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Abstract

Recent progress in text–video retrieval has been largely driven by contrastive
learning. However, existing methods often overlook the effect of the modality
gap, which causes anchor representations to undergo in-place optimization (i.e.,
optimization tension) that limits their alignment capacity. Moreover, noisy hard
negatives further distort the semantics of anchors. To address these issues, we
propose GARE, a Gap-Aware Retrieval framework that introduces a learnable,
pair-specific increment ∆ij between text ti and video vj , redistributing gradi-
ents to relieve optimization tension and absorb noise. We derive ∆ij via a mul-
tivariate first-order Taylor expansion of the InfoNCE loss under a trust-region
constraint, showing that it guides updates along locally consistent descent direc-
tions. A lightweight neural module conditioned on the semantic gap couples
increments across batches for structure-aware correction. Furthermore, we regu-
larize ∆ through a variational information bottleneck with relaxed compression,
enhancing stability and semantic consistency. Experiments on four benchmarks
demonstrate that GARE consistently improves alignment accuracy and robustness,
validating the effectiveness of gap-aware tension mitigation. Code is available at
https://github.com/musicman217/GARE-text-video-retrieval.

1 Introduction

Text-video retrieval (TVR) [55] is a fundamental task in video understanding, aiming to retrieve
relevant videos given a text query [34, 33, 45, 17]. With the proliferation of short video platforms, this
task has attracted growing research interest. In recent years, vision-language pretraining models such
as CLIP [38] have shown great success in cross-modal representation alignment, demonstrating strong
performance on various retrieval benchmarks. These models typically learn a shared embedding
space by aligning visual and textual modalities through large-scale contrastive learning [50, 20, 10,
11, 19, 46, 22, 31], and have thus become a popular backbone in TVR systems.

Despite the empirical success of contrastive learning in text-video retrieval, two critical problems
persist. First, the most challenge is optimization tension, arising from the modality gap: text and video
embeddings typically occupy disjoint regions of the representation space [31, 54], with markedly
different semantic structures and high distributional divergence (e.g., large KL divergence [28]
between modality-wise feature distributions). As shown in Figure 1a, this separation creates a
structural conflict for a text anchor ti: the gradient from its positive video vi attracts ti toward the
video manifold, while gradients from all negatives vj repel it in the opposite direction, yielding nearly
collinear but reversed forces. The second is the prevalence of false negatives: semantically similar
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(a) (b)

Figure 1: Tension and false-negative challenge vs. our of�oading strategy.(a) Owing to the
modality gap [31], gradients from negative samples overlap with the positive direction, creating
optimization tension around the anchort i and limiting its update freedom. (b) GARE of�oads
part of this optimization pressure fromt i to learnable increments� ij , relaxing the gradient �eld
and absorbing false-negative noise. Each� ij encodes a semantically meaningful correction of the
text–video gap.

yet unlabeled pairs are incorrectly treated as hard negatives [12, 9], introducing noisy gradients and
aggravating misalignment. These two issues jointly limit the ceiling of semantic alignment, leading
models to converge to suboptimal solutions.

Figure 2: Mean and variance of
summed gradient (top) and negative
gradients (bottom) across 512 dimen-
sions, showing collinear but opposite
forces that largely cancel out.

We further analyze the optimization tension through aggregated
gradient statistics across batches (Figure 2). In dimensions
exhibiting signi�cant gradient behavior, both positive and neg-
ative components reach values on the order of 40–60 (bottom
of Figure 2), yet their sum—the actual gradient applied to
t i —remains close to 2–3 (top of Figure 2). This indicates that
positive and negative signals not only oppose each other in
direction but also nearly cancel in magnitude. As a result, text
anchors undergo an in-place optimization behavior: their rep-
resentations remain close to their initial positions throughout
training, thereby limiting the attainable alignment performance
of contrastive learning.

To address both issues, we introduce a pair-speci�c increment
� ij that acts as a learnable adjustment betweent i andvj . As
shown in Figure 1b, unlike the anchor embeddingt i , which
aggregates gradients from all video pairs(i; k ), the increment
� ij only absorbs gradients transmitted from its corresponding
pair (i; j ). This ensures that each� ij captures a localized
component of the optimization signal, whilet i retains global
supervision. As a result, gradients acting ont i are partially
redistributed to� ij , effectively diluting the optimization tension and preventing anchors from being
trapped in con�icting descent directions. Beyond relieving tension, this design also buffers the local
gradient noise introduced by false negatives, since noisy repulsion from mislabeled pairs is absorbed
at the pair level rather than directly perturbing anchor representations.

To guide� ij toward constructive updates, we derive its local rule from a multivariate �rst-order
Taylor expansion of the contrastive loss under an`2 trust-region constraint. This linearization de�nes
a descent space in which, once a constraint radius is speci�ed, the steepest-descent direction at the
coupled state becomes unique and preserves the local relative-ranking structure of InfoNCE [37]. We
implement this process as a pair-speci�c, amortized update using a lightweight module conditioned
on the semantic gap(vj � t i ). The module is optimized through backpropagation across batches,
while a norm-based prior regularizes the magnitude of� , serving as an implicit trust-region radius
regularization. To ensure semantically stable and generalizable updates, we formulate the learning
of � ij as a deterministic variational information bottleneck: the module outputs� ij , and a
Jensen-relaxed KL bottleneck term balances informativeness and compression.
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On the MSR-VTT 1k-A validation set, we observe that the overall cosine similarity of positive
pairs decreases relative to the baseline. This indicates that releasing optimization tension via�
encourages samples to spread with larger angular separations, thereby improving uniformity on the
unit hypersphere [46]. In addition, we �nd that the Euclidean distance between paired embeddings
increases after applying� ij , suggesting that pair-level adjustments help alleviate tension and provide
�ner control over semantic positioning.

Our contributions are threefold: 1) We analyze the gradient structure of InfoNCE and reveal its
inherent multi-variable coupling by introducing pairwise increments� ij . A multivariate �rst-order
Taylor expansion within a trust region yields a update rule for each� ij consistent with the InfoNCE
descent direction. 2) We propose a Gap-Aware Retrieval (GARE) framework, where a learnable
network predicts pair-speci�c increments� ij and integrates them into the forward pass to of�oad
optimization tension while mitigating noise from false negatives. We also introduce a relaxed
variational information bottleneck (VIB) objective that regularizes� ij , balancing informativeness
and compression. 3) Experiments on four text–video retrieval benchmarks, i.e., MSR-VTT [52],
DiDeMo [2], ActivityNet Captions [27], and MSVD [8], showing consistent improvements, and
further analyses con�rm that the learned increments are semantically meaningful and geometrically
structured.

2 Approach

2.1 Preliminaries

Task De�nition. Given a dataset ofN paired video-text examplesf (vi ; t i )gN
i =1 , the goal of text-

video retrieval is to learn a pair of encoders: a visual encoder� v (�) and a text encoder� t (�), that map
inputs into a shared embedding space. The similarity between any pair(vj ; t i ) is computed using a
scoring function, typically the cosine similarity:

sij =
� t (t i )> � v (vj )

k� t (t i )k � k� v (vj )k
; (1)

where� t (t i ) 2 RD andD is dimension. During training, contrastive learning is applied to increase
the similarity of matched pairs while decreasing that of mismatched ones. At inference, retrieval
is performed by ranking all candidate texts (or videos) for a given query video (or text) based on
similarity scores. For brevity, we henceforth refer to� t (t) ast, � v (v) asv.

Optimization Tension and First-order Increment Modeling. As discussed in the introduction,
contrastive optimization in video-text retrieval suffers from gradient tension caused by modality gap
and noise from false negatives. These factors hinder stable optimization of the anchor representation
t i , which must simultaneously align with the positivevi and repel all negativesvj 6= i . Formally, the
per-anchor InfoNCE loss is given by:

L i = � log
ecos(t i ;v i )=�

P B
j =1 ecos(t i ;v j )=�

; (2)

and its gradient with respect tot i is:

r t i L i =
BX

j =1

(pij � yij )
�| {z }

weight @L i
@sij

2 R

�
�

vj

kt i kkvj k
� cos(t i ; vj ) �

t i

kt i k2

�

| {z }
gradient basis

@sij
@ti

2 RD

; (3)

wherepij = softmax(cos(t i ; vj )=� ), yij = 1[j = i ], � is temperature parameter andB is batch size.
Here, the weight term@L i

@sij
2 R controls the relative strength of each pair, while the gradient basis

@sij
@ti

2 RD speci�es the update direction. Under a strong modality gap, the positive and negative
gradient bases are nearly collinear but reversed, and the positive weightjpii � 1j is of comparable
magnitude to the aggregate negative weight

P
j 6= i pij [44]. Together, these conditions cause the

gradients to largely cancel along nearly the same axis, leaving only a small residual update fort i .

To alleviate both challenges, we introduce a pair-speci�c increment� ij that locally adjusts the relative
positioning of each text-video pair. This increment serves two purposes: it of�oads optimization
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tension by redistributing part of the gradients originally acting ont i to the pair level, and buffers false-
negative noise before it propagates to the anchor embedding. For clarity, we �rst consider applying
� ij to the text side, yielding an adjusted representationt � ij = t i + � ij . The same mechanism
can also be applied to the video side (e.g.,v� ij = vj + � ij ), depending on dataset characteristics.
This �exibility raises a central question: how should each� ij be optimized to effectively reduce the
contrastive loss?

A naive approach would linearize the loss around the original anchort i (i.e., � i � = 0 ), treating each
� ij as an independent perturbation. However, under this formulation, the gradientr � ij L i depends
only on the static similaritycos(t i ; vj ), failing to account for the in�uence of other� ik in the same
batch. This leads to decoupled gradients that ignore the softmax coupling intrinsic to InfoNCE. More
importantly, expanding the loss only att i results in a univariate approximation, which does not re�ect
how different� ij collectively reshape the similarity ranking across allvj . Since our goal is to adjust
the relative structure of the entire pair set for each anchor, we require a multivariate formulation
where all� ij are coupled and optimized under a shared comparison scale.

To this end, we treat all� ij as jointly optimized variables, and reinterpret the per-anchor contrastive
lossL i as multivariate function over the full setf � ij gB

j =1 :

L i (� i 1; : : : ; � iB ) = � log
esii =�

P B
j =1 esij =�

; sij = cos(t i + � ij ; vj ): (4)

Unlike standard per-sample optimization, the softmax structure couples all� ij , meaning the gradient
of any single increment depends on the values of the others. To capture this dependency, we perform
a multivariate �rst-order Taylor expansion around a prior coupled state� (0)

i � = f � (0)
ij gB

j =1 , where all
increments are nonzero. In practice, we treat this prior as the current state at iterationt (i.e., we let
� ( t )

i � := � (0)
i � ) and analyze the local descent behavior from this reference point. This converts our

optimization into an iterative process, where each step re�nes the current set of coupled increments.
The resulting linear approximation is:

L i (� i � ) � L i (�
( t )
i � ) +

BX

j =1

h
r � ij L i (�

( t )
i � )

i >
(� ij � � ( t )

ij ): (5)

Crucially, this expansion preserves the softmax-induced coupling: each gradient termr � ij L i is
evaluated assuming that all other increments� ik 6= j remain �xed at their nonzero states. The resulting
linearized loss de�nes a local descent landscape for each� ij . To ensure reliable updates within this
approximation, we impose a trust-region constraint that bounds the update magnitude:k� ij k � " ,
which re�ects our belief that meaningful corrections should occur within a localized region around
t i . Under this constraint, the optimal update direction for each� ij corresponds to steepest descent
along its local gradient:

� ( t +1)
ij = � ( t )

ij � � ( t )
ij �

r � ij L i (�
( t )
i � )

kr � ij L i (�
( t )
i � )k

; (6)

where step size� ( t )
ij is analytically determined to ensurek� ( t +1)

ij k � " and derived via the
Cauchy–Schwarz inequality to project onto the trust-region boundary (see Appendix H for de-
tails). This yields the steepest descent direction of the linearized loss, evaluated at a coupled batch
state� ( t )

i � , where all increments are �xed but nonzero. However, this update rule has two main
limitations: (i) it only guarantees descent within the current batch, lacking cross-batch generalization;
and (ii) it suffers from scale ambiguity, as the optimal trust-region radius" should vary across pairs
with semantic dif�culty and training stage. To overcome these issues, we adopt a learnable network
 that directly predicts the coupled increment state� ( t )

i � from the semantic gapvj � t i (or t i � vj ),
thereby establishing cross-batch coupling among increments. The subsequent update to� ( t +1)

i � is
implicitly performed via backpropagation on the InfoNCE loss. Since the loss gradient naturally
aligns with the steepest descent direction, this formulation amortizes the iterative update process into
a trainable prediction problem, enabling structure-aware and generalizable optimization over the full
set of pairwise increments.
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2.2 Gap-Aware Increment Modeling via Pair-Speci�c � ij

To make this optimization tractable, we replace the explicit iterative updates with a learnable function
 that directly predicts each increment� ( t )

ij . Speci�cally, we amortize the descent process by training
a parameterized network to generate the current coupled increment state based on a pairwise
semantic difference and a modality-dependent context:

� ( t )
ij =  

�
� (vj � t i ); C ; � ( t )

�
; (7)

where� 2 f� 1; +1g controls whether the increment encodes video-speci�c or text-speci�c residual
semantics. Here,t i denotes the[CLS] embedding of the text sequence, andvj is the mean-pooled
representation of the frame featuresV frame of thej -th video. We implement as a Cross-Attention
module, with the semantic gapvj � t i as the Query and the feature sequenceV frame 2 RN v � D

(or T word 2 RN w � D ) as the contextC (i.e., the Key and Value). Intuitively, the query encodes
what semantics are present invj but missing int i (or vice versa); sequence features carrying such
semantics are assigned higher weights, so that the aggregated increment� ij acts as a semantic patch
correctingt i . Rather than computing explicit descent steps of Eq.(6),  learns to output increments
that approximate the coupled descent direction while incorporating structure-aware priors from the
context. Since� ij directly enters the InfoNCE loss, is optimized end-to-end via backpropagation,
enabling its outputs to align with the true gradient �eld. We now consider the case whereC = V frame
and the increment� ij is added to the text side. In this setting, the two variablest i and� ij share
the same gradient �ow:r t i L i =

P B
j =1 r t � ij

L i andr � ij L i = r t � ij
L i , where the gradient with

respect to each perturbed anchor is given by:

r t � ij
L i =

(pij � yij )
�

�
�

vj

kt � ij k � kvj k
� cos(t � ij ; vj ) �

t � ij

kt � ij k2

�
: (8)

This formulation introduces a gradient redistribution effect: unlike standard InfoNCE where all
gradients act directly on the shared anchort i , our pair-speci�c design allows each negative video
vj to in�uence only its associated increment� ij . The positive pair(t i ; vi ) contributes attraction
gradients to botht i and� ii , facilitating alignment; meanwhile, each negative pair(t i ; vj ); j 6= i ,
applies repulsion primarily to� ij . This leads to two key bene�ts: 1) tension relief:� ij can absorb
the gradient from(t i ; vj ), reducing the burden ont i to decrease loss in a single step; 2) false-
negative suppression: repulsion from semantically similar negatives is redirected into their respective
increments, reducing the semantic bias of the anchor representation. We apply this strategy under a
symmetric InfoNCE loss:

L info = �
1
2

0

B
B
B
B
@

1
B

BX

i =1

log
esii =�

P B
j =1 esij =�

| {z }
text to video

+
1
B

BX

j =1

log
esjj =�

P B
i =1 esij =�

| {z }
video to text

1

C
C
C
C
A

: (9)

This loss function maximizes the similarity of positive pairss(t i + � ii ; vi ) and minimizes the
similarity of negative pairs.

Norm-Based Regularization of Trust-Region Radii. In our formulation, the increment� ij
predicted by is directly constrained within a trust region, thus its norm" ij = k� ij k2 serves as
the trust-region radius. This radius controls how far the corrected representationt � ij is allowed to
deviate fromt i in order to release optimization tension and adjust semantics. Intuitively, semantically
similar pairs should yield smaller radii, while dissimilar pairs should allow larger ones. To encourage
such structured variability, we regularize the intra-anchor distribution of radii by promoting norm
diversity:

L " = � Et i �B t

�
Var

�
f " ij gB

j =1

��
; (10)

whereBt denotes the batch of text anchors. A lower boundmax(L " ; � � ) with � > 0 is applied
to prevent instability. This regularization sharpens the implicit trust-region structure learned by ,
guiding� ij to re�ect pairwise semantic variability in a stable manner.
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Directional Diversity Regularization. To enhance the expressiveness of the learned increments
� ij , we introduce a directional regularization that encourages the directions off � ij gB

j =1 under each
anchort i to be diverse. This helps the model assign distinct update directions to different candidate
videos, improving the generalization of representations and mitigating mode collapse. Speci�cally,
we normalize each increment to obtain unit vectorszij = � ij

k� ij k2
and de�ne the regularization loss as

the expected angular similarity across all anchor-speci�c direction sets:

L dir = Et i �B t

h
logEj;k [exp (� � � (1 � h zij ; zik i ))]

i
; (11)

where� is a scale factor to control uniformity. This loss softly penalizes directional concentration,
while still allowing nearby directions for semantically similar negatives—preserving �exibility under
uncertainty. Combined with the norm-based regularization, this term enables �ne-grained control over
both the magnitude and direction of each increment� ij , leading to more stable and structure-aware
optimization.

2.3 Variational Information Bottleneck (VIB) for Semantic Increments

We motivate our regularization from the Information Bottleneck (IB) principle [41, 1], which seeks
to maximize predictive information while suppressing nuisance factors. In our case, the increment
� is optimized only by the gradient from its paired sample(t i ; vj ) and thus lacks contrastive
behavior, often collapsing into trivial solutions. We therefore treat� as an information bottleneck
that extracts semantic signals from(t i ; vj ) while discarding noise, effectively constraining it within
a prior structure before allowing it to reduce the InfoNCE objective. Formally, this corresponds
to maximizing the mutual information between� and the target semantics while minimizing its
dependence on the input pair:

max
p(� jX )

I (�; Y ) � � I (�; X ); (12)

whereX = ( t i ; vj ) denotes a input pair,Y the label indicating whether it is a positive match,� the
pair-speci�c increment (i.e, the latent variableZ ), and� trade-off between task termI (�; Y ) and
compression termI (�; X ). Following the standard variational derivation (details in Appendix D),
we obtain the objective

L VIB := � E( t;v;y ) E� � q (� j t;v )
�

logq� (yj�)
�

| {z }
contrastive termL info

+ � � E( t;v )
�
KL

�
q (� jt; v)kr (�)

��

| {z }
compression termL IB

; (13)

whereq (� jt; v) denotes the variational encoder that parameterizes the posterior of� given(t; v),
q� (yj�) is the variational classi�er instantiated as a softmax predictor, andr (�) = N (0; I ) is the
Gaussian prior used in the upper-bound regularization of the latent space.

In practice, we adopt adeterministic instantiationwhere the variational distributionq (� jt; v)
collapses to a Dirac posterior centered at the network output� ij (i.e., � = � ij ), without uncertainty-
aware sampling. Since the Dirac measure is singular with respect to any continuous prior, the KL
divergence is ill-de�ned. To obtain a tractable and stable regularizer, we aggregate posteriors along
the text dimension, leveraging the asymmetric nature of video–text data (i.e., videos typically contain
higher redundancy and correspond to multiple semantically related texts). By the convexity of
KL( �kr ) and Jensen's inequality, this yields a relaxation that also circumvents the singularity of the
deterministic posterior:

E( t;v )
�
KL ( q (� jt; v)kr (�))

�
= Ev Et j v

�
KL ( q (� jt; v)kr (�))

�

� Ev
�
KL

�
�q (� jv)kr (�)

��
;

(14)

where�q (� jv) := Et j v [ q (� jt; v) ] is the aggregated increment posterior for videov. This relaxation
preserves the information-bottleneck effect while reducing sensitivity to text-side variability. The
precise relationship between this relaxed KL term and the original mutual informationI (�; X )
is derived in Appendix E. Putting the relaxation into practice, we approximate�q (� jvj ) with a
Gaussian �tted to the set of incrementsf � ij gB

i =1 associated with each video anchorvj . This yields
the following relaxed compression loss:

L relax
IB = Ev j �B v

�
KL

�
N (� j ; � 2

j )kN (0; I )
��

; (15)

where� j and� 2
j denote the mean and variance of incrementsf � ij gB

i =1 over the text batch for each
video vj . This relaxed KL term operationalizes the bottleneck by regularizing increments at the
video level, enforcing centered and isotropic corrections while avoiding over-penalization of text-side
variability. We provide the overall training objective and inference details in Appendix F.
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Table 1: Comparison results on MSR-VTT dataset on Text-to-Video Retrieval and Video-to-Text
Retrieval. DiCoSA [24] utilizes QB-Norm [6] for inference and is grayed out for a fair comparison.
Note that T2VLA [47] is a non-CLIP method.

Methods Text-to-Video Retrieval Video-to-Text Retrieval

R@1̂ R@5̂ R@10̂ MdR_ MnR_ R@1̂ R@5̂ R@10̂ MdR_ MnR_

T2VLA [47] CVPR21 29.5 59.0 70.1 4.0 - 31.8 60.0 71.1 3.0 -
CLIP4Clip [34] Neurocomputing22 44.5 71.4 81.6 2.0 15.3 42.7 70.9 80.6 2.0 11.6
X-Pool [17] CVPR22 46.9 72.8 82.2 2.0 14.3 44.4 73.3 84.0 2.0 9.0
TS2-Net [33]ECCV22 47.0 74.5 83.8 2.0 13.0 45.3 74.1 83.7 2.0 9.2
EMCL-Net [22] NeurIPS22 46.8 73.1 83.1 2.0 12.8 46.5 73.5 83.5 2.0 8.8
UATVR [16] ICCV23 47.5 73.9 83.5 2.0 12.3 46.9 73.8 83.8 2.0 8.6
DiCoSA [24] IJCAI23 47.5 74.7 83.8 2.0 13.2 46.7 75.2 84.3 2.0 8.9
ProST [30]ICCV23 48.2 74.6 83.4 2.0 12.4 46.3 74.2 83.2 2.0 8.7
HBI [23] CVPR23 48.6 74.6 83.4 2.0 12.0 46.8 74.3 84.3 2.0 8.9
DiffusionRet [25]ICCV23 49.0 75.2 82.7 2.0 12.1 47.7 73.8 84.5 2.0 8.8
EERCF [40]AAAI24 47.8 74.1 84.1 - - 44.7 74.2 83.9 - -
MPT [56] ACM MM24 48.3 72.0 81.7 - 14.9 46.5 74.1 82.6 - 11.8

Baseline 46.6 73.4 82.2 2.0 12.6 45.6 73.4 82.4 2.0 9.6
GARE (Ours) 49.1 74.7 83.6 2.0 12.0 48.6 75.3 85.3 2.0 8.5

Table 2: Comparison results on DiDeMo, ActivityNet Captions, and MSVD datasets on Text-to-Video
Retrieval. Note that FROZEN [3] is a non-CLIP method.

DiDeMo
Methods R@1 R@5 R@10 MnR

TS2-Net 41.8 71.6 82.0 14.8
CLIP4Clip 42.8 68.5 79.2 18.9
DiCoSA 45.7 74.6 83.511.7
DiffusionRet 46.7 74.7 82.714.3
HBI 46.9 74.9 82.7 12.1

Baseline 45.4 74.3 82.0 12.3
GARE (Ours) 47.6 75.4 83.1 12.0

ActivityNet Captions
Methods R@1 R@5 R@10 MnR

CLIP4Clip 40.5 72.4 83.6 7.5
TS2-Net 41.073.6 84.5 8.4
DiCoSA 42.1 73.6 84.6 6.8
MPT 41.4 70.9 82.9 7.8
HBI 42.2 73.0 84.6 6.6

Baseline 40.2 72.5 83.6 7.5
GARE (Ours) 42.6 73.2 84.8 6.6

MSVD
Methods R@1 R@5 R@10 MnR

FROZEN [3] 33.7 64.7 76.3 -
CLIP4Clip 45.2 75.5 84.310.3
EMCL-Net 42.1 71.3 81.1 17.6
UATVR 46.0 76.3 85.1 10.4
Diffusion 46.6 75.9 84.1 15.7

Baseline 45.0 75.5 84.5 10.7
GARE (Ours) 46.4 76.1 84.5 10.6

3 Experiment

3.1 Experiment settings

Datasets and Metrics. We evaluate our method on four standard text-video retrieval benchmarks:
MSR-VTT [52], DiDeMo [2], MSVD [8], and ActivityNet Captions [27]. MSR-VTT contains 10K
videos with 20 captions each; we follow the 1K-A validation split. DiDeMo includes 10K videos
segmented into 5-second clips, each annotated with multiple sentences. MSVD consists of 1.9K
short video clips with English captions. ActivityNet Captions provides dense annotations for 20K
long-form videos with multiple temporally grounded descriptions. We choose Recall at rank K={1, 5,
10} (R@K), Median Rank (MdR), and Mean Rank (MnR) to evaluate the retrieval performance.

Implementation Details. We adopt CLIP (ViT-B/32) [38] as the base dual-encoder, equipped
with a 4-layer Temporal Transformer [42] following the CLIP vision encoder for video encoding.
Following prior works [34, 17, 30, 45], we use 32-word captions and 12 video frames for MSR-VTT
and MSVD, and 64-word captions with 64 frames for DiDeMo and ActivityNet Captions due to their
longer video durations. We use the Adam optimizer [14] with linear warm-up, as in prior works. The
learning rate is set to1e� 7 for CLIP's text and visual encoders, and1e� 4 for all other modules. We
set� = 0 :07, � = 0 :01, � = 2 , and� = 0 :5 for MSR-VTT. All experiments use a batch size of 128.
We train the model for 5 epochs on MSR-VTT, MSVD, and DiDeMo, and 10 epochs on ActivityNet
Captions. All experiments are conducted on 4 to 8 GPUs including RTX 4090, A100 and V100.

3.2 Comparison with Other Methods

Table 1 and Table 2 shows the performance of our method across four standard text-video retrieval
benchmarks. As seen, our approach consistently outperforms recent state-of-the-art methods on
MSR-VTT, ActivityNet, DiDeMo and MSVD.
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Table 3: Ablation on losses combination on
Text-to-Video Retrieval results on MSR-VTT
1k-A. First row denotes the baseline.

� L relax
IB L " L dir R@1̂ R@5̂ R@10̂ MnR_

Baseline 46.6 73.4 82.2 12.6
X 47.4 73.8 82.8 12.4
X X 47.2 73.3 82.2 12.4
X X 47.0 73.1 82.3 12.6
X X X 47.4 73.7 82.8 12.3
X X 48.3 74.2 83.2 12.4
X X X X 49.1 74.7 83.6 12.0

Table 4: Ablation on Context Modality Choice of
 . Text-to-video retrieval results on three datasets
under different context modalities.

Dataset ContextC R@1̂ R@5̂ R@10̂ MnR_

MSR-VTT T word 47.4 73.5 82.1 12.9
V frame 49.1 73.3 82.2 12.4

ActivityNet T word 42.6 73.6 84.4 6.8
V frame 40.2 72.2 83.6 8.1

DiDeMo T word 46.5 74.3 82.6 12.3
V frame 47.6 75.4 83.1 12.0

Table 5: Ablation on the interaction mode of on
Text-to-Video Retrieval results on MSR-VTT 1k-A.
The variant removes the relative gap modeling by
usingt i as the query andV frame as the key–value,
producingt0

ij and� ij = vj � t0
ij . Our gap-aware

design preserves pair-speci�c structure and yields
superior alignment.

Interaction Mode of R@1̂ R@5̂ R@10̂ MnR_

Query= t i (no gap) 46.1 73.2 81.9 13.7
Query= vj � t i 49.1 74.7 83.6 12.0

Table 6: Ablation on the IB priorr (�) on
MSR-VTT 1k-A. Comparison between nor-
malized and unnormalized� ij distributions
with different Gaussian priors.

� R@1̂ R@5̂ R@10̂ MnR_

Normalized�
1.0 47.8 74.5 82.1 12.9

Unnormalized�
0.1 47.7 73.4 82.2 12.9
1.0 49.1 74.7 83.6 12.0
10.0 48.1 74.6 83.5 12.0
100.0 48.6 74.7 83.2 11.8

3.3 Ablative Analysis

All ablation studies are conducted on the MSR-VTT 1k-A validation set. In addition to the ablations
presented below, we further provide results on the lower bound coef�cient� of L " , the interaction
between the context modality typeC of  and the direction indicator� , the scale factor� of L dir, the
choice of anchor inL relax

IB and hard negative methods comparison in Appendix C.

Losses Combination. We conduct ablation studies on the MSR-VTT 1k-A validation set to assess
the effectiveness of the proposed increment� and its associated regularizers. As shown in the
right of Table 3, directly injecting� into the InfoNCE �ow improves performance from 46.6 to
47.4, validating the bene�t of gradient tension release via pairwise adjustment. Introducing the
relaxed information bottleneck (IB) loss further boosts performance to 48.3, highlighting its role in
guiding� toward semantically meaningful corrections. In contrast, adding the norm constraint or the
directional diversity regularizer alone yields no gain, since each� ij is only optimized with respect
to its corresponding sample pair and thus lacks inherent contrastive behavior; simply minimizing
InfoNCE can drive� toward trivial or collapsed solutions. The IB loss imposes a prior structure
by restricting the optimization freedom of� , and within this semantically grounded structure, the
norm and diversity regularizers become truly effective; without such semantic constraints, applying
them to trivial solutions of� would be meaningless. When combined, relaxed IB with norm and
diversity regularization achieves the best performance (49.1), demonstrating that semantic grounding
and structured regularization must work together to fully exploit the potential of� .

Impact of Cross-attention Interaction Design. As shown in Table 5, we examine the effect of
replacing 's pair-wise gap-aware interaction with a simpli�ed query–key setting, wheret i serves as
the query andV frame as the key–value. This variant yields a fused representationt0

ij and a residual
� ij = vj � t0

ij , thereby removing explicit gap modeling betweent i andvj . Although it captures
frame-level semantics aligned witht i , directly updatingt i via � ij leads to severe performance
degradation, as gradients near the loss side propagate tot � ij = t i + vj � t0

ij , disturbing the anchor
semantics. To mitigate this, we normalize� ij to a unit direction� norm and compute a similarity-based
magnitudeR from frame-wise similarities betweent i andvj , obtained through a linear projection
followed by exponentiation. The �nal correctiont � ij = t i + R � � norm partially alleviates gradient
interference but still lacks explicit semantic-gap awareness, preventing from leveraging CLIP's
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(a) Cosine similarity distribution of positive pairs. (b) Norm distribution on negative pairs.

(c) Norms distribution on positive pairs. (d) Distance shift:t � vs. t .

Figure 3: Qualitative analysis on the MSR-VTT 1k-A validation set.tdelta denotest � . Our method
induces greater angular separation between positive pairs (a), redistributest � norms to release
gradient tension (b, c), and pushest � outward fromvj (d), promoting uniformity.

prior alignment—con�rming that explicit pair-wise gap modeling is crucial for robust cross-modal
alignment.

Prior r (�) of Information Bottleneck. We further examine the effect of the prior distribution
in the information bottleneck objective. A standard Gaussian prior is commonly used to regularize
normalizedembeddings, implicitly encouraging an isotropic distribution concentrated around a
hyperspherical shell in high-dimensional space. In contrast, our best performance is achieved when the
unnormalized� ij distribution is regularized against the same standard Gaussian prior. As shown in
Table 6, normalizing� ij before KL regularization accelerates convergence but reduces �nal accuracy,
as it constrains all increments to the unit sphere and removes one degree of freedom—preventing
each� ij from being regularized along its own radial axis. Moreover, since� ij operates in the
unnormalized spaceto correct the anchort i , preserving magnitude information is crucial for effective
alignment. We further tested priorsr (�) = N (0; � 2I ) with different standard deviation� 2
f 0:1; 10; 100g under the unnormalized setting, but none outperformed the standard Gaussian (� = 1 ),
suggesting that the optimal prior variance is data-dependent, while the standard Gaussian provides a
balanced regularization strength in our case.

Context Modality Choice in  . We evaluate the effect of applying� ij to either modality across
datasets with contrasting characteristics. As shown in the left of Table 4, on MSR-VTT, injecting
� on the text side (i.e.,t i + � ij ) achieves the best performance, while applying it to the video
side degrades results. This aligns with the fact that MSR-VTT contains many visually similar short
clips, making it more effective to adjust the concise text representation for �ne-grained distinctions.
Conversely, on ActivityNet, applying� to the video side leads to a notable performance boost,
whereas modifying text harms results (R@1� 40). This is likely because the long but redundant
videos are paired with rich, structured captions—making video-side adaptation more bene�cial.
These trends highlight the importance of aligning 's modality choice with dataset structure.

3.4 Qualitative Analysis

Geometric Properties of� . To understand the effect of the learned increment� , we conduct a
qualitative analysis on the MSR-VTT 1k-A validation set, focusing on its impact on representation
geometry and alignment behavior at inference. As shown in Figure 3a, our method GARE yields
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lower cosine similarities between positive pairs than the baseline, indicating larger angular separation
and improved uniformity on the unit hypersphere [46].

Figures 3b and 3c show that the norm of the adjusted text embeddingt � consistently exceeds that of
the originalt, implying that� expands text representations onto a series of spheres of larger radius.
Positive embeddingst � ii also have greater norms, consistent with our analysis of� 's iterative update
behavior. Performing the �rst-order Taylor expansion around nonzero� states (i.e., with nonzero
initialization per iteration) mitigates logit-ranking distortion that occurs when expanding solely at
zero. As negative increments� ij (j 6= i ) are pushed outward, the positive� ii also expands to
preserve relative belief masses [39] among logits, lowering overall cosine similarity while maintaining
relative softmax probabilities.

Figure 3d further shows thatt � ij lies farther fromvj thant i , implying that the model does not simply
reduce inter-modal distance but expands the text representation onto a larger spherical shell for �ner
alignment. This suggests that, in cosine-based contrastive learning, encouraging greater dispersion of
samples in the unnormalized feature space (i.e., higher pre-projection uniformity) may facilitate more
effective alignment on the unit hypersphere.

Overall, these results indicate that optimization tension is effectively released: representation learning
is no longer con�ned to the narrow region induced by the modality gap but occurs within a broader
geometric space, thereby raising the upper bound of achievable alignment performance. Additional
training-time analysis is provided in Appendix G.

Figure 4: Mean and variance of per-
dimension gradients, indicating the pos-
itive gradients (top) acting ont � ii and
� ii and the sum of all negative gradi-
ents (bottom) fort � ij and� ij .

Gradient Analysis. To further analyze how� redistributes
optimization tension during training, we visualize the per-
dimension gradient statistics oft � ij at a representative training
step (Figure 4). In dimensions with signi�cant optimization
activity, both positive and negative gradients reach magnitudes
aroundg � 2:5 and appear as approximate opposites, corre-
sponding to the pair-speci�c gradient form in Eq. (8).

When aggregated over all pairs, these opposite gradients largely
cancel out in the anchor's updater t i L i , leading to the near-
zero gradient state described earlier. However, unliket i , which
aggregates signals from all pairs, each� ij only receives the
gradient transmitted from its corresponding pair. Consequently,
the positive increment� ii receives an effective gradient of
approximately+ g, while each negative� ij receives around
� g=B, whereB denotes the batch size. Since these gradients
act independently and are not mutually canceled, the total non-
vanishing optimization strength per anchort i is approximately
j+ gj + B�j� g=Bj � 2jgj, indicating that� components remain
actively optimized rather than stagnant.

This reveals that the trajectory of� ij re�ects howt i explores
the representation space. By distributing gradients across� , our framework effectively of�oads
optimization tension from the anchor, expanding its reachable region and breaking the locality
constraint imposed by the modality gap.

4 Conclusion

We revisited contrastive learning for text–video retrieval from an optimization perspective, identifying
two key challenges: optimization tension from the modality gap and gradient noise from false
negatives. Through a �rst-order Taylor expansion of the InfoNCE loss under a trust-region constraint,
we derived a function space of increments� ij that approximate descent directions. A learnable gap-
aware network predicts� ij to redistribute gradients across pairs, expanding the optimization range
beyond the modality gap and mitigating false-negative noise. To ensure� ij encodes compact yet
informative corrections, we employ a variational information bottleneck with a relaxed compression
objective for stable training. Experiments on four benchmarks demonstrate consistent improvements,
and further analyses show that the learned increments form structured, semantically meaningful
geometry that releases optimization tension and enhances alignment capacity.
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Appendix

This appendix provides additional discussions, derivations, and analyses that complement the main
paper. We �rst discuss the limitations of our current framework and provide related works for
broader context. Then, we present extended ablation studies and comparisons, followed by detailed
mathematical derivations, including the relaxed form of our variational information bottleneck (VIB)
objective and the rationale for using a non-zero state in the multivariate Taylor expansion. Finally,
we provide implementation and ef�ciency details of the GARE model to support reproducibility and
deployment.

A Limitations

While our method successfully reduces the tension between text and video embeddings by optimizing
pair-wise� ij based on the direction that minimizes the InfoNCE loss, several limitations remain:

Lack of modality alignment. The fundamental issue of modality gap persists. Despite reducing
the tension between the embeddings of text and video, the two modalities still reside in completely
disjoint regions of the representation space. Our approach alleviates this problem by releasing the
optimization tension exerted on anchor representations, thereby expanding the effective optimization
range of each text anchor through multiple pair-speci�c increments� ij . As a result, the method
mitigates the effects of the modality gap and reduces some noise, but it does not address the root
cause of the misalignment between the two modalities.

Lack of generalized supervision for� ij . Our approach relies heavily on adjusting� ij through
gradient-based optimization, but� ij lacks a more generalizable supervision signal. Currently, we
are optimizing each pair-wise� ij based solely on the gradient of the InfoNCE loss, which only
loosely guides the optimization direction. While this helps alleviate the tension between positive and
negative pairs, it does not provide a stronger supervisory signal to guide the model toward a better
generalization across unseen data.

B Related Work

Contrastive learning and modality gap. Contrastive learning has become a foundational paradigm
in multimodal representation learning. Wang and Isola [46] formalize contrastive learning via
the principles of alignment and uniformity on the hypersphere, offering a geometric perspective
on representation quality. Wang and Liu [44] show that contrastive loss is hardness-aware and
temperature-sensitive, and reveal a trade-off between representation uniformity and semantic toler-
ance, highlighting the need to preserve meaningful structure among semantically similar samples.
Liang et al.[31] investigate the modality gap in multimodal contrastive learning and attribute it to
initialization imbalance and cone effects. False negatives have also been recognized as a key challenge
in contrastive learning [12, 9], with solutions ranging from reweighting and elimination to dynamic
detection and correction.

Text-video retrieval. Text-video retrieval is one of the prominent tasks [15, 26, 43, 4, 18, 51,
36, 5, 24, 29, 48] in cross-modal learning. The majority of existing research [30, 16, 25, 35, 49,
7, 53] in this area utilizes a mapping technique that aligns both text and video inputs within a
shared latent space to facilitate direct similarity assessment. CLIP4Clip [34] is the �rst to adapt
CLIP [38] for video-text retrieval via temporal frame aggregation. TS2-Net [33] improves temporal
modeling through token shift and selection. X-Pool [17] introduces text-guided pooling to highlight
salient video tokens. HBI [22] values possible correspondences between frames and words using
Banzhaf interaction for sensitive and explainable cross-modal alignment. EMCL [22] introduces
an expectation-maximization [13] framework to learn a compact latent space where video and text
features are represented as linear combinations of shared bases. This decomposition reduces the
rank of the latent space, mitigating the modality gap and enhancing semantic alignment. Unlike
prior works that re�ne matching structures, our method analyzes the gradient form of InfoNCE and
introduces a learnable gap-aware increment� ij to of�oad optimization tension, enabling structured
optimization in a trust-region-aware formulation.
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C More Ablation and Comparison Experiments

In the next four experiments conducted on the MSR-VTT 1K-A dataset, we investigated the design of
 network inputs, the impact of the scale coef�cient� and the orthogonality variant in the directional
diversity regularization, the impact of the lower bound� of Norm-Based Regularization of Trust-
Region Radii, and the impact of the anchor choice ofL relax

IB . We also provide hard negative methods
comparison.

C.1 Ablation on the Design of Network Inputs

Table 7: Ablation on contextC and se-
mantic gap� under different correction
modes.� =1 denotesv� t.

C � R@1̂ R@5̂ R@10̂ MnR_

t-corrected

T word � 1 46.6 74.2 83.8 12.9
T word +1 48.2 74.2 83.2 12.9
V frame � 1 47.8 74.1 82.8 12.4
V frame +1 49.1 74.7 83.6 12.0

v-corrected

V frame � 1 47.7 73.2 82.9 13.1
V frame +1 47.5 73.5 81.8 13.0
T word � 1 48.2 73.6 82.8 12.7
T word +1 48.8 73.2 83.6 12.9

We analyze the design of the network from three com-
plementary aspects: 1) the context used for conditioning,
2) the semantic gap direction� , and 3) the corrected an-
chor (eithert or v). When correcting the text anchor (t),
using the video-side sequence (v) as context yields bet-
ter performance; conversely, when correcting the video
anchor (v), using the text-side sequence (t) as context per-
forms better. In both cases, the semantic gap is de�ned as
v � t, suggesting that the query direction is asymmetric.
Overall, performance is mainly determined by the inter-
play between the corrected anchor and the chosen context:
cross-modal conditioning (e.g., correctingt with v as con-
text) consistently outperforms uni-modal con�gurations,
highlighting the bene�t of cross-modal fusion.

Moreover, de�ning the semantic gap asv � t achieves
better results thant � v. This can be attributed to the
fact that video features tend to capture more shared and
general concepts, while text features encode instance-speci�c information. Removing text-speci�c
components from the video representation thus encourages more generalized and robust semantic
alignment.

C.2 Ablation of the Scale Coef�cient � and the Orthogonality Variant in Directional Diversity

Table 8: Ablation on scale coef�-
cient� for directional diversity.

� R@1̂ R@5̂ R@10̂ MnR_

0.5 47.6 74.5 83.4 12.1
1.0 48.5 74.4 83.9 12.1
2.0 49.1 74.7 83.6 12.0
3.0 46.2 74.4 82.9 12.1
4.0 47.0 74.3 83.4 12.1
5.0 47.2 74.1 82.8 12.4

To further analyze the impact of the scale coef�cient� in the
directional diversity regularization, we conduct an ablation
study as shown in Table 8. Recall that the loss adopts a log-
mean-exp form:

L dir = Et i �B t

h
logEj;k [exp (� � � (1 � h zij ; zik i ))]

i
;

wherezij = � ij

j � ij j2
denotes normalized directions under the

same anchort i . The term(1 � h zij ; zik i ) lies in [0; 2], and the
log-mean-exp operator favors pairs with higher cosine simi-
larity (i.e., smaller angular distance), encouraging local angular diversity without enforcing strict
orthogonality.

The coef�cient � adjusts the strength of uniformity: 1) When� is small, the exponential term
emphasizes pairs with higher similarity, focusing optimization on local clusters of� ij directions. 2)
As � increases, the optimization becomes more uniform across pairs, driving the distribution of� ij
directions toward isotropy.

Empirically, as shown in Table 8, performance peaks when� = 2 :0, achieving the best R@1, R@5
and MnR. When� grows larger, R@1 and R@5 exhibit reduced variance, indicating that the model
becomes less sensitive to angular differences. This aligns with our interpretation that large� values
saturate the exponential term—causingexp(� � (1 � h zij ; zik i )) to approach zero uniformly—thus
diminishing the discriminative effect among diverse directions. Overall, a moderate� achieves the
best trade-off between directional diversity and training stability, effectively preventing directional
collapse while maintaining meaningful variation across� ij .
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To further enhance the distinction among� ij directions, we additionally experimented with a strict
orthogonalization objective:

L orth =
1

B 2

BX

j

BX

k;k 6= j

hzij ; zik i 2;

which enforces all direction pairs under each anchort i to be mutually orthogonal. Unlike
the log-mean-exp formulation, this loss treats both high- and low-similarity pairs equally and
aims to drive all pairwise cosine similarities toward zero. However, this uniform orthogonal-
ity constraint yields inferior performance (R@1=47.7, R@5=74.3, R@10=83.1, MnR=12.1).
We attribute this degradation to the excessive suppression of negatively correlated direc-
tions—pairs that are semantically opposite or far apart are also pushed toward zero similarity.

Figure 5:R@1 score with vary-
ing � for � norm regularization.

This rigid treatment prevents� ij from encoding opposing semantic
relations, indicating that directional diversity should remain seman-
tically �exible rather than uniformly orthogonal.

Nevertheless, the orthogonalization approach exhibits stronger
performance on video-to-text retrieval (R@1=49.4, R@5=75.4,
R@10=83.6, Mean R=8.2). We conjecture that this improvement
stems from the fact that the directional diversity regularization is ap-
plied with text as the anchor over candidate videos, where enforcing
orthogonality among� ij encourages the model to better separate
diverse visual counterparts for the same textual query.

C.3 Ablation on � Norm Regularization Strength

We investigate the effect of varying the lower bound factor� , which controls the target margin of"
separation within each anchort i . As shown in Figure 5, increasing� from 0.1 to 0.5 improves R@1,
with the best performance at� = 0 :5. This suggests that moderate diversity in" ij is bene�cial for
enhancing semantic discrimination. However, as� increases further, performance degrades, likely
due to over-regularization.

To mitigate the instability introduced by hard truncation (i.e., directly thresholding" ij ), we also
experiment with a smooth approximation using a log-sum-exp formulation:

L " � LSE = log
h
1 +

1
B

BX

j =1

exp
�

� (" ij � " i )2� i
:

Although this variant imposes a natural lower bound and provides vanishing gradients near con-
vergence, it does not signi�cantly improve retrieval. We hypothesize that this is due to gradient
saturation when the variance among" ij becomes too large, which in turn weakens the ability to
further enforce directional separation.

C.4 Ablation on the Anchor Choice in Relaxed VIB Regularization

Table 9: Effect of anchor choice in
KL regularizationL relax

IB . Anchor-
ing onv yields better performance.

Anchor R@1 R@5 R@10 MdR MnR

t 47.9 74.9 83.8 2.0 12.5
v 49.1 74.7 83.6 2.0 12.0

We further investigate the effect of the anchor choice in the
relaxed information bottleneck termL relax

IB . In the main formu-
lation, the KL regularization is anchored on videos, i.e.,

E( t;v ) [KL( q (� jt; v)kr (�))] � Ev
�
KL(�q (� jv)kr (�))

�
;

where�q (� jv) = Et j v [q (� jt; v)]. This relaxation aggregates
increments� ij

B
i =1 under each video anchorvj and preserves

the information-bottleneck effect while reducing sensitivity to
the variability of short text inputs.

To contrast this design, we also test the reversed relaxation that anchors on text:

E( t;v )[KL( q (� j t; v) k r (�))] � Et
�
KL(�q (� j t) k r (�))

�
;

where�q (� jt) := Evj t [q (� jt; v)]. Practically, this means that the setf � ij gB
j =1 associated with

each text anchort i is modeled as a Gaussian posterior, yielding the corresponding compression loss.
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(a) (b)

Figure 6: Comparison of hard negative alignment before and after applying� ij optimization.
Compared with the baseline, GARE produces smaller similarity gaps among semantically related
videosvj . This indicates that GARE effectively mitigates the noise from hard negatives and reduces
the semantic deviation of the anchort i , leading to more stable and consistent alignment across similar
samples.

Notably, our relaxation introduces stochasticity directly from the dataset pairing itself, rather than by
sampling additional uncertainty variables.

As shown in Table 9, anchoring the KL term on the video side leads to superior retrieval performance
(R@1=49.1 vs. 47.9). We attribute this to the inherent data characteristics: the textual descriptions
in the dataset are typically short and less informative, while videos are semantically richer and
often correspond to multiple captions. Consequently, conditioning� on v captures more shared,
modality-invariant structure, aligning better with the underlying multimodal distribution and yielding
stronger retrieval results.

C.5 Hard Negative Comparison

We compareGARE with two recent methods that explicitly or implicitly handle hard negatives:

DMAE [21] (R@1: 46.9, +1.6% over base.ACM MM 2023): DMAE enhances �ne-grained alignment
by mining hard positives—for instance, text queries associated with speci�c frames—which implicitly
improves the model's capability to separate hard negatives. Conceptually, this shares similarity with
our variational information bottleneck (IB) loss, where� is compressed through a bottleneck to
retain critical alignment signals while �ltering noisy gradients.

NeighborRetr [32] (R@1: 49.5, +2.3% over base.CVPR 2025): This method employs a memory
bank to computek-neighbor co-occurrence statistics, identifying “good hubs” that encourage local
consistency and reduce over-penalization of hard negatives. Although not explicitly formulated
as hard-negative mining, the top-k co-occurrence selection serves a similar role by adaptively
reweighting dif�cult negatives.

Figure 7: Mean and variance
of total gradients acting ont i on
each dimension.

GARE (R@1: 49.1, +2.5% over base): Unlike the above methods,
GARE doesnot rely on explicit mining or external memory struc-
tures. Each increment� ij absorbs loss gradients locally from its
paired(t i ; vj ) sample, mitigating the reliance on global contrastive
comparisons when encountering hard negatives. This local realloca-
tion of gradients softens noisy updates and improves generalization.
As illustrated in Figure 6, the text anchort i in GARE exhibits en-
hanced semantic stability: for semantically related videosvj , the
similarity valuessii andsij vary smoothly, indicating that� ij en-
ables more accurate �ne-grained alignment across similar samples.
This aligns with the gradient visualization in Figure 7, where the gradients ont i 's dimensions remain
centered around zero after introducing� , demonstrating its role as a stable semantic prototype.

Ef�ciency comparison. GARE maintains superior ef�ciency despite comparable or higher perfor-
mance. It uses only a single cross-attention layer, whereas NeighborRetr includes 8 MLP modules and
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