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Abstract: Action representations are essential for developing mutual cognition toward efficient
human-AlI collaboration, particularly in human-robot collaborative (HRC) workspaces. As
such, it has become an emerging research direction for robots to understand human intentions
with video Transformers. Despite their remarkable success in capturing long-range dependen-
cies, local redundancy in video frames can add up to the inference latency of Transformers
due to overparameterization. Recently, token pruning has become a computationally efficient
solution that selectively removes input tokens with minimal impact on task performance.
However, existing sparse coding methods often have an exhaustive threshold searching pro-
cess, leading to intensive hyperparameter search. In this paper, Bayesian Prototypical Pruning
(ProtoPrune), a novel end-to-end Bayesian framework, is proposed for token pruning in video
understanding. To improve robustness, ProtoPrune leverages prototypical contrastive learn-
ing for fine-grained action representations, bringing sub-action level supervision to the video
token pruning task. With variational dropout, our method bypasses the exhaustive threshold
searching process. Experiments show that the proposed method can achieve a pruning rate of
37.2% while retaining 92.9% of task performance using Uniformer and ActionCLIP, which
significantly improves computational efficiency. Convergence analysis ensures the stability
of our method. The proposed efficient video understanding method offers a theoretically
grounded and hardware-friendly solution for deploying video Transformers in real-world
HRC environments.

Keywords: spatial-temporal modeling; sparse coding; human-robot collaboration; action
recognition; inference optimization

MSC: 62F15

1. Introduction

The semantic representation of human actions is essential for agile planning in human—
Al collaboration [1]. A significant research question for human-robot collaborative (HRC)
systems [2] is to explore human cognition [3] and behaviors in manufacturing more pro-
foundly and develop robust action recognition methods to understand human-robot col-
laboration. Recently, Transformers [4] have been emerging as promising models for action
representation learning because of their ability to capture long time range dependency in
videos [5]. However, semi-automatic assembly lines often have humans performing similar
yet distinct sub-actions [6], as tasks are often sequential, hierarchical, and context depen-
dent [7]. These sub-actions are parts of overarching actions, and are often unlabeled due to
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labeling cost [8], hence urging data-driven modeling for disambiguation. For example, a
shared control action may include command, control, and manipulation, where a human
first instructs through GUISs, then adjusts the movement via joysticks and finally interacts
directly (see Figure 1). One important research question is to automatically learn useful
action representations for action recognition. Supervised representation learning [9] has
achieved state-of-the-art performance by learning generalizable features with robust fault
tolerance via multi-view contrastive learning [10]. Recently, contrastive multi-view coding
(CMC) [11] shows a promising direction to representation learning across multi-views [12].
Despite its superior performance, the method demands numerous contrastive action pairs
for pulling similar samples together and pushing dissimilar actions apart. Acknowledging
multi-facets of actions in collaborative manufacturing may produce a more comprehen-
sive understanding of human actions, whose usability is not well investigated in weakly
supervised learning [13] where actions are more fine-grained and unlabeled.

Another problem is the applicability of modern neural networks, stemming from
massive overparameterization, which requires graphic processing units for real-time in-
ference. The computational complexity of Transformer models grows quadratically with
the length of an action sequence, leading to high CPU latency and time delay, which limits
the model’s ubiquity in edge devices. For instance, ViT-Base [14] can take around 10 s per
image for a 224 x 224 input image on a high-end CPU, while convolutional neural networks
only take 10 ms on the same device [15]. Real-time inference is critical in an Al assembly
line [10] because delays in action recognition can lead to communication mismatches or
even safety risks. To address this, one feasible solution is to enforce the sparsity of the
deep features to reduce the insignificant dimensions for computational efficiency. Token
pruning [16] is a dimensionality reduction method in which input tokens with limited
effects on predictions are pruned. In computer vision, token pruning can actually improve
the timing of Transformers on edge devices as unnecessary input features are removed
from the computational graph. However, naively applying token pruning to action recog-
nition poses difficulties in two aspects. Primarily, existing pruning methods [17,18] that
employ the Bayesian setup depend on fixed layer-wise thresholds to decide whether to
retain or discard a token, founded by either tuning expertise or grid search. Furthermore,
action class distributions can significantly vary between synthetic and real-world environ-
ments, imposing severe viewpoint variance during sim-to-real knowledge transfer [19].
Specifically, the features of human-AlI collaborative workspaces can be influenced by illumi-
nation and occlusion [20]. These noisy environmental factors can challenge the robustness
or even convergence of an action recognition algorithm, which was underexplored in
previous work.

In this work, we propose a Prototypical Pruning method, namely (ProtoPrune), to
select task-relevant features and extract sub-action concepts with end-to-end learning. With
a weakly labeled action sequence, ProtoPrune initiates the sub-action optimization with K-
means clustering. Then, the method iteratively optimizes the sub-action representation and
feature selection with prototypical contrastive learning regularized by an L-1 term. To avoid
exhaustively searching the shrinkage thresholds, we apply variational dropout [21,22] to
a pretrained self-attention mechanism using Gumbel-Softmax tricks [23]. In particular,
we integrate task awareness and between-frame similarity into the selective attention
mechanism, thus enforcing top-to-bottom supervision. Finally, we show that ProtoPrune is
a theoretically grounded approach for video feature selection yielding a high compression
rate and accuracy. The proposed method can be used in practical applications such as
safety monitoring [24] and adaptive workspace planning [25] in human-robot collaborative
environments.
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Figure 1. Spatio-temporal graphs from dual-view cameras in human-robot collaboration.

To summarize, the contributions of this paper are as follows:

e ProtoPrune: a Bayesian token pruning method that automatically selects task-relevant
features with a refined self-attention mechanism.

e Theoretical analysis for the convergence of the Prototypical Pruning method with
mathematical proof.

e  Experimental analysis on two off-the-shelf video Transformers, demonstrating that
task-awareness supervision can efficiently guide token pruning.

The remainder of this work is organized as follows: Section 2 contextualizes Pro-
toPrune with recently proposed methods. Section 3 introduces prototypes to remove
task-irrelevant inputs with a deep Bayesian learning framework. Section 4 gives a theo-
retical analysis of the convergence of the proposed method. The experiments in Section 5
demonstrate that prototype-aware token pruning is the major component of inference
speedup, while Section 6 concludes the paper.

2. Related Works

This section will discuss related works in human-robot collaboration, keyframe ex-
traction, automatic action recognition, optical flow and action recognition, and structured
pruning. These topics are essential for understanding the context of this paper.

2.1. Human—Robot Collaboration

Human-robot collaboration (HRC) in a manufacturing context allows humans to work
with robots in close proximity [26]. In the last decade, numerous studies have explored
HRC applications in manufacturing [27], including assembly [28], material handling, weld-
ing, picking-and-placing, and more, promoting HRC applications for human safety [29],
operator assistance, and robust adaptive control [30]. The human-robot co-working of
Industry 5.0 [31] needs to learn generalizable knowledge and anticipate human actions
to enable humans and robots to execute ergonomic operations [32]. With evolving task
arrangements, cobot video processing should adapt to egocentric video [33] to proactively
coordinate with humans. In this work, we leverage prototypes to model weakly labeled
sub-actions, providing a fine-grained pruning solution for inference acceleration.
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2.2. Keyframe Extraction

An unsupervised clustering [34] proposed the adaptive method for feature selection
in video signals, choosing those nearest to the cluster centers as keyframes. VSUMM [35]
selects typical features using k-means clustering based on color features. Delaunay clus-
tering [36] groups frames into clusters based on their geometric proximity in a high di-
mensional space. Work in [37] incorporates caption information into frame representa-
tion. Graph regularized matrix factorization [38] has integrated structure information
into keyframe extraction. Meanwhile, Transformer models [4] have gained considerable
attention across various domains. While Transformer models offer highly expressive repre-
sentations, their computational cost scales quadratically with the input sequence length,
making them prohibitively expensive for many applications. This limitation is significant in
energy-sensitive environments, such as human-robot collaboration (HRC) systems where
computational efficiency is a critical concern [39].

2.3. Automatic Action Recognition

Video sequence has local redundancy in both space and time [40]. To learn representa-
tions for action recognition, pioneering works, such as 3D ConvNet [41] and I3D [42], lever-
age 3D convolutions to extract features from video frames. However, the fixed receptive
fields of convolution operations hinder model expressiveness for global dependency [43].
While Transformers can compute global correspondence, they are prone to learn shortcuts
such as scenes or viewpoints. Ref. [44] mitigates the scene bias of extracted features by
maximizing an adversarial loss to scene labels. The skeleton-based method [45] can ad-
dress bias by removing scene-related background but requires extra 3D skeleton extraction.
The methods mentioned above mainly consider single-view videos instead of multi-view
videos. Multi-view systems [46] offer practical solutions to address occlusion challenges by
leveraging diverse perspectives to ensure fault tolerance in dynamic environments. This
approach is often improved through synthetic or real-world data augmentation [47]. In
this paper, we introduce an orthogonal method that integrates fine-grained action repre-
sentations into token pruning, further improving the responsiveness and adaptability of
HRC systems.

2.4. Optical Flow and Action Recognition

Optical flow [48] describes motion vectors for each pixel within a video frame. Optical
flow contributes to dynamic motion pattern recognition with its invariance to appearance
across different scenes. Ref. [49] introduces a dual-stream architecture, which separately
processes RGB images and optical flow through spatial and temporal convolutional net-
works, respectively. TSN [50] extends this framework by extracting multiple short video
snippets and training the networks with model consensus as the labels. However, optical
flow is optimized with end-point error [51], which correlates poorly with action recogni-
tion. Unlike these methods, ProtoPrune implicitly encodes optical flow information using
self-attention mechanisms and further measures redundancy between sampled frames by
computing similarity scores with action prototypes.

2.5. Structured Pruning

Compressive sensing [52] has laid the groundwork for expressing signals with sparse
representations [53]. Pruning is the practice of removing redundant components from a
model. Pruning can be broadly categorized as structured pruning [54] and unstructured
pruning [55]. Structured pruning is a model compression technique that removes entire
groups of neural network parameters (e.g., neurons, filters, channels, or layers) based on
their importance scores while preserving the overall architecture of the model. Unlike
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unstructured pruning, which removes individual weights independently and often results
in irregular sparsity, structured pruning maintains the dense matrix structure, making
it more hardware-friendly and computationally efficient [15]. Token pruning [56], with
its origins in NLP, can effectively improve throughput by removing inputs irrelevant to
the task.

In computer vision, EViT [57] leverages self-attention fusion to merge unimportant
tokens into a meta-token, which can be a bottleneck to model expressiveness. K-centered
patch sampling [58] leverages K-center Search for structured patch sampling. Nevertheless,
its performance is sensitive to a fixed hyperparameter—the number of cluster centers.
ToMe [59] adopts a soft bipartite matching algorithm to pair and merge tokens adaptively,
but this proportional attention relies on sorting to find paired tokens and a fixed threshold
to keep top-r paired tokens, inevitably increasing latency in real-time inference. To address
this limitation, ToFu [60] dynamically combines token pruning and token merging to
select the most suitable strategy based on “functional linearity”. Adjust [61] leverages the
Gradient Aware Scaling (GAS) operation to adjust the pruning rate, but its top-k pruning
process relies on a fixed hyperparameter to select the more important tokens, which might
lead to inaccurate gradient estimation and affect algorithm convergence.

Similar to EViT, ProtoPrune is also an attention-based method that dynamically selects
important video tokens that jointly consider three factors—attention activation, prototypical
similarity, and frame redundancy—enabling its sparsity to adapt to input content. This
Bayesian pruning method offers greater flexibility by combining the advantages of both
token merging and token matching, without using fixed hyperparameters. In this way,
the proposed method learns a dynamic token selection strategy rather than relying on
a predefined token selection function. Additionally, the prototypical learning algorithm
inherently facilitates data mining, allowing it to discover sub-actions in action recognition
tasks. Compared to K-centered approaches, the proposed method leverages iterative
clustering only during training to learn prototypes, while using static prototypes during
inference, thereby adding negligible computational complexity. The key elements of these
methods are summarized in Table 1.

Table 1. Key elements of the ProtoPrune and related works.

Study Summarization Key Element

EVit [57] Token merging via fusion Self-attention Fusion
K-centered [58] Efficient patch-based sampling K-center Search

ToMe [59] Image token merging Bipartite Matching
ToFu [60] Combine merging and pruning Bipartite Soft Matching
Adjust [61] Adaptive pruning rate Gradient Aware Scaling

ProtoPrune (ours) Pruning weakly labeled sub-actions Prototypical learning

3. Methodology

In this section, we will first introduce the mathematical notations of action recognition
and formulate it as a sparse coding problem. We consider video sequence classification
as a sequence classification problem because a video is inherently a sequence of frames
that unfolds over time. Unlike static image classification, where a single image is analyzed,
video classification requires models to understand how the frames evolve within the time;
additionally, small chunks in the same sequence may provide fine-grained hierarchical
structures into the overall activity. Then, we will introduce a Bayesian action recognition
method by learning prototypical representations for multi-views. After that, we will derive
a Bayesian token pruning method to sparsify action representations without the need for
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exhaustively searching pruning thresholds. Figure 2 shows an overview of the Prototypical
Token Pruning method (ProtoPrune). The Transformer model encodes prototypes (y) and
samples (x) into a deep latent space, where distances to subclass prototypes corresponds
to categorical probabilities. The sparse attention mechanism reuses attention weights as
importance scores, removing tokens with less impact with Gumbel-Softmax to speed up
inference. For the convenience of method introductions, we provide Table 2 to show the
math symbols used in this paper.

antial
% )
L
T G
prior

A

importance mrm
Self Attention .
Similarity
f We éWK W
Xt-1 i Xt
frame x1 X2 Xt1 Xt
@ prototype @ patch @ sample
> subclassi (> subclassj ) class

Figure 2. The computational graph of Prototypical Pruning. Gumbel-Softmax learns a binary mask
based on the semantic similarity with the prototype and redundancy between adjacent frames
(marked by red). Prototypes y; and y; are fine-grained sub-actions of the same class. Video tokens
are iteratively sparsified by reusing learned self-attention.

Table 2. Mathematical notations of the methodology

Symbol Description

\% A video clip recording one action
e; The embedding of the i-th frame, with x; € R?
d The number of hidden dimensions
x Feature summed over the hidden dimension
U The keyframe (prototype) in multi-views
T Hard threshold for token pruning operations
Iy Temperature for Gumbel-Softmax operations
« The margin to discriminate the representations
T Concentration level of the feature distribution in prototypes
f The raw likelihood function used in the Bayesian inference

fproto The modified likelihood function in Bayesian Prototypical Pruning
€ Gumbel sample from a prior distribution
w Aggregating feature magnitudes on the / th layer

CLS The [CLS] token from a video Transformer

PRR Performance retention ratio measures accuracy of pruned models

GFLOPs  Giga floating point operations measure inference computation
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3.1. Problem Formulation

c RMXHXW><3

Given a video clip V , where M, H and W are the frame number,

the height, and width of a frame, respectively. Following ViT, each frame is split into

N = % X % patches, and the patch size is denoted as P x P.

V:[IllIZI"'/IWl/"'/IM] (1)
Im = [Im,lr Im,2/ Tty Im,N] (2)
Then, this sequence of image patches is encoded with an embedding layer W. An

additional token ¢4 is concatenated at the beginning of the sequence of patches to learn
the action representation of the current frame. The encoding process can be written as

Cm = Emcls + I/ve—r [Xmclss Xm,1, X2+, Xe.N] + espatial 3)
T

= em,cls + Wg [xm’cls/ xm,l’xt/Z/ e Ixt,N] + [1/ 2/ Tty N] (4)

e = [61,62,...,6M] (5)

where e, € RT*N denotes the frame embedding and e € R**(N*M) js the embedding of
the whole video clip. In the literature of activation-based feature importance, importance
can often be measured by the sum of magnitude across all hidden dimensions on that
pixel. In this paper, we extend this idea to video processing by summing across the hidden
dimension to measure token importance, written as

¢ = Attention(e) € RI*(N*M) (6)
w=[1,1,..1] € R4 ?)
x =we € R*X(N*M) 8)

where ¢’ is the embedding after the Transformer’s self-attention, and w is an all-one vector
that sums across the hidden dimension of video embeddings.

Let x; € RN, xXj € RN be the token embedding after the ith and jth iterations. The
optimization goal is to reduce the sequence length N; < N; < (N x M) when i < j, thus in-
creasing the throughput of video Transformers. The process is illustrated in Figure 3, which
illustrates the temporal and data flow of the proposed methodology. The diagram shows
how a video clip consisting of four frames is encoded into embeddings. The Bayesian token
pruning module, employing Gumbel-Softmax, is integrated between the self-attention
blocks to improve computational efficiency. Additionally, the diagram highlights the im-
portance of attention-based learnable masks, sequentially removing less significant frames,
generating a 16-fold efficiency improvement.

Formally, we formulate this ¢; norm regularized classification problem in a well-
established sparse coding framework [62], written as

Fp,x) = f(u, ) + 8 (xi) ©)

f(px) = [[u = Wxl2 (10)

8(x) = llxllx (11)

where || - ||2 denotes the ¢, norm of the difference between projected feature vectors Wx

and its prototype y. || - |1 denotes the 1 norm of the deep feature vector x. f(y, x) is the ¢,
distance indicating the error of matching feature x to the prototype u, and g(x) is the ¢4
regularization term that enforces the sparsity of the feature x. Since the /; term has a non-
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differentiable point, we can optimize F with the proximal gradient descent algorithm [63],

written as
Wi = W1 — ViwF(f, & Wi—1)

xt =7 (x—1 — VF(f, & xt-1)) (12)
nr(z) = sign(z)(|z[ = T)
where 777(+) denotes the shrinkage operator with threshold T, and y; represents the sparse

action codes at the iteration ¢. These update equations provide an efficient algorithm for
learning compact video representations while maintaining essential visual information

captured by Transformers.

Figure 3. Bayesian token pruning within a ViT backbone where the Gumbel-Softmax module
integrates video features and feature importance between the self-attention blocks for efficiency.

3.2. Bayesian Action Recognition

The Maximum A Posteriori (MAP) estimation of sparse action vectors x given obser-
vations y is derived from the Bayes’ theorem, where the posterior distribution P(x | u) is
proportional to the product of the likelihood P(y | x) and prior P(x), written as

XMAP = argmﬁx {P(m;()mp(x) ] (13)
o arg max[P(u[x) - P(x)] (14)

N N
P(plx) = HG(M’Q) L (i) (15)

where the likelihood P(y|x) follows Gaussian distribution if one uses ¢, distance and
Bernoulli distribution if one leverages entropy distance [64]. The marginal likelihood
P(u) is a norm. The prior P(x) is linked to a sparse distribution reparameterized by
Gumbel-Softmax [23] in the following section.

To balance the distance between multi-views, we replace the ¢, distance in Equation (10)
with InfoNCE distance [65]. This modified training objective increases multi-view compari-
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son by bringing frame representations closer to their prototypes y;, repelling representations
from prototypes of different action classes,

(xiTVi“>

exp| 57—

fproto(ﬂ/ xi) = —log T —a T (16)
exp(’ = ) —l—E]-#iexp( IT’>

where the product similarity to the right camera views (prototypes) are encouraged to

have a margin « over similarities to other views. With moving cameras, some views may
not have samples. These view-specific missing prototypes are filled with the average of
prototypes within that action class.

3.3. Bayesian Token Pruning

Intuitively, we want to find a threshold T to preserve semantically important tokens
and to remove redundant tokens. However, the hyperparameter search will significantly
increase the training cost of the sparse training. To address this problem, we can replace
the hard thresholding with variational dropout using Gumbel-Softmax. That is, we can
keep or remove the pth token according to the token importance x;, measured in the
ith iteration. Furthermore, to enable faster convergence, we can embed redundancy and
semantic-awareness knowledge into the model as,

. ToT
apg = (Fxp, Fxg) = x, Wy Wi

- Tl
cp = <xp/ VC> = xp WK WKVC (17)
sip=(1—)_ ap, —|—r51€ag<acp) “Xip-
q€Q

where the similarity-based token importance is measured by the inner product between
feature vectors. ap is the similarity between the prototype p and the pth token in the
attention space, and a,; measures the redundancy of the pth token, measured by the
similarity to the same position in previous frames. Q denotes the set of previous frames.
Concretely, we compute the token importance scores with the first key projection head Wy
following ToMe [59].

Finally, we introduce the sparse prior term P(x;) selecting important tokens by apply-
ing the Gumbel-Softmax reparameterization trick to the affinity scores. The Gumbel noise
€; is sampled from a uniform distribution, imposing an equal prior assumption on tokens,
written as,

P(x;) e gumbel_softmax s;, )
exp((log(sip) +€i) /p)

~ TF exp((log(5iy) + ) /p) (19

R=2 sigmoid (log(sip +€i)/p),

where p € [0,1] is the temperature parameter that controls thresholding. The Gumbel-
Softmax provides an eco-friendly pruning operation, reducing the burden of exhaustive
threshold searching.

3.4. Summary of the Algorithm

The pseudo-code for our probabilistic token pruning method is given in Algorithm 1.
To summarize, ProtoPrune improves the efficiency of video Transformers by dynamically
pruning redundant video frames while preserving semantically important information.
The algorithm begins by initializing prototypes u using K-means clustering over frame-
level features, allowing prototypes to capture typical sub-action patterns. During training,
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features are assigned to their nearest prototypes, which minimizes the distance between
frame features and their cluster centers.

Algorithm 1 Prototype-Aware Token Pruning (ProtoPrune)

1: Input: Model pretrained for general video processing.

2: Step 1: Initialize prototypes p with K-means clustering over features x;

3: for epoch in total_epochs do

4:  Step 2: Sample a mini-batch of clips {Vy, V5, -+, Vn };

5 Apply clustering to clips from the same action class.

6 for i in total_frames do

7: Step 3: Compute feature embeddings x; of each patch;

8 Step 4: Assign each frame to a cluster;

9 Step 5: Compute frame importance scores based on the Equation (17);

10: Step 6: Apply the Gumbel-Softmax to the scores to generate binary masks;
11: Step 7: Generate the sparse feature x; with the mask;
12: end for

13: Step 8: Use the objective F to finetune the backbone;
14: Update model weights W and prototypes y;

15: end for

16: Output: Efficient video Transformers and prototypes.

In Step 5, feature importance scores are computed based on the similarity to prototypes
and temporal redundancy described in Equation (17). Then, in Step 6, this score goes into
the Gumbel-Softmax operator and generates a binary mask for the frame, as shown in Step 7.
After that, the model and prototypes are jointly updated with a prototypical contrastive loss.
This loss encourages frames from the same sub-action to converge toward their sub-action
prototypes, improving intra-cluster cohesion. Finally, after all training epochs elapse, the
result outputs an efficient video Transformer where retained video tokens correspond to
key information for action recognition.

4. Convergence Analysis

In this section, we provide a convergence analysis for the proposed sparse action
recognition algorithm with the following assumption. Before we embark on the con-
vergence analysis of ProtoPrune, it is essential to establish two key lemmas based on
some assumptions.

Assumption 1. Assume the predictor f can be approximated by its second-order Taylor expansion
in its definition field. Then, the quadratic lower bound of F(x) at the point x; can be written as

Qx,xe) = fxe) + {x — 2, Vf(x)) + éllx — x| + g(x). (19)

Assumption 2. The predictor f and its first-order differential satisfy the Lipschitz smoothness
condition in the field of its definition. Then, the first-order differential is upper bounded by the
Lipschitz constant of function f,

IVf(x) = Vf(x)| < L(f)]x — xe]. (20)

Lemma 1. (First-Order Optimal Condition, FOC) For the optimal deep feature x;, let f be the
distance function and L be the Lipschitz constant defined in Assumption 2. If g(-) is not differentiable
at x and then there exists the subdifferential «y(x;) € 0g(y(x¢)), such that

Vf(xe) + Lnr(xe) — xt) +v(x) =0 (21)
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Proof. The proof is immediate from the optimality conditions of the strong convexity. [J

Lemma 2. Let x* be the optimal deep feature, and yr(x;) be the sparse representation after t
iterations are shrunk with a threshold T, if F(nr(x2)) = Q(y1(xt)), then

* L *
F(x*) = F(yr(x)) > 5 llpr(xe) = xl® + Llx = 2%, 2 = gp () (22)
Proof. From the quadratic lower bound, we have

F(x") = Q(x7, ypr(xr)) (23)

From the convexity defined in Equations (10) and (11), we have

f(x7)

> f(xt) + V() (x" — x) (24)
g(x") =g

(1 (xe)) + v (xe) (x* — yp7(xt))

in which y(x;) is defined in Lemma 1. Consequently, we can derive

* * * L *
F(x®) 2 fx) +8(pr () + (2" = xe, VF(xe)) + (&7 —yr (), v(x2)) + S |27 = x|
I = xel|* > [l (xe) — x|
(25)
By substituting Equations (19) and (25) into Equation (23), yields

F(x*) = Flrr(a)) + QUrr(x)) 2 = () =l + (x° = r(xe), V() + (1))
= — 2 () %l + Lix* = (), % — nr ()

L *
= S lr(xe) = xil* + Lixe = 2%, 7 (x0) — 1)
(26)
That completes the proof. [

Theorem 1. Let {x;;} be the sequence of deep features generated by our sparse encoding optimiza-
tion. Then for any n > 1, the sparse feature x; iteratively optimized in Algorithm 1 will converge to
the neighborhood of an optimal compressed feature with O(1/k),

L(f)|lxo — x|

Flxr) = F(x) o

IN

(27)
Proof. Invoking Lemma 2 and set L = L, 1, we obtain

2 2
F(x*)—F xt)) > ||xr — xp—q||” +2(xp-1 — x*, Xt — X1
T (F() = Fx0) > v =P+ ) o

= " — 2] = 2" = %

Combining the upper bound and the optimal condition of F(x*) — F(x¢) < 0, we can derive

2 * * *
fggﬂx>—nw»znx—mW—nx—mqw. (29)

Summing this inequality over t =0, ...,k — 1 gives

k—1
ﬁ%(HWﬂ—gFWOZIf—mV—W“WM% (30)
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Invoking Lemma 2 again yields
2 2
T (F(xm1) = F(xt)) 2 |lxe—1 — xef (31)
n+1
Since the lower bound of the Lipschitz constant L, 11 > L(f), it follows that
o (Flana) = () 2 vt — P @)
L(f) t—1 t fel t—1 ti -
Multiply the inequality (32) by n and sum over t =0, ...,k — 1 to obtain
2 k=1 k—1 )
oy 2 (MF(xi—1) = (n+ 1F(x) + F(xr)) > ) nlla—g — x| (33)
L(f) n=0 n=0

which simplifies to

5 k-1 k-1 )
70) <—kF(xt) + ngbl-“(xt)> > r;)n|\xt,1 — x| (34)

Adding Equations (30) and (34), we obtain

Ty (E() = F(x)) = [|lx" = x>+ Y nflx—y — x| =[x = xo])? (35)
(f) n=0
and hence it follows that

. 2

That completes the proof. [

5. Experiments
5.1. Datasets and Metrics

We evaluated the accelerated inference performance of the proposed action recogni-
tion methods with state-of-the-art baselines on the Kinetics-400 [66] dataset, Something-
Something V2 (S5V2) [67] dataset, and an HRC testbed [68]. The main features of these
datasets are summarized in Table 3. The Kinetics-400 dataset focuses on general human
activity recognition across diverse actions. In contrast, SSV2 focuses on fine-grained interac-
tions from an egocentric (first-person view) perspective, while human-robot collaboration
(HRC) datasets address action recognition with varying illumination.

Table 3. Main features of Kinetics-400 and SSV2 datasets.

Feature Kinetics-400 SSv2 HRC
Classes 400 174 4
#Videos/Images ~260,000 ~200,000 13,926
Duration ~10s ~2-6s ~2 min
Frame Rate 25 fps 12 fps 30 fps
Focus general egocentric, FPV illumination
Source YouTube crowd-sourced laboratory

To assess how well the model can classify samples, we report Top-1 accuracy on
the test set. The retention rate [69] is computed as the ratio between the performance
of the pruned model and the original model. We report the performance retention ratio
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(PRR) as the harmonic mean of the ratio between pruned and raw models. We weigh the
computational complexity with giga floating-point operations (GFLOPs).

5.2. Implementation Details

Our experiments investigate human action recognition in a collaborative production
environment, focusing on inference acceleration. The model is expected to understand
actions by correctly predicting the category and estimating the importance of the tokens.
An efficient action recognition algorithm should capture a range of visual cues pivotal for
action categories, including inspect, pick, assemble, or place. These identified actions may
be split into different shots, which requires detailed analysis. Our experiments employ
two video Transformer baselines, UniFormer [70] and ActionCLIP [71]. The choice of
using Uniformer and ActionCLIP as comparative baselines is based on their task alignment
for action recognition and their rigorous supervised training procedures with established
performance on standard benchmarks. We finetune ActionCLIP on Kinetics-400 and SSV2
in the experiments of ProtoPrune. To evaluate the importance of prototypes, we replace the
prototypes with the [Score] token for the ablation study. In our experiments, we split 10%
of the training set to create a validation dataset for hyperparameter tuning. Additionally,
we leverage weights and biases [72] to facilitate an efficient hyperparameter search, with
the key hyperparameters listed in Table 4. To handle dynamic environments, we incorpo-
rate widely used image augmentation techniques into the ProtoPrune, including random
resized crop, horizontal flip, and color jittering, to improve the robustness of the action
recognition algorithm against environmental factors. The hardware requirement is four
Tesla 32G V100 GPUs.

Table 4. Key hyperparameters for Bayesian Prototypical Learning.

Hyperparameter Value Description
Number of Prototypes 4 #views that limit the granularity of actions
Temperature 0.5 Gumbel-Softmax’s hyperparameter for sparsity
Learning Rate (LR) 1x107* Base LR with cosine decay
Batch Size 1024 Number of samples in a mini-batch
Weight Decay 0.05 Weight regularization term
Warmup Epochs 5 Epochs to stabilize early training
Total Epochs 100/30  Epochs on Kinetics-400/S5V2
5.3. Results

Table 5 provides a clear comparison of ProtoPrune with baselines on Kinetics-400 on
the test splits of Kinetics-400 and SSV2. Overall, ProtoPrune learns token pruning functions
on video data distributions, providing inference acceleration with a high retention rate. For
the ablation study, we mark the importance of prototypes by thresholding f(x;) with respect
to the [Score] token of Uniformer, as shown in the “Ablation” group in the second last row
of the table. By reducing redundant video content, the method shows fewer GFLOPs in two
setups, three image crops per frame with four shots (32 x 3 x 4) and one image crop per
frame with four shots (16 x 1 x 4). When applying ProtoPrune to UniFormer, the model
achieves a high-performance retention rate of 94.8% while reducing 37.2% of GFLOPs.
When adapting the model from Kinetics to SSV2, ProtoPrune classifies 70.2% of frames
accurately in the top-1 prediction. The method outperforms CLIP and Action-CLIP by
an obvious margin, demonstrating the gap between prototypical and textual supervision.
The performance retention rate drops from 94.8% to 70.7%, demonstrating prototypical
semantic-awareness is the major component of the algorithm.
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Table 5. Comparison of ProtoPrune and baselines on Kinetics-400 and SSV2.

Method Kinetics-400 SSv2 PRR
#frame GFLOPs| Top-11 #frame GFLOPs| Top-11
13D [42] 16x1x10 108 72.1 16x2x8 167.8 62.8 -
SlowFast [73] 32x3x10 12,720 77.0 32x3x10 12,720 58.4 -
CLIP [74] 8x1x1 149.1 57.5 8x1x1 149.1 5.1 -
ActionCLIP [71] 8x1x1 149.1 52.6 8x1x1 149.1 69.6 -
Dropout [21] 8x1x1 92.637.9% 18.3 8x1x1 92.6)37.99 10.3 17.9
ProtoPrune 8x1x1 92.637.9% 74.1 8x1x1 92.637.9% 62.7 91.0
UniFormer [70] 16x1x4 389 82.0 16x3x1 290 70.2 -
Dropout [21] 16x1x4 244.3 37 9, 24.7 16x3x1 182.7 379, 10.9 20.5
Ablation 16x1x4 244.3 37 9, 49.2 16x3x1 182.7 379, 47.3 63.5
ProtoPrune 16x1x4 244.3 3709, 75.9 16x3x1 182.7 379, 65.4 92.9

Figure 4 visualizes the performance of ProtoPrune in human-robot collaboration.
We select image patches to represent prototypes of typical actions in multi-view HRC
environments, such as “command” and “handover”, shown in the last row. With semantic
awareness, ProtoPrune can capture salient features for action recognition, such as the
chessboard, the moving body, and the robot arm. By contrast, more noisy background
objects are included in the comparison group, with parts of the human body and the robot
arm mistakenly pruned. Once pruned, information encapsulated in these tokens is lost in
the baseline. By contrast, ProtoPrune is good at reweighing the importance of tokens with
its viable solution.

Figure 4. Visualization of pruned video tokens. The first row shows the input frames followed by
tokens pruned with similarity to the [Score] token; the third row shows 4 prototypes of shared control.

Table 6 compares the action recognition performance of ProtoPrune and baselines
under four illumination conditions. We use the same hyperparameters, including the num-
ber of prototypes and Gumbel-Softmax temperatures, under four illumination conditions
(light, semi-light, semi-dark, dark). Overall, the method maintains high accuracy (e.g.,
96.4% PRR during illumination change) while having less computational complexity than
ActionCLIP. In the Light condition, ActionCLIP achieves a human-level action recognition
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accuracy of 99.1%. In the Dark condition, ProtoPrune maintains a stable performance of
89.9% accuracy, demonstrating only a marginal drop compared to ActionCLIP (91.6%).
While ActionCLIP achieves the best accuracy across four illumination conditions, it comes
at a significant computational cost, requiring 149.1 GFLOPs. In stark contrast, ProtoPrune
achieves competitive performance with only 92.6 GFLOPs, which is a 37.9% reduction in
computational cost. The comparison demonstrates the proposed method’s adaptability to
low-light conditions, which is crucial for real-world HRC environments.

Table 6. Performance analysis in HRC environments under four illumination conditions.

Method GFLOPs Light Semi-Light Semi-Dark Dark PRR
ActionCLIP [71] 149.1 99.1 95.4 92.3 91.6 -

Dropout [21] 92.6 40.2 38.4 35.7 355 39.6
ProtoPrune 92.6 94.7 90.3 89.7 89.9 96.4

Figure 5 visualizes ProtoPrune under three different lighting groups. The images
represent lighting conditions: semi-light, semi-dark, and dark. Each group of images is
organized horizontally, presenting a sequential batch of sampled frames, with the second
row in each group specifically illustrating the token pruning results, where pruned patches
are filled in white. ProtoPrune effectively preserves essential visual elements, such as
humans, calibration boards, and robotic components, within varying lighting conditions.
In the idling mode (depicted in the leftmost images), the algorithm adeptly eliminates
background noise, including the high-contrast white table, from the model’s focus. Remark-
ably, even under dark conditions, key structural details are retained, allowing the system
to sustain task continuity. This capability is particularly advantageous in industrial envi-
ronments, where maintaining a safe workflow is important. As the illumination becomes
dark, the mistake of pruning the operator’s patch is observed. The resultant information
loss regarding subtle visual cues, such as clothing patterns, poses challenges for critical
tasks, including person identification, workload tracking, and safety monitoring. Notably,
these errors are context-dependent and can be mitigated by overweighing these samples
during training.

Figure 6 presents a detailed visualization of the learned action representations with
t-distributed stochastic neighbor embedding (t-SNE) [75]. In this visualization, each small
cluster composed of eight points corresponds to a distinct video clip, with each individual
point representing a specific frame within that clip. In the left diagram, we observe clusters
are marked by excessive compactness. This phenomenon suggests that the action repre-
sentations generated under these conditions fail to adequately capture the diversity and
complexity inherent in the underlying data. In stark contrast, the application of ProtoPrune
introduces a regularization framework that significantly improves action representation
learning through the integration of prototype similarity or sub-action consciousness. As a
result, the fine-grained action representations reflect a deeper, more nuanced understanding
of human behaviors, allowing for more precise differentiation between actions and a clearer
delineation of their semantic overlaps. This enhanced representation of actions balances
the intra-class and inter-class distance in video frames, contributing to better classification
while facilitating video token pruning for better computational efficiency.
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(c) Dark

Figure 5. Visualization of ProtoPrune under semi-light, semi-dark, and dark illumination conditions.
Each illumination group displays a temporal flow of five sequential frames (top row) and the pruned
results (bottom row), where pruned patches are filled in white to highlight pruning effects.

o
e

.
B

%
o ot
g
-
o
-
© Prototype,

@ Frame1l

® Frame 2

. ® Frame 3

‘e @ Frame 4

K e Frame5

Pd e Frame 6

S @ Frame?7

® Frame 8

Figure 6. T-SNE plots without token pruning (left) and with ProtoPrune (right).
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6. Conclusions
6.1. Main Contributions

In this paper, we propose a novel Bayesian Prototypical Pruning (ProtoPrune) method
to address the critical challenge of computational efficiency in video understanding. By
combining prototypical contrastive learning with attention-based Bayesian sampling, our
method enables efficient and interpretable token pruning without the need for an exhaustive
threshold search. We use theoretical and experimental analysis to show that ProtoPrune
can optimize the computational efficiency of video Transformer models.

6.2. Main Results

Our experiments on Kinetics-400 demonstrate that ProtoPrune reduces GFLOPs
by 37.2% while retaining 92.9% of the original performance. When transferred to the
SSV2 dataset, ProtoPrune achieves 70.2% top-1 accuracy and outperforms both CLIP and
Action-CLIP baselines. The ablation studies confirm that prototypical similarity-based task
awareness is crucial for effectiveness, supported by the performance retention rate change
from 92.9%

6.3. Limitation and Future Work

In this work, we observed that the temperature parameter in Gumbel-Softmax is sensi-
tive to data distributions. An effective approach to address the corresponding overfitting
problem is to select a good initial point. For video Transformer pruning, we typically set the
initial temperature to 0.5 and allow the temperature to be adaptive and gradually change
over time, which helps mitigate the overfitting problem. Due to time constraints, this study
only investigates the use of a uniform distribution as the prior for Gumbel-Softmax. In
fact, other prior distributions could also be considered. For example, employing a Dirichlet
distribution allows control over weight sparsity by adjusting its parameters (the « vector)
and offers a better interpretation of weight importance. Future work will explore other
priors. Another direction of our future work will focus on environmental factors to facilitate
safety monitoring, including occlusion and reflectiveness.
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