
Hefei University of Technology



2

Content
n Motivation 
n Contribution
n Method
n Experiment
n Qualitative Analysis



3

n Text-video retrieval aims to find relevant videos given a text query. Current contrastive models (e.g., CLIP) face two major issues (see Fig. 
(a)): 1) Optimization tension: caused by the modality gap, where gradients from positives and negatives cancel out, leaving the anchor nearly 
unchanged. 2) Hard negative noise: semantically similar negatives push the anchor in the wrong direction. These issues limit the upper bound 
of the modal alignment capability.

n We redistribute gradients by introducing a pair-specific increment Δ�� that linearly perturbs each text anchor ��. This also offloads noisy 
gradients Δ��, stabilizing ��’s semantics (see Fig. (b)).

n Treating InfoNCE loss �� for �� as a multivariate function over  Δ�� �=1

�
, we derive the gradient update of Δ�� via a multivariate first-order 

Taylar Expansion under a ℓ2 trust region constraint and interpret it as an Information Bottleneck to prevent trivial solutions.
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n 1) We analyze the gradient structure of InfoNCE and reveal its inherent multi-variable coupling by introducing pairwise 
increments Δ��. A multivariate first-order Taylor expansion within a trust region yields a update rule for each Δ�� consistent with 
the InfoNCE descent direction. 

n 2) We propose a Gap-Aware Retrieval (GARE) framework, where a learnable network � predicts pair-specific increments Δ�� 
and integrates them into the forward pass to offload optimization tension while mitigating noise from false negatives. We also 
introduce a relaxed Variational Information Bottleneck (VIB) objective that regularizes Δ��, balancing informativeness and 
compression. 

n 3) Experiments on four text–video retrieval benchmarks, i.e., MSR-VTT, DiDeMo, ActivityNet Captions and MSVD, showing 
consistent improvements, and further analyses confirm that the learned increments Δ�� are semantically meaningful and 
geometrically structured.
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n Observation
n For batch size �, the gradient of �� on an anchor �� is the sum of � pairwise gradients:

    where ��� = �cos (��, ��)/�

 �
� �cos (��, ��)/� and ��� ∈  0,1  is match label.

n Empirical results on 512 dimensions show severe cancellation among them.
n Gradients from most negative pairs (��,  ��): magnitude ≈ 40 to 60 (bottom of right-side figure).
n Adding the positive pair (��,  ��) shrinks it to 2 to 4 (top of right-side figure).

n → The anchor �� barely moves during training.

n Problem
n �� stays trapped in a narrow optimization region.
n The modality gap constrains updates and causes in-place optimization.
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n Idea
n To relax optimization tension, introduce a pair-specific increment Δ�� for each pair  ��,  �� . 

n Replace the anchor by a linearly perturbed representation:  �Δ�� =  �� + Δ��, this results a multivariate InfoNCE ��:

��(Δ�1,  Δ�2,  …,  Δ��) =−log
exp (���/�)

 �
� exp (���/�)

,   ��� =cos (�� + Δ��,  ��)

n Effects
n 1) Gradient redistribution — redirects gradients from �� to Δ��.

n Each Δ�� only receives gradient from its own pair  ��,  �� , where the gradients are 
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n Collectively,  Δ�� �

�
 enlarge the effective optimization region of ��.

n 2) Δ�� absorbs noisy gradients from hard negatives, reducing semantic interference
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n Multivariate Taylor Expansion
n Gradient of �� w.r.t. one Δ�� depends on other non-zero Δ�� → capturing inter-pair coupling.
n Expanding at Δ�� = 0 would break the relative ranking prior among pairs. This results to a multivariate first-order Taylor 

Expansion: 

��(Δ�∗) ≈ ��  Δ�∗
(�) +  

�

�
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⊤
 Δ�� − Δ��
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n ℓ2 Trust-Region Constraint  Δ�� 2 ≤ ��� to limit perturbation magnitude. 

n Derived Iterative Update with Initial Non-Zero State Δ�∗
(�) (by steepest descent + Cauchy–Schwarz):

Δ��
(�+1) = Δ��

(�) − ���
(�) ⋅
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,     where ���
(�) analytically ensures  Δ��

(�+1) 
2

≤ ���.

n Implementation

n Each iteration initializes Δ�∗
(�) from a neural module � �� − ��,  �; �(�) = ��(Δ��

(�) ��,  ��) after CLIP Encoder.

n Back-propagation naturally satisfies this update rule with different learning rate � from optimizer.
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n Variation Information Bottleneck Regularization for Δ��

n Δ�� only receives gradients from its own pair  ��,  �� , lacking contrastive interaction with other pairs.
n → Direct optimization easily leads to trivial or collapsed Δ��.

n Treat Δ�� as an information bottleneck variable that captures only essential alignment information between �� and ��. This 
results a Variation Information Bottleneck objective: 

�VIB ≔ − �(�,�,�)�Δ∼�� Δ �, �  log ��(� Δ) 

multivariate InfoNCE loss

 + � ⋅ �(�,�) KL ��(Δ �, �)  �(0,  �)  

compression term �IB

.

n The �(⋅) serves as a deterministic posterior, each Δ�� is viewed as a Dirac delta centered at a fixed value.
n Since the Dirac posterior is singular w.r.t. the Gaussian prior �(0,  �), we relax the compression term �IB on the text 

side, leveraging the one-to-many nature of video–text pairs.
n → This overly penalizes video-side information and circumvents the singularity between the deterministic and stochastic 

distributions. By the convexity of KL  ⋅    �(0, �)  and Jensen’s inequality, this yields a relaxation:
�(�,�) KL ��(Δ �, �)  �(0,  �)  = ���� � KL ��(Δ �, �)  �(0,  �)  

                                                     ≥ �� KL ��(Δ �)  �(0,  �)  .
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n Extra Regularization: Radii Prior & Direction Diversity
n Motivation

Δ�� from �(⋅) often lie on the trust-region boundary. We regularize them to (1) enlarge their magnitude diversity, and (2) 
increase directional variety across pairs.

n Trust-Region Radii Prior
n Encourage heterogeneous radii for each anchor �� : 

�� =−max  ��  Var   ��� �

�  ,  � ,    � > 0

n Larger variance → richer optimization radii.
n Prevents all Δᵢⱼ  collapsing to similar magnitudes.

n Direction Diversity
n Promote angular diversity among normalized increments:

�dir =  �� log ��,� exp (−� ⋅  1 −  ���, ���  )  ,       ��� =
Δ��

 Δ�� 2
n Reduces directional redundancy.
n Expands geometric coverage of Δ�� around ��.
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n Lower Cosine Similarity
n → better uniformity on unit hypersphere
n also can be seen as lowering model’s confidence (belief mass)
n see Fig.6 for hard negative comparison with baseline

n GARE produces smoother logits than baseline
n → semantic similar samples with similar logits

n Larger �Δ�� Norm Magnitude on both positive and negative

n → expanding representation to a broader space region for
          better fine-grained alignment 

n Larger ℓ2 distance between �Δ�� and �� compared to the pair of 

       ��,  �� 

n → also can be seen as promoting uniformity
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n Gradient Analysis: How Δ Redistributes Optimization Tension
n Observation of Gradients on ��

In dimensions with strong optimization activity, both positive and negative 
     gradients reach similar magnitudes (g ≈ 2.5) and appear as near opposites (Figure. 4).
n Gradient Redistribution

When aggregated across all pairs, opposite gradients cancel in the anchor update
     ∇����(Δ�∗) → near zero (Figure. 7).
     Each Δ��, however, receives gradients only from its own pair  ��,  ��  :
  • positive Δ�� ≈+ �  • negative Δ�� ≈− �/�
     Thus, the total effective optimization strength per anchor ≈ |+g| + B·|−g/B| ≈ 2|g|.
n Insight

Δ�� components remain actively optimized and trace how �� explores the representation 
     space. By distributing gradient flow across Δ, the framework offloads optimization 
     tension from anchors and expands their reachable region, breaking the locality 
     constraint imposed by the modality gap.
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Thanks!


