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Abstract

Bridging contrastive language-image pre-training
(CLIP) to video action recognition has attracted
growing interest. Human actions are inherently
rich in spatial and temporal contexts, involving
dynamic interactions among people, objects, and
the environment. Accurately recognizing actions
requires effectively capturing these fine-grained
elements and modeling their relationships with
language. However, most existing methods rely
on cosine similarity—practically equivalent to the
Pearson correlation coefficient—between global
tokens for video-language alignment. As a re-
sult, they have limited capacity to model com-
plex dependencies and tend to overlook local to-
kens that encode critical spatio-temporal cues. To
overcome these limitations, we propose BDC-
CLIP, a novel framework that leverages Brown-
ian Distance Covariance (BDC) to align visual
and textual representations. Our method can
capture complex relationships—both linear and
nonlinear—between all visual and textual tokens,
enabling fine-grained modeling in space, time,
and language. BDC-CLIP achieves state-of-the-
art performance across zero-shot, few-shot, base-
to-novel, and fully supervised action recognition
settings, demonstrating its effectiveness and broad
applicability.

1. Introduction

Multimodal foundation models, such as contrastive
language-image pre-training (CLIP) (Radford et al., 2021),
have demonstrated remarkable zero-shot and few-shot
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Figure 1. Key differences between prior arts (a) and our BDC-
CLIP (b). Previous methods align video and language based on
cosine similarity between average of frame-level [CLS] tokens in
video and sentence-level [EOS] token. This limits the alignment
to coarse semantic matching. In contrast, BDC-CLIP aligns the
two modalities via Brownian distance correlation using all visual
tokens and all textual tokens, which can capture fine-grained spatio-
temporal cues crucial for action recognition.

recognition capabilities. In particular, adapting CLIP to
image-centric downstream tasks has driven significant ad-
vances (Gu et al., 2022; Zhou et al., 2022). Motivated by this
success, researchers have turned their attention to similarly
powerful models for video-language alignment. However,
training such models from scratch remains impractical (Ni
etal., 2022; Rasheed et al., 2023) due to the limited availabil-
ity of large-scale video-text datasets and the prohibitive com-
putational costs of video processing. Consequently, recent
efforts focus on repurposing image-pretrained CLIP models
for video-centric tasks, yielding promising progress (Mo-
meni et al., 2023; Huang et al., 2024; Kim et al., 2024).

Human actions exhibit rich contextual information when
captured in video and described by human language, in-
volving dynamic interactions among people, objects, and
the environment (Rasheed et al., 2023; Chen et al., 2024a).
For example, the action {playing polo} features players
swinging mallets on horseback, galloping across a grass
field, with the scene continuously evolving (see Figure 5).
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These fine-grained elements, which are encoded as image
regions within frames (Dosovitskiy et al., 2021; Caron et al.,
2021) and key words in textual descriptions, are mapped via
CLIP to a shared embedding space alongside corresponding
textual descriptions. Effectively capturing and distinguish-
ing these elements while modeling their relationships with
language is crucial for robust video action recognition.

However, most existing methods suffer from two primary
limitations in modeling video-language relations. First, they
rely on cosine similarity to align video and language. Since
cosine similarity is practically equivalent to the Pearson
correlation coefficient (Zhelezniak et al., 2019), it can only
capture linear relationships and fails to model more complex,
nonlinear dependencies. Second, these methods typically
focus on global tokens—that is, the average of frame-level
[CLS] tokens for video and the sentence-level [EOS] to-
ken for text—while neglecting local tokens (i.e., patch to-
kens and word tokens) that encode fine-grained elements
in video frames and textual descriptions. As a result, these
approaches are limited to coarse semantic matching and lack
the capacity to capture the detailed spatio-temporal cues that
are essential for understanding actions in videos.

To address these limitations, we propose BDC-CLIP, a novel
framework for video-language alignment based on Brown-
ian distance covariance (BDC) (Székely & Rizzo, 2009).
BDC overcomes the limitations of existing methods in two
key ways. First, unlike cosine similarity, BDC can cap-
ture both linear and nonlinear correlations, enabling it to
model the complex dependencies between video and lan-
guage embeddings. Second, BDC naturally models rela-
tionships between sets of embeddings by treating them as
random vectors, allowing it to fully leverage both global
tokens and local tokens. This makes BDC particularly well-
suited for fine-grained video-language alignment, where
understanding the relationships between detailed visual and
linguistic elements is essential.

Figure 1 illustrates the key differences between our approach
and prior methods. BDC-CLIP introduces two core com-
ponents: a video BDC adapter and a text BDC adapter. In
the video BDC adapter, we leverage all visual tokens (i.e.,
[CLS] and patch tokens) to compute a BDC matrix as a
frame-wise representation and design a temporal attention
mechanism to model frame-to-frame dynamics. The video
representation is then obtained by averaging these frame-
wise features. On the textual side, we exploit all textual
tokens (i.e., [EOS] and word tokens) to compute a BDC
matrix as the text representation. Finally, we align the video
and text representations using Brownian distance correlation
(BDCorr), a normalized metric that is invariant to orthogo-
nal, translational, and scaling transformations.

The primary contributions of this paper are summarized as
follows:

* We introduce Brownian Distance Covariance (BDC) for
multimodal alignment in foundation models such as
CLIP, going beyond the limitations of cosine similarity.
BDC enables the model to capture complex statistical
dependencies in the video-language embedding space.

* We propose a temporal BDC attention that captures patch-
wise importance and temporal dynamics, along with a
language-side BDC representation derived from all tex-
tual tokens. This enables fine-grained multimodal con-
text modeling across space, time, and language.

* Our method achieves strong performance across a range
of video recognition tasks, including zero-shot, few-shot,
base-to-novel, and fully supervised recognition, demon-
strating its ability to capture subtle spatio-temporal cues
critical for video action understanding.

2. Related Works

Recently many methods have been proposed for adapting
image-pretrained CLIP to action recognition. They can be
roughly grouped into two categories: the methods based on
frozen CLIP encoders and those fine-tuning CLIP encoders.

Adapting frozen ( [) CLIP encoders This research di-
rection focuses on designing learnable prompts or adapters
attached to frozen CLIP encoders. Vita-CLIP (Wasim et al.,
2023) learns frame-level and video-level prompts alongside
a summary video prompt for the vision encoder, as well as
linguistic prompts for the text encoder. ST-Adapter (Pan
et al., 2022) plugs light spatial-temporal adapters into the
visual encoder. DUALPATH (Park et al., 2023) extends
the visual encoder with a dual-branch architecture and intro-
duces lightweight adapters to perform spatial and temporal
modeling independently. CAST (Lee et al., 2023) also uses
a two-stream architecture, with the CLIP visual encoder as
the spatial expert and VideoMAE (Tong et al., 2022) as the
temporal expert. It introduces a bottleneck cross-attention to
enable interaction between the spatial and temporal streams.
However, all these methods require backpropagation (BP)
through entire encoders, making them training-inefficient.
To improve efficiency, BP-free methods have been proposed.
A5 (Juetal., 2022) connects frame-level temporal adapter
to the visual encoder, and meanwhile learns textual prompts.
EVL (Lin et al., 2022) designs an efficient transformer de-
coder connected to visual encoders for capturing temporal
cues. DiST (Qing et al., 2023) disentangles temporal learn-
ing via a light temporal encoder and spatial learning via
CLIP encoder. MoTED (Qing et al., 2023) aligns the spa-
tial embedding output by the frozen visual encoder with
text description of categories, and also aligns temporal em-
beddings output by the light motion encoder with motion
descriptions of categories. RIVA (Qian et al., 2024) employs
slot attention to extract compact object tokens from frozen
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Figure 2.lllustration of BDC-CLIP adapting image-pretrained CLIP for action recognition in videos. Our key idea is Brownian Distance
Covariance (BDC) for video-language alignment. Speci cally, we develop a video BDC adapter that models temporal relation of
frame-wise BDC matrices computed from weighted visual tokens. Similarly, we introduce a text BDC adapter that computes BDC matrix
using weighted textual tokes as language representation. To decrease computations, we use a linear layer for dimension (dim) reduction
before the BDC adapters. As in previous arts, we use LLMs to augment simple category nhames. Besides the BDC alignment, we also
introduce a separate vision classi er (not shown for simplicity), attached to the video BDC adapter for further improvement.

pretrained models and performs temporal reasoning through014) in tasks such as network comparison, disentangled
object-time interactions. representation learning, and improving robustness in adver-
sarial learning. DeepBDC (Xie et al., 2022) applies the BDC
metric to measure similarities between query images and
support classes fdew-shot image classi catiarSimilarly,

Fine-tuning (\ ) CLIP encoders This category focuses
on ne-tuning CLIP's vision and text encoders for video

tasks. V|F|—CLIP_(Ra§thd et a!., 2023) S|mply_ netu.neSBDC—Adapter (Zhang et al., 2023) utilizes a BDC-based
both encoders with minimal design changes. It is ef cient ! . e L .
nearest neighbor classi er faure vision predictionwhich

and strong, even better than previous methods with speci ¢

adapters to model temporal cues, e.g., ActionCLIP (Wan 'si gﬁg;ateg:r”mxlf'?)Sn;:]zasn?fe%gz prbegtlkc]:n[())geforBB%I (;ﬁz'
et al., 2021) and XCLIP (Ni et al., 2022). As such, the : pired by P

follow-up works are often based on the ne-tuned encoders\?\/?&éﬂ%ﬁfé gg&ﬂiﬁéﬁsnﬁz?cﬁm\gzils(teizcl?(r)rl::(ﬁl)i ties
FROSTER (Huang et al., 2024) distills the ne-tuned mod-

els with the frozen CLIP models to enhance generahzatmrgl'e" vision ar_1d Ian_ggage), rz?lther than limiting it to uni
- . modal tasks (i.e., vision only); and (2) we focus on video
ability. OST (Chen et al., 2024a) augments action class _. L . .
: : . i . action recognition, introducing a novel BDC attention mech-
names with LLMs into Spatio-Temporal Descriptors, which

) : . a]nism to model temporal cues, whereas prior methods focus
are aligned to frame-level representations based on opt|man image recoanition that requires no temooral modelin
transport. TC-CLIP (Kim et al., 2024) proposes a method0 9 9 g P 9

of temporal contextualization, which summarizes informa- _ o

tive tokens for infusing temporal cues and also serves ag. From Cosine Similarity to BDC

;g;%f;?ggﬁzl rteEXLIFJar r?:;ggsﬁ \(/Jigsce-ivﬁtl_ilnpte(yvglr;\%igr: €E‘III'_’TO facilitate analysis, we rst introduce some notations. Let
9 9 P P =[po;:::;pn] 2 RY (N*D) denote theN +1 visual

2:;;%;;2'; 2022) to balance adaptation and generahzanot%ken embeddings af dimensions for an image, where

Bo indicates the [CLS] token and the remaining entries
BDC for deep learning The concept and theory of BDC indicate patch tokens. Similarly, 8¢ =[wq;:::;wy ]2

were established in (8kely & Rizzo, 2009) to measure RY (M+1) denote the textual token embeddings, whege

the dependence between sets of random vectors. BDC jadicates the [EOS] token and the rest indicate word tokens.
computationally ef cient, capable of modeling both linear

and non-linear correlations, and provides a complete charag:1. A Statistical Perspective on Cosine Similarity
terization of the independence of random variables. These

favorable properties have motivated researchers to explofds described in (Zhelezniak et al., 2019), the similarity
its applications in deep learning. Zhen et al. (2022) invesbetween tokens can be interpreted from a statistical per-

tigate the use of BDC and partial BDC @ely & Rizzo, ~SPective. Speci cally, eact-dimensional token embedding
can be regarded as a samplalafbservations from a ran-
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whereBdcOM ) computes a symmetric matrix who§gj )-

th entry is the Euclidean distance betweenitiie andj -th
rows of P, adjusted by subtracting row mean, column mean,
and the global mean. The BDC matrix for textual tokens,
B, is computed analogously. The BDC metric is then
given by:

1
BDCB img; Boxt) = —=tr (BimgB oa); 3
Figure 3.Distributions of token embeddings. @Bimg; B xt) d? (BimgB o) ®)
wheretr () denotes the trace of a matrix. The BDC metric
dom variable. When these samples are nearly zero-centereghn capture arbitrary statistical dependencies—both linear
cosine similarity (CS) becomes approximately equivalentand nonlinear—without requiring distributional assumptions.
to the Pearson correlation coef cient (PCC). This property

holds for the CLIP model, as evidenced by the near-zerdn the next section, we extend this framework to align videos
mean distributions in Figu}e 3 with textual descriptions. By modeling complex dependen-

cies across all visual tokens (across frames) and all tex-
Most existing CLIP adaptations rely on computing the CStual tokens, our method effectively captures ne-grained
between the [CLS] tokep, and the [EOS] tokem o, which  semantics such as salient regions and key words critical for
can be interpreted as samples drawn from tarmdom vari-  video understanding. This is further supported by Grad-
ables Rimg,0 andR 0, respectively. Thus, we have: CLIP (Zhao et al., 2024) visualizations in Figures 5 and 7.

E(Rimg;Q‘R txt;O)
9 )
E(Rfgo) E(R&:o)

CpRo; ®o) U PCQRo; W0)= & (1) 4. Proposed BDC-CLIP

The framework of BDC-CLIP, as shown in Figure 2, mainly

whereE () denotes expectation over the random variableSOnsists of a video BDC adapter and a text BDC adapter.
However, PCC is limited to capturing linear relationships,'n€ two adapters output respectively video and language
and is optimal only when the joint distribution is Gaussian epresentations, aligned by Brownian distance correlation.
It cannot capture more complex, nonlinear dependencies. As

illustrated in Figure 4, the correlations between visual andt-1. Video-Language Alignment with BDC Metric

textual tokens are highly nonlinear and non-Gaussian. Corbonsider a video sample consistingToframes and its cor-
sequently, methods that rely solely on CS or PCC are fur}'esponding textual description indicating an action category.

damentally limited in modeling such dependencies. Moréqyase innyts are processed by the visual and text encoders,
over, these methods often ignore ne-grained '”format'onrespectively LePt=[pL: :p4]2 R (N+1) pe the
. =1Po: PN

encoded in patch and word tokens across both modalitiesvisual token embeddings of theth frame output by the

visual encoder. Let =[wp; ;wy ]2 RY (M*D pe

3.2. BDC for Modeling Statistical Dependency the textual token embeddings from the text encoder.

To overcome these limitations, we propose to use BDC t/ideo representation To decrease computational cost, we

match vision and language modalities by considering all tomtroduce a linear layer for dimension reduction:
kens jointly. We treat each visual (resp. textual) embedding

pi (resp.w;) as a sample ad observations drawn from a bt = Linear (LN[pY;  ;pLD); 4)
random variableR imgi (resp. Ry ). We then de ne the
random vectors wherePt=[pt: pl;:::;pt ]2 R? (N*D - | Ndenotes layer

normalization, andlinear denotes a linear transformation
Rimg = [Rimgo; ! RimgN IR ot = [Ruxt0; 11 1iRum |1 reducing the feature dimension fradfitod (d < d9).

We construct the video representation using all visual to-
As formalized in Sekely & Rizzo (2009), BDC measures kens per frame. Notably, different patch tokens contribute
the discrepancy between the joint distributiorRofng and  jifferently to video recognition tasks. For instance, certain
R 1 and the product of their marginals. For the discretepatch tokens may capture essential parts of the subjects (e.g.,
case, the BDC metric can be computed in closed form USi”%ersons or objects), while others may represent background
the so-calledBDC matrices For the visual modality, the g irrelevant regions. To quantify token importance, we

BDC matrixBimg 2 R? ¢ is computed as: introduce a weighting mechanism based on the similarity
i _ of each token to the [CLS] token. Since the [CLS] token
Bimg = BACOM([po; ;PN ]); (2) s designed to encapsulate the holistic representation of a
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frame, it is reasonable to assign greater importance to tokerBy leveraging all visual and textual tokens, BDC-CLIP
with higher similarity to the [CLS] token. The weighted captures ne-grained relationships across spatial, temporal,

embedding of a patch token is computed as: and linguistic domains. In contrast, cosine similarity-based
p_ methods capture only coarse, linear correlations between
pl=1!p'; 1!=Softmax p, p!= d ; (5) global tokens.

where denotes the dot product of two vectors, @aftmax  4.2. Training Objective
is the softmax function. The BDC matrix for theh frame

is computed as: In addition to aligning video and text BDC representations,

we introduce a vision classi er built upon the video BDC
Bitmg = BdoM[p); ;BN D: (6) adapter, leveraging ground-truth labels for supervision. Con-
sistent with prior works (Chen et al., 2024a; Zhang et al.,
For efcient processing, we perform half-vectorization 2024), we retain the backbone loss, i.e., CLIP's original
(Vech) forB! by stacking the entries on and below its di- contrastive loss, which directly aligns the embeddings from
agonals, obtaining a compact vechj,;]g = Vecr(B}mg) 2 the visual and textual backbone encoders.

d(d = .
RA(@+D =2, Let B «(c) be the textual BDC matrix of thedth category,
Then, we learn temporal relationships across framednd letSgpc(c)= BDCori(B ig; Bui(c)). Additionally, let

with an attention mechanism. Let the values\be= ¥ =[Ycl&1 be the ground-truth probability vector, where
[b%ng; bﬁngi .b'-lr-ng]' We feed the frame-wise [CLS] to- C is the number of categories. The Vision-Language Con-
kens[p}:  :pl]to two separate linear layers, achieving trastive (VL-Ctr) loss for the BDC adapters is de ned as:
the querieQ 2 RY T and keysk 2 RY T, respectively. exD(Sanr(C)=
The attention module outputs: L¥imte=  Yelog P P(Senc(9=) ; (1)
c=1 co=1 €XP(Sepc(c)=)
¥ = Attention [Q;K;V]: (7)  where is a learnable temperature parameter.

For the vision classi er, the half-vectorized video represen-
tationB ,iq is passed through a fully-connected layer param-
eterized byR for softmax classi cation. The classi cation

Byia = Symh(Avgepool (@)); (g) lossisgivenby:

Finally, we perform average (Avg) pooling acrogrames
and obtain the video-level representation:

x
whereSyn8h reconstructs a symmetric matrix from a vector. L‘a’;j%';te,: ye log(Softmax(Vech(Byig)R)c);  (12)

Text representation The computation for text representa- o=t
tion mirrors that of video representation, but without tem-Where( ). denotes thedth component of the softmax out-
poral attention. Given textual tokeké , we rst achieve Put. This supervised loss encourages learning of more dis-
the embeddings of reduced dimensigh 2 RY (M+D) criminative and generalizable features.

through a layer normalization and a linear layer, which arethe backbone loss is based on cosine similarity (Rasheed
then weighted in terms of their similarities to the [EOS] et a., 2023):

tokenw, for obtainingw;;i = 0;1; ;M. The BDC

matrix for text representation is then computed as: LVLcr | o exXp(Scos(€)= )
backbone™ yclog P C

- o1 exp(S =
But = BdOOM[wo; ;@M ): ()] ot et EXP(Seod )= )
whereSgod(C) = cos(Avgpool ([phJ; ); Wo(6)), Wo(c) is
the [EOS] token of theSth category, and is a learnable
femperature parameter.

; (13)

Vision-language alignment The similarity between video
and text representations is measured using Brownian Di

tance Correlation (BDCorr): The overall loss function combines the three components:
— VL-C V-Cl VL-C .
tr (B viq\tht) L total = Ladapgar+ I—ada;?ter+ Lbackkt)rone (14)

BDCor(Big ; Bwt)= P

tr (Bvid Bvia) 1 (Boe Bux _
(BraBua) 11 (Boc tt)(10) 5. Experiments

The values of BDCorr lie in the intervg0; 1], where avalue We rst describe the experimental setuf5(1). Then

of zero indicates that the two modalities are independent ofve compare to state-of-the-art methods in light of perfor-
each other. It is worth mentioning that BDCorr is invariant mance §5.2) and cost §5.3). We nally conduct ablation

to orthogonal, translational, and scaling transformationsstudy (85.4) and provide gualitative analysis (85.5).

5
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5.1. Experimental Setu . . , . .
P P Table 1.Comparison to previous methodszero-shosetting using

Datasets and task setting We conduct experiments on K{lOO-pretrained models. WSE indicates Weight-Space Ensem-
ve widely used action recognition datasets, i.e., Kinetics0ling; CLIP Backbone Encoders (BEs) are frozen) (or ne-

400 (K400) (Carreira & Zisserman, 2017), Kinetics-600 tuned { ). The best results ateold and the second-best ones are
(K600) (Carreira et al., 2018), HMDB-51 (Kuehne et a|_'underlinedy indicates results reproduced by us.

2Q11), UCF-101 (Soomro et al., 2012) and Sqmethmg Some- Method BEs HMDB.51 UGF-101 $eog TKeog
thing V2 (SSv2) (Goyal et al., 2017). Following (Rasheed (Top-1) (Top-5)
etal., 2023; Kim et al., 2024; Chen et al., 2024b; Li et al., A5 juetal. 44.3 22 69.3 42 55.8 o7 814 o3
2024), we pretrain on K400 and then evaluate on down- /& CLPuesmeta oo 75900 B4 0s -

. . 412 9 06 - -
stream tasks in zero-shot, few-shot, base-to-novel generalyd  voTep e 582 11 783 06 699 05  —
ization and fully-supervised settings. Few-shot and base-to-=  ActionCLIPyangeta. 49.1 o4 68.0 g9 56.1 g9 83.2 o2
novel generalization tasks directly ne-tuned from CLIP are = c"'gl—cli;\l;etal. 2421.2 52 ;g.g 23 325 04 gfzs.i 08

. . . -1 Rasheed et al. 5 0.2 911 -l 08 -l o3
reported inSection B.2 of Appendix. TC-CLIP ool 56.8 00 83.0 05 754 0o 94.7 o4
. - . . BDC-CLIP (O 59.4 85.9 76.5 95.0
Implementation We utilize CLIP models with a ViT-B/16 (Ours) o2 i i o2
visual encoder and the corresponding text encoder through- ~ ACtionCLIPwangetal. 51.9 05 742 10 675 12 907 01
. . . ViFi-CLIP Rasheed et al. 52.2 o7 81.0 09 73.9 05 93.3 03
out this paper. For text augmentation, following the ap- W Open-VCLIRyengeta 53.9 1, 834 15 73.0 0g 932 o4
proach in (Huang et al., 2024; Kim et al., 2024), we query 2 MAXI iinetal 523 o7 782 g 715 0g 92.5 o4
GPT-40 to generate enriched textual descriptions for eachs OSTcneneta. 559 12 797 11 75.1 05 94.6 02
category name using the prompt: “Describe the action of oo Erienaeta. 21813 84811 74800 -
gory . g P pt: TC-CLIPKim etal. 56.0 03 854 08 78.1 10 95.7 o3
f category namgin a video.” Both temperature parameters BDC-CLIP (Ours) 60.7 05 86.9 0o 78.9 0g 95.9 o2

in Eq. 11 and in Eq. 13 in the training objective are
initialized by 0.07. All experiments are conducted using

GeForce RTX 4090 GPUSs with the PyTorch framework.  PY 1.2%, 1.5%, 2.3% and 4.3% 08249, 89 and 1@ shot
tasks, while performing better on UCF-101X.0%) in each

Detailed experimental setup is provided in Section A. of K 9shot setting. We provide results without pretraining
on K400 (i.e., directly netuned from CLIP) in Table 8.

5.2 Comparison to State-of-The-Art Methods (iii) Base-to-novel generalizationAll methods pretrained

(i) Zero-shot recognition For this task, all models are on K400 are ne-tuned and tested on base classes, along
trained on K400 and then directly evaluated on downwith evaluation on novel classes in zero-shot manner. Ta-
stream datasets in zero-shot manner. Note that recebte 3 shows Top-1 accuracies for base and novel classes
works (Kim et al., 2024; Huang et al., 2024; Lin et al., 2023;and their harmonic mean (HM). We can see that BDC-
Weng et al., 2023) have exploited weight-space ensemblin@LIP achieves state-of-the-art performance across all three
(WSE) (Wortsman et al., 2022) to boost performance ofdatasets, with HM exceeding TC-CLIP by 2.6% on HMDB-
zero-shot task; see Section A.2 for implementation detail$1, 2.0% on UCF-101, and 2.1% on SSv2. See Appendix
For a fair comparison, we report the results with (w/) andTable 9 for the results without pretraining on K400.
without (w/0) WSE. Table 1 presents the comparison result
The results of ActionCLIP and ViFi-CLIP w/ WSE are du- . . . :
practice for closed-set setting, we conduct experiment with

ceuracies of BOC-CLIP are beter than the second-bed2NGaId SPIS on K400. As n VFI-CLIP, we sample 16

0 0 o i Frames per video clip and conduct inference with 4 video
ones by 1.2%, 2.9% and 1.1% in top-1 accuracy on HMDB'cIips and 3 spatial crops (48 views). We also apply WSE
51, UCF-101 and K600, respectiveidl methods w/ WSE

; . ) . to this setting. From Table 4, we can see that, without
improve over their counterparts without WSE, partlcularlyWSE BDC-CLIP surpasses the previous best performer
on UCF-101 and K600, while our BDC-CLIP still stands '

- 0% | - -
out, outperforming the runners-up by 4.7%, 1.5% and 0.8‘43'-C CLIP) by 0.4% in top-1 accuracy. Moreover, BDC
|

on the three datasets. These results suggest that BDC-CL LIP with WSE further improves, achieving a top-1 accu-
o - . racy of 86.5%.
has better generalization ability than the competitors.

?iv) Fully-supervised recognition Following the common

(if) Few-shot recognition In this setting, all methods are 5.3. Computational Cost Analysis

rst trained on K400 and subsequently are evaluated for . . .
all-way classi cation provided withk training examples Following TC-CLIP, we analyze the computational cost in

per class. The comparison results are presented in Table 8'MS of parameters, GFLOPS, and throughput (per view),
TC-CLIP), our BDC-CLIP outperforms on HMDB-51 by as reported in Table 5. All metrics are normalized to the

more than 2.7% in eadt 9 shot task, and improves on SSv2 baseline (ViFi-CLIP), and measured on a single GeForce
RTX 4090 GPU. We separately list the costs for BDC-
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Method BEs HMDB-51 UCF-101 SSv2

Table 2.Comparison to previous

K=2K=4K=8K=16 K=2K=4K=8K=16 K=2K=4K=8K=16 ;
methods inall-way K 9shot set-

CLIPRadford ot l, 419 410 419 418 636 636 636 636 27 27 27 27 fing with pretraining on KA400.
A5 juetal. 46.7 504 613 658 763 844 907 930 45 67 72 95 CLIP Backbone Encoders (BEs)
ACtionCLIPyang et . 543 562 593 661 767 804 87.6 918 48 69 91 123 gare frozen () or netuned ( ).
X-CLIP wietal 60.5 668 693 717 890 914 947 963 66 78 99 137 Tpha pestresults ateld and the
VIFI-CLIP gashecdctal, | 63.0 651 69.6 720 910 937 950 964 67 7.9 102 135 d-best derlined
OSTehenetal, 648 667 692 716 903 926 944 962 80 89 105 126 SSCONU-DESLONES avaderinec
ALT Chen etal 643 667 70.4 745 932 953 964 973 66 77 94 129 Theresultsofdirectly ne-tuning
TC-CLIPkim et al. 65.3 685 71.4 730 941 956 966 973 87 10.1 121 152 from CLIP are provided in Ta-
BDC-CLIP (Ours) 68.0 715 759 773 949 967 975 985 99 116 144 195 pleg

Table 3.Comparison to previous methods base-to-novel generalization Table 4.Comparison to previous methods ifully-
setting with pretraining on K400. HM indicates the harmonic m&ae  supervisedetting on K400Y: result with WSE.
results of directly ne-tuning from CLIP are given in Table 9

Method BEs Views Frames Top-1 Top-5

Method Es  HMDB-51 UCF-101 SSsv2 DIST gngeta. 2 1 22 w0 970
Base Novel HM Base Novel HM Base Novel HM MOTED zhang et al. 3 1 32 86.2 975

AIM vang et al. 3 1 32 84.7 96.7

CLIP Radford st &l 533 46.8 498 785 636 703 49 53 51 ALT Chen etal. 3 1 32 85 967
A5 3y etal 704 517 59.6 958 71.0 816 129 57 7.9 Vita-CLIP wasim et al. 4 3 16 829 963
ACtionCLIPwang et al. 69.0 57.2 62.6 856 753 80.1 81 8.7 84 X-CLIPietal, 4 3 16 847 9638
X-CLIP i et al. 758 52.0 61.7 954 740 834 142 110 124 ViFi-CLIP Rasheed et al. 4 3 16 839 96.3
ViFi-CLIP Rasheed et . 771 549 641 959 741 836 158 115 13.3 TC-CLIPkimetal. 4 3 16 852 969
TC-CLIPKimetal 79.4 583 67.2 975 845 90.5 196 156 17.4 BDC-CLIP (Ours) 4 3 16 856 9.9
BDC-CLIP (Ours) 81.0 613 69.8 975 880 925 209 182 195 TC-CLIPY im etal. 4 3 16 857 971
BDC-CLIPY (Ours) 4 3 16 85 974

Table 5.Comparison oEomputational costo previous methods. coders (Rasheed et al., 2023). Based on this, we analyze the
Throughput is measured on a single GeForce RTX 4090 GPU. role of BDC VL alignment and BDC vision (V) classi ca-
tion, as shown in Table 6a. It can be seen that, combination

Method Params (M) GFLOPS  Throughput . ) L

p— i v " of BDC VL alignment improves signi cantly over the base-

ST Rasheedetal | RS0 TR Lo line by 1.8% on K600, 4.1% and 3.5% for 16-shot task on

/;Cg‘z’I‘F?F'PWanget al. 122-;116 22;1-99 2‘230'61 HMDB-51 and SSv2, respectively. These big gains indicate

ViacLp L v 2o our BDC alignment can more effectively mitigate the do-
a-CLIP wasim et al. 161.8130 307108 34074 ) . .

OSTehenetal 1243100  28Tio1 42001 main gap between the image and video, and have stronger

TC-CLIPKimetal. 1275103 304107 33072 ability for video-language alignment. By further integrating

BDC-CLIP (zeroS, Ours) _126£, 316111 S370g0 a separate BDC vision classi er, the performance improves

BDC-CLIP (FullS, Ours) 132.006 316111 370.80

non-trivially. This suggests that the additional vision super-
vision is helpful in learning generalized representations.

CLIP in zero-shot (ZeroS) and fully supervised (FullS) Metric and representation We compare different metrics
settings. Notably, BDC-CLIP requires only a modest in-and representations. For the BDC, the vanilla method is
crease over ViFi-CLIP in parameters (1.021.06 ) and  simple application of DeepBDC (Xie et al., 2022) to videos,
GFLOPS (1.11), with throughput at 0.80. Compared to  where the average of frame-wise BDC matrices is used as a
TC-CLIP, a previous top-performing method, BDC-CLIP in- video representation. For the cosine similarity (CS), besides
curs slightly higher GFLOPS but achieves faster throughputhe scheme of global tokens (GlobalT), the local tokens (i.e.,
demonstrating ef cient trade-offs in computational cost.  patch tokens) can be combined, where we averagely pool all
patch tokens along with the global [CLS] token as per-frame
5.4. Ablation Analysis representation. We also compare to bilinear pooling (Lin
et al., 2015) that uses normalized second moment of all

To facilitate fast ablation, we pretrain on K400- 510ns as the representations and Frobenius (Frob) distance
tiny (Rasheed et al., 2023) where each class has 100 trainingk ina metric. The results are shown in Table 6b.

videos, and evaluate zero-shot recognition on K600 and
K 9shot K = 2;16) recognition on HMDB-51 and SSv2. We rst note that all BDC-based methods are superior to
CS-based ones, suggesting that the BDC metric is more

Component analysis Our baseline is the original CLIP suitable for video-language matchirfgor the CS the Glo-
video-language (VL) alignment attached to the backbone en-

7
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baT+LocalT scheme is better than the scheme of single

GlobalT, which indicates that usage of local tokens bene ts Table 6.Ablation analysis of BDC-CLIP.

alignment of the two modalitieszor the BDC metricour (a) Role of components.
BDC-CLIP outperforms DeepBDC k1% 1:3%for zero-
or 2-shot setting and:1% 3:0% for 16-shot setting. In the Keoo - HMDB-51 SSv2

L L . Zero-shot 2-shot 16-shot 2-shot 16-shot
end, we note thatilinear poolingis better than CS while

being signi cantly inferior to BDC-CLIP.

Backbone vision-language align 71.4.9 63.2 69.3 7.7 12.9
+ BDC vision-language align 73.%.7 659 734 8.7 16.4

. . . . . . + BDC visi | i 73.8 o: 66.1 739 8.9 16.8
Dimension reduction (DR) The size of BDC matrices is veoncasser o8

quadratic of the dimension of token embeddings. To de- (b) Effect of metric and representation.
crease computations, we introduce a linear layer for DR p— e v

. . - V.
pefore the BDC ad_apters. We assess performance as a func- Metric Representation " o e chot 2-shot 16-shot
tion of the dimensiom. As seen in Table 6¢, on the whole

DeepBDGeetal. 72.5 0:7 649 71.8 7.8 13.8

the accuracies increase consistently as the dimension grows BPC  gpc.crp 73805 661 739 89 168
until d = 320 and then decrease. To trade off the perfor- ;S* T GlobalT | 71700 632 693 77 129
mance and cost, we adagt 192 across the paper. GlobalT+LocalT 71.80:5 63.6 699 7.7 135

Frob Bilinear,in et al. 721 9. 639 712 7.6 13.5

Text augmentation We compare the vanilla prompt tem-
plate hand-engineered by CLIP, i.e., “A videofgf’, with (c) Effect of dimension (dim).
the prompts generated by LLM. From Table 6d, we can see
that LLM enhanced prompts improve non-trivially over the
vanilla prompts by0:3% 0:7% for different settings across

Dimd K600 HMDB-51 SSv2
Zero-shot 2-shot 16-shot 2-shot 16-shot

128 727 9. 657 733 8.4 17.0

the datasets. As su_ch, throughout the paper we adopt the 192 73840 661 739 89 168
text augmentation via LLM for the category name, unless 256 7370 663 737 84 171
i i 320 73899 671 745 8.8 17.1
otherwise Speci ed. 384 739,47 657 732 8.7 16.9
Additional ablation study is provided in Section B.1 (d) In uence of text augmentation.
itati i K600 HMDB-51 SSv2
5.5. Qualitative Analysis PIOMPIS 7 ero-shot  2-shot 16-shot  2-shot 16-shot
Why cosine similarity is insuf cient Most CLIP adapta- vanila 73.8 g5 661 739 89 168
tion methods (e.g., Rasheetlal, 2023; Kimet al.,, 2024) LLM 745 10 666 746 92 173

rely on cosine similarity (CS)—empirically equivalent to . | he k ds including “ol " and “mallets'
the Pearson correlation coef cient (PCC)—for cross-modal' Vel tO the key words including players'and mallets-.
matching. However, since PCC only meastiesar depen- This con rms that BDC-CLIP captures ne-grained cues

dence, it cannot capture the higher-order, non-monotonigc' 0SS SPace, time, and language, leading to better action

relations that often arise between vision and language. Tigeognition.

investigate this, we present scatterplots and density contousection B.4 provides t-SNE visualization of video-language
for some representative visual-textual token pairs in Figure 4epresentation and additional heatmap visualizations.

We observe that cross-modal token relationships are non-

linear and the joint distributions are non-Gaussian. In sucfe5 Conclusion

scenarios, CS collapses disparate patterns to similar scores,

whereas BDC cleanly separates matched from mismatchegle propose BDC-CLIP, a novel framework for adapting

pairs. Recall that in Table 6b we give the dataset-levelimage-pretrained CLIP models to video action recognition.
apples-to-apples accuracy gains of BDC over CS. By leveraging Brownian Distance Covariance (BDC) and

utilizing all visual and textual tokens, our approach captures

understanding, we visualize attention maps ffplaying cqmple{( dependencie's between vidgo and language in high-
polog from the K600 validation set. The models are eval-dimensional embedding space. This allows BDC-CLIP to

uated in zero-shot manner using augmented text prompfasﬁe_cdt'\“:"lfy exploit r:jel;gralneddcqes—suchl 35 sal!ent reglohns
generated by LLMs for better ne-grained alignment. Grad-"" VId€o frames and key words in textual descriptions—that

ECLIP (Zhao et al., 2024) is employed to visualize the®"® crucial for accurate action recognition. In doing so, it
attention maps of both visual and textual modalities. aAsovercomes the limitations of prior methods that rely solely

shown in Figure 5, BDC-CLIP demonstrates a stronger fo2" classical cosine similarity. 'I_'he strong_performance of
cus on critical regions in the dynamic frames, such as tthC-CLIP across a range of action recognition benchmarks

Heatmap visualization of video-text pairs To enhance

horse and players. In the meantime, it attends more effe lighlights the value of advanced statistical metrics like BDC

or multimodal learning.
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Figure 4. Scatterplots and density contours of example visual vs. textual tokens (top: global tokens, bottom: local tokens). The tokens
of vision and lanuage exhibit complex relations and their distributions are non-Gaussian. Compared to CS/PCC, BDC effectively
distinguishes matching vs. non-matching text-video tokens in the top panel and attenuates irrelevant background tokens in the bottom
panel. See Table 6b for dataset-level, apples-to-apples accuracy gains of BDC over CS/PCC.

Figure 5.Visualizations off playing pola using Grad-ECLIP. Compared to ViFi-CLIP, our BDC-CLIP better focuses on important image
regions such as the horses and players across different frames, while attending more effectively to key words such as “player' and "mallets'.
Best viewed by zooming in.



