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Abstract

CLIP is a powerful spatial feature extractor trained on a
large dataset of image-text pairs. It exhibits strong gener-
alization when extended to other domains and modalities.
However, its extension to videos is challenged by the need
for additional temporal modeling. While recent works have
attempted to bridge this modality gap through the integra-
tion of complex modules, we apply a simple and modular
approach to enhance CLIP’s video understanding on ac-
tion recognition tasks. In its standard application, CLIP
processes each video frame independently, restricting its
ability to associate features across frames. To address this,
we apply frame-wise max-pooling on the tokens within the
transformer layer to construct a new set of tokens that aid
the model in extracting temporal information better. We
then use max-pooling to aggregate the features into a single
video feature. We evaluate the effectiveness of this approach
on different action recognition benchmarks, showing that
max-pooling is able to help fine-tune the model to extract
the features important for temporal modeling. Furthermore,
we show that the max-pooling of tokens is particularly use-
ful when applied to the last few layers of the model, which
are typically more specialized and abstract for capturing
high-level image features. To the best of our knowledge, we
are able to achieve SOTA on the base-to-novel and few-shot
benchmarks on the Something-SomethingV2 dataset.

1. Introduction

Large multi-modal image-text models [14] [49] [10] have
shown promising potential for video tasks – CLIP [31], in
particular, has seen many applications to the video domain.
CLIP comprises a transformer-based image encoder [8] and
text encoder [37] which encodes the image and its corre-
sponding text independently. A contrastive loss based on
a similarity measure is used to align these two modalities
[36]. For action recognition, many works leverage the spa-
tial features learned by CLIP, further fine-tuning the model
to extract temporal features. These fine-tuning approaches
tend to introduce complex inductive biases to extract the
temporal features from videos. [26] sequentially inserts ad-

ditional cross-frame attention modules with frame-level and
video-level token exchange in order to facilitate the flow of
temporal information. In contrast, [24] inserts cross-frame
modules (applying either temporal attention or a 3D convo-
lution) in a parallel branch structure. [20] proposes a more
complex design altogether, dubbed the Uniformer block,
which unifies the self-attention mechanism with convolu-
tions to aggregate both frame-level and video-level features.
More light-weight temporal feature extraction models aim
to expand the temporal view within the spatial self-attention
of the Transformer by frame-wise shifting the channels of
the tokens [40] or frame-wise alignment of tokens to gather
temporal information [35].

Alternatively, parameter-efficient fine-tuning approaches
freeze the CLIP model as a spatial feature extractor and in-
troduce either temporal adaptation layers [27] [48] or addi-
tional temporal encoders [30] and temporal decoders [23].
[13] uses a feature distillation approach, treating the frozen
CLIP model as a teacher while fine-tuning a student model
followed by a residual projection layer. Such designs tend
to extract spatial and temporal features either sequentially
or in parallel with each other, often relying on an integration
mechanism or some form of token exchange in or across the
Transformer blocks for fusing these two aspects of the fea-
tures together.

Despite these intricate designs targeting the learning of
temporal features, [32] shows that a simple frame-level fea-
ture aggregation using mean-pooling is a competitive base-
line to bridge the modality gap from images to videos when
fine-tuning CLIP on several action recognition benchmarks.
[32] additionally shows that prompting both the image and
text encoder helps improve the performance on several such
tasks.

In addition to the inductive biases introduced by these
methods, many continue to employ some aggregation
method to aggregate the frame-level features into a video-
level feature – the simplest being an average-pooling of the
frame-level features, to more parametrically complex ag-
gregators including 1D-convolution layers, LSTMs, Trans-
formers [25] [40], and adaptive-pooling, which adds an in-
tegration branch between the spatial and temporal features
to fuse them together [30]. In the case of [20], the video-
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level tokens from different stages of the model are fused
together either sequentially, in parallel, or hierarchically to
obtain a comprehensive representation.

Our approach investigates the potential of max-pooling
to effectively aggregate the frame-level features into a
video-level feature. We ask the following question: can we
apply max-pooling in a specific way that nudges the model
to focus on areas that show temporal change? Surprisingly,
max-pooling in and of itself consistently outperforms the
widely used average-pooling across different benchmarks.
In combination with additionally max-pooling the tokens in
the last few layers of CLIP’s image encoder, the model’s
ability to generalize significantly improves.
Our contributions are as follows:
• We show the effectiveness of max-pooling for aggregat-

ing frame-level features into a video-level feature and
propose this to be a stronger baseline for temporal ag-
gregation when fine-tuning CLIP on videos. To the best
of our knowledge, models applying CLIP to video data
have relied on mean-pooling and other complex late-
fusion strategies despite the apparent benefits of the max-
pooling operation we observe.

• We additionally propose a zero-parameter, lightweight,
and modular approach for improving the temporal model-
ing by injecting frame-wise max-pooled tokens after self-
attention in CLIP’s image encoder. We observe that max-
pooling of the features alone has the potential for overfit-
ting and that additionally pooling the tokens as such sig-
nificantly improves generalization.

• For the action recognition task, we conduct experiments
on three different evaluation settings, base-to-novel, few-
shot, and fully supervised, and four datasets, Kinetics-400
[3], Something Something V2 [12], HMDB51 [19], and
UCF101 [34]. Our approach is able to achieve competi-
tive performance on several of these benchmarks as well
as SOTA on the Something Something V2 dataset in the
base-to-novel and few-shot settings.

2. Related Work

2.1. CLIP for Vision-Language Representation
Learning

CLIP [31] has demonstrated impressive zero-shot perfor-
mance on several computer vision tasks, not only in the im-
age domain [52], [39] [43], but also for various video under-
standing [47] [40] [15] [26] [30] [35] and video-language
understanding tasks [25] [9] [2] [18] among others. Its
ability to match images with text descriptions without hav-
ing been trained on the full distribution of image-text pairs
confers a very desirable semantic space for both the open-
vocabulary [44] [32] and few-shot settings [50] [11] [53]
[32] [22] in particular. In the open-vocabulary setting, the
model trains on base classes and inferences on both base

and novel classes [45]. It is notably distinct from the typical
zero-shot setting in that the model can classify novel classes
with the help of a large language vocabulary, whereas in
the zero-shot setting, the model must identify novel classes
solely based on textual cues. In the video domain, [32] pro-
poses an open-vocabulary base-to-novel setting that is used
for the evaluation of many SOTA CLIP-based models.

2.2. CLIP for Action Recognition
The task of action recognition in videos is characteristi-
cally marked by not only having to extract spatial features,
but also the motion in the regions of the images across
frames. The extraction of these temporal features is crucial
for strong performance, especially on video datasets like
Something Something V2 [12], which cannot be solved as
easily by exploiting a spatial bias alone. While the pretrain-
ing on image-text pairs make CLIP inherently less suited to
video-text fine-tuning for action recognition in some respect
– consequently leading to advances in video-text founda-
tional model [1] [42] (some of which use the frozen CLIP
model [21]), several works have nevertheless effectively
leveraged CLIP’s zero-shot capabilities in the video domain
[32] [40], [13], [44] [22] [6] [46] [35] [48] [27].

In the extension of CLIP to videos, some methods seek-
ing primarily to evaluate action recognition tend to discard
the text encoder. However, as [32] shows, jointly training
both the image and text encoder such that the action classes
are embedded into prompts results in a superior baseline
performance, especially notable in generalization settings
such as zero-shot, few-shot, and base-to-novel. Further-
more, recent works have shown that qualitatively augment-
ing the video-text pairs using approaches such as video-
conditioned text [16] or LLM-generated text descriptions
[22] [13] [5] [7] is beneficial. In our work, we also fine-
tune CLIP’s pretrained text encoder.

2.3. Expanding the Temporal View of Tokens
While many of the modifications extending CLIP to videos
tend to introduce new components for temporal modeling
[26] [24] [30] [20] [23], few methods have tried to impart
a light-weight inductive bias for learning the temporal dy-
namics. [35] aligns the features of adjacent frames using a
learned mask over the image features. It uses a convolution
module to predict semantically similar positions between
the frames. The predicted region in turn is used to weight
the frame-level features. The resulting aligned features are
mean-pooled into a single token, which is concatenated with
the corresponding frames before being transformed by the
Transformer’s self-attention.

Also notable is [40], which was among the earliest appli-
cations of CLIP to the action recognition task. [40] relied on
CLIP’s image encoder to process each frame independently,
but with the added caveat of shifting the channels of the to-
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kens across frames. In doing so, each token, which in the
standard Transformer block corresponds to a spatial patch
of the input frame, was modified into a combination of the
adjacent frames. This stacking of the channels from mul-
tiple frames expands the temporal view of each token, and
subsequently of the otherwise spatial self-attention block.
In this way, the fully connected layers, which are designed
to process each token independently, receive an input span-
ning multiple frames.

In a similar fashion, our approach also targets the tokens
directly in order to try to expand the temporal view avail-
able to the fully connected layers. However, while both
these approaches elicit information from adjacent frames,
our approach combines information from the full gamut of
frames via a simple max-pooling of the tokens along the
temporal dimension. This simple change outperforms both
the channel shifting and the deep prompting approaches in
the base-to-novel and few-shot settings for the SSv2 [12]
dataset.

3. Method
Our goal is to evaluate the effectiveness of max-pooling to
extract temporal features when fine-tuning CLIP on videos.
To this extent we make two primary modifications to the
adopted baseline of CLIP [32], which jointly trains both
the image and text encoder by processing frames indepen-
dently while applying a late fusion of image features using
mean-pooling. We first introduce a standalone module in
the Transformer for injecting the max-pooled set of tokens
in the layers of the image encoder. Secondly, we aggregate
the resulting features into a single video feature using max-
pooling.

3.1. Max-pooling Tokens
Given a video Vi ∈ RT×3×H×W with T sampled frames
and a text label yi, each frame is independently encoded
by the image encoder fθv (Vi) and each text label is
wrapped in a prompt template such as ‘a photo of a
<category>’, which is tokenized and then encoded by
the text encoder ti = fθt(tokenize(yi)). The image en-
coder consists of a patchification operation on the input to
transform each frame into a fixed number of tokens, N ,
with a fixed channel dimension D. These tokens are then
processed by the Transformer layers, each comprising a
multi-head self-attention and a two-layer fully-connected
network with pre-normalization. Our approach inserts max-
pooling between self-attention and a fully connected net-
work, aggregating the tokens across the temporal dimen-
sion. Given the output of self-attention zℓi ∈ RN×T×D,
the max-pooling operation is applied along the temporal di-
mension ẑℓi = maxdim=2(z

ℓ
i ) where ẑℓi ∈ RN×1×D and

ℓ ∈ L is the layer of a transformer with L layers. This op-
eration retains the maximum feature value across all time

frames while compressing the input into a single represen-
tative frame, yielding a new set of N tokens.

The pooled tensor, ẑℓi , is then concatenated frame-wise
with the existing tokens to get ẑℓi ∈ RN×T+1×D, effectively
augments the predominantly spatial tokens with a global
temporal context for each token. As such, this combina-
tion helps extract temporal features relevant to understand
the entire video, rather than the spatial features relevant to
an individual frame alone.

The pooled tokens injected at each layer then continue
to be processed by subsequent layers. However, instead
of applying the pooling at all layers, it is more effective
to apply it to the last few layers. Thus, a hyper-parameter
s ≤ L can be used to specify how many of the last s layers
of the L layers of the transformer to max-pool the tokens
at. The accrued output of Transformer after all L layers is
ẑLi ∈ RN×T+s×D. This is then projected by the CLIP im-
age encoder to a fixed embedding dimension E to obtain an
output ẑi ∈ RT+s×E

3.2. Max-pooling Features

The output features of the image encoder are once again
max-pooled across the temporal dimension to obtain a final
video-level feature, vi = maxdim=1(ẑi) where vi ∈ RE .
This application of max-pooling is intended to capture the
most prominent features from the output of the Transformer
layers, further highlighting areas of significant change in the
video, under the assumption that these areas are likely to
have higher feature values. In the context of action recog-
nition, the relevant information is often contained in these
dynamically changing parts of the video, which we hypoth-
esize is the reason for the effectiveness of this approach.

In order to align the video-level features with the corre-
sponding text embedding, we compute the similarity of vi
and ti using the dot product and then maximize the simi-
larity scores for matching video-text pairs using the cross-
entropy objective, as is the standard for training CLIP in the
video domain.

4. Experiments

We evaluate our approach on two generalization-specific
settings, base-to-novel and few-shot learning, in addition to
the fully-supervised setting.

4.1. Comparison to State of the Art

We compare our method to models aimed at applying CLIP
to the task of action recognition. We additionally compare it
to [32] using max-pooling in lieu of mean-pooling to aggre-
gate the features, denoted as VIFI-CLIP-max or with mean-
pooling to aggregate the features, but max-pooling of the
tokens in the Transformer image encoder.
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Figure 1. The figure illustrates our proposed approach, which is
conceptually quite simple. Given a Transformer with L layers, the
Token max-pooling operation is inserted into the last S ≤ L lay-
ers. (1) In each of the S layers, the token max-pooling operation is
applied after the self-attention layer. Given the output of the first
L− S standard Transformer layers, ZL−S ∈ RN×T×D , our pro-
posed Transformer layer max-pools the tensor along the temporal
dimension. The pooled tensor, ẐL−S ∈ RN×1×D is concate-
nated with the existing tensor to get ẐL−S ∈ RN×T ′×D where
T ′ = T + L − S + 1 for each successive block S in the remain-
ing layers of the Transformer. Thus, after the S layers, the output
is ZL ∈ RN×(T+S)×D . (2) The output of CLIP’s image encoder,
which projects the features into a fixed E dimensional embedding,
is max-pooled once again to obtain the final video-level feature V .

Base-to-novel setting. The application of max-pooling to
aggregate a video-level context gives a significant increase
on the evaluated benchmarks – achieving the second-best
top-1 accuracy, 18.2, on the base evaluation and the best
top-1 accuracy 13.3 on the novel evaluation for the SSv2
dataset, as shown in Table 1. In comparison to our base-
line [32], we also observe a notably larger relative increase
in performance on the SSv2 dataset, from 16.2 to 18.2 top-
1 accuracy (+2) on the base classes. Whereas on the K-
400 dataset, this relative increase (+1.1) is smaller, from
76.4 to 77.6 top-1 accuracy on the base classes. This dif-
ference suggests the effectiveness of max-pooling in target-
ing the extraction of temporal features specifically since ac-
tion recognition in the SSv2 dataset necessitates stronger
temporal modeling. The performance of our models on
the novel split for the K-400 dataset, however, notably de-
creases compared to the closely related baseline of [32] at
61.1. Throughout our experiments, this is the only signifi-
cant case in which the application of max-pooling reduces
the baseline performance. In our ablations (see Table 4), we
observe that on the K-400 novel split, the performance in-
creases (+0.4 from 61.1 to 61.5) if we instead apply a com-
bination of mean-pooling with the max-pooling of the to-
kens.

Few-shot setting. In this setting, we evaluate the SSv2,
HMDB51, and UCF101 datasets. The most notable in-
crease in the top 1 accuracy is when K = 16, in which
we observe an increase of +1, from 13.5 to 14.5 as shown in
Table 2. Interestingly, it outperforms [22], which addition-
ally pretrains on the Kinetics-400 data.

Fully-supervised setting We evaluate the performance of
our models on the K-400 dataset. We observe that applying
max-pooling exclusively yields a better performance than
the closest baseline [32] (+0.2 from 83.9 to 84.1). However,
additionally max-pooling the tokens does not help improve
the performance in this case. We speculate that the observed
performance may be explained by having trained the model
on 16 frames since, as shown in Table 10, our model per-
forms better with more frames.

4.2. Ablations
We evaluate the effectiveness of max-pooling depending on
several key design choices for the model’s architecture and
training. Given that [32] is the closest baseline to our ex-
periments in that it applies a simple mean-pooling of the
frame-level features, we closely compare our model with
this baseline.

Max-pooling for Temporal Modelling
As shown in Table 4, max-pooling the tokens yields a sig-
nificant increase regardless of the choice of late-fusion to
aggregate features using either mean or max pooling of
the features across the base to novel and few-shot settings.
The exception is the decrease in performance of the K-400
dataset [3] on the novel classes as discussed in Section 4.1.
Furthermore, the harmonic mean, which is a conservative
estimate of the average, tends to be highest for both types
of frame-level aggregators (mean and max) when the tokens
are additionally max-pooled. Despite the clear increase in
performance on the base classes, the notable drop in per-
formance (-1.2) on the novel classes when max-pooling on
the features exclusively (from 12.1 to 11.3) in the base-to-
novel evaluation of SSv2 suggests that max-pooling alone
as an aggregation strategy may be vulnerable to overfitting.
In the open-vocabulary setting, which necessitates stronger
generalization, the additional max-pooling of tokens is ben-
eficial.

Mean-Pooling Features with Max-pooling Tokens. As
Table 5 shows, when the frame-level features are averaged,
the token max-pooling needs to be applied at earlier layers
(best top-1 accuracy is when it is applied to all 12 layers of
the transformer when means=12 achieves 16.84 on the base
classes and 12.77 on the novel classes in the base to novel
setting. In contrast, our approach reduces the need to max-
pool in earlier layers of the image encoder’s Transformer
showing that the model benefits best when the token pooling
targets only the later layers.
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Table 1. Base-to-novel setting: Comparison of the top-1 accuracy of our approach with other CLIP-based action recognition models
evaluated on the K-400 [3] and SSv2 [4] datasets. s indicates the layer at which the max-pooling of tokens starts applying. HM denotes
the harmonic mean on the base and novel performance. ††indicates models trained with LLM based text augmentations. We gray out the
results for models for fair comparison. Our model are the first results reported for the base-to-novel setting using a ViT-L/14. † denotes
that the evaluation was done by [13]. ‡denotes deep prompting in the image and text encoder.

K-400 SSv2

Model Base Novel HM Base Novel HM

Vanilla CLIP [31] 62.3 53.4 57.5 4.9 5.3 5.1
ActionCLIP [40] 61.0 46.2 52.6 13.3 10.1 11.5
XCLIP [26] 74.1 56.4 64.0 8.5 6.6 7.4
VPT-A5 [15] 69.7 37.6 48.8 8.3 5.3 6.4
AIM† [48] 74.6 62.5 68.0 8.5 7.9 8.2
ST-Adaptor† [27] 73.6 62.0 67.3 9.3 8.4 8.8
ViFi-CLIP ‡ [32] - - - 15.8 11.5 13.3
VILT-CLIP ‡ [38] 77.4 63.0 69.5 17.3 12.8 14.7
EZ-CLIP [33] 73.1 60.6 66.3 16.6 13.3 14.8
TC-CLIP [17] 78.9 63.6 70.4 17.5 13.4 15.2
Froster †† [13] 77.8 64.3 70.4 18.3 12.2 14.6

ViFi-CLIP [32] 76.4 61.1 67.9 16.2 12.1 13.9
ViFi-CLIP-max 77.6 58.6 66.8 17.4 11.3 13.7
ViFi-CLIP (w/ max-pooling tokens only) 76.4 61.5 68.2 16.8 12.8 14.5
ourss=1-B/16 77.6 58.1 66.5 18.2 13.3 15.4
ourss=8-L/14 83.1 67.1 74.3 23.1 16.1 19.0

Table 2. Few-shot setting: Comparison of the top-1 accuracy of our approach with other CLIP-based ViT-B/16 action recognition models
evaluated on the SSv2 dataset. †indicates the model is pretrained on the Kinetics-400 dataset and hence is not a fair comparison. ‡denotes
deep prompting in the image and text encoder. ††indicates models trained with LLM based text augmentations. We gray out the results for
fair comparison. * indicates s=4 for the SSv2 dataset and s=3 for the HMDB51 and UCF101 datasets.

Model SSv2 HMDB51 UCF101

K=2 K=4 K=8 K=16 K=2 K=4 K=8 K=16 K=2 K=4 K=8 K=16

Vanilla CLIP [31] 2.7 2.7 2.7 2.7 41.9 41.9 41.9 41.9 63.6 63.6 63.6 63.6
ActionCLIP [40] 4.1 5.8 8.4 11.1 47.5 57.9 57.3 59.1 70.6 71.5 73.0 91.4
XCLIP [26] 3.9 4.5 6.8 10.0 53.0 57.3 62.8 64.0 48.5 75.6 83.7 91.4
VPT-A5 [15] 4.4 5.1 6.1 9.7 39.7 50.7 56.0 62.4 71.4 79.9 85.7 89.9
ASU [6] - - - - 60.1 63.8 67.2 70.8 91.4 94.6 96.0 97.2
EZ-CLIP [33] 6.8 8.7 9.6 13.2 57.3 61.1 65.4 67.7 84.7 88.3 91.3 92.8
TC-CLIP [17] 7.3 8.6 9.3 14.0 57.3 62.3 67.3 68.6 85.9 89.9 92.5 94.6
ViFi-CLIP ‡[32] 6.7 7.9 10.2 13.5 63.0 65.1 69.6 72.0 91.0 93.7 95.0 96.4
VILT-CLIP ‡[38] 7.8 9.4 10.3 13.2 60.6 61.9 66.9 69.6 85.3 90.0 91.3 93.8
VicTR† [16] - - - - 60.0 63.2 66.6 70.7 87.7 92.3 93.6 95.8
MAXI † [22] 7.1 8.4 9.3 12.4 58.0 60.1 65.0 66.5 86.8 89.3 92.4 93.5
ALT †† [7] - - - - 64.3 66.7 70.4 74.5 93.2 95.3 96.4 97.3
OST †† [5] 7.0 7.7 8.9 12.2 59.1 62.9 64.9 68.2 82.5 87.5 91.7 93.9

ViFi-CLIP [32] 6.2 7.4 8.5 12.4 57.2 62.7 64.5 66.8 80.7 85.1 90.0 92.7
ViFi-CLIP-max 7.1 8.5 10.0 14.5 58.9 60.5 63.9 65.8 81.0 86.7 90.0 92.8
ourss=3-B/16 7.2 8.5 10.0 14.5 58.9 61.9 64.2 66.7 80.7 86.7 90.4 93.1
ourss=4/3-L/14* 9.8 11.6 13.8 18.1 62.1 63.8 71.1 73.0 88.7 92.1 94.8 95.9

Significance in Later Layers. As shown in Tables 6 and 7,
the performance of our approach improves when the max-
pooling of the tokens is applied at later layers of the Trans-

former. We conjecture that this may be because the ini-
tial layers tend to capture more fine-grained features. By
avoiding max-pooling of the tokens in these early layers, the
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Table 3. Fully-supervised setting: Comparison with CLIP-based models trained on Kinetics-400 using the ViT-B/16 architecture.
‡indicates that the model is additionally post-pretrained on the K710-0.66M dataset. ††indicates models trained with LLM based text
augmentations.

Model Frames Views K400 (Top-1) K400 (Top-5)

Parameter Efficient Fine-tuning
VILT-CLIP [38] 16 4x3 77.6 94.5
M2CLIP [41] 16 4x3 83.7 96.7
MoTED †† [51] 16 3x1 85.4 97.2
Qian et al. [29] 16 3x1 86.1 97.5
ST-Adaptor [27] 32 3x1 82.7 96.2
AIM [48] 32 3x1 84.9 96.7
EVL [23] 32 1x3 84.2 -
DUALPATH [28] 32 3x1 85.4 97.1

Full Fine-tuning
UniformerV2 ‡ [20] 8 3x4 85.6 97.0
DIST [30] 32 1x3 85.0 97.0
ActionCLIP [40] 32 10x3 83.8 96.2
XCLIP [26] 16 4x3 84.7 96.8
VPT-A6 [15] 16 - 76.9 93.5
VicTR [16] 16 4x3 84.2 -
ASU [6] 16 4x3 84.8 96.7
ILA [35] 16 4x3 85.7 97.2
TC-CLIP [17] 16 4x3 85.2 96.9
ALT [7] 16 3x1 84.8 96.4

ViFi-CLIP [32] 16 4x3 83.9 96.3
ViFi-CLIP-max 16 4x3 84.1 96.6
ourss=3 16 4x3 83.9 96.2

model can maintain a higher resolution of the low-level spa-
tial context for each frame. As the input progresses through
the model’s layers and the extracted features become more
high-level, applying max-pooling in the later layers allows
the model to aggregate these high-level features across the
temporal dimension.

Position of Max-Pooling of Tokens. We observe that max-
pooling the tokens after self-attention is slightly more ef-
fective than max-pooling the tokens before self-attention.
In the Transformer, self-attention is designed to weigh the
importance of different tokens relative to each other. Since
the max-pooling operation aims to extract features across
the frames, it is better positioned after the self-attention so
that the model can learn a global context from the most sig-
nificant spatial features determined by the attention mech-
anism. We empirically validate this in Table 8 and Table 9
for the base to novel and few shot settings.

16 vs 32 Frames. For the most part, we observe that our ap-
proach tends to improve with more frames as shown in Ta-
ble 10 and Table 11. This is more notable for the Kinetics-
400 dataset [3]. This difference suggests that the more vari-
ability there is in the feature values, the more discerning the
max-pooling-based temporal modeling becomes.

ViT-B/16 vs ViT-L/14. Interestingly, we observe that max-
pooling as a late fusion step results in greater performance
in the larger ViT-L/14 models. As shown in Table 12, the
top 1 accuracy on the base-to-novel increases by +2.6, from
20.3 when using mean-pooling to aggregate the features
to 22.9 when using max-pooling to aggregate the features.
Furthermore, with the additional max-pooling of tokens ap-
plied, we observe an additional increase in performance to
23.1 top-1 accuracy on the base set and 16.1 top-1 accu-
racy on the novel set. We note that while max-pooling the
tokens in earlier layers does not hurt the performance on
the base classes (maxs=24), it decreases the performance
on the novel classes (from 16.0 to 14.8). However, max-
pooling the tokens for half the layers of the transformer
(maxs=12) not only yields strong performance on the bases
classes, 23.0, but also on the novel classes, 16.1. In com-
parison, a ViT-B/16 sees an increase in the top 1 accuracy
by +1.2, from 16.2 when using mean-pooling to aggregate
the features to 17.4 when using max-pooling to aggregate
the features. Table 13 shows the results for the few-shot
setting, which also gives higher performance than the ViT-
B/16 counterparts.
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Table 4. Mean-Pooling vs Max-Pooling of Features and Tokens. Comparison of the top 1 accuracy on using a combination of mean-
pooling or max-pooling to aggregate the features into a video representation, denoted as mean or max respectively. Each model is optionally
trained with or without the max-pooling of tokens in the last s layers of the Transformer, denoted by the subscript (ex. s = 1 denotes the
last layer). The default settings for each model use 32 frames and apply the token max-pooling after self-attention in the Transformer layer.
† denotes the results reported by [32].

SSv2

Method Base Novel HM

mean † 16.2 12.1 13.9
means=12 16.8 12.8 14.5
max 17.4 11.3 13.7
maxs=1 18.2 13.3 15.4

K-400

Method Base Novel HM

mean† 76.4 61.1 67.9
means=12 76.4 61.5 68.2
max 77.6 58.6 66.8
maxs=1 77.6 58.1 66.5

SSv2

Method K=2 K=4 K=8 K=16

mean† 6.2 7.4 8.5 12.4
means=12 6.9 7.8 9.3 13.0
max 7.1 8.5 10.0 14.5
maxs=3 7.2 8.5 10.0 14.5

Table 5. Mean-Pooling of Features Comparison of the top 1
accuracy of our max-pooling token approach for different layers
s of the Transformer when aggregating the features using mean-
pooling.

SSv2

Method Base Novel HM

means=12 16.84 12.77 14.53
means=9 16.78 12.57 14.37
means=6 16.59 12.48 14.24
means=3 16.49 12.11 13.96
means=1 16.40 12.01 13.87

5. Discussion

We reason that max-pooling improves the model’s ability
to aggregate many distinct motion patterns extracted across
multiple frames and map them to a stationary concept of
movement useful for the task of action recognition. To ana-
lyze this, we employ a cosine similarity matrix of the frame-
level features across the videos. As shown in figure 2, we
observe that when the model is trained with mean-pooling
of the frame-level features, there is greater similarity in the
learned features, indicated by the larger and brighter clus-
ters along the diagonal. We interpret these clusters as seg-
ments in the video in which the action stays relatively con-
sistent over several frames. For the task of action recogni-
tion this similarity leads to more redundancy in the tempo-
rally aggregated feature. In contrast, with max-pooling, we
observe that the brightness along the diagonal is less intense
and there is additionally increased density of dark regions.
This reveals that the adjacent frame-level features capture
more distinct features, thereby helping to preserve the nu-
ances in temporal information (i.e. the motion in the video)
during the aggregation.

Figure 2. These plots visualize the cosine similarity matrix of
video features, where each cell represents the dot product sim-
ilarity between pairs of temporal features for a video. Brighter
values indicate greater similarity. The matrices are derived by av-
eraging the individual matrices across all videos in the validation
dataset. They correspond to different approaches, mean-pooling
of features, max-pooling of features, and max-pooling of both to-
kens and features respectively in the few-shot k = 16 setting us-
ing a ViT-L/14 model on the SSv2 dataset. We observe that these
trends hold in general across the different evaluation settings and
datasets.

6. Conclusion
The experiments demonstrate the effectiveness of max-
pooling of tokens and features to different degrees on differ-
ent benchmarks. Despite these differences, the application
of max-pooling generally improves the performance com-
pared to the mean-pooling baseline widely used for tem-
poral aggregation of frame-level features into a video-level
representation.
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Table 6. Significance of Later Layers:
Base-to-novel setting

SSv2

Method Base Novel HM

maxs=6 17.7 12.8 14.9
maxs=3 18.0 12.6 14.8
maxs=1 18.2 13.3 15.4

Table 7. Significance of Later Layers:
Few-shot setting

Model SSv2

K=2 K=4 K=8 K=16

maxs=6 7.1 8.6 9.6 14.3
maxs=3 7.2 8.5 10.0 14.5
maxs=1 7.0 8.6 10.0 14.3

Table 8. Position of Token Max-Pooling:
Base-to-novel setting

K-400 SSv2

Method Base Base

maxs=3,before 77.4 17.8
maxs=3,after 77.5 18.0

Table 9. Position of Token Max-Pooling:
Few-shot setting

Model SSv2

K=2 K=4 K=8 K=16

maxs=3,before 7.2 8.4 10.0 14.4
maxs=3,after 7.2 8.5 10.0 14.5
maxs=1,before 6.8 8.5 9.8 14.2
maxs=1,after 7.0 8.6 10.0 14.3

Table 10. 16 vs 32 Frames:
Base-to-novel setting

K-400 SSv2

Method Base Base

maxs=1,f=16 76.8 18.0
maxs=1,f=32 77.6 18.2

Table 11. 16 vs. 32 Frames: Few-shot setting

Model SSv2

K=2 K=4 K=8 K=16

maxs=3,f=16 7.0 8.5 10.3 14.4
maxs=3,f=32 7.2 8.5 10.0 14.5

Table 12. ViT-L/14: Base-to-novel setting

SSv2

Method Base Novel HM

mean 20.3 15.3 17.6
max 22.9 16.0 18.8
maxs=24 23.0 14.8 18.0
maxs=12 23.0 16.2 19.0
maxs=8 23.1 16.1 19.0
maxs=3 23.0 16.0 18.9

Table 13. ViT-L/14: Few-shot setting

Model SSv2

K=2 K=4 K=8 K=16

mean 9.1 10.3 12.1 15.2
max 9.6 11.4 13.6 18.0
maxs=3 9.7 11.6 13.6 18.0
maxs=4 9.8 11.6 13.8 18.1

Table 14. Comparison of the top 1 accuracy on using a combination of mean-pooling or max-pooling of features, denoted as mean or max
respectively. Each model is additionally trained with or without the max-pooling of tokens in the last s layers of the Transformer, denoted
by the subscript (ex. s = 1 denotes the last layer). The default settings for each model use 32 frames and apply the token max-pooling
after self-attention in the Transformer layer.
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