings by framing the
user—item graph as a language. As in Figure , NLCF has two modules: (i) Graph
Corpus Collection, which converts the graph into a sentence corpus encoding multi-
order interactions and reduces it via similarity-based sampling; and (ii) Collabo-
rative Embedding Construction, which fine-tunes the LLM on the corpus and

aggregates hidden states to form user/item embeddings.
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Figure 5.2: Overall NLCF pipeline. Top: collect corpus via random walks followed
by similarity-based sampling. Bottom: fine-tune LLM on the corpus, then aggregate

hidden states to build collaborative user/item embeddings for efficient retrieval.

5.3.1 Graph Corpus Collection

We first map graph elements to language elements, then detail a similarity-based

sampling method.

Definition of Graph Language-related Concepts.

Graph tokens from users/items. We treat nodes V as unique tokens in the new

vocabulary, extending the tokenizer with randomly initialized embeddings.

Graph sentences from paths. Any connected node sequence, a path, is a sentence.
For example, in Figure [5.2] s; = {vg, v5, v2,v1,v3} is a sentence. Such paths encode
multi-order collaboration: e.g., v; may interact with vy because second-order neighbor

v interacted with vg. The initial corpus & = {sy, sq, ... } consists of these sentences.
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We extract sentences with random walks [14] using transition probabilities:

A .
2w ;€ N(vy),
Pg(vi | ’Uu) — ZJEN(Uu) Auj (54)

07 (Uua Ui) ¢ 57
where N (v,) is the neighbor set of v,. Each walk continues until reaching length .
This procedure ensures empirical conditional probabilities in the corpus converge to

graph transition probabilities:

Theorem 5. Let Ps(v; | v,) be the empirical conditional probability from a corpus
generated by sufficiently many random walks. As the number of walks tends to infinity,

Py(v; | vy) converges in probability to Py(v; | v,).

Proof. We prove that the empirical conditional probability Ps(v; | v,) computed from

the corpus converges to the graph transition probability Py(v; | vy,).

Let Ny(v, — v;) be the number of observed transitions from v, to v; in the initial
corpus. The empirical probability is

Ns(vy = v;)

Ps i w) — )
(U | (Y ) Zje/(/(vu) Ns(vu N Uj)

where N (vy) denotes multi-order neighbors within walk length I. The expected tran-
sition count is

E[Ns(vy, = v;)] = dy - 1+ Py(v; | vy).

By the Law of Large Numbers, as d, — oo or we sample k - d,, walks with &k — oo,

Ny(vy, — v;)

dul —>Pg(U7;|Uu).

The total outgoing transitions from v, in sampled walks satisfy

El Y Nw—=v)| = > E[N(vy =) =dy-L.
JEN (va) FEN (vy)

Substituting into Ps(v; | vy,),
Ny(vy, — vy) dy - U Py(v; | vy)

Py(vi | vy) =

= Pg(’l)i | 'Uu).
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Therefore, random-walk sampling aligns corpus conditional probabilities with graph

transition probabilities. O]

To sufficiently capture collaboration, we initiate d, = > A,. walks from each node

Uy, yielding the initial corpus §.

Similarity-based Sampling for Graph Corpus Reduction.

Corpus size scales with both node count and average degree. Naive downsampling,
e.g., random or degree-based sampling, ignores local density. Dense regions produce
many overlapping walks. Sampling strategies for LLM recommendation [41] [43] often
target a small candidate set and are incompatible with whole-item set retrieval [I13].
Other approaches rely on extra LLM processing [I11] or data integration [75], which

is costly.

We propose similarity-based sampling: cluster similar sentences by overlap, then
sample more interactions in denser clusters to reduce redundancy while preserving

essentials. We measure overlap via Jaccard similarity:

s, N8yl
Ssimilarit (S S ) = u' (55)
T s Ussy]
Sentences form clusters if pairwise similarity exceeds a threshold ¢:
Ci = {8y € S : Ssimitarity (Sp, ) > t, Vs, € Ci}. (5.6)

Cluster size |C;| reflects density. We assign each sentence s, € C; a sampling proba-

bility proportional to cluster size and normalized across clusters:

Ci]
Z;ﬂﬂ |Cj|7

where m is the number of clusters. Given a budget ratio a € (0, 1], we sample:

P(Sq) = Sq € C;, (57)

S ={s,~ P(s,) :8, €S, |S'| = a|S|}. (5.8)
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This stratified sampling strategy balances the representation of different clusters while
keeping the number of sampled sentences within a fixed budget, thereby controlling

both redundancy and computational cost.

Directly computing pairwise Jaccard similarities via Eq. would yield fine-grained
clusters, but requires O(]S|?) comparisons and quickly becomes infeasible for large
corpora. To avoid this quadratic cost, we instead use MinHash to approximate Jac-
card similarity between sentences. MinHash provides efficient, unbiased similarity
estimates from compact signatures, enabling scalable clustering. These properties

are proved in the following theorem:

Theorem 6. For two sentences s,, s, with Jaccard J(sp, s,), the MinHash estimator

J(sp, 8q) based on k independent hash functions is unbiased with variance J(SP’SQ)(IIJJ(S”’SQ)).

Proof. This proof first introduces the construction of MinHash signatures for graph
sentences and establishes their relationship with Jaccard similarity under both single
and multiple hash function scenarios. We then demonstrate how MinHash signatures

achieve more efficient similarity estimation compared to pairwise comparison.

Let H = {hy, ..., hx} be a set of independent hash functions. The hash signature for

a graph sentence s, is defined as:

sig(sp) = [min hq(v;), min ho(v;), ..., min hg(v;)].
V;ESp V;ESp V;ESp
For k = 1, we establish the following lemma: Given a single hash function h and graph
sentences s,, s,, the probability of their MinHash signatures being equal is equivalent

to their Jaccard similarity:

_ |5p N 5]

P(sig(s,) = sig(sy)) = J(sp, Sq) = 5, Usg|’

Consider a random hash function h that induces a random permutation by sorting

elements from s, U s, by their hash values. Let sig(s,) = min,,e,, h(v;) represent the
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first element of s, in this permutation. The equality sig(s,) = sig(s,) occurs if and

only if the first element belongs to s, M s,. Due to the random permutation property,

[spNsq| _
[spUsql

this probability equals the fraction of shared elements: P(sig(s,) = sig(s,)) =
J(8p, 5¢)-

For multiple hash functions, we construct an estimator using MinHash signatures to
approximate Jaccard similarity. Let I(min,es, h;(v;) = ming,es, hj(v;)) denote an

Bernoulli indicator. The estimator is defined as:

V;ESp CASEN

k
1
J (5, 5q —%Z (min h;(v;) = min h;(v;)).

Given k independent hash functions, the MinHash estimator J (8p, 8q) is unbiased

J(8p;3¢)(1—J(8p,8q))
2 .

with variance

Since each indicator is an independent Bernoulli random variable, by linearity of

expectation:

ZI (min hj(v;) = min hj(v;))] = J(sp, Sq)

Vi ESp Vi E€Sq

E{j(spv Sq -

?vl»—

Jj=1

J(8p, 8¢)(1 = J(8p, 5¢)) '

Var[j(sp, sq)] = ’

Thus, J (sp, Sq) provides an unbiased estimation of Jaccard similarity. While tradi-
tional Jaccard similarity computation requires O(|S|?) operations, MinHash accelera-
tion reduces this to O(|S|) by storing signatures in a hash table and retrieving graph

sentences whose collision frequencies exceed a specified threshold.

Through the above theorem, we can conclude that using compact signatures and hash
tables yields expected similarity search complexity O(|S]), making large-scale corpus

curation more practical.
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Theoretical Analyses about Connection between Graph Corpus and Col-

laborative Information.

We further quantify how the one-dimensional corpus preserves multi-order collabora-

tive information from the two-dimensional graph:

Theorem 7. Let w denote the importance of node v; to node v,, as measured by the
gradient norm of a GCN, and let w' = %/ represent the empirical co-occurrence ratio,
where n' is the number of graph sentences containing both nodes v, and v;, and n is

the number of graph sentences containing node v,. The standard error of |w —w'|, is

bounded by O (%)
Proof. Let h{ denote the hidden feature learned by GCN [16], defined as:

1

0 — . (I-1)

MY =ReLU (= > Wi
v; EN (vy)

For simplicity, we remove the non-linear activation function and GCN weights from

the GCN aggregation in this proof. However, the theorem still holds when these

components are included. The gradient of th,} with respect to hq(,?) is given by:

ond oni—Y
N R

(0)
Ohy) | I3

(vu)

We iteratively expand this formula using the chain rule to get:

onY

on® L [an? LN
_— = = ’LU7
lghz(;?) , Z H d |

p:l p:l q:l Vqlp

where n is the number of paths containing both nodes v; and v, I’ is the length of
the current path p, d,,  represents the degree of the ¢g-th node in the current path p.
Since we use Eq. (5.4) and perform random walk, the probability of node v, visiting

v; 18 exactly the same as the sum of probabilities for all paths shown above.
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However, it is computationally impractical to retrieve all such paths for every pair
of nodes, especially when similarity-based sampling is used. Let X, be an indica-
tor Bernoulli variable for the p-th walk in practice, which shows whether the walk

successfully reaches node v; starting from v,:

1 if the walk reaches v;,

0 otherwise.

From the previous theorem, the following expectation and variance properties hold:

E[X,| = w, and Var(X,) = w(l — w). Now, if there are n paths from node v, to

n

node v;, the empirical probability satisfies the following properties: E {LXP} =

w, and Var [Zgzﬁl X"} = w(lgw). This variance is bounded by 1. Therefore, the sam-

nl

pling standard error of the empirical probability w’, i.e., % encoded in the sampled

w—w'|:O<i).
n

corpus, satisfies:

In the proof, w represents collaborative information captured by GCNs in prediction
by modeling multi-order interactions, while w’ denotes the importance derived from
the sampled graph corpus as reflected by the empirical occurrence ratio. The theorem
demonstrates that the sampled graph corpus encodes collaborative information in a
manner consistent with GCNs, with the difference diminishing as the number of
sampled graph sentences increases. This result provides a theoretical foundation for
using graph sentences as a proxy for mining collaborative information underlying

multi-order interactions.
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5.3.2 Collaborative Embedding Construction

After converting the user—item graph into a collaboration-rich language corpus, we
fine-tune the LLM on this corpus to absorb multi-order interactions. We then ag-
gregate its hidden representations into user and item embeddings, enabling efficient

full-item inference via embedding-based retrieval rather than online LLM generation.

Fine-tuning LLMs on the Corpus.

Multi-order collaboration allows distant tokens to inform next-token prediction within

sentences. We fine-tune the LLM by maximizing next-token likelihood:
IS"] Isql R
Lore = — Z Zlog P(sq; | sq<j, Wy, W), (5.9)

g=1 j=1
where W, € RIVI*? is the learnable head layer. This objective encourages the LLM
to internalize multi-order interactions. To control the memory usage induced by large

new tokens, We employ a dynamic memory bank to control memory usage.

Dynamic Memory Bank

Fine-tuning LLMs on large vocabularies is memory-intensive: each user/item token

VIxd  We design a dy-

requires its embedding and corresponding row in W, € R
namic memory bank with two optional strategies: (i) batch-wise loading of only the
embeddings and head weights needed for current tokens; and (ii) sampled-softmax
optimization where we update only weight vectors for tokens appearing in the batch.

Together, these enable scalable fine-tuning on large datasets.

Graph Sentence Representation Aggregation.

After fine-tuning, the LLM has absorbed collaborative information from the graph

corpus, but invoking it online for every request would be too slow for real-world
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recommenders [53]. We therefore precompute user and item embeddings offline and

use them for fast retrieval at inference. For each sentence, we compute hidden states:
hq7j - LLM<{Sq717 e 78q:j_1})7 (510)

and aggregate target node representations across graph sentences to encode multi-

order interactions:

=s (5.11)
K={p:s, €S8 s4p=0u, D=8, =k, 0 <k <|sgl}.

where KC collects valid positions of v, controlled by the hyperparameter k. Item
embeddings are computed in the same way. Once embeddings are precomputed,
NLCF serves recommendations via simple inner-product search using these embed-

dings, avoiding any online LLM computation and thus achieving low-latency inference.

5.4 NLCF Pseudocode

Algorithm [I] outlines the workflow:

In corpus collection, NLCF performs d,, random walks of length [ per node, clusters
sentences with MinHash based on threshold ¢, and samples with P(s,) o |C;| to

produce S’ of size a|S].

In embedding construction, LoRA parameters W are fine-tuned by minimizing L. =
=g 2108 P(sq5 | 84,<j5 Wy, W) with a dynamic memory bank. User /item embed-

dings h,,, h,, are aggregated from positions where the tokens appear.

In serving, scores 1,;, = h;hvi enable fast top-INV retrieval.
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Algorithm 1 New Language Collaborative Filtering

1: Input: Graph G = (V, &), LLM params W,,, sampling ratio «, walk length [,
threshold ¢, agg. offset k

2: Output: User/item embeddings h,

3: procedure COLLECTGRAPHCORPUS(G, [, o, t)

4: S + {RANDOMWALK(G,v,l) | v € V, repeated degree(v)}

5: Cluster S into {C;} by MinHash (sim. threshold ¢)
Ci]
2, Gl

7 Sample S’ of size a|S| from S w.r.t. P

6: For s, € C;: P(sq) +

8: return &’
9: end procedure
10: procedure CONSTRUCTEMBEDDINGS(S', W)

11: Initialize LoRA params W

12: while not converged do

13 Sample batch {s,} C &

14: Lpre <= =22, 2,108 P(sy | Sq.<js W, W)
15: Update W by minimizing Lpre

16: end while

17: for each v € V do

18: Ko {(q,p) : sqp = v, p=[54| = k}
19: hy, < 37 per, LEM(541.51)

20: end for

21: return {h,},cy

22: end procedure

23: procedure NLCF(G,W,, [, a,t, k)

24: S’ + COLLECTGRAPHCORPUS(G, [, o, t)
25: {h,} - CONSTRUCTEMBEDDINGS(S’, W,,)
26: return {h,}

27: end procedure

28: procedure RECOMMEND(u,Z, {h,}, N)

29: Jui < h h;, VieT 79

30: return Top-N items by ¢,

31: end procedure




5.5. Experiments

5.5 Experiments

We perform comprehensive experiments on three real-world datasets to assess both
the effectiveness and efficiency of the NLCF framework. Specifically, our empirical
study is designed to answer the following research questions: RQ1: How does NLCF
compare with state-of-the-art graph-based CF models and LLM-driven recommen-
dation methods in terms of overall performance? RQ2: How do algorithmic design
choices, e.g., different sampling mechanisms and alternative LLM backbones, impact
the performance of NLCF? RQ3: To what extent is NLCF sensitive to crucial hy-
perparameters, including the sampling ratio and the length of generated sentences?

RQ4: How well does NLCF perform when deployed real-world settings?

5.5.1 Experimental Settings
Datasets.

Before detailing the specific datasets used in this chapter, it is important to note the
rationale for selecting different data sources compared to the previous chapter. While
previous chapter focuses on generic node classification tasks utilizing homogeneous

graphs, e.g., citation and co-purchase graphs, this chapter addresses the CF problem.

CF tasks fundamentally differ from node classification as they require modeling user-
item interactions within a bipartite graph structure to predict missing links or rank
items. Standard graph benchmarks like OGB-Arxiv lack this specific user-item di-
chotomy. Therefore, to effectively evaluate the proposed NLCF model and ensure fair
comparison with standard recommendation baselines, we employ three widely recog-

nized datasets in the recommendation community: ML-10M, Steam, and ML-1M:

e ML-10M [I7]: a large-scale MovieLens dataset with user-movie ratings and

detailed movie metadata, titles, genres, plots, etc. It contains 2,340,369 inter-
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actions from 69,428 users over 5,180 items.

e Steam [29]: user interactions on a gaming platform, with game metadata such
as titles and descriptions. It includes 918,951 interactions from 41,008 users

over 2,438 items.

e ML-1M [I7]: a medium-scale MovieLens dataset with user—-movie ratings and
user/item metadata, e.g., user demographics, movie genres. It contains 370,647

interactions from 4,869 users over 1,818 items.

These datasets provide textual attributes that can be verbalized as input to LLM-
based baselines. Following [44], we split each dataset into training/validation/test
sets with an 8:1:1 ratio, and remove users and items in the validation and test sets
that do not appear in the training set. We treat ratings > 3 as positive feedback, as
in prior LLM recommendation work [44], and filter out users and items with fewer

than 10 interactions [71].

Baselines Methods.

We compare NLCF against two categories of recommendation models:

e Graph-based CF. (i) Light GCN [I8]: a linear graph propagation model
that removes nonlinear activations to learn user/item embeddings. (ii) Light-
GCL [4]: introduces SVD-based graph augmentation to alleviate sparsity and
popularity bias. (iii) HMLET [32]: combines linear and nonlinear propaga-
tion with centrality-aware adaptation. (iv) AFDGCF [79]: applies dynamic

feature-dimension filtering to reduce over-correlation and over-smoothing.

e LLM-based recommendation. (i) TransRec [42]: a transition-style LLM
framework that models multi-facet identifiers and item transitions via tex-
tual prompts. (ii) LLM-CF [61]: leverages instruction tuning to inject col-

laborative signals and world knowledge into LLMs for recommendation. (iii)
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Table 5.2: Precision with N =5 and 10 on Steam, ML-10M, and ML-1M.

Steam ML-10M ML-1M
Model
Precision@5 | Precision@10 | Precision@5 | Precision@10 | Precision@5 | Precision@10

LightGCN [I8] 0.1232 0.0813 0.1559 0.1195 0.2527 0.2153
Light GCL [4] 0.0654 0.0503 0.1248 0.0911 0.1873 0.1569
HMLET [32] 0.1258 0.0884 0.1461 0.1141 0.2589 0.2238
AFDGCF [79] 0.1307 0.0909 0.1575 0.1208 0.2575 0.2223
TransRec [42] 0.0858 0.0448 0.1081 0.0603 0.1766 0.1218
LLM-CF [61] 0.1257 0.0827 0.1524 0.1132 0.2550 0.2170
LETTER [70] 0.1033 0.0690 0.1213 0.0835 0.2018 0.1645
LC-Rec [107] 0.0924 0.0606 0.1106 0.0664 0.1931 0.1536
LLMEmb [45] 0.1280 0.0862 0.1572 0.1199 0.2542 0.2164
NLCF 0.1356 0.0932 0.1730 0.1281 0.2650 0.2297

LETTER [70]: learns task-specific tokenization that fuses LLM semantics
with graph-based CF signals. (iv) LC-Rec [107]: combines prompt-template
fine-tuning with learnable tokenization for LLM-based recommendation. (v)
LLMEmb [45]: fine-tunes LLMs on item attributes to generate reusable em-

beddings for downstream recommendation models.

These LLM baselines cover three major paradigms: (i) description-based reasoning
(TransRec, LLM-CF), which directly prompts LLMs with textual descriptions for
recommendation; (ii) learnable tokenization and embedding injection (LETTER, LC-
Rec), which adapt the tokenization and input embedding layer of LLMs to better
encode collaborative signals; and (iii) attribute-based embedding generation (LLM-
CF, LLMEmb), which leverages LLMs as powerful encoders to produce item attribute
embeddings for external recommendation models. We also compare our similarity-
based sampling strategy with a simple random sampling variant to isolate the benefit

of structured sampling.
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Implementation details.

All baselines are implemented using publicly available code and run on a single
NVIDIA A100-SXM4-40GB GPU under Ubuntu 20.04.6, with Python 3.9.22 and
Transformers 4.45.2. CUDA 12.8 is used to manage GPU kernels. For fair compari-

son, we measure both training time and inference time on the same hardware.

For graph-based CF methods, we follow their default training pipelines where possible,
and adopt a batch size of 4,096. For NLCF, we use a batch size of 256 and a learning
rate of 1 x 107*. For LLM-based baselines, the batch size is maximized subject
to GPU memory and prompt-length constraints; models that rely on precomputed
embeddings use similarity search at inference time, while generation-based methods

decode item identifiers via the LLM.

We tune hyperparameters on the validation set via grid search. For NLCF, key
hyperparameters include the walk length [ € {2,3,4,5}, the sampling temperature
t € {0.25,0.5,0.75, 1}, and the aggregation position is fixed at k = 1 unless otherwise
specified. The sampling proportion is set to o = 75% in main experiments, and
varied in ablation studies. Our main comparisons use LLaMA-3.1-1B as the LLM
backbone; to evaluate generalization across model sizes and families, we further test

LLaMA-2-7B, LLaMA-3.2-3B, and LLaMA-3.1-8B.

Each method is run five times with different random seeds, and we report the mean
performance. Offline evaluation adopts full-ranking Precision@N and NDCG@N [115]
99, [110] with N € {5,10}. For online A/B testing, we track both effectiveness and

system efficiency using the following metrics:

Precision fraction of relevant items in the top-K list.

Normalized Discounted Cumulative Gain (NDCG) ranking quality that dis-

counts by position.

Page Click-Through Rate (PCTR) overall clicks divided by impressions.
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Table 5.3: NDCG with N =5 and 10 on Steam, ML-10M, and ML-1M.

Steam ML-10M ML-1M
Model
NDCG@5 | NDCG@10 | NDCG@5 | NDCG@10 | NDCG@5 | NDCG@10

Light GCN [I§] 0.2744 0.2790 0.1988 0.2007 0.2695 0.2436
LightGCL [4] 0.2623 0.2807 0.1944 0.2065 0.2112 0.2045
HMLET [32] 0.2730 0.2853 0.1919 0.1950 0.2723 0.2503
AFDGCF [79] 0.2809 0.2897 0.2002 0.2004 0.2694 0.2484
TransRec [42] 0.2796 0.2843 0.1961 0.1975 0.2706 0.2435
LLM-CF [61] 0.2772 0.2829 0.1976 0.1993 0.2735 0.2478
LETTER [70] 0.2717 0.2776 0.1928 0.1883 0.2683 0.2350
LC-Rec [107] 0.2615 0.2682 0.1865 0.1822 0.2626 0.2321
LLMEmb [45] 0.2785 0.2858 0.2042 0.2034 0.2711 0.2446
NLCF 0.2864 0.2948 0.2171 0.2147 0.2796 0.2558

User Click-through Rate (UCTR) fraction of users who clicked.
Gross Merchandise Value (GMYV) total purchase value.

Response Time (ResTime) average end-to-end response time from request to re-

turned results.

5.5.2 Main Comparison (RQ1)

Tables 5.3 and [5.2f summarize results with two observations. First, LLM-based meth-
ods do not consistently surpass strong graph-based CF across metrics. Integrating
collaborative information via prompts remains challenging; approaches injecting pre-
computed embeddings, e.g., LC-Rec, LETTER, inherit information loss from not di-
rectly modeling multi-order interactions, which likely hurts as k increases, especially
for Precision. Second, NLCF achieves the best overall performance on all datasets,
indicating a paradigm shift: instead of depending on graph-based CF for multi-order
signals, NLCF enables LLMs to learn collaboration directly from the graph corpus.
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Figure 5.3: Effect of backbone parameter scale on ML-10M dataset.
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5.5.3 Efficiency Comparison (RQ1)

Table reports training and testing costs. Most LLM baselines are far slower than
NLCF due to prompt engineering, sequence augmentation, and online LLM infer-
ence. LLMEmb improves inference by shifting to embeddings, but training remains
burdened by long natural language graph descriptions and it does not directly model
user—item multi-order interactions. In contrast, NLCF is efficient because: (i) train-
ing uses concise graph sentences; and (ii) inference uses precomputed collaborative

embeddings for full-item retrieval, avoiding runtime generation.

5.5.4 Ablation Study (RQ2)

We analyze backbone size and sampling strategy in Figures and [5.4] Since NLCF
has a simple architecture with a single training objective, we focus on these two fac-
tors. First, performance grows with model size, consistent with empirical scaling laws:
1B already performs well; 7B is stronger; gains from 7B to 8B are smaller, suggesting
diminishing returns. Second, our similarity-based sampling outperforms alternatives
across most ratios. Random sampling ignores subgraph density and misses repre-
sentative coverage, whereas similarity-based sampling controls granularity for better

sentence grouping, especially beneficial under lower budgets.

5.5.5 Hyper-parameter Sensitivity (RQ3)

We study the effects of sampling ratio «a, sentence length [, and similarity threshold
t on Table and Figure [5.5

We have several observations: (i) [ = 4 works best, suggesting third-order collabo-
rative information suffice; longer paths introduce noise. Increasing o improves per-
formance; reducing from 1 to 0.75 yields only a small drop, evidencing effective sam-

pling. (ii) The similarity threshold ¢ is critical: moderate values preserve represen-

79



Chapter 5. LLM Collaborative Filtering: User-Item Graph as New Language

Table 5.4: Training and test time among LLM-based models (seconds [s], minutes

[m], hours [h]).

Steam ML-10M ML-1M
Model
Train Test Train Test Train Test

TransRec | 16hHm | 3h25m | 18h44m | 4h18m | 4h32m | 52m42s
LLM-CF | 13h24m | 0.029s | 16h58m | 0.101s | 3h47m | 0.003s
LETTER | 5h6ém | 3m3ls | 7h27m | 5m35s | 1h43m | 1ml6s
LC-Rec 11h49m | 18mbH9s | 13h22m | 26m07s | 3h18m | 7m2ls
LLMEmb | 41m36s | 0.029s | 48m1bs | 0.101s | 10m23s | 0.003s
NLCF 42m43s | 0.029s | 44m19s | 0.101s | 8ml2s | 0.003s

Table 5.5: Effect of similarity threshold ¢t on NLCF performance (ML-1M).

Metric 0.25 0.50 0.75 1.00
Precision@5j | 0.2421 | 0.2650 | 0.2575 | 0.2591
NDCG@bh 0.2550 | 0.2796 | 0.2754 | 0.2758

tative diversity; overly high ¢ makes sentences appear dissimilar and degenerates to
near-random selection; overly low ¢ groups too many sentences together and weakens

discrimination.

5.5.6 Online A/B Testing (RQ4)

We deploy NLCF on a Alibaba platform with offline and online centers. Offline, logs
are processed to build the graph corpus, train NLCF, and produce user/item embed-
dings. Embeddings are updated daily by regenerating a corpus from recent interac-
tions; since embeddings are sums of hidden states, incremental updates are straight-
forward. Online, the service retrieves items using precomputed user embeddings,
avoiding real-time LLM reasoning. NLCF replaces Light GCN and LLM-CF in recall.
Over eight weeks with 5% traffic per variant, NLCF improves PCTR/UCTR/GMV
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Figure 5.5: Impact of sentence length [ and sampling ratio @ on Precision@5 and

NDCG@5 on ML-1M dataset.

Table 5.6: Online A/B tests on an industrial platform.

A /B Test PCTR | UCTR | GMV | ResTime
v.s. LightGCN | +4.15% | +3.11% | +5.78% | +1.46%
v.s. LLM-CF +2.51% | +2.47% | +3.14% | -20.17%

over LightGCN by +4.15%/+3.11%/45.78% with only +1.46% latency. Compared
to LLM-CF, NLCF gains +2.51%/+42.47%/+3.14% and reduces latency by 20.17%,

highlighting the efficiency of embedding-only serving.

5.6 Summary

We present NLCF, a new paradigm for fine-tuning LLMs on CF by treating the

user—item graph as a language. Prior prompt-based methods suffer from: (i) effi-

ciency limits: token-by-token generation in the inference stage; and (ii) topological

modeling limits: difficulty encoding multi-order collaboration via natural language

descriptions. NLCF is built on two insights: LLMs are strong sequence learners given
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suitable corpora, and token transitions can mirror graph transitions. NLCF (i) con-
verts the graph into a corpus capturing multi-order interactions, and (ii) fine-tunes
LLMs to internalize these interactions and construct collaborative embeddings for
efficient retrieval. Extensive offline results show superior accuracy and markedly bet-
ter efficiency over LLM baselines; online A /B tests on a large-scale platform confirm

effectiveness in practice.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis has presented a step-by-step path towards LLM-based recommender sys-
tems, moving the integration from user—item feature to user—item interaction graph.
The three papers form a coherent progression that makes LLMs more better un-
derstand user-item features, more aware of graph structure, and more practical for

real-world recommendation:

e Self-Monitoring LLMs for CTR Prediction (Paper 1): This paper shows
that LLMs in standard CTR setups often use features in a shallow way, espe-
cially on long-tail items, and introduces a self-monitoring framework that better

aligns predictions with user—item features for LLMs.

e Each Graph as a New Language for Graph-Aware LLMs (Paper 2):
This paper treats each graph as a new language, where nodes are tokens and
random walks are sentences, and demonstrates that LLMs trained on these

graph-defined sequences can efficiently learn high-order graph structure.

e Efficient LLM-based CF on User—Item Interaction Graphs. (Paper 3):
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This paper models the user—item interaction graph as a collaborative language
and trains an LLM on sampled sentences, then aggregates hidden states into

user /item embeddings for fast retrieval without online LLM inference.

Collectively, these works advance the use of LLMs in recommendation by going be-
yond description-based prompting and showing how LLMs can more faithfully use
user-item features, directly learn from graph structure, and support scalable retrieval

on user—item graphs.

6.2 A Unifying Philosophy

Beyond summarizing individual contributions, looking at FILM, GDL4LLM, and
NLCF holistically reveals a unifying philosophy in three dimensions that define the

progression of this thesis:

6.2.1 From Generators to Representation Learners

A core dimension of philosophy across all three works is shifting the role of LLMs from
open-ended text generators to semantic and structure representation learners. Instead
of relying on slow, token-by-token generation for final output, we leverage the LLM’s
reasoning capabilities to encode complex inputs into dense representations. FILM
encodes feature interactions, GDL4LLM encodes attributed graph structures, and
NLCF encodes collaborative signals. This representation learning approach ensures
that the deep understanding of LLMs is captured in a format compatible with efficient

downstream tasks.
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6.2.2 Knowledge Injection for Domain Adaptation

A second dimension of the philosophy is addressing the knowledge gap of pre-trained
LLMs. While LLMs have rich open-world knowledge, they are inherently blind to
domain-specific structural knowledge, e.g., user/item features, interaction graphs,
specific node attributes, etc. We propose a unified structural knowledge injection
methodology via fine-tuning. FILM injects feature-label relationships; GDL4LLM
injects general attributed structure and node label relationships; and NLCF injects
user interests via similar user interactions. This demonstrates that successful adap-
tation requires aligning general semantic reasoning with specific structural data via

fine-tuning.

6.2.3 Scalability and Deployment Readiness

The three methods also represent a shared thought in balancing performance with
inference efficiency. FILM addresses efficiency via knowledge distillation, transferring
LLM insights to lightweight models for fast inference. GDLALLM improves scalability
by optimizing prompt length and encoding graph neighborhoods efficiently. Finally,
NLCF achieves the highest deployment readiness by transforming generative recom-
mendations into embedding retrieval. It eliminates online LLM inference latency

entirely, making it suitable for billion-scale systems.

6.3 Future Work

While this thesis makes progress in integrating LLMs with recommender systems,

several challenges remain open and provide promising directions for future research.

e Dynamic User-Item Graph Understanding: In real-world recommender systems,

user—item interactions form a dynamic graph: users continuously interact with
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new items, their interests gradually drift, and their preferences show both short-
term changes and long-term trends. Directly applying our current framework
to such scenarios is challenging, because the underlying graph structure keeps
changing. In particular, repeatedly fine-tuning LLMs on the entire dynamic
graph whenever it updates is computationally expensive. A natural extension
is to design a dynamic version of our framework that can update user and item
representations incrementally as new interactions arrive, without re-training on

the full history.

e Cold-Start Recommendation: Another important direction is to address the
cold-start problem. In the current framework, we introduce new graph tokens
and train their representations based on observed interactions, which means
the method is mainly suitable for warm users and items. However, in real-
world recommender systems there are many cold users and items that have
few or even no interactions. For these nodes, the framework has very limited
structural information to learn from, which makes it hard to obtain meaningful
token embeddings. Future work can explore combining our framework with
side information, such as user profiles, item descriptions, or category labels, so
that LLMs can build initial representations for cold users and items even before

sufficient interactions are observed.

e Toward More Expressive Graph Language Design: The current framework fo-
cuses on structural patterns and does not fully make use of language-like prop-
erties such as syntax. It treats node IDs as tokens and learns from their co-
occurrence patterns in random-walk sequences, which capture connectivity but
provide limited other structure information. A promising direction is to design
a more expressive graph language that include richer structure signals. For ex-
ample, one can add grammar rules to introduce edge types, time information,
or small subgraph patterns to graph language. These extensions may allow the

framework to support more detailed reasoning over graphs.
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