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Abstract

This report presents ContextRefine-CLIP (CR-CLIP), an
efficient model for visual-textual multi-instance retrieval
tasks. The approach is based on the dual-encoder AVION,
on which we introduce a cross-modal attention flow mod-
ule to achieve bidirectional dynamic interaction and refine-
ment between visual and textual features to generate more
context-aware joint representations. For soft-label rele-
vance matrices provided in tasks such as EPIC-KITCHENS-
100, CR-CLIP can work with Symmetric Multi-Similarity
Loss to achieve more accurate semantic alignment and op-
timization using the refined features. Without using en-
semble learning, the CR-CLIP model achieves 66.78%
mAP and 82.08% nDCG on the EPIC-KITCHENS-100 pub-
lic leaderboard, which significantly outperforms the base-
line model and fully validates its effectiveness in cross-
modal retrieval. The code will be released open-source on
https://github.com/delCayr/XFlow-Clip.

1. Introduction

Visual-text retrieval, as a key bridge connecting visual con-
tent and natural language descriptions, plays an increas-
ingly important role in content search, multimedia recom-
mendation, human-computer interaction, and other fields.
In recent years, the performance of visual-text retrieval has
been significantly improved with the development of deep
learning techniques[6], especially the emergence of CLIP
models and their variants based on contrast learning [9][5].
These models have learned powerful cross-modal joint em-
bedding representation capabilities by pre-training on large-
scale graphic-text pairs.

However, in complex scenarios with multiple instances
and soft labeling such as EPIC-KITCHENS-100[1][2], ex-
isting methods still face challenges in fully exploiting
such fine-grained correlation information. While advanced
loss functions such as Symmetric Multi-Similarity Loss

(SMSLoss)[8] work to optimize the learning objective for
such soft labels by more precisely defining the relationships
between pairs of positive and negative samples, we observe
that there is still room for further optimization at the fea-
ture interaction level of the model architecture. Most ex-
isting models, including model like AVION [10]that focus
on efficient training, tend to achieve modal alignment only
through simple projection operations after independent vi-
sual and text encoders. This approach, while efficient, may
limit the model’s ability to capture deep inter-modal depen-
dencies and contextual dynamics, especially when subtle
semantic differences need to be distinguished. When both
visual content and textual descriptions contain rich and po-
tentially ambiguous information, the lack of deep modal in-
teractions may lead to the generation of joint representa-
tions that are not discriminative enough in the face of com-
plex semantic correspondences.

The ContextRefine-CLIP proposed in this paper is able
to go beyond the traditional global feature matching to more
deeply model the fine-grained correspondence between spe-
cific actions and textual verbs in videos, and between com-
binations of objects and descriptive statements in complex
scenes. The context-aware joint features generated by the
cross-modal attention mechanism not only have stronger
discriminative power, but also work more effectively with
advanced loss functions such as SMSLoss to achieve more
accurate semantic alignment and optimization under soft la-
bel supervision.

In our experiments, without employing ensemble
learning and relying solely on data augmentation, our
single-model CR-CLIP achieves 1st place on the EPIC-
KITCHENS-100 Multi-Instance Retrieval Challenge 2025
public leaderboard. Compared to the ensemble-based 2024
solution, which achieved an average mAP of 63.8% and
nDCG of 74.3%, our approach improves the average mAP
to 66.8% (+3.0%) and nDCG to 82.1% (+7.8%), demon-
strating the strong effectiveness and robustness of our
method in a more lightweight setting.

https://github.com/delCayr/XFlow-Clip


2. Method
To utilize soft-label information more efficiently and en-
hance deep inter-modal interactions in visual-textual multi-
instance retrieval tasks, we propose the ContextRefine-
CLIP model. The model introduces a novel cross-modal
Contextual Refinement module based on the efficient
AVION architecture to generate more discriminative and
context-aware joint embedding representations.

2.1. Model Architecture
The overall architecture of ContextRefine-CLIP follows
a classic dual-transformer design, consisting of a Vision
Transformer (ViT) for visual encoding and a standard
Transformer for text encoding. A key component of the
model is the Cross-Modal Context Refinement (CMCR)
module, which refines and aligns visual and textual fea-
tures through bidirectional attention before projection. The
refined features are then mapped into a shared embedding
space via separate MLP projection heads. The model is
trained using the Symmetric Multi-Similarity Loss to fully
exploit soft label correlations.

For input representation, video frames are sampled, aug-
mented, patchified, and embedded for the visual encoder,
while text is tokenized with special markers, embedded, and
passed through the text encoder.

2.2. Cross-modal Context Refinement Module
To enhance the depth and precision of multi-modal inter-
action prior to the final projection stage, we introduce a
Cross-Modal Context Refinement (CMCR) module built
upon a pair of lightweight cross-attention layers. This de-
sign enables bidirectional semantic refinement, where vi-
sual features are dynamically updated with textual context
and vice versa, thereby producing context-aware, semanti-
cally aligned representations for downstream retrieval tasks.

Our core component is Cross-Attention Layer, which is
based on the standard mechanism of multi-attention and al-
lows Q from one modality to interact with K and V pro-
vided by another modality. Given a visual feature vector
Fv ∈ RB×Dv and a textual feature vector Ft ∈ RB×Dt , we
project both into a common attention dimension Da, as in
Eq. (1), (2), (3).

Qt = W t
QFt (1)

Kv = W v
KFv (2)

Vv = W v
V Fv (3)

Above vectors are fed into a multi-head attention module
for fusion to compute a text-guided refinement of the visual
representation, as in Eq. (4).

Fv←t = MHA(Qt,Kv, Vv) (4)

Then the output is passed through a residual connection
with the original query and followed by LayerNorm, as in
Eq. (5).

F ′v = LayerNorm(Ft + Fv←t) (5)

To further enhance the representational capacity of the
fused features, we introduce a Gated Feed-Forward Net-
work (GatedFFN) on top of the cross-modal attention out-
put F ′v . Inspired by the gated feed-forward modules in
Transformer architectures[4], GatedFFN incorporates non-
linear transformations to enable deeper intra-modal mod-
eling after cross-modal fusion. The final refined visual fea-
ture is obtained via another residual connection followed by
LayerNorm, as in Eq. (6).

F r
v = LayerNorm(F

′

v +GatedFFN(F
′

v)) (6)

A symmetric operation is performed for vision-guided text
refinement, resulting in F r

t . The refined features F r
v and F r

t

are used in subsequent projection and retrieval computation.
This design addresses a key limitation in prior CLIP-like

dual encoders: the lack of contextual alignment between
modalities before computing similarity. Our CMCR enables
each modality to absorb semantic cues from the other, al-
lowing for improved alignment between, for example, spe-
cific actions in a video and verbs in a query sentence, or
object compositions in cluttered scenes and textual descrip-
tions.

2.3. Loss Functions
The refined visual and textual features are mapped to a com-
mon d embedding space by nonlinear projection (two layers
of MLP with GELU activation function) and normalized to
obtain the final visual embedding and textual embedding.

The model is trained using Symmetric Multi-Similarity
Loss (SMSLoss). This loss function is particularly suitable
for multi-instance retrieval tasks with soft labels, such as
correlation matrix C in EPIC-KITCHENS-100. It models
both visual-to-text and text-to-visual directions symmetri-
cally and redefines the relationship between positive and
negative sample pairs through the correlation matrix Cij ,
as in Eq. (7).

R = Cij − Cik (7)

In addition, a relaxation factor τ is introduced to mitigate
the detrimental effect of samples with minimal similarity
differences on the training, improving the model’s ability to
model soft-label relationships.

2.4. Test-Time Augmentation
To enhance the robustness of feature representations dur-
ing inference, we extend the test-time augmentation (TTA)
strategy initially adopted in SMSLoss by introducing multi-
scale augmentation as a complementary component. While



SMSLoss proposes an effective similarity learning objec-
tive and employs horizontal flipping at test time to capture
viewpoint variations, its augmentation scheme remains rel-
atively simple. This limits its ability to handle spatial scale
variations, which can lead to suboptimal generalization in
complex video scenarios.

To address this limitation, we propose an enhanced TTA
strategy that combines both horizontal flipping and multi-
scale augmentation. Specifically, the model first extracts
features from the original input as the base representation.
If flipping is enabled, video frames are horizontally fliped
and re-encoded. In parallel, multi-scale augmentation re-
sizes the video frames to 0.875×, 1.0× and 1.125× of the
original resolution, followed by center cropping to restore
the original size and feature extraction at each scale.

All feature variants are aggregated via average pooling
to produce a single, context-aware, and semantically robust
representation for subsequent similarity computation. This
strategy significantly improves the model’s ability to handle
variations in orientation and spatial scale during inference,
while maintaining efficiency and strong generalization.

3. Experimemts
3.1. Experimental Details
We directly build upon the pretrained model from SMSLoss
and AVION, which is a vanilla CLIP-based architecture[7]
trained on the LLM-augmented Ego4D dataset[3][11].
We then fine-tune our ContextRefine-CLIP on the EPIC-
KITCHENS-100 dataset.

All experiments are conducted on 4× NVIDIA GeForce
RTX 3090 GPUs, using the same training setup as SM-
SLoss. For our ViT-L based model, each 24GB GPU fits
40 video clips, resulting in a total batch size of 160. The
learning rate is set to 1.8e-5. For our cross-modal refine-
ment module, we use an attention of 512, 8 attention heads,
and dropout rate of 0.1 across all components.

3.2. Results and Analysis
Due to time constraints, we explored directly based on
ViTL-14. Consistent with SMSLoss, we retained the first
three valid digits in the results without rounding, and all
the experiments were conducted with the same learning rate
and optimizer settings. Table 1 shows the detailed com-
parison results of our proposed CR-CLIP model and its
key components, covering the two main metrics, mAP and
nDCG, which respectively measure retrieval accuracy and
ranking relevance.

Compared to the traditional MI-MM loss, SMSLoss
achieves notable performance gains, improving the average
mAP by 6.4% and the average nDCG by 2.4%, thereby val-
idating its effectiveness for multi-instance retrieval. Build-
ing upon SMSLoss, our proposed CR-CLIP incorporates

Methods mAP (%) nDCG (%)
V2T T2V Avg. V2T T2V Avg.

MI-MM 58.7 52.7 55.7 71.9 69.4 70.6
SMSLoss 67.3 56.9 62.1 74.7 71.2 73.0
CR-CLIP 71.8 60.5 66.2 82.5 79.2 80.9

w/GatedFFN 71.2 61.1 66.2 83.3 79.8 81.6
w/ Flip 71.6 61.5 66.6 83.7 80.1 81.9

w/Flip+Scale 71.8 61.8 66.8 83.9 80.3 82.1

Table 1. comparison of the CR-CLIP and test-time augmentation
strategies on the EK-100 dataset.

the CMCR module, which further enhances performance
without GatedFFN or test-time augmentation. Specifically,
CR-CLIP achieves an average mAP of 66.2% and an av-
erage nDCG of 80.9%, surpassing SMSLoss by 4.1% and
7.9%, respectively. These results highlight the strong ef-
fectiveness of the CMCR module in improving semantic
alignment and feature discriminability through cross-modal
contextual interactions, with particularly significant gains
observed in the nDCG metric.

After introducing the GatedFFN component on top of
the CMCR module (w/ GatedFFN), the T2V mAP improves
from 60.5% to 61.1%, and the average nDCG increases
from 80.9% to 81.6%. Although a slight drop is observed
in the V2T mAP, the overall ranking performance improves,
indicating that GatedFFN effectively enhances the repre-
sentational capacity of the fused features. Building upon
this, incorporating horizontal flip augmentation (w/ Flip)
further improves the average mAP and nDCG to 66.6%
and 81.9%, respectively. When combined with multi-scale
augmentation (w/ Flip+Scale), the model achieves the best
performance, with the average mAP and nDCG reaching
66.8% and 82.1%, respectively. These results demonstrate
that multi-scale augmentation plays a crucial role in han-
dling spatial scale variations and complements horizontal
flipping, leading to enhanced robustness and generalization.

4. Conclusion

In this report, we focus on enhancing vision-language
multi-instance retrieval, particularly in complex scenarios
such as EPIC-KITCHENS-100 where soft labels are pro-
vided via relevance matrices. We propose ContextRefine-
CLIP, a dual-encoder architecture that introduces Cross-
Modal Context Refinement. By enabling deep bidirec-
tional interactions through cross-attention and Gated Feed-
Forward Network, CMCR significantly improves contex-
tual understanding and semantic alignment between modal-
ities. When combined with the Symmetric Multi-Similarity
Loss, CR-CLIP achieves superior performance, reaching



66.8% average mAP and 82.1% average nDCG without
ensembling, outperforming existing baselines. Addition-
ally, we demonstrate that test-time augmentation strate-
gies—specifically horizontal flipping and multi-scale infer-
ence—further enhance model robustness and retrieval accu-
racy.

Despite the promising results, several limitations remain.
First, we do not explore model ensembling due to time and
resource constraints, integrating multiple CR-CLIP variants
or combining with other models may further boost perfor-
mance. Second, while the CMCR module is designed to
be lightweight, we lack a detailed analysis of its computa-
tional overhead and parameter efficiency. Third, our exper-
iments focus primarily on ViT-L, testing on smaller back-
bones like ViT-B would help assess scalability and gen-
eralizability. Lastly, the hyperparameter tuning space for
CMCR is limited and broader exploration may lead to even
better configurations.
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