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Abstract

The parameter-efficient adaptation of the image-text pre-
training model CLIP for video-text retrieval is a promi-
nent area of research. While CLIP is focused on image-
level vision-language matching, video-text retrieval de-
mands comprehensive understanding at the video level.
Three key discrepancies emerge in the transfer from image-
level to video-level: vision, language, and alignment. How-
ever, existing methods mainly focus on vision while ne-
glecting language and alignment. In this paper, we pro-
pose Discrepancy Reduction in Vision, Language, and
Alignment (DiscoVLA ), which simultaneously mitigates all
three discrepancies. Specifically, we introduce Image-Video
Features Fusion to integrate image-level and video-level
features, effectively tackling both vision and language dis-
crepancies. Additionally, we generate pseudo image cap-
tions to learn fine-grained image-level alignment. To mit-
igate alignment discrepancies, we propose Image-to-Video
Alignment Distillation, which leverages image-level align-
ment knowledge to enhance video-level alignment. Exten-
sive experiments demonstrate the superiority of our Dis-
coVLA. In particular, on MSRVTT with CLIP (ViT-B/16),
DiscoVLA outperforms previous methods by 2.2% R@]
and 7.5% R@sum. The code is available at https :
//github.com/LunarShen/DsicoVLA.

1. Introduction

The rapid expansion of online video content has generated
a growing demand for effective video-text retrieval, focus-
ing on matching video content with relevant textual de-
scriptions. Inspired by the success of image-text pretrain-
ing approaches such as CLIP [42], recent efforts [9, 14,
24, 37, 48, 49, 51] have increasingly focused on extend-
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Figure 1. When parameter-efficient transferring image-level CLIP
to video-text retrieval, we identify three key discrepancies: vi-
sion, alignment, and language. Unlike previous methods, our Dis-
coVLA aims to address all these discrepancies. More visualization
examples are provided in Figure 4.

ing these powerful capabilities to video-text retrieval tasks.
However, fully fine-tuning these pretrained models requires
updating numerous parameters for every dataset, resulting
in large storage overhead [22, 58]. Therefore, we focus
on parameter-efficient transfer learning methods, targeting
strong performance with minimal trainable parameters.

Although both image-text pretraining and video-text re-
trieval involve vision-language (VL) matching, they exhibit
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substantial discrepancies that hinder straightforward knowl-
edge transfer. To be specific, image-text pretraining focuses
on matching images with image captions, which represents
image-level VL matching. In contrast, video-text retrieval
focuses on matching videos with video captions, which rep-
resents video-level VL matching. The challenges of video-
level VL matching, which demands understanding motion
and time, create significant obstacles for transferring knowl-
edge from image-text to video-text tasks.

In this work, we explore the discrepancies between
image-level and video-level VL matching across three key
aspects: vision, language, and alignment. Videos introduce
a temporal dimension, which is absent in images. Simi-
larly, the distinction between image captions and video cap-
tions arises from the varying levels of granularity, such as
isolated image descriptions versus continuous video narra-
tives. Thus, video-level alignment is inherently more com-
plex than image-level alignment, as it must account for intri-
cate spatio-temporal relationships. In Figure 1, the three im-
ages correspond to “preparing food”, “pouring”, and “cut-
ting”, while the entire video demonstrates an instructional
cooking process. Image-level VL matching focuses on iso-
lated images, while video-level VL matching emphasizes
the overall understanding of continuous segments.

However, current methods [5, 22, 25, 58] struggle to
fully address the discrepancies mentioned above. Some [5,
22, 25, 58] focus on the vision aspect, modeling tempo-
ral relationships to extract video-level features, while oth-
ers [25, 58] attempt to reduce the modality gap between vi-
sion and language through shared parameter mechanisms.
Despite these advances, these methods remain limited in
both language and alignment discrepancies.

To tackle these challenges, we introduce Discrepancy
Reduction in Vision, Language, and Alignment, termed
DiscoVLA, a novel parameter-efficient method for video-
text retrieval. Unlike previous methods that target a single
gap, our method aims to simultaneously reduce all signifi-
cant discrepancies, as illustrated in the table of Figure 1.

Specifically, we propose an Image-Video Features Fu-
sion module (IVFusion), which addresses both vision
and language discrepancies through a unified feature ex-
traction approach. IVFusion effectively combines both
image- and video-level features by utilizing a lightweight
adapter. In addition to video-level alignment, we propose
Pseudo Image-level Alignment (PImgAlign) which gener-
ates pseudo image captions and learns fine-grained image-
level alignment. Furthermore, to reduce alignment discrep-
ancy, we propose Image-to-Video Alignment Distillation
(AlignDistill), transferring image-level alignment knowl-
edge to improve video-level alignment. All proposed mod-
ules prioritize parameter efficiency: IVFusion requires min-
imal trainable parameters, while PImgAlign and AlignDis-
till operate without increasing inference parameters.

In summary, the main contributions are as follows:

* We reveal, for the first time, the necessity of addressing
all three image-to-video discrepancies—vision, language,
and alignment—to achieve parameter-efficient VTR.

* We introduce IVFusion to fuse image- and video-level
features for both vision and language gaps. PImgAlign
is introduced for fine-grained image-level alignment. We
introduce AlignDistill to minimize alignment gaps.

* Our DiscoVLA achieves state-of-the-art results on
MSRVTT, LSMDC, ActivityNet, and DiDeMo. Notably,
on MSRVTT with CLIP (ViT-B/16), DiscoVLA reaches
50.5% R@]1, surpassing previous methods by 2.2%.

2. Related Work

Video-Text Retrieval. Advances in vision-language pre-
training [7, 12, 32-34, 42, 50, 52, 55] have achieved sig-
nificant success across various downstream tasks [2, 10, 11,
18,26, 45,47, 54, 56, 57]. Leveraging powerful CLIP [42],
recent video-text retrieval (VTR) methods [9, 14, 24, 37,
48,49, 51] have achieved impressive performance enhance-
ments. CLIPAClip [37] is a pioneering CLIP-based method
that aggregates image features via mean-pooling or trans-
formers to obtain video features, inspiring subsequent stud-
ies. Additionally, Cap4Video [51] utilizes ZeroCap [46]
and GPT-2 [41] to generate video-level captions as supple-
mentary video content during both training and inference.
In contrast, our DiscoVLA addresses the image-level and
video-level gap by generating image-level captions used
only in training to improve video-level alignment. These
full fine-tuning methods impose substantial overhead from
large trainable parameters.
Parameter-Efficient Transfer Learning.  Parameter-
efficient methods aim to adapt pre-trained models to new
tasks with minimal fine-tuning. The mainstream methods in
natural language processing and image tasks include tech-
niques such as Prompt [23, 27, 28, 61, 62], Adapter [0, 17,
20, 60], and LoRA [21, 60]. Prompt [27] modifies the input
space by adding learnable tokens. Adapter [20] introduces a
lightweight bottleneck neural network consisting of up- and
down-projection layers with a non-linear activation func-
tion. LoRA [21] aims to update up- and down-projection
layers by learning low-rank decomposition matrices.
Recently, several studies have explored parameter-
efficient VTR methods [5, 22, 25, 58] to incorporate tem-
poral modeling into the frozen image-level CLIP back-
bone. VoP [22] employs trainable BiILSTMs [16] to produce
prompt tokens in the vision encoder. DGL [58] introduces
weight-sharing layers to generate prompts for both text and
video encoders. MV-Adapter [25] introduces shared bottle-
neck structures in both video and text branches. However,
these methods overlook language and alignment discrepan-
cies. We address these limitations with DiscoVLA, a frame-
work that facilitates robust video-level understanding.
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Figure 2. The overall framework of DiscoVLA. Initially, we generate pseudo image captions for each sampled image. In both vision and
text encoders, we utilize image-level layers to acquire pretrained image-level knowledge and employ IVFusion layers to enhance spatio-
temporal information. The single video caption is encoded through the text encoder, utilizing IVFusion layer as image-level (image-1vl)
layer. Finally, AlignDistill is applied to distill image-level alignment to video-level alignment. For fair comparisons with previous methods,

we do not generate pseudo image captions during the inference phase.

3. Methodology

3.1. Preliminary

Video-text retrieval is a task that involves retrieving relevant
videos based on a given text query, or conversely, retrieving
appropriate text descriptions for a video. Consistent with
previous approaches [5, 22, 25, 58], we utilize the CLIP
model, pre-trained on image-text data, as our backbone.

To process a given video, we first sample a sequence of
frame images uniformly, which are then input into the CLIP
vision encoder to extract image features v'™8. These fea-
tures are then aggregated through temporal average pooling
to get video features vV, For a given video caption, it is
passed through the CLIP text encoder to extract video cap-
tion features tVi¢, Then, we compute the cross-modal con-
trastive loss [40], which functions as a video-level align-
ment term, maximizing the video-level similarity Sim"d
between matched pairs:

Simy1d = #7147 i, (1)
B
i 1 exp(Sim¥1?) /7)
Lizy(Sim") = = "1o (2
B ; 7 exp(Sim{}?)/7)
B
i 1 exp(Sim1?) /7)
Loy2¢(SIm") = =Y "log (3)
B ; Yoim exp(Simyit) /7)’

. 1 . .
L£4(Sim"') = —i[ﬁm(smwd) + Loz (SIm")], (@)

where B is the batch size, 7 is the temperature parameter.

3.2. DiscoVLA

As shown in Figure 2, we propose DiscoVLA to address the
challenges of vision, language, and alignment when trans-
ferring from image-level to video-level VL matching. First,
we introduce Image-Video Features Fusion (IVFusion) in
both vision and text encoders to enhance feature extrac-
tion. Next, we introduce Pseudo Image-Level Alignment
(PImgAlign) for fine-grained image-level alignment, con-
sisting of Pseudo Image Language Generation and Image-
Level Alignment. Finally, Image-to-Video Alignment Dis-
tillation (AlignDistill) is proposed to leverage image-level
alignment knowledge to enhance video-level alignment.

Importantly, PImgAlign is only employed during train-
ing. For a fair comparison with previous methods and due
to its generation inefficiency, PImgAlign is omitted at in-
ference. The final similarity used for retrieval is based on
video-level similarity in Eq. (1).

We focus on parameter-efficient transfer learning for
video-text retrieval, where the large backbone parameters
remain fixed, and only a small number of additional param-
eters are trained. The trainable parameters are embedded in
the parameter-efficient attention of each encoder layer, as
illustrated in Figure 3.

3.3. Image-Video Features Fusion

Image-level and video-level variations exist in both vision
and language modalities. Our proposed IVFusion fuses
these image-level and video-level features in both the vision
and language encoders. Below, we illustrate I[VFusion’s ap-
plication within the vision encoder.
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Figure 3. Illustration of the encoder layers for vision and text encoders. (a) Image-Level Attn operates on each of the F' images or image
captions individually. (b) Video-Level Attn concatenates tokens across all sampled images or image captions. (c) IVFusion Attn employs
a lightweight adapter to integrate the efficiency of Image-Level Attn with the effectiveness of Video-Level Attn. Here, we illustrate the
application of IVFusion within the vision encoder. The text encoder adopts the same approach for processing pseudo image captions.

Image-Level Attn. To achieve parameter-efficient transfer
learning, we apply LoRA in the attention module of each
encoder layer. As illustrated in Figure 3a, F' x (N + 1)
tokens are processed via Image-level Attn, where F' de-
notes the number of sampled images, and NV + 1 represents
the combination of the global CLS token and patch tokens.
Image-Level Attn processes each of the F' images individu-
ally, using IV + 1 tokens per image. However, Image-Level
Attn does not encode temporal information.

Video-Level Attn. A straightforward solution is Video-
Level Attn, which concatenates tokens across all sam-
pled images, enabling the attention module to learn spatio-
temporal information. As shown in Figure 3b, F/(N + 1)
tokens are simultaneously processed during the attention
module. Due to the quadratic complexity of the atten-
tion mechanism, Image-Level Attn has a complexity of
O(F(N)?), while Video-Level Attn has a higher complex-
ity of O((FN)?).

IVFusion Attn. To combine Image-Level Attn’s efficiency
with Video-Level Attn’s effectiveness, we introduce IV-
Fusion Attn in Figure 3c. We extend Image-Level Attn
by incorporating a branch that uses all CLS tokens to ex-
tract spatio-temporal information, reducing complexity to
O(F(N)’ + (F)*N):

eV B] = ATTN(QKV = [V, L)), (5)
(28] = ATTN(Q =[], KV = [c's, EL)]),  (6)
éi = 052) U(CZ(' )Wdown)wup7 (7)

where ¢; € R™P is CLS token of the i image and
c1.r € REXD are CLS tokens of all sampled images.

Similarly, £; € RN*P are patch tokens of the i im-
age and E;.p € RFNXD are patch tokens of all sam-
pled images. In Eq. (7), we employ a trainable adapter

to merge image-level features cgl) and video-level features

ng)’ where W go,n € RPX"™ and W, € R"*P represent
the up- and down-projection layers, and o denotes the non-
linear GELU activation [19]. Image-level features preserve
pretrained spatial details, while video-level features capture
temporal information. This fusion mechanism strengthens
feature extraction.

Our parameter-efficient vision encoder comprises both
image-level and IVFusion layers. The shallow image-level
layers employ Image-Level Attn to capture spatial infor-
mation, while the top H, IVFusion layers leverage IVFu-
sion Attn to focus on spatio-temporal information. Con-
sequently, our vision encoder outputs enhanced image fea-

tures {vimg|1 <i< F}

3.4. Pseudo Image-Level Alignment

Unlike previous work focused on video-level alignment,
we introduce PImgAlign to learn fine-grained image-level
alignment via the decomposition of video content at the im-
age level. To accomplish this, we first generate pseudo im-
age captions in VTR datasets. In contrast to the straight-
forward sampling of images from a video, sampling image
captions is impractical, as video captions generally lack the
specific details needed for individual images. As a solution,
we utilize the multimodal large language model (MLLM)
LLaVA-NeXT [35] to generate pseudo image captions. For
each sampled image from a video, we prompt the model
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using the relevant video caption for guidance:

The provided image is a frame sampled from the
video, which describes {video caption}. Based
on the video’s content, provide a caption for the
provided image.

Unlike EA-VTR [38], which uses an image captioner, our
method employs a strong MLLM. By incorporating video
caption guidance, it generates higher-quality image captions
that align with the overall video content. Similarly to visual
feature extraction, we adopt our proposed IVFusion to ex-
tract pseudo image caption features {t;mg|1 <i<F }

Given image features and pseudo image caption features
from a paired video and video caption, we introduce a fine-
grained image-level similarity. Since image captions are
typically more concise than the images they describe, a sin-
gle caption may correspond to multiple images, as shown
in Figure 4d. Therefore, we calculate the maximum sim-
ilarity for each image across all image captions and vice
versa. Specifically, we computed a similarity matrix be-
tween image and image caption features, selecting the max-
imum value from each row and column to obtain the final
image-level similarity:

1 & T
Sim™8,, = — E max t o e 8
ij—t2v F 11§'rn§F iln jlm> @®)
n=
F
Sim!™e _ 1 E max e yime ©)
ij—v2t F 11§n§F iln jlm’
m=
1
. _img _ img img
Slmu [Slmz] t2v + Slmzy 112t] (10)

where Slmlmg denotes the i 1mage -level similarity between
the 4™ v1deo caption and the j" video. t;ﬁg denotes the

nth pseudo image caption features of the i video caption
and vl.T;f denotes the m™ image features of the ;" video.
PImgAlign achieves video-level alignment from the image
level, effectively emphasizing spatial details.

However, in the inference stage, the lack of ground truth
for video captions prevents pseudo image captions genera-
tion. Additionally, MLLM introduces a computational over-
head. For fair comparisons with other methods, we exclude
PImgAlign during inference.

3.5. Image-to-Video Alignment Distillation

Pretrained CLIP demonstrates a strong capability for
image-level alignment. In contrast, video-text retrieval re-
lies on comprehensive spatio-temporal alignment. There-
fore, we propose AlignDistill to distill image-level align-
ment knowledge into video-level alignment, thus mitigating
alignment discrepancies. Then, we optimize the Kullback-
Leibler divergence [30] between image-level similarity and

video-level similarity:

img _ r_img img img _ _img 1mg
St2v _[11 )78 zN]SUQt _[11 " Ntz] (11)

id id id id id id
Sizp = [si1% -+ 5 siN, | Soae = 315+ sshl, - (12)

Licr = H(KL(SEE | SH0) + KL | S5). (13)

e s Siml in Eq. (10) and s}}¢ is SlmVld in
Eq. (1). S5 and 81?213 denote the probability distributions
for the text-to-video task, while S5 and SYid denote those
for the video-to-text task. During the inference phase, We
employ enhanced video-level similarity for retrieval tasks.

Finally, the overall training objective, which includes
alignment loss (Eq. (4)) and distillation loss (Eq. (13)), is
formulated as follows:

where s™

L= L4(Sim"Y) 4+ aL4(Sim™8) + Lk,  (14)

where o and £3 are used to balance the loss. £ 4 (Sim™#) is
the image-level alignment loss (see Eq. (4) and (10)).

4. Experiments

4.1. Experimental Settings

Following common practice, we perform evaluations
on four widely used benchmarks: MSRVTT [53],
LSMDC [43], ActivityNet [29], and DiDeMo [1]. We eval-
uate the performance using common retrieval metrics such
as Recall at K (R@K and K = 1, 5, 10), the sum of these re-
calls (R@sum), and Mean Rank (MnR). In all experiments,
the LoRA dimension and the adapter dimension r are set to
8. In Eq. 14, v and §3 are set to 0.3 and 1.0, respectively.
For the number of IVFusion layers, we set Hy = 4 for the
vision encoder and H;, = 2 for the text encoder. Please see
Appendix A for further details.

4.2. Comparisons with State-of-the-Art Methods

We compare our proposed DiscoVLA with state-of-the-
art methods on popular benchmarks such as MSRVTT,
LSMDC, ActivityNet, and DiDeMo.

Full fine-tuning refers to CLIP4Clip-meanP [37], which
averages image features along the temporal dimension. All
parameter-efficient methods follow this temporal average
pooling strategy to obtain the final video features. Although
Prompt [27], Adapter [20], and LoRA [21] are widely
adopted for parameter-efficient image and NLP tasks, they
lack effective temporal modeling for video-level under-
standing. In contrast, methods like RAP [5], VoP [22],
DGL [58], and MV-Adapter [25] focus on temporal mod-
eling in the vision modality.

As shown in Table 1, on MSRVTT, our DiscoVLA with
CLIP (ViT-B/32) as the backbone achieves 47.0% R@1 in

19706



Method # Params Text-to-Video Video-to-Text
M) R@1T R@57 R@10t R@sum? MnR| | R@It R@57 R@107 R@sumf MnR]
CLIP (ViT-B/32)

Full fine-tuning 123.54 43.1 70.4 80.8 194.3 16.2 43.1 70.5 81.2 194.8 12.4
Prompt [27] 0.08 40.4 66.3 71.3 184.0 16.7 42.2 69.7 79.2 191.1 12.4
Adapter [20] 0.26 41.9 69.9 78.7 190.2 14.9 43.6 69.9 80.1 193.6 11.5

LoRA [21] 0.49 43.7 68.9 80.4 193.0 16.0 43.0 70.2 82.2 195.4 12.0
RAP [5] 1.06 44.8 71.4 81.5 197.7 14.4 44.0 71.9 82.4 198.3 10.1
VoPF+P [22] 0.4 435 69.3 79.3 192.1 14.8 43.6 71.2 81.2 196.0 11.0
VoP F+C [22] 14.10 44.7 70.5 79.2 194.4 16.2 42.1 70.0 80.6 192.7 13.4
DGL [58] 0.83 44.6 69.9 80.3 194.8 16.3 44.5 70.7 80.6 195.8 11.5
DiscoVLA 0.56 47.0 73.0 82.8 202.8 14.1 47.7 73.6 83.6 204.9 10.0
CLIP (ViT-B/16)

MV-Adapter [25] 3.6 46.0 72.0 82.1 200.1 - 45.6 74.0 83.8 203.4 -
RAP [5] 1.06 46.5 739 82.0 202.4 12.1 453 76.4 84.8 206.5 9.1

VoP"+F [22] 0.4 47.1 72.4 81.8 201.3 12.9 - - - - -

VoPF+C [22] 14.10 47.7 72.4 82.2 202.3 12.0 - - - - -
DGL [58] 0.83 48.3 71.8 80.6 200.7 13.4 45.7 74.0 82.9 202.6 10.9
TempMe [44] 0.50 49.0 74.4 83.3 206.7 11.9 47.6 75.3 85.4 208.3 9.0
DiscoVLA 0.56 50.5 75.6 83.8 209.9 12.1 49.2 76.0 84.7 209.9 8.6

Table 1. Comparisons with state-of-the-art methods on MSRVTT. # Params denotes the number of trainable parameters. 1 denotes higher
values represent better performance and | denotes lower values represent better performance. The best value for each metric is highlighted
in bold. R@sum is defined as the total of R@1, R@5, and R@10. The gray row represents the fully fine-tuned CLIP4Clip-meanP [37].

Method # Params Text-to-Video Video-to-Text
M) R@1t R@5t R@10T R@sumf MnR| | R@1T R@5t R@107 R@sumfT MnR|
Full fine-tuning 123.54 20.7 38.9 47.2 106.8 65.3 20.6 394 47.5 107.5 56.7
VoPF+P [22] 0.4 20.7 40.7 49.7 111.1 59.1 21.5 40.6 50.7 112.8 50.8
VoPF+C [22] 14.10 21.1 40.9 49.6 111.6 60.1 22.3 40.3 50.7 113.3 51.1
DGL [58] 0.83 21.4 39.4 48.4 109.2 64.3 - - - - -
DiscoVLA 0.56 23.6 42.0 52.3 117.9 52.0 22.8 419 51.2 1159 46.6
Table 2. Comparisons with state-of-the-art methods on LSMDC using CLIP (ViT-B/32).
Method # Params Text-to-Video Video-to-Text
M) R@1t R@5t R@10T R@sumf MnR| | R@1t R@5t R@107 R@sumf MnR|
Full fine-tuning 123.54 40.5 72.4 - - 7.4 42.5 74.1 85.8 202.4 6.6
RAP [5] 1.06 40.8 71.0 82.2 194.0 8.3 - - - - -
VoPF+P [22] 0.4 36.1 65.5 78.5 180.1 10.9 36.3 65.9 79.2 181.4 10.1
VoPF+C [22] 14.10 35.1 63.7 77.6 176.4 11.4 35.6 65.9 77.8 179.3 104
DGL [58] 0.83 38.6 69.2 81.6 189.4 9.0 - - - - -
DiscoVLA 0.56 41.2 72.4 83.6 197.2 7.8 41.8 72.8 84.7 199.3 6.9

Table 3. Comparisons with state-of-the-art methods on ActivityNet using CLIP (ViT-B/32).

the text-to-video task (t2v) and 47.7% R @1 in the video-to-
text task (v2t), significantly outperforming previous meth-
ods. Furthermore, when using CLIP (ViT-B/16), DiscoVLA
achieves improvements of 2.2% R@1 and 7.5% R@sum.
The comparison results on LSMDC, ActivityNet, DiDeMo
are shown in Table 2-4. Our method outperforms all exist-
ing approaches across these datasets. Existing approaches
overlook the critical image-to-video language and align-
ment discrepancies. In contrast, our proposed DiscoVLA
addresses these discrepancies across all three areas: vision,
language, and alignment.

4.3. Ablation Study

Ablation study on individual components. We evalu-
ate the proposed components in Table 5. LoRA applies
Image-Level Attn (see Figure 3a) in both the vision and text
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encoders. In B1, IVFusion significantly enhances perfor-
mance by 8.7% R@sum in t2v and 6.7% R@sum in v2t,
effectively integrating image-level and video-level features.
In B2 and B3, we find that using PImgAlign or AlignDistill
independently yields limited improvements. This is largely
due to the notable gap between image-level and video-level
(see Figure 1). Image-level PImgAlign struggles to impact
video-level tasks, while AlignDistll lacks sufficient image-
specific learning. When combined, however, they comple-
ment each other. PImgAlign captures fine-grained image-
level alignments, and AlignDistill effectively transfers this
knowledge to the video-level alignment. This improves
1.1% R@sum in t2v and 2.8% R@sum in v2t over B1. Fi-
nally, our full DiscoVLA improves 9.8% R @sum in t2v and
9.5% R@sum in v2t over LoRA.



Method # Params Text-to-Video Video-to-Text
M) R@IT R@57 R@I0T R@sumT MnR| | R@IT R@5T R@I0T R@sumf MnR]
Full fine-tuning | 123.54 434 702 80.6 194.2 175 425 70.6 80.2 193.3 11.6
RAP [5] 1.06 426 704 79.6 192.6 18.0 - - - - -
VoPF+P [22] 0.4 45.3 72.3 80.4 198.0 13.8 44.7 71.2 81.1 197.0 9.9
VoPF+C [22] 14.10 464 719 81.5 199.8 13.6 | 444 718 81.8 198.0 9.5
DiscoVLA 0.56 484 745 82.7 205.6 140 | 477 744 83.8 205.9 9.3
Table 4. Comparisons with state-of-the-art methods on DiDeMo using CLIP (ViT-B/32).
Methods i Components | #Params Text-to-Video Video-to-Text
IVFusion PImgAlign  AlignDistill ™M) R@11T R@51 R@10T R@sumf | R@IT R@51 R@10T R@sumf
Pretraind CLIP X X X 0 308  53.8 633 1479 266  50.1 62.0 138.7
LoRA X X x 0.49 437 689 80.4 193.0 430 702 822 195.4
B1 v X X 0.54 465 732 82.0 201.7 466  72.6 82.9 202.1
B2 v v X 0.56 470 731 81.3 201.4 457 729 82.4 201.0
B3 v X v 0.54 466  71.6 81.0 199.2 459 719 82.2 200.0
DiscoVLA v v v 0.56 470 730 828 202.8 477 736 836 204.9

Table 5. Ablation study on the contribution of each proposed component on MSRVTT using CLIP (ViT-B/32). Pretrained CLIP denotes
the zero-shot performance of CLIP without any additional training. Our proposed methods are built upon LoRA. B1, B2, and B3 denote

various combinations of our proposed components.

Text-to-Video
R@I1T R@57 R@10T R@sumf

Parameter-Efficient
Attention

Image-Level Attn 43.7 68.9 80.4 193.0
Video-Level Attn 45.7 70.9 80.8 197.4
IVFusion Attn w/o Adapter | 46.0 71.0 80.4 197.4
IVFusion Attn 46.5 73.2 82.0 201.7

Table 6. Ablation study on IVFusion on MSRVTT using CLIP
(ViT-B/32). We compare several implementations against our pro-
posed IVFusion for Parameter-Efficient Attention (see Figure 3).
Image-Level Attn represents the LoRA baseline.

Similarity Text-to-Video
in PImgAlign R@lt R@51t R@10f R@sumt
None 46.6 71.6 81.0 199.2
Video-Level 46.3 72.3 81.2 199.8
Paired Image-Level 46.1 73.2 82.4 201.7
Fine-grained Image-Level | 47.0 73.0 82.8 202.8

Table 7. Ablation study on similarity in PImgAlign on MSRVTT
using CLIP (ViT-B/32). None represents DiscoVLA without
image-level alignment optimization, shown as B3 in Table 5.
Paired Image-Level is based on matched image-caption pairs.
Fine-grained Image-Level represents the full DiscoVLA.

Analysis of trainable parameters. The trainable param-
eters of our DiscoVLA consist of the LoRA and Adapter
parts. As shown in Table 5, LoRA in both the vision and
text encoders contain ~0.49M parameters. In B1, an ad-
ditional ~0.05M parameters are introduced by the Adapter
in the Hy = 4 IVFusion layers of the vision encoder. In
B2, an additional ~0.02M parameters are introduced by the
Adapter in the H; = 2 IVFusion layers of the text en-
coder, which are utilized for pseudo-image caption features
in PImgAlign. Overall, the total number of trainable param-
eters of DiscoVLA is ~0.56M.

Ablation study on IVFusion. In Table 6, we compare
different strategies for parameter-efficient attention in Fig-
ure 3. Video-Level Attn concatenates all tokens across
sampled images to capture spatio-temporal information,

Image Caption Text-to-Video
Generation R@17t R@57 R@I107 R@sum?
DiscoVLA 47.0 73.0 82.8 202.8
W/O VidCap | 46.1(-0.9) 73.0 82.1(-0.7) 201.2(-1.6)

Table 8. Ablation study on image caption generation on MSRVTT
using CLIP (ViT-B/32). W/O VidCap denotes generating pseudo
image captions without video caption guidance.

achieving a notable 4.4% R @sum improvement. To reduce
the computational complexity, IVFusion applies spatio-
temporal attention only to global CLS tokens and merges
image-level features with video-level features. Without an
adapter, averaging image- and video-level features results
in a modest performance increase. In contrast, with a learn-
able adapter, [VFusion merges the features more effectively,
achieving 201.7% R@sum.

Ablation study on similarity in PImgAlign. Table 7
demonstrates the effectiveness of our proposed fine-grained
image-level similarity in PImgAlign. The similarity is com-
puted between sampled images and pseudo image captions
from a paired video and video caption. The Video-Level
baseline averages the image features and pseudo-image cap-
tion features along the temporal dimension to compute the
video-level similarity, replacing fine-grained image-level
similarity. However, this modification leads to a notable
decrease in performance, emphasizing the importance of
image-level similarity in PImgAlign. In contrast, we intro-
duce the Paired Image-Level baseline, which computes sim-
ilarity based on matched image-caption pairs. Compared
to Video-Level, Paired Image-Level yields a 1.9% gain in
R@sum. Moreover, we observe in Figure 4d that a sin-
gle image caption may describe multiple images. Conse-
quently, our fine-grained image-level similarity, as defined
in Eq. 10, selects the maximum similarity from all available
pairs, further enhancing video-level alignment.
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Video Caption = - = Image Caption

A man prepares food for his dog to eat | | It is an advertisement of car.

- the dog is in a dress.

Girl and boy hang out on the beach. A man is doing home improvement.

A dog wearinga !
! purple dress is |
| sitting on the floor. |

A group of people I =
! are walking around |
| a car dealership,

i with a white Audi
Lon display.

A man is wearing a I
! white shirt with the |
| words "Drain & |
i Clean" on it.

! beach chair while
| another person is
i buried in the sand.

A stainless steel I
b ol | oven with a glass |
| door and four |
i knobs on top.

A girl and a boy

|

| ! are sitting on the

i g | beach, enjoying the |

. * i | view of palm trees - | |

| ) - and a green flag. i
L .
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! are smiling and

/) 4 | talking to another
| man in a business

. settmg

|
! on the ceiling ofa |
| room. |

|

A bowl of food |

! with sliced sweet |
| potatoes, spinach, |
|

- A 'man is working
! on the ceiling of a

A group of people I Two people sitting I |
|
| room. |
|

.| in suits standing in | ! on a lifeguard chair |
| a car showroom. | | with their arms

| and other Yy | raised in the air. |
: 1ngred1ents : | :
s |—. feimmi—a=rao |—. ferimi—ma=rae |—. ferimi—ma=rae
A dog wearing a | A sleek black Audi A couple sitting on I A man is installing I
! dress stands in a | ! car is parked in a ! alifeguard chair on | ! a pipe in the corner |
| kitchen. | | showroom. | the beach. | | of a room. |
! | ! ! | ' |
. — . — . — . —
(a) (b) () (d)

Figure 4. Visualization of discrepancies between video-level and image-level data. Each example consists of a paired video and video
caption, with four sampled images from the video. Video captions are highlighted with orange solid lines, and pseudo image captions
generated by LLaVA-NeXT [35] are indicated with green dashed lines. While video captions convey the general context of the video,

image captions focus on the detailed context of each individual frame.

'W/O VidCap: A person
riding a snowboard down a
snow covered slope.

'W/O VidCap: A red car
driving down a city street.

\W/ VidCap: A person
snowboarding down a

. . driving down a road past
snowy mountain slope with other cars,
trees in the background.

W/ VidCap: A red car is

'W/O VidCap: A woman 'W/O VidCap: A person is
standing in a living room swimming next to a large
with her hand out. fish.

W/ VidCap: A person in
the water taking pictures of
a sting ray in the ocean.

W/ VidCap: A woman is
in a living room, throwing
clothes around.

Figure 5. Comparison of image caption generation with (W/) and
without (W/O) video caption guidance (VidCap) in PImgAlign.

Ablation study on image caption generation in PIm-
gAlign. Figure 5 and Table 8 show qualitative and quan-
titative evaluations of video caption guidance. In Figure 5,
video captions serve as the global context that enriches the
understanding of individual frames (marked in red). In Ta-
ble 8, without this guidance, image captions focus only
on salient regions while missing globally relevant details,
leading to performance drops. In PImgAlign, we employ
MLLM to process both frame images and video descrip-
tions, generating image captions that align with the overall
video content. These high-quality captions further enhance
DiscoVLA’s ability to learn robust image-level alignment.

More Ablation Analysis. In Appendix B, we conduct addi-
tional ablation studies. Specifically, we evaluate the effects
of hyperparameters «, 5, Hy and Hy . For fairness, all re-
sults in the main paper are reported without post-processing.
Complementary evaluations with Q-Norm [4] and DSL [8]

as post-processing methods are provided in the appendix.

4.4. Qualitative Analysis

To compare image-level and video-level data, we conduct a
visualization experiment in Figure 4. In Figure 4a and 4b,
image-level data alone fails to capture the complete content
of the video. Figure 4c and 4d demonstrate a strong cor-
relation between the video-level and image-level content,
but differences across images lead to varying image cap-
tions. Visually, a video is composed of a sequence of im-
ages, incorporating temporal information. Textually, image
captions are specific to individual images, while video cap-
tions describe the overall video content. These discrepan-
cies hinder the effective transfer of image-level CLIP. Our
approach addresses this issue by utilizing image-level align-
ment to enhance video-level alignment.

5. Conclusion

In this paper, we identify three major discrepancies in the
parameter-efficient transfer of image-level CLIP to video-
text retrieval: vision, language, and alignment. To address
these challenges, we propose DiscoVLA. Specifically, IV-
Fusion fuses image-level and video-level features to tackle
the vision and language discrepancies. For alignment dis-
crepancies, we propose PImgAlign and AlignDistill, which
learn and distill image-level alignment to enhance video-
level alignment. Our DiscoVLA significantly outperforms
existing methods, achieving state-of-the-art performance.
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