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Large Language Models (LLMs) are increasingly being jointly trained with domain-specific encoders as
a powerful integration strategy to enhance domain performance. However, this approach faces critical
challenges unique to recommender systems. However, empirical observations reveal that conventional uniform
alignment strategies often lead to structural degradation in recommendation scenarios. Specifically, the
inherent subjectivity of user preferences compromises representation quality during joint optimization, while
interaction sparsity drives these models to overfit dominant active users. This inherent subjectivity, coupled
with the domain’s interaction-sparsity nature, drives data-driven LLMs to capture preference patterns that
overfit to dominant active users and popular items. To address this, we propose PALER (Personalized Alignment
for LLM-based Enhanced Recommendation), a unified framework combining modality-invariant alignment
with an adaptive reweighting strategy. The alignment module employs contrastive learning to project textual
and behavioral representations into a shared latent space and ground the LLM representations in personalized
semantic spaces through joint optimization. Concurrently, the reweighting module dynamically tracks user-
level loss to amplify the influence of long-tail users during gradient updates, effectively mitigating optimization
imbalance skewed towards mainstream users. Experiments on real-world datasets demonstrate that PALER
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outperforms strong baselines, especially for sparse-interaction users, with ablation studies confirming the
effectiveness and complementarity of the proposed modules. The implemented code and further information are
included in an anonymous code repository: https://anonymous.4open.science/r/Beyond-Uniform-Alignment-
A-Personalized-Perspective-on-LLM-based-Recommendation-1DB4.
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Fig. 1. Illustration of the optimization challenges and the proposed solutions. The left panel illustrates
gradient opposition in naive fusion, where opposing textual (grex:) and behavioral (gcr) gradients yield a
compromised joint update (gupdare) that degrades personalized signals. In the middle, the modality-invariant
module explicitly aligns grex: and gcr, generating a synergistic gupqare that preserves inherently user-specific
representations. On the right, the adaptive reweighting mechanism dynamically steers the optimization path
away from easy samples toward hard samples, effectively mitigating the impact of interaction sparsity.

1 Introduction

The rapid evolution of large language models (LLMs) has facilitated the development of multimodal
systems that synergize LLMs with task-specific encoders (e.g., sequence ID encoders or image
encoders) to jointly process structured and unstructured inputs [2, 11, 21, 28]. The efficacy of these
systems is predicated upon effective representation alighment across modalities, with prior work
employing contrastive learning [8, 30, 39], instruction tuning [36], and preference alignment [13, 27]
to mitigate semantic drift and improve task-grounded integration.

This paradigm, which typically follows a uniform alignment strategy, has recently been adopted
in recommender systems, where LLMs are integrated with behavioral encoders such as collaborative
filtering (CF) models to enhance user preference modeling [3, 59]. However, in contrast to CV
and NLP datasets that typically provide objective ground-truth labels, recommendation targets
are inherently subjective; for instance, an item favored by one user may be dismissed by another.
Moreover, user—item interaction data are typically sparse and follow a long-tail distribution [9].
As LLMs are inherently data-driven, such uniform alignment strategies often converge toward
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generalized preference patterns dominated by active users and popular items, thereby undermining
the ID encoder’s representation quality and diminishing personalization [1, 37].

To validate the hypothesis that such uniform alignment can introduce optimization imbalance
in LLM-based recommendation, we designed a probe experiment to compare the standalone
performance of recommendation encoders under two settings: (1) trained standalone, and (2) trained
jointly with an LLM via naive fusion, which involves direct end-to-end joint optimization without
explicit modality alignment or structural decoupling. As shown in Table 2, the evaluated encoders,
when trained in the joint framework, consistently underperform their standalone counterparts,
indicating that a naive fusion-based training strategy is detrimental to the representation learning
of recommendation encoders. This degradation is attributable to the following two domain-specific
challenges:

User subjectivity. Unlike CV and NLP tasks, recommendation targets are inherently subjective,
as the same movie may perfectly match one user’s interests while being entirely unappealing
to another. Without explicit modality alignment, a uniform alignment strategy that optimizes
representations toward globally consistent targets inevitably weakens the model’s ability to capture
personalized user preferences due to gradient opposition. This effect can be empirically validated
by segmenting users based on interest consistency during evaluation, and by introducing a unified
recommendation encoder as a baseline for comparison (Sec 4.4.2). When user interest consistency
is low, models trained with uniform alignment strategies suffer greater performance degradation
compared to a standalone encoder. This confirms that preference divergence undermines the efficacy
of conventional joint training schemes due to target subjectivity.

Interaction sparsity. As LLMs are inherently data-driven, traditional joint optimization schemes
tend to fit interaction patterns dominated by high-frequency users and popular items [10, 44]. This
creates a severe sample imbalance during training, which is further amplified as sparsity increases. In
the sparsity experiment (Sec 4.4.3), we group users by interaction sparsity and include a standalone
recommendation encoder as a baseline. Under identical conditions, models trained with a uniform
alignment strategy exhibit more pronounced performance degradation than a standalone encoder
as interaction data becomes increasingly sparse. This confirms that the prevailing LLM-encoder
integration paradigm demonstrates diminished efficacy in modeling sparse or long-tail interactions.

To address these issues, we propose PALER (Personalized Alignment for LLM-based Enhanced
Recommendation), a unified framework designed to reshape the optimization trajectories. As
illustrated in Figure 1, PALER reshapes the optimization trajectories to resolve the aforementioned
gradient opposition and sample imbalance through two core components:

e Modality-Invariant Module. To resolve the gradient opposition (Figure 1, left), this
module aligns the behavioral representations from the CF encoder with the textual semantic
space of the LLM via a contrastive objective (Figure 1, middle). Specifically, it projects
CF outputs into a shared latent space and minimizes an InfoNCE loss to contrast textual
and behavioral embeddings of the same item against negative samples. By decoupling
this explicit alignment from conventional end-to-end fusion, the module prevents the
degradation of personalized behavioral signals. Consequently, it establishes a representation
space that is both semantically coherent and inherently user-specific.

o Adaptive Reweighting Module. We introduce an optimization mechanism that dynam-
ically adjusts user-level learning weights based on individual training feedback. During
training, the system monitors each user’s prediction loss and updates their corresponding
weight using an exponential moving average (EMA), where users with greater difficulty
(e.g., sparse or atypical behaviors) are upweighted to receive more learning focus. This
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mechanism mitigates the overfitting to hard samples (Figure 1, right), thereby enhancing
the model’s performance for long-tail users.

Our key contributions are summarized as follows:

e We identify the overlooked problem of personalized alignment in LLM-based recommenda-
tion through empirical studies, revealing that such structural degradation is attributed to
user subjectivity and data sparsity.

e We propose the PALER framework, which integrates a modality-invariant alignment strategy
with an adaptive reweighting mechanism to jointly optimize personalized representations
that capture user subjectivity and enhance robustness against interaction sparsity, leading
to improved recommendation performance.

e We conduct extensive experiments on real-world datasets, demonstrating that PALER
consistently outperforms advanced baselines across diverse scenarios.

2 Related Work

The integration of Large Language Models (LLMs) has marked a significant paradigm shift in
recommender systems, moving beyond traditional collaborative filtering techniques. The trajectory
of this integration has followed a logical progression, starting with direct applications of pre-trained
models and evolving toward more sophisticated hybrid architectures.

2.1 Zero-shot and Few-shot Approaches

Early explorations naturally focused on the most direct application: leveraging the vast world
knowledge of pre-trained LLMs without any task-specific training. In this zero-shot or few-shot
paradigm, user interaction histories and candidate items are formatted into natural language
prompts, instructing the model to perform ranking or prediction tasks [19, 25, 47]. While this
approach excels in cold-start scenarios, its performance is highly sensitive to prompt design and
often fails to capture the nuanced, implicit collaborative patterns that are not explicitly present in
the text.

2.2 Fine-tuning LLMs for Recommendation

To address the performance limitations of zero-shot approaches, subsequent research focuses on fine-
tuning LLMs on domain-specific data to learn user patterns [4, 34, 56]. Common strategies include
training models to directly generate or rerank items, often with explanations [4, 22, 25, 32, 60],
and employing instruction tuning on a diverse set of recommendation-related tasks to improve
generalization [34]. While fine-tuning significantly improves performance, these text-based models
still struggle to fully internalize the crucial collaborative signals embedded in user-item interaction
structures.

2.3 Hybrid Models: Fusing LLMs with Collaborative Signals

Recognizing that purely text-based models overlook the rich, latent signals in user-item interaction
graphs, the current state-of-the-art has converged on hybrid architectures. This paradigm enriches
LLMs by fusing non-textual collaborative information—typically user and item ID embeddings
from traditional CF models—directly into the LLM’s input space. By providing richer, more fine-
grained signals, these hybrid models have demonstrated superior performance [15, 23, 24, 29, 40,
41, 46, 52, 57]. This fusion, however, introduces new challenges in aligning representations from
different modalities, a problem that our work directly addresses. Furthermore, the application of
these powerful hybrid LLMs is expanding into more dynamic scenarios, including conversational
systems [18, 19, 50] and interactive agents [54, 55].
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2.4 Representation Alignment in LLM-based Recommendation

The efficacy of LLM-based recommendation systems fundamentally hinges on the precise alignment
of heterogeneous modality spaces, specifically bridging collaborative behavioral signals with textual
semantics. This alignment paradigm has evolved from rudimentary linear projections toward
deep architectural integration, exemplified by CoLLM [58], which pioneered the embedding of
collaborative signals directly into the LLM’s input space. Subsequent research has expanded this
trajectory by systematically investigating internal representation learning mechanisms [41] and
developing alignment strategies tailored for controllable recommendation tasks [35]. More recently,
the state-of-the-art has shifted toward more robust, multi-stage, and iterative alignment processes.
For instance, Semantic Convergence [27] utilizes a two-stage alignment framework with behavioral
semantic tokenization to mitigate modality discrepancies, while OneRec [13] introduces iterative
preference alignment to synchronize generative outputs with nuanced user intent. Despite these
advancements, existing frameworks predominantly rely on a uniform alignment objective, which
often fails to maintain representation integrity under high user subjectivity, a limitation addressed
by the modality-invariant module in our proposed PALER framework.

2.5 Long-tail Recommendation and Sparsity Adaptation

Interaction sparsity and long-tail distributions remain persistent challenges in recommendation.
Traditional approaches primarily rely on heuristic re-weighting or sampling to balance data dis-
tribution [1]. Recently, researchers have leveraged LLMs to mitigate these issues via semantic
enhancement. For instance, LLMRec [49] employs LLM-driven graph augmentation to synthesize
interactions for sparse items, while LLM-ESR [33] enhances long-tailed sequential recommendation
through semantic distillation. Unlike these data-level augmentation strategies, PALER introduces
an Adaptive Reweighting Module that dynamically prioritizes sparse users based on real-time
training feedback via an exponential moving average of loss.

3 Methodology

Contrastive Learnin lmm- nes M Adaptive
/—m 'I“L.os IZ.N - aldaptive

Modality-Invariant Module

e}

Large Language Model Lora
1 1 Y
Sample N-2 A
CF Encoder Text Encoder Sample N-1 Al

1 sequence Textual I Description Please recommend a movie based on them.

[g<le> S<IDs>... ] [I@J<Desc.>|@l<Desc.>...] Modalit
odality-
Prompt-based l Generation v Mozule CF Encoder

=Y <tags> { <Tags>...

Sample N
The user watched these movies <Embed>.

Fig. 2. The architecture of PALER. The left panel illustrates the contrastive alignment, where a CF encoder
and a text encoder are aligned in a shared latent space. The right panel shows the prompt-based generation
stage, where an LLM is fine-tuned using prompts embedded with the unified representations and adaptive
reweighting optimization strategy.
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@ In-Context Sample
Prompt Design @
LLM ———
@ Rec Corpus
<T, D, R>

Sparse Metadata Rec Model

Fig. 3. The instruction construction pipeline. We employ a hybrid strategy to enrich the sparse metadata: an
LLM utilizes prompt engineering (ICL & CoT) to generate detailed descriptions (D), while a traditional Rec
Model (e.g., SASRec) acts as a teacher to provide reliable recommendation lists (R). These components are
combined with original tags (T) to form the final Enriched Corpus < T,D,R > .

3.1 Overall Architecture

As illustrated in Figure 2, PALER adopts a two-stage architecture that is bifurcated into a contrastive
alignment stage (left panel) and a prompt-based generation stage (right panel). The initial stage pre-
trains a modality-invariant module via a dual-stream framework that aligns collaborative filtering
(CF) sequences and semantic textual descriptions into a shared latent space through contrastive
learning. In the subsequent stage, the output of the CF encoder is mapped through the pre-trained
MIM to generate a unified embedding. This embedding is then integrated into the textual prompt as
a soft token, which is denoted as (Embed). The LLM is then fine-tuned via LoRA using an adaptive
reweighting strategy. This strategy recalibrates the loss contribution of individual samples during
training to prioritize optimization on more challenging sequences characterized by low interest
consistency.

3.2 Corpus preparation

To address the issue of sparse metadata, we first enrich item information by employing a prompt-
based LLM method that utilizes In-Context Learning (ICL) [7] and Chain-of-Thought (CoT) [48]
to transform minimal tags into comprehensive textual descriptions. As illustrated in Figure 3, We
identify pipeline for corpus enrichment. Specifically, we developed three key aspects for building
these instructions: Tags, Descriptions, and Recommendations. By structuring our training data
around these aspects, we guide the model to understand the relationships between item attributes
and user preferences more effectively. Building upon these principles, we now present the detailed
construction process of the corpus.

3.2.1  Prompt-Based Description Generation. Our methodology begins with addressing the common
problem of data sparsity in recommendation datasets, where item information is often limited
to a set of tags. To create a richer understanding of items and better model user preferences,
we developed a prompt-based description generation technique. This technique leverages the
In-Context Learning (ICL) and Chain-of-Thought (CoT) reasoning abilities of LLMs to convert
sparse tags into detailed natural language descriptions.

Specifically, for an item i with an incomplete set of tags, represented as 7; = {t1, f2, ..., In }, We
use a predefined prompt template. This template combines the raw tags with contextual examples
to steer the LLM towards generating a comprehensive description, T;. The generation function is
formally defined as:

Ti = P(1i, ). (1)
Here, P(-) is the LLM’s generation function guided by the prompt ®. The prompt is designed
to first instruct the model to summarize the item’s core attributes (e.g., name, category) and then
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use contextual examples to infer supplementary features like background or storyline, thereby
achieving information completion.

3.22 Key Aspects in Instructions. We designed a flexible instruction format based on a multi-level
data generation strategy. This involves an item-level analysis to generate rich representations,
which are then used to construct multi-faceted user profiles. We identified three fundamental
building blocks for these user-centric instructions:

e Tag (T): This represents the original, discrete metadata for an item, such as genre or
keywords, expressed as a set T; = {t1, 13, ..., t, }. While essential, tags alone often fail to
capture the full characteristics of an item.

o Description (D): This refers to the expanded, natural language narrative, D;, generated
from the sparse tags using our ICL and CoT prompting method. These descriptions provide a
much deeper content analysis, including details on themes, style, and a summary, revealing
more nuanced attributes of the item.

e Recommendation (R): This is the final recommendation list, R;, which is the target output
for a given user. To ensure the quality and reliability of our training targets, we use a label
augmentation strategy where a traditional recommender model (SASRec) acts as a "teacher”
to produce high-quality, behavior-based recommendation lists.

3.3 Modality Alignment for LLM-ID Fusion

Due to the subjectivity of user preferences, we have demonstrated that the current paradigm -which
directly fuses LLM-based text representations with ID embeddings - performs particularly poorly
in scenarios where user interests are inconsistent (see detailed results in Section 4). Since users’
historical interactions already reflect their preference patterns, which should be effectively captured
by the ID encoder, we attribute this poor performance to the degradation of the ID encoder caused
by naive alignment. This naive combination of two modalities often leads to gradient opposition [51]
and geometric decay [53] of the representation space. This section first empirically establishes the
existence of these issues and then proposes a modality-invariant module based on a contrastive
alignment framework, which is explicitly designed to address these two issues and restore the ID
encoder’s ability to represent user preferences under high subjectivity.

We instantiate this modality-invariant module with an asymmetric, decoupled alignment strategy
that fundamentally differs from conventional joint training. Specifically, the CF encoder is retained as
a frozen behavioral backbone that captures user-dependent preference patterns. Instead of updating
the CF encoder alongside the LLM, we introduce a lightweight modality-invariant module (MIM)
that is trained independently to project CF representations into the semantic space established by the
text encoder. This decoupled formulation prevents recommendation gradients from distorting the
behavioral representation space and enables MIM to specialize in learning a semantics-consistent
mapping, which is crucial for preserving user subjectivity under high-variance preference patterns.

3.3.1  Geometric Decay: The Inherent Flaw of Naive Fusion.
Directly fusing a CF encoder with a text encoder incentivizes shortcut learning [20]. The model
learns to rely on superficial features (e.g., item popularity) instead of shared semantics. This drifts the
shared representation geometry, making embeddings overly concentrated and less separable across
items and users—an instance of representation degradation akin to “geometric decay” discussed
in representation learning [53]. As this geometry deteriorates, optimization signals from the two
modalities begin to diverge.

This issue ultimately manifests as a conflict at the gradient level. For a multi-modal model with
a CF encoder fcr and a text encoder fiy, a downstream task loss L,k produces separate gradient
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components, i.e., gcr and gi on their shared parameters. We found that these gradients often
conflict, which can be attributed to:

AssuMPTION 1 (GRADIENT OPPOSITION). For a given sample, if the gradient components gcr and
Gt satisfy
cos(gcr, gixt) < € @)
where € is a small positive constant, then the modalities are in a state of gradient opposition.

This persistent conflict directly degrades the model’s representational power, a consequence
formalized in the following theorem. Here, we use I(+;-) to denote the mutual information [42]
between a representation and the target variable Y, which represents the ground-truth next item.

THEOREM 1 (DEGRADATION OF REPRESENTATION POWER). Let Z2%5°d and Z{%5¢ be the representa-

tions from a naively fused framework, and ZiCanep and Zti:td ® be from independently trained encoders.
Then . _
[(Z8sed;y) < 1(Z2P; v), 1(ZR54; ) < 1(Z50; v). 3)

This result reveals that naive fusion can lead to a measurable degradation in the mutual informa-
tion between each modality’s representation and the target, indicating a loss of discriminative power
for both CF and textual features. By contrast, our method is explicitly designed to alleviate such
degradation through altering the training objectives. It preserves modality-specific information so
as to enhance downstream performance.

Now we want to provide the rigid mathematical proof for Theorem 1.

Proor. Decompose the mutual information of the fused representation using the chain rule:
[(Zfuseds y) = [(Z8sed, y) 4 [(ZRsed; y | zlsed), 4)

This separates the contribution of the CF component and the text component (conditioned on CF)
toward explaining the target Y. Under the gradient opposition Assumption 1, the update for the
shared parameters € becomes:

A0 = —n(gcr + gixt), (5)
with the squared norm bounded by

2
lger + guallz < (lgerllz + gtllz)” = 2(1 = €)llgerllzllges - (6)

This inequality quantifies how the conflicting directions (measured by the small cosine similarity)
strictly bound the squared magnitude of the effective update, hence distorting the learned represen-
tation. Let p™4P(z | y) denote the representation distribution obtained from independently trained
(unperturbed) models. Under fusion, we have a perturbed version:

Pzl y) =p Pz L y) + Ap(z | ), (7)
where Ap(z | y) quantifies the distortion induced by gradient conflict. Note that the magnitude of
Ap(z | y) is linked to the conflict intensity:

1Ap(z [ Y1 & 1 = cos(gcr. gixt)- ®)
By a standard property of KL divergence (a version of Pinsker’s inequality [? ]), we have
. 1
Dic (P2 | ||p™(z | 9)) = S 1ApCz | I ©)
Taking an expectation over Y we obtain:
. 1
By [ D (70 (2 | 9)|[p™< (2 1 )] = SBv [Ap(z 1 ] (10)
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By the continuity of mutual information, the information loss caused by the perturbation can be
lower-bounded. We can express the mutual information of the fused representation as being strictly
bounded above by the independent one minus a penalty proportional to this perturbation:

ez w)]. (11)

where ¢ > 0 is a constant dependent on the representation space geometry. Substitute the inequal-
ity (10) into equation (11):

I(Z84, ) < 1242, Y) - ¢ - By [ Dy (77 (2 | )

. C
I(ZMsedy) < [(Z™9ep;y) - By [l1ap(z | 9IIF] - (12)

Since the gradient conflict implies a nonzero perturbation, when the conflict is severe (¢ — 0), we
have

lAp(z | y)lls > 0, (13)
it follows that:
1(Zfed,y) < [(Z™dep, Y), (14)

This proof shows that gradient conflict inevitably introduces a perturbation to the conditional
representation distribution, which translates into a quantifiable loss of mutual information with the
target. Consequently, naive fusion under severe conflict leads to degraded representation quality.
Our method, by mitigating gradient conflict, effectively suppresses such perturbations and preserves
the mutual information, thereby yielding stronger downstream performance.

3.3.2 Contrastive Alignment as a Geometric Regularizer.

To counteract this geometric decay, we propose a modality-invariant representation learning
approach that uses contrastive learning as a powerful geometric regularizer [6]. The core idea is to
disincentivize shortcut learning by enforcing a strict cross-modality alignment objective. By forcing
the model to pull representations of the same item from different modalities together, it must learn
their shared semantic essence rather than relying on superficial, modality-specific features.

This process actively promotes a more isotropic (uniform) representation space, which in turn
mitigates geometric decay and preserves the information capacity required for true alignment [17].
Our architecture employs a dual-stream framework to implement this strategy. A CF encoder fcr
and a text encoder fi, separately process the inputs. Their outputs are then projected into a shared
latent space by a modality-invariant module, which is optimized via the InfoNCE loss[38]. For a
batch of B items, the loss is defined as:

Lo = Zl exp (sim(z°, 2 /1) 15)

] ", exp(sim(z!, 2X) /1)

where z D and tit are the representations for item i; sim(-, -) denotes a similarity metric (e.g.,

cosine s1m11ar1ty), and 7 is a temperature hyperparameter. By minimizing Liter,, the model reshapes
the embedding space to be more geometrically sound, pulling positive pairs together and pushing
apart negative pairs.

3.3.3 Theoretical Analysis: From Geometric Decay to Gradient Opposition.

As established earlier, naive fusion between the CF encoder and the text encoder distorts the shared
representation space, leading to geometric decay that undermines the model’s ability to capture
fine-grained, cross-modal semantics. This degradation ultimately manifests as gradient opposition
between modalities during optimization, where updates beneficial to one modality may conflict
with those needed by the other.
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111:10 Yuan et al.

In this section, we theoretically show that our proposed contrastive alignment framework
addresses geometric decay (Lemma 1) and, as a direct consequence, alleviates gradient opposition
in downstream tasks (Theorem 2).

First, we formalize how the proposed contrastive objective counteracts geometric decay by
explicitly reducing the distance between representations of the same item across modalities. This
enforces a consistent shared geometry, preventing the drift and concentration effects and lays the
foundation for mitigating gradient opposition.

LEMMA 1 (REPRESENTATION ALIGNMENT PROPERTY OF THE CONTRASTIVE OBJECTIVE). Let fyrm
be the mapping learned by the modality-invariant module, and let d(-,-) be a distance metric in the
latent space. Optimizing Liwer is equivalent to solving

min > d(Aau (), (). (16)
O
ieBatch
Building on this result, we next examine its implications for gradient behavior and prove that
alleviating geometric decay leads to reduced gradient opposition.

THEOREM 2 (REDUCING GRADIENT OPPOSITION THROUGH CONTRASTIVE LEARNING). Let Mo, be
a model pre-trained with the contrastive objective described in Lemma 1. Assume that gcr and g
satisfy Assumption 1. When Moy, is fine-tuned on a downstream task, the corresponding task gradients
gcr and g satisfy
E(ui)~p [cos(ger git) | > v, 17)
where y is a constant close to 1, and D denotes the data distribution.

This result demonstrates that contrastive pre-training enforces a high degree of gradient align-
ment between modalities during downstream fine-tuning, ensuring that optimization steps benefit
both representations simultaneously. Such alignment mitigates gradient conflict and facilitates
more effective multi-modal fusion, enabling the CF encoder to better capture user subjectivity and
ultimately leading to improved task performance. Therefore, this theorem provides a theoretical
justification for the empirical superiority of our method.

We are given the InfoNCE loss for a positive pair (z\°, z1*) as

es(zED,zE’“ )/t

-Citem =-E log (18)

ID txt >
jes(zi Z; )/t

where s(+,-) is a similarity function (often an inner product) and 7 is a temperature parameter.
Minimizing Lier, forces the representations to be aligned in the shared space, driving the Euclidean
distance between them toward zero:

fum(z2) = i (22). (19)

To formalize gradient alignment, we must evaluate the gradients of the downstream task loss Lyask
with respect to these shared representations, rather than the disparate network parameters, to
ensure dimensional compatibility. Let the aligned representations be denoted as zcr = fMIM(z}D)
and Z;y; = fMIM(z§Xt). We define the representation-level gradients as:

9cr = Viep Liasko (20a)
Gtxt = Vitxti:task (20b)
Assuming the downstream loss function Ly, is continuously differentiable and locally smooth,

evaluating its gradient at two points that are geometrically proximate yields highly similar gradient
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vectors. Since contrastive pre-training ensures ||Zcp — Zyx¢||2 — 0, it naturally follows that:
Vier Liask * Vs, Liasks (21)

which simplifies to gcr = gix:. The cosine similarity between these representation-level gradient
vectors is defined as:

<gCF g txt>
llgcrllzligexellz”
Because the vectors are approximately equal in both magnitude and direction within the shared
latent space, their inner product approaches the product of their respective magnitudes:

(9cF Gixt)

llgcrllzllgexellz
Thus, there exists some y ~ 1 such that:

E [cos(gcr, Gext)] > v (24)

This proof establishes that contrastive pre-training via the InfoNCE loss drives the two modalities’
representations to be closely aligned in the shared space. As a result, the downstream task gradients
with respect to these shared representations become highly correlated, yielding a cosine similarity
close to one. This strong gradient alignment mitigates optimization conflict and supports more
effective multi-modal learning, thereby explaining the empirical advantages of our method.

cos(gcr, Gixt) = (22)

(23)

3.4 Adaptive Reweighting for Personalized Optimization

Beyond the representation-level challenges caused by user subjectivity, a core issue in LLM-based
recommendation stems from interaction sparsity. The standard Empirical Risk Minimization (ERM)
framework, by optimizing for average performance, naturally leads models to overfit the interaction
patterns of high-frequency users while neglecting the long tail. To address this tendency in sparse-
interaction scenarios, we introduce our adaptive reweighting strategy. This approach is designed to
achieve a more personalized optimization by ensuring the model learns effectively from the entire
user distribution.

3.4.1 Limitations of Uniform Optimization.

Real-world user interaction data is characterized by a long-tail distribution [12]. A significant
proportion of users have sparse or noisy interaction histories, which can be characterized as having
a low signal-to-noise ratio (low-SNR). The standard Empirical Risk Minimization (ERM) framework,
by optimizing for the average loss, is naturally skewed by this structure. Consequently, the model
tends to overfit the dominant patterns of high-frequency users while underfitting the nuanced
preferences of these low-SNR users. This leads to a parameter solution 0, that is suboptimal for
this large user subset, failing to deliver effective personalization, which motivates a more adaptive
optimization strategy.

3.4.2 The Adaptive Reweighting Strategy.
To counteract the limitations of the ERM framework, we introduce the adaptive reweighting strategy.
The core idea is to enhance personalization during training by dynamically adjusting each user’s
contribution to the total loss. This compels the model to allocate sufficient learning resources to
users within the long tail, thereby mitigating the underfitting issue caused by interaction sparsity.
The implementation proceeds as follows:

(1) Compute Individual Losses: For each user in a training batch, compute the loss values
L(u1),L(up), ..., L(uy,) produced by the LLM recommendation module.

(2) Solve for Optimal Weights: Given these losses, solve the regularized optimization defined in
Lemma 2 to obtain the optimal weight coefficients 8} for each user in the batch.
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(3) Weight Smoothing: To prevent drastic fluctuations between batches, apply an Exponential
Moving Average (EMA) to smooth the weights over iterations. At iteration ¢, update:

B = =n) B+ (25)
where the decay rate 1, decreases as training progresses.
(4) Update with a Weighted Loss: Construct the final objective as a weighted loss:
n
Lweighted = Z ﬁi(t) L(ui) (26)
i=1
Importantly, to maintain training efficiency and prevent catastrophic forgetting, we freeze the
LLM backbone parameters and exclusively update the LoRA parameters, denoted as Orora. The
gradient update step explicitly incorporates the adaptive weights:

n
1
Ofora — Ofora =¥ Vv (Z ﬂ,.“)L(ui)), (27)
i=1
where y is the learning rate. This weighted gradient flow ensures that the optimization trajectory
is proactively corrected by high-difficulty samples (i.e., sparse-interaction users), rather than
being dominated by the average patterns of mainstream users.

Algorithm 1 Adaptive Reweighting Optimization Strategy

Require: Training data 9, model parameters 8, batch size B, smoothing schedule {r;}
Ensure: Updated model parameters 6§

1: for iterationt =1,2,... do
2: Sample a batch of users {uy, ..., up} ¢ D
3 for each user u; in batch do > Individual loss for each user
4 Compute loss L; « L(u;; 60)
5 end for > Solve for optimal weights via Lemma 3
6: p* « argmax (max Bili — «a Z ,Blz)
Biz0.Y; pi=K* ! i
7: for each user u; in batch do > Smooth with EMA
8: Bi— (1=n) pi +n: B;
9: end for
10: Leyir < Z?:l BiL; > Compute weighted loss
11: 0 «— 0 — A VgL, > Update model
12: end for

3.4.3 Theoretical Analysis of the Reweighting Strategy.

The effectiveness of our proposed adaptive reweighting strategy is not merely empirical but is
also supported by a solid theoretical foundation. The core principle and resulting performance
improvements are rigorously described by the following lemma and theorem.

First, we establish that the designed weight-solving method has a key monotonic property linking
each weight to its loss. In the optimization problem below, we introduce two key hyperparameters:
a regularization coefficient ¢ > 0 that controls the smoothness of the weight distribution, and a
constant K > 0 that fixes the total magnitude of the weights, which is typically set to the batch size
n.
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LeEMMA 2 (Loss MoNOTONICITY OF ADAPTIVE WEIGHTS). Consider the regularized optimization
problem to solve for weights f3:

n
* T._ 2
B = arg;}nax (lgllaxn Bili — Z; B; )
. (28)

n
st Y Bi=K, pizo0
i=1

Its optimal solution B} is a monotonically increasing function of the corresponding loss L;.
Building on this key property, we now demonstrate that our reweighting method leads to a

provable performance improvement for the low-SNR user group.

*

THEOREM 3 (Loss IMPROVEMENT ON Low-SNR USERrs). Let Hreweight
obtained by optimizing our weighted loss Lyeighted, and let Opp,, be those from standard ERM. Then

Z L(Q:eweight) < Z L(QERM)' (29)

u€Upard u€Unard

be the model parameters

This theoretical confirms that our adaptive reweighting strategy offers a principled, provable
method to address ERM’s suboptimality via more personalized learning.
Next we want to provide the proof sketch for Theorem 3.

ProoF. The standard ERM objective is

Lern(6) = )" Ly(0), (30)
uelU
and the fairness weighted loss is
Leness(0) = ) w(u) Ly(0), (31)
uelU

where the weight function w(u) assigns higher weight to low-SNR (or “hard”) users, i.e., w(u) >
1 for u € Upaq. Let

Bz = arg min Ly (6) (32)

and

fairness

= arg m@in Liairness (9). (33)

Since the fairness objective puts more emphasis on users in Up,yq, the optimization drives the loss
for these users lower. Moreover, because 9 minimizes the weighted loss, we have

fairness
Lfairness(ezairness) < Lfairness (GERM) (34)
Expanding the weighted losses, we write
D W) LB ess) < D W) Lu(Byy)- (35)
uelU uelU

Splitting Equation (35) into hard and easy user sets, we get

Z W(u)Lu(GFairness) + Z W(u)Lu(ezaimess)

u€Upard u€U\Unara

< ) w@L(Gr) + Y W) Lu(Bgy)-

©€Upard €U \Unara

(36)
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Since w(u) > 1 only for u € Upyq, even if the losses for the easy users change slightly, the heavy
weighting on the hard users forces the inequality

Z Lu( Fairness)< Z L”(GEW) (37)

u€Uhard u€Uhard

This proof sketch shows that by assigning higher weights to hard users in the optimization
objective, the fairness-aware training procedure explicitly prioritizes reducing their losses. As
a result, the solution GE‘aimess achieves strictly lower loss on the hard-user subset compared to
the standard ERM solution, thereby validating the effectiveness of our method in improving

performance for disadvantaged groups. O

4 Experiments

To systematically evaluate the effectiveness of our proposed PALER framework, we design a
comprehensive experimental study addressing the following four research questions:

o Representation Quality and Robustness: To what extent does naive multimodal fusion dam-
age personalized representations, and how does PALER mitigate the representation degradation?
(RQ1)

e Evaluation of Overall Performance: Does PALER outperform state-of-the-art recommendation
baselines, including both traditional ID-based and LLM-enhanced frameworks? (RQ2)

o Ablation Study: What are the individual contributions of the modality-invariant module and
adaptive reweighting module to the overall performance of PALER? (RQ3)

4.1 Datasets
We conduct experiments on three real-world datasets:

(1) Yelp: A dataset originates from a well-known business review website, providing rich record
for user behaviors and business attributes for the restaurant.

(2) Movies&TV: A large-scale dataset of product reviews from Amazon, including user ratings
and detailed textual feedback for movies and television shows.

(3) Steam: A dataset comprised of user reviews for video games on the Steam platform, which
includes review texts, user activity, and game metadata.

Detailed dataset statistics are provided in Table 1.

Table 1. Statistics of the datasets employed in our experiments, including user and item scales, total interac-
tions, and overall sparsity.

Dataset # Users #Items # Actions Sparsity
Yelp 10,684 11,544 1.05M 99.15%
Movies&TV 152,776 65,631 2.94M 99.97%
Steam 69,993 27,560 0.69M 99.96%

4.2 Evaluation Metrics

Following established practices in sequential recommendation, we adopt a leave-one-out evaluation
strategy. We use two widely adopted metrics: Hit Ratio (HR) and Normalized Discounted Cumulative
Gain (NDCG) for accuracy measurement.

(1) HR@XK: Measures the fraction of cases that the ground-truth next item appears among the
top K recommendations, over the given m candidates, where K < m.
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(2) NDCG@K: Evaluates ranking quality by assigning higher importance to correct items that
appear among the top K recommendations.

4.3 Baselines
We compare our model against representative baselines from two main categories.

o Traditional ID-based Recommenders: These models capture user behavior sequences from
item IDs. Our selection includes SASRec [26], BERT4Rec [43], S*-Rec [61], and Caser [45].

o LLM-based Recommenders: This category covers methods that leverage large language mod-
els for recommendation tasks. We compare against TALLRec [5], LLMRank [25], RecLM [35],
LlamaRec [52], LLaRA [31], and CoLLM [58].

To enable a fair and transparent comparison, we summarize the key characteristics of each
baseline as follows.

(1) SASRec: [26] A causal sequential model using a unidirectional transformer to predict the
next item in a sequence of IDs.

(2) BERT4Rec: [43] A sequential method using a bidirectional transformer to learn user
behavior sequences for recommendations.

(3) S*-Rec: [61] A self-supervised learning approach, primarily leveraging Mutual Information
Maximization (MIM) during its pre-training phase to learn from the correlations between
different elements.

(4) Caser: [45] A sequential method treats recent item sequence embeddings as an ‘image,
using horizontal convolutional filters to capture union-level patterns.

(5) TALLRec: [5] A framework that fine-tunes LLMs for recommendation tasks, aligning
pre-trained models with recommendation.

(6) LLMRank: [25] An LLM-based recommendation system that pairs with sequential models
with careful prompting.

(7) RecLM: [35] A framework combining supervised and reinforcement learning to improve
LLMs’ instruction-following abilities and generalize across various recommendation tasks.

(8) LlamaRec: [52] A two-stage recommendation framework based on LLMs. It first retrieves
candidate items using an efficient sequential recommender and then ranks them using an
LLM.

(9) Llara [31] A LLM-based sequential recommendation by combining behavioral patterns
from traditional models and a hybrid text prompt representation.

(10) CoLLM [58] A method enhances LLMs for recommendation by converting collaborative
embeddings into text-like sequence prompts.

4.4 Representation Quality and Robustness (RQ1)

This section addresses RQ1 by investigating the representation degradation caused by naive fusion.
We conducted interconnected experiments examining core challenges in LLM-based recommenda-
tion systems, demonstrating the necessity of PALER’s design.

4.4.1 The Probe Experiment.

We designed a ’probe experiment’ to validate our core hypothesis: that naive fusion degrades
the performance of the recommendation encoder. The experiment quantifies this degradation by
isolating and assessing the quality of representations generated by an encoder trained within the
fused model. Our probe experiment reveals that naive fusion between LLMs and domain-specific
encoders introduces destructive interference, degrading the quality of task-specific representations.
By comparing standalone CF encoders (e.g., SASRec and Caser) with their representations in a
naively fused multimodal model, as summarized in Table 2, we observe significant performance
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drops: In the Yelp dataset, SASRec’s HR@10 decreases by 24.2% and Caser’s by 28.5% compared to
their independent baselines. This degradation occurs regardless of the CF architecture (transformer-
based or CNN-based), indicating the issue stems from the fusion strategy itself rather than model-
specific limitations. The results confirm that cross-modal feature interactions during naive fusion
disrupt the CF encoder’s ability to capture user-specific behavioral patterns, leading to geometric
decay in the shared latent space. These findings underscore the critical need for PALER’s modality-
invariant alignment and adaptive reweighting mechanisms to preserve representation quality and
mitigate the negative impact of sparsity on recommendation performance To support the findings
discussed above, we provide the detailed probe experiment protocol below.

Objective. The experiment is designed to quantitatively measure the degradation in a Collabora-
tive Filtering (CF) encoder’s representation quality when it is trained via naive end-to-end fusion
with a text modality, compared to being trained independently.

Architectures Under Test. To ensure the generality of our findings, we test two sequential recom-
mendation models with distinct underlying architectures:

e SASRec: A model based on the Transformer architecture, representing self-attention mech-
anisms.

e Caser: A model based on Convolutional Neural Networks (CNNs), representing convolu-
tional filter-based methods.

Experimental Steps. The experiment follows a three-step protocol for each CF architecture:

Step 1: Establishing the Baseline. We first train a standalone version of the CF model
(e.g., SASRec) on the Yelp dataset. The model is fully optimized for the recommendation
task. We then evaluate its performance (NDCG@10) on the test set. This result serves as
the "gold standard" or "undisturbed" performance benchmark for that architecture.

Step 2: Training the Naive Fusion Model. We construct a multimodal model where the
CF encoder (e.g., SASRec) and a text encoder are combined. Their outputs are fused and fed
to a prediction head, and the entire model is trained end-to-end on the same dataset. This
represents the "naive fusion" condition described in Section 3.4.

Step 3: Probing the Internal Representations. After the naive fusion model has been
trained, we freeze all of its parameters. We then extract the intermediate representation
vectors produced by the internal CF encoder module. A new, lightweight classification head
is attached to these frozen representations and is trained on the original recommendation
task. The final performance of this head on the test set measures the inherent quality of
the "disturbed" CF representations. The performance drop is calculated by comparing this
result against the baseline established in Step 1.

4.4.2  User Subjectivity Analysis.

To evaluate the impact of user subjectivity on recommendation performance, we partition users by
interest consistency and compare results under different alignment strategies. Interest consistency is
quantified using a category-diversity metric D (u), which represents the number of unique category
labels in a user’s interaction history. To ensure a distinct contrast between focused and divergent
preferences, we employ an extreme group design based on the quartiles of D(u). Specifically,
we isolate the High-Consistency group (those below the first quartile, D(u) < Q;) and the Low-
Consistency group (those above the third quartile, D(u) > Q3), while excluding the middle 50% of
users from this analysis.
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Table 2. Extended comparison of representation quality, showing performance recovery by our proposed
alignment method. Best performance is marked by Standalone. Our model’s results are underlined for
emphasis.

CFEncoder L ... W0 00 d \ HR@10 | NDCG@10

Architecture ‘ Value Change(%) ‘ Value Change(%)
Standalone 0.7650 - 0.4323 -
Yelp Probed (Naive Fusion) | 0.5801 -24.2 0.3373 -22.0
Probed (Ours) 0.7243  +78.0 Rec. | 0.4152  +82.0 Rec.
Standalone 0.8793 - 0.6340 -
SASRec Steam  Probed (Naive Fusion) | 0.6267 -28.7 0.5027 -20.7
Probed (Ours) 0.8190 +76.1Rec. | 0.6121  +83.3 Rec.
Standalone 0.7262 - 0.5108 -
Movies Probed (Naive Fusion) | 0.5238 -27.9 0.3936 -23.0
Probed (Ours) 0.6791  +76.7 Rec. | 0.4907 +82.9 Rec.
Standalone 0.6780 - 0.4246 -
Yelp Probed (Naive Fusion) | 0.4847 -28.5 0.3271 -23.0
Probed (Ours) 0.6350 +77.8 Rec. | 0.4065 +81.4 Rec.
Standalone 0.5339 - 0.3283 -
Caser Steam  Probed (Naive Fusion) | 0.3806 -28.7 0.2494 -24.0
Probed (Ours) 0.5011  +78.6 Rec. | 0.3138  +81.6 Rec.
Standalone 0.5162 - 0.3388 -
Movies Probed (Naive Fusion) | 0.3803 -26.3 0.2628 -22.4
Probed (Ours) 0.4852 +77.2Rec. | 0.3243  +81.0 Rec.

The results in Table 3 demonstrate that low-consistency users consistently yield lower HR@10
scores than high-consistency users across all datasets. This performance deficit is markedly ex-
acerbated by naive fusion strategies. For the Yelp dataset, the performance gap increases from
19.0% in the standalone model to 38.7% under naive fusion. Such trends indicate that uniform
alignment fails to capture individual variability within heterogeneous interaction histories, as
averaged representations cannot adequately accommodate divergent preferences.

PALER effectively mitigates this fusion-induced degradation through contrastive alignment.
Our method achieves recovery ratios of 80.2%, 84.9%, and 66.3% for the Yelp, Steam, and Movies
datasets, respectively. These figures quantify the proportion of the performance penalty induced
by naive fusion that is successfully recovered by PALER. The substantial recovery ratios across
all datasets validate that our modality-invariant module effectively aligns textual and behavioral
representations while preserving personalized semantics critical for recommendation.

4.4.3 Interaction Sparsity Impact.

To investigate the impact of data sparsity on recommendation robustness, we partition users
based on their interaction density and compare performance across different alignment strategies.
We isolate two extreme segments for a clear contrast: the Active group, representing the top 25% of
users with the most interactions, and the Sparse group, representing the bottom 25% of users with
the fewest interactions.
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Table 3. Performance comparison across consistency groups. Gap is defined as (Pyigh — PLow)/Phigh- Recovery
Ratio is calculated as (AGNgive — AGours)/AGNaive; Where AG = Gapperhod — Gapstandalone represents the
additional performance deficit induced by fusion baseline.

Dataset Method HR @10 Performance ‘ Recovery

High-Consistency Low-Consistency Gap (A%) | Ratio

Standalone 0.7845 0.6354 19.0% -
Yelp Fused (Naive) 0.7210 0.4420 38.7% -
PALER (Ours) 0.7890 0.6080 22.9% 80.2%
Standalone 0.8120 0.6341 21.9% -
Steam  Fused (Naive) 0.7550 0.5096 32.5% -
PALER (Ours) 0.8180 0.6260 23.5% 84.9%
Standalone 0.6550 0.5790 11.6% -
Movies Fused (Naive) 0.5980 0.4754 20.5% -
PALER (Ours) 0.6590 0.5630 14.6% 66.3%

As reported in Table 4, sparse users consistently exhibit lower HR@10 performance compared to
active users. This performance drop is significantly exacerbated by naive fusion. For instance, in
the Steam dataset, the performance gap between active and sparse users widens from 30.1% in the
standalone model to 48.9% under naive fusion. This suggests that simple modality concatenation
introduces substantial noise for data-scarce users, further degrading the model’s ability to provide
accurate recommendations.

PALER effectively reverses this trend, achieving recovery ratios of 104.8%, 101.6%, and 114.1%
for the Yelp, Steam, and Movies datasets, respectively. Notably, these ratios exceed 100%, which
indicates that PALER does more than merely mitigate the degradation introduced by naive fusion.
It actually reduces the performance gap between active and sparse users to a level lower than that
of the standalone model. For example, in the Movies dataset, PALER’s performance drop is only
20.8%, surpassing the 22.1% achieved by the standalone baseline. These results validate that our
modality-invariant alignment not only restores lost performance but also enhances the model’s
inherent robustness by effectively leveraging cross-modal semantic information to compensate for
interaction sparsity.

4.5 Overall Performance Comparison (RQ2)

This section addresses RQ2 by comparing PALER against the established baselines. Our compre-
hensive evaluation in Table 5 demonstrates the substantial performance gains offered by PALER
over existing baselines. The model achieves consistent state-of-the-art performance across three
real-world datasets (Yelp, Steam, and Movies&TV) under both HR and NDCG metrics. Notably,
PALER outperforms traditional ID-based recommenders like SASRec by significant margins while
surpassing contemporary LLM-based competitors including LLaRA and CoLLM, securing top
performance across all datasets.

This performance dominance arises from PALER’s innovative architecture that bridges the
gap between CF and language modeling. Unlike conventional LLM-based approaches that adopt
generalized pre-training strategies, our model employs a domain-adaptive instruction tuning
framework. This specialized design creates a synergistic integration of two critical components: (1)
the fine-grained sequential patterns captured by CF modules, and (2) the deep semantic reasoning
capabilities of large language models. The result is a system that not only preserves the precision
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Table 4. Performance comparison across interaction density groups. Drop is defined as (Pactive —
Psparse) [ Pactive- Recovery Ratio is calculated as (ADngive = ADours)/ADNaive, Where AD = Dropprethod —
Dropstandaione represents the additional performance degradation induced by the fusion baseline.

Dataset Method HR@10 Performance | Recovery

Active (Top 25%) Sparse (Bottom 25%) Drop (A%) ‘ Ratio

Standalone 0.7798 0.6309 19.1% -
Yelp Fused (Naive) 0.7347 0.4732 35.6% -
PALER (Ours) 0.7865 0.6426 18.3% 104.8%
Standalone 0.8498 0.5940 30.1% -
Steam  Fused (Naive) 0.7895 0.4034 48.9% -
PALER (Ours) 0.8520 0.5977 29.8% 101.6%
Standalone 0.6795 0.5293 22.1% -
Movies Fused (Naive) 0.6204 0.4262 31.3% -
PALER (Ours) 0.6885 0.5455 20.8% 114.1%

Table 5. Performance of PALER and baseline methods. The best and the second-best performance in each
column is bolded and underlined, respectively. Statistically significant improvements are marked with T

Yelp Steam Movies
NDCG@5 HR@5 NDCG@5 HR@5 NDCG@5 HR@5

SASRec 0.241 0.325 0.251 0.340 0.240 0.322
Traditiona] BERT4Rec 0235 0.315 0.246 0.333 0.233 0.314
S3-Rec 0.245 0.330 0.255 0.345 0.243 0.328
Caser 0.228 0.305 0.239 0.324 0.225 0.303
TALLRec 0.261 0.349 0.269 0.362 0.255 0.346
LLMRank 0.267 0.355 0.273 0.367 0.259 0.351
RecLM 0.281 0.379 0.290 0.391 0.276 0.369
LLM-
M-based |\ aRec 0.283 0.382 0.288 0.388 0.274 0.372
LLaRA 0.308 0.415 0.318 0.428 0.301 0.399
CoLLM 0.295 0.398 0.302 0.405 0.288 0.381
Ours PALER 03157  0.421t 03257 04357  0.3097  0.4087

of traditional recommendation signals but also enhances them with contextual understanding of
user preferences. This dual-modality synergy, combined with our adaptive reweighting strategy,
explains why PALER demonstrates both superior accuracy and exceptional resilience in challenging
recommendation scenarios.

To ensure the statistical reliability, all experiments were conducted over five independent runs
with distinct random seeds. Statistical significance was evaluated using a paired t-test between
PALER and the strongest baseline, LLaRA. The results confirm that PALER significantly outperforms
LLaRA across all datasets and metrics under the 95% confidence level (p < 0.05).
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Table 6. Ablation study of PALER. We report results on three datasets. “w/0” indicates the removal of a specific
component from our full model (PALER). ‘Baseline” refers to a simple baseline with all our contributions
removed.

Model Yelp Steam Movies
NDCG@5 HR@5 NDCG@5 HR@5 NDCG@5 HR@5
PALER 0.315 0.421 0.325 0.435 0.309 0.408
w/o Align 0.301 0.409 0.312 0.419 0.295 0.395
w/o Reweight 0.285 0.388 0.296 0.399 0.279 0.377
w/o Corpus 0.287 0.385 0.294 0.402 0.277 0.380
Baseline 0.259 0.352 0.271 0.370 0.251 0.349

4.6 Ablation Study (RQ3)

This section addresses RQ3 by isolating the effects of the proposed modules. To systematically
evaluate the contribution of each component in PALER, we conduct an ablation study with five
variants:

(1) PALER: The complete model incorporates our three core innovations - the domain-adaptive
instruction corpus, contrastive modality alignment, and adaptive reweighting strategy.

(2) PALER,,oalign: This variant removes the contrastive alignment mechanism (Sec 3.3.2), revert-
ing to a naive fusion approach. This configuration isolates the impact of our modality-invariant
representation learning.

(3) PALER,,/oReweight: This variant eliminates the adaptive reweighting strategy during LLM
fine-tuning (Sec 3.4.2), adopting equal weighting for all training samples (ERM).

(4) PALER,,/oCorpus: This variant removes our instruction corpus formulation strategy (Sec ??),
utilizing only raw, un-augmented data with basic prompting templates. This configuration tests
the value of our domain-specific instruction engineering.

(5) PALERg,geline: A baseline model that removes all three core contributions, representing a
standard LLM fine-tuned on raw interaction data without any architectural enhancements.

As shown in Table 6, the ablation results demonstrate consistent performance degradation across
all three datasets when any component is removed. The baseline PALERg s¢1ine model achieves
the lowest performance metrics, establishing a clear benchmark for comparison. Notably, the
most pronounced performance degradation is observed in the variants lacking either the adaptive
reweighting or contrastive alignment components.

On the Yelp dataset, the removal of the reweighting strategy leads to a 9.5% decrease in NDCG@5,
while eliminating the alignment mechanism results in a 4.4% drop in the same metric. These patterns
are consistently replicated across the Steam and Movies&TV datasets, which again highlights the
merits of the proposed framework: (1) resolving modality representation conflicts via contrastive
alignment, and (2) capturing personalized user preferences through adaptive sample weighting.

5 Efficiency and Complexity Analysis
5.1 Complexity Analysis

To rigorously evaluate the scalability of PALER, we analyze the time complexity per training step.
Let B, L, and d denote the batch size, input sequence length, and hidden dimension size, respectively.
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034 Yelp - NDCG@5 Steam - NDCG@5 Movies - NDCG@5
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Fig. 4. Performance comparison of PALER and its variants on all datasets. Removing any component consis-
tently degrades NDCG@5 and HR@5, confirming the necessity of all modules.

22

w/o Cor
20
18

w/0 Rew
16

w/o Ali

Improvement over Base (%)

PALER

Yelp NDCG@5 Yelp HR@5  Steam NDCG@5  Steam HR@5 Movies NDCG@5 Movies HR@5

Fig.5. Relative HR@5 and NDCG@5 improvements of each ablated model over the baseline across all datasets.
Each cell reports the percentage gain computed as (variant — baseline) /baseline X 100%, summarizing the
overall contribution pattern of all modules.

We define the total computational cost per step, T7o:q1, as the superposition of three components:

Trotal = Toackbone + 7;lign + 7:eweight (38)

where Tpackbones Tatign, and Treeighs correspond to the costs of the LLM backbone, the modality-
invariant alignment module, and the adaptive reweighting module, respectively.

5.1.1  Backbone Complexity. The computational bottleneck of the LLM backbone lies in the self-
attention mechanism. For a sequence of length L, the complexity is dominated by the quadratic
dependency on L:

Tbackbone = O(B : LZ d+8-L- dz) (39)
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Bl Yelp
[ Steam
Il Movies

p— p— 3
[—] 0] <
L L L

Relative Improvement (%)
wn

Align Reweight Corpus All

Fig. 6. Relative NDCG@5 improvements contributed by each module of PALER. For each dataset, the gain is
computed as the percentage increase of PALER over the corresponding ablated model.

Given the number of layers and width (d) of modern LLMs, this term represents the dominant
computational load.

5.1.2  Alignment Module Complexity. The modality-invariant module introduces a contrastive
objective (Eq. 2). This necessitates computing the pairwise similarity matrix between the ID
representation z'P and text representation z/*! within a batch.

e Similarity Calculation: Computing the 8 X B similarity matrix via dot products requires
B2 operations over dimension d.
e Loss Computation: The InfoNCE loss involves a summation over the batch dimension.

Thus, the complexity is derived as:
%lign = 0(82 - d + Tenc) (40)

where T, is the forward pass of the lightweight ID encoder (e.g., SASRec). Since Tene < Tpackbone
and typically 8 < L in LLM training settings (e.g., 8 = 8 vs. L = 512), the term B2 - d is negligible
compared to the backbone’s B - L? - d.

5.1.3 Reweighting Module Complexity. The Adaptive Reweighting strategy (Algorithm 1) entails
solving for optimal weights * and updating them via Exponential Moving Average (EMA).

e Weight Solution: The closed-form solution for f* (Lemma 3.4) requires operations linear
to the batch size 8.

e Smoothing: The EMA update f*) « (1 — )Y + pp* is an element-wise vector
operation.

Consequently, the complexity is strictly linear with respect to the batch size:
7rjeweight = O(B) (41)

This term is computationally trivial relative to the model’s forward-backward pass.
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Table 7. Parameter scale analysis of PALER components.

Module Architecture Params Ratio

Backbone  Llama 3 8B[16] ~8.03B 100.00%
Alignment BERT-base[14] ~110M ~1.37%
ID Encoder SASRec[26] ~1.65M  ~0.02%

Note: "B" denotes Billion, "M" denotes Million. Ratios are calculated relative to the Backbone size.

5.1.4  Overall Efficiency. Synthesizing the above components, the asymptotic complexity of PALER
is:
Trotal ® O(BL*) + O(B%d) + O(B)
~ O(Bde) ~ Tpackbone
The additional modules in PALER introduce a marginal computational overhead that does not
alter the fundamental time complexity class of the LLM-based recommendation framework.

(42)

6 Conclusion

In this work, we proposed PALER, a framework that significantly enhances personalization in
LLM-based recommendation systems. By employing a novel strategy of contrastive alignment
for cross-modal fusion and adaptive reweighting for user-centric optimization, PALER effectively
preserves user-specific semantics. Our experiments demonstrate that this approach achieves state-of-
the-art performance on real-world datasets, setting a new benchmark for personalized, LLM-driven
recommendation.

Future work will focus on extending PALER’s applicability. We plan to explore domain-adaptive
training for new verticals such as healthcare and social media, and to modularize the framework
into a versatile plugin for seamless integration with existing recommendation architectures. These
efforts will position PALER as a foundational and scalable solution for the next generation of
personalized recommender systems.
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