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Abstract

Vision Transformers (ViTs) are compelling for edge deployment because they can operate
on compact token representations instead of full images, along with impressive capabil-
ities in video understanding. However, the combination of high computational cost and
large amounts of continuous video data poses a major challenge for real-time deployment
on resource-constrained edge devices within the Internet of Things (IoT) environments.
Most efficiency methods for ViTs target single images or per-frame optimization. Token
reduction techniques reduce intra-frame computation but leave substantial temporal re-
dundancy untouched in videos, where large regions are static across consecutive frames.
Recent video/token-reduction works highlight this redundancy by skipping redundant
operations while preserving full-resolution tokens and quadratic attention complexity,
which limits scalability in long-context and high-resolution settings. While these ap-
proaches are sound, they primarily target inference-time efficiency and do not address
the underlying representation complexity, which remains a major bottleneck in large-
scale video modeling. In this thesis, we fundamentally alter the computational scaling
behavior of video transformers by compressing redundant spatial-temporal information
into persistent background tokens. This enables long-term reuse, a bounded memory
footprint, and superior scalability to large architectures, while avoiding token explosion
and heavy memory operations. To this end, we propose a training-free method that
provides a more scalable, semantically meaningful, and memory-efficient mechanism for
temporal reuse compared to prior redundancy reduction approaches. The key idea is
to reuse computations for background regions that remain unchanged while dynamically
allocating compute to informative and evolving areas, significantly reducing redundant
processing without sacrificing accuracy. We introduce a temporal KV caching mecha-
nism for ViT inference on video that exploits background persistence across frames. In
an initial warm-up phase, the algorithm is able to create a compact and meaningful rep-
resentation of background tokens across the first P frames of inference by applying a
spatial-temporal merging technique on both tokens and their respective keys and values.
On subsequent frames, a matching algorithm selects background tokens that match the
ones contained in the cache in order to effectively reduce the token count and reuse the
cached KVs of the matched tokens in the cache. On action recognition benchmarks,
our method achieves 2-3x FLOPs reduction with negligible accuracy loss, substantially
outperforming prior temporal efficiency methods while maintaining semantic coherence.
Since foreground tokens remain untouched, this method provides flexibility to apply any
state-of-the-art techniques on them. In fact, when combined with orthogonal token reduc-
tion techniques, computational savings amplify to 6-7x FLOPs reduction, demonstrating
that KV-level caching and token-level sparsity address complementary redundancy axes.
Furthermore, this algorithm proves to be scalable to larger architectures; in fact, results
on ViT-L as a backbone show a 6x FLOPs reduction.
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Chapter 1

Introduction

Modern computer vision systems increasingly rely on transformer-based architectures,
which provide strong performance across a wide range of visual tasks but incur a signifi-
cant computational cost. This challenge becomes particularly evident in video processing
scenarios, where models must process large sequences of frames and reason about spa-
tial and temporal relationships simultaneously. While transformer architectures such as
Vision Transformers (ViTs) have achieved remarkable results in image and video under-
standing, their computational requirements make them difficult to deploy in real-world
applications where efficiency is critical. The main reason behind this computational bur-
den lies in the self-attention mechanism that forms the core of transformer architectures.
Self-attention enables the model to capture long-range dependencies between visual to-
kens by computing pairwise interactions between all tokens in a sequence. However,
this mechanism scales quadratically with respect to the number of tokens. As a con-
sequence, when high-resolution images or video sequences are processed, the number of
tokens quickly becomes very large, resulting in substantial computational and memory
requirements. In the context of video understanding, this problem becomes even more
pronounced because each frame contributes additional tokens to the sequence, and the
model must recompute key and value representations for every token at every frame.
At the same time, many practical applications of computer vision increasingly rely on
continuous video streams rather than isolated images. Systems such as autonomous driv-
ing platforms, smart surveillance cameras, drones, and augmented reality devices must
process visual input in real time while operating under strict computational and energy
constraints. In these environments, deploying large transformer models directly on edge
hardware can be impractical due to limitations in processing power, memory capacity,
and energy consumption. As a result, improving the efficiency of transformer-based video
models has become an important research problem. A large body of research has there-
fore focused on developing techniques that reduce the computational complexity of Vision
Transformers during inference. One widely explored direction is token reduction, where
the number of tokens processed by the transformer is decreased through pruning or merg-
ing operations. These methods attempt to identify redundant or less informative tokens
and either remove them entirely or combine them into a smaller set of representative
tokens. By reducing the token count, the computational cost of the attention mechanism
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can be significantly lowered. Most existing token reduction techniques, however, focus
primarily on spatial redundancy within individual frames. In these approaches, tokens
corresponding to visually similar regions of an image are merged together or pruned based
on learned importance scores. While these strategies can effectively reduce the number of
tokens processed by the transformer, they generally treat each frame independently and
therefore do not fully exploit the temporal structure of video data. In practice, video se-
quences exhibit a substantial amount of temporal redundancy. Consecutive frames often
contain very similar visual content, especially in background regions where little motion
occurs. For example, in many action recognition scenarios the background environment
remains largely unchanged while only a small subset of objects or people move within
the scene. Despite this redundancy, standard video transformer architectures recompute
token representations for every frame, including those corresponding to static regions.
This leads to a significant amount of redundant computation during inference. Recent
works have started to explore strategies that exploit temporal redundancy in order to
improve efficiency in video transformers. Some methods attempt to detect which tokens
change between frames and selectively recompute only those representations that cor-
respond to moving regions. Others introduce temporal caching mechanisms that store
intermediate representations from previous frames. Although these approaches demon-
strate promising results, they often suffer from limitations related to scalability, memory
overhead, or the additional computation required to identify reusable tokens. In partic-
ular, storing raw token representations across frames can quickly lead to large memory
footprints, especially when processing long video sequences. Furthermore, several exist-
ing methods rely on complex heuristics or additional modules to determine which tokens
can be reused, which may introduce additional computational overhead that partially
offsets the expected efficiency gains. To address these challenges, this thesis proposes
a new method called Temporal Background Key-Value Reuse (TBKV), designed to im-
prove the efficiency of Vision Transformer inference on video data. The key observation
behind TBKV is that background regions in videos tend to remain stable across consec-
utive frames. Instead of recomputing token representations for these regions repeatedly,
the proposed approach stores a compact representation of background tokens in a cache
and reuses their corresponding key and value representations during subsequent frames.
More specifically, TBKV introduces a caching mechanism that stores merged representa-
tions of background tokens extracted from an initial set of frames. These cached tokens
are then matched with tokens from later frames, allowing the model to reuse previously
computed key-value pairs whenever visual similarity is detected. By compressing redun-
dant information and selectively reusing computations, TBKV significantly reduces the
number of operations performed during inference while maintaining the ability of the
model to process informative foreground tokens normally. An important design goal of
TBKV is to ensure that the caching mechanism remains efficient both in terms of com-
putational overhead and memory usage. Rather than storing raw tokens directly, the
method applies a token merging strategy that aggregates similar background tokens into
a compact representation. This approach not only reduces the size of the cache but also
preserves meaningful semantic information that can be reused across frames. As a result,
the system is able to exploit temporal redundancy without introducing excessive memory
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requirements or additional computational complexity. The effectiveness of the proposed
method is evaluated on standard video understanding benchmarks using multiple Vision
Transformer backbones. Through extensive experiments, the thesis demonstrates that
TBKV can significantly reduce the number of floating-point operations required during
inference while maintaining competitive accuracy compared to baseline models. These
results suggest that temporal token reuse combined with spatial token merging provides a
promising direction for improving the efficiency of transformer-based video architectures.

Thesis Contributions
The main contributions of this thesis can be summarized as follows:

• Temporal KV caching for Vision Transformers. We introduce a novel tempo-
ral key-value caching mechanism designed for Vision Transformer inference on video
data. The method exploits the persistence of background regions across frames to
avoid redundant computation of attention representations.

• Background token merging strategy. We propose a token merging mechanism
that compresses redundant spatial-temporal information into a compact cache rep-
resentation. By merging similar tokens before storing them, the approach signifi-
cantly reduces memory footprint while preserving meaningful semantic information.

• Dynamic matching and reuse mechanism. We design a matching procedure
that dynamically compares tokens from new frames with cached representations
and selectively reuses previously computed key-value pairs. This mechanism allows
the model to reuse computations for stable background regions while preserving full
processing for foreground tokens that contain important motion cues.

• Comprehensive empirical evaluation. We evaluate the proposed method on
standard video benchmarks using multiple transformer backbones. Experimental
results demonstrate that TBKV achieves substantial reductions in computational
cost (FLOPs) while maintaining competitive accuracy compared to baseline models
and existing token reduction techniques.

Thesis Organization
The remainder of this thesis is organized as follows. Chapter 3 reviews existing research on
efficient transformer architectures, token reduction methods, and temporal redundancy
exploitation in video models. Chapter 4 introduces the proposed TBKV framework and
describes the methodological design of the caching and token matching mechanisms.
Chapter 5 presents the experimental setup, datasets, and evaluation metrics used to
assess the proposed approach. The experimental results and ablation studies are then
discussed in detail, highlighting the efficiency gains achieved by TBKV. Finally, the thesis
concludes with a discussion of limitations and potential directions for future work.
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Chapter 2

Background

2.1 Early Edge AI and CNNs

One of the earliest applications of computer vision models for edge devices was driven
by convolutional neural networks (CNNs), which were also the first to be used for visual
recognition tasks such as image classification, object detection, and video understand-
ing. CNNs are neural networks tailored for extracting patterns from images, where each
layer consists of filters (kernels) with their own parameters that slide across the image
to extract patterns. The first layers extracted common patterns, such as edges, while
more complex patterns emerged as the image passed through deeper layers. Pattern
extraction was made possible by a mathematical operation called convolution. Thanks
to their compact architecture, they were inherently optimized for resource-constrained
platforms such as mobile devices. A larger number of works sought to design lightweight
structures, since edge devices were still less powerful than today’s devices. Pioneering
works like MobileNet, ShuffleNet, and SqueezeNet tried to modify either the neural net-
work architecture or the convolution operation itself to reduce quadratic complexity and,
consequently, the number of floating-point operations (FLOPs) and parameters. As a
result, CNN-based models became the backbone of early edge AI applications, enabling
real-time visual perception across a wide range of tasks.

2.2 Early efficiency techniques for neural networks

Now we discuss in more depth the efficiency techniques for computer vision models de-
veloped in recent years. Beyond smarter architectural designs, a growing number of
model compression and optimization techniques have been developed to deploy increas-
ingly larger models on resource-constrained devices. These techniques aim to reduce
computation, memory consumption, and energy usage while preserving model perfor-
mance on specific tasks. Widely adopted strategies include quantization, which reduces
the numerical precision of the model’s weights; network pruning, which removes redun-
dant parameters based on some metric and, in some cases, even entire computational
blocks; and knowledge distillation, where a lighter student model is trained to mimic the
behavior of a teacher model(original model). Despite their success and implementation
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in all state-of-the-art models, these efficiency techniques often involve an unfavorable
trade-off between accuracy when the number of data and their dimensionality increase,
particularly in video understanding scenarios.

2.3 Another approach: dynamic inference efficiency

Previously mentioned approaches focus on developing efficiency techniques before de-
ployment; another widely used approach consists of algorithms that dynamically apply
efficiency techniques during inference. These newer approaches focus on computational
reduction approaches tailored to the type of input in real-time, therefore adapting com-
putational resources. Earlier works focused on exploiting the spatial and temporal redun-
dancy present in video data by skipping or reusing computation for regions with limited
variation. In video processing, change-based inference, frame differencing, and motion-
aware gating mechanisms have demonstrated substantial efficiency gains by avoiding re-
dundant computation across temporally adjacent frames. Techniques such as conditional
computation, early exiting, spatial gating, and temporal skipping enable CNNs to dy-
namically allocate resources to salient regions while suppressing background processing.
Although highly effective, these methods fundamentally rely on convolutional inductive
biases, including locality and translation equivariance, which limit their direct applica-
bility to emerging transformer-based architectures.

2.4 Transformers

Originally introduced for Natural Language Processing (NLP), transformers have rapidly
emerged as a dominant paradigm across a wide range of machine learning domains, includ-
ing computer vision. Their success is largely attributed to the self-attention mechanism,
which enables explicit modeling of long-range dependencies and global contextual inter-
actions within input sequences. Compared to the convolutional operations employed by
CNNs, which rely on fixed local receptive fields and hierarchical feature aggregation, the
self-attention mechanism offered by transformers is able to dynamically establish relation-
ships between all elements in the input, regardless of their spatial or temporal distance.
This allows each token to adaptively gather contextual information from the entire input,
resulting in flexible receptive fields and enhanced representational capacity. Such prop-
erties are particularly advantageous in vision tasks, where semantic understanding often
depends on interactions among distant regions and across multiple frames. From an archi-
tectural perspective, a transformer is composed of a stack of identical processing blocks,
each consisting of two primary components: a multi-head self-attention (MHSA) mod-
ule and a position-wise feed-forward network (FFN). These components are interleaved
with residual connections and layer normalization, which facilitate optimization and sta-
bilize training. The MHSA module captures global contextual relationships, while the
FFN independently transforms each token to enhance feature expressiveness. By stack-
ing multiple transformer layers, the model progressively refines token representations,
enabling hierarchical abstraction and robust modeling of complex dependencies.
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2.4.1 Self-Attention

As discussed in the context of Vision Transformers, images are decomposed into small
patches that are embedded into a high-dimensional latent space, forming a sequence of
tokens. Self-attention operates on this token sequence by computing pairwise similari-
ties between all tokens, producing an attention map that effectively captures correlations
among visual features. This mechanism enables each token to integrate contextual in-
formation from the entire image, resulting in representations that are highly adaptive to
scene content. Beyond capturing correlations, self-attention dynamically updates each
token based on the global context, allowing features to be refined according to their
semantic relevance within the image. This leads to richer and more discriminative repre-
sentations compared to the strictly local feature extraction performed by convolutional
operators.

Figure 2.1. Transformer architecture used as the foundation for Vision Transformers. The
multi-head self-attention mechanism illustrated here highlights the quadratic computation
cost that motivates token reduction and KV reuse strategies, such as the proposed TBKV
method. (Reproduced from [41])
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This process can be described in three phases:

• Input Representation: the input tokens are linearly projected into three dis-
tinct sets of vectors: Queries (Q), Keys (K), and Values (V). These representations
encode, respectively, the current contextual state, the reference features used for
similarity computation, and the information content associated with each token.

• Scoring: attention scores measure query-key similarity, typically via scaled dot-
product. These quantify each token’s relevance to others.

• Aggregation: the value vectors are combined using normalized attention scores
to produce context-aware token representations. A softmax function is applied to
the scores to obtain weights that sum to one, yielding a weighted aggregation of
the values (Eq. 2.1).

Attention(Q, K, V ) = softmax
(︄

QK⊤
√

dk

)︄
V (2.1)

Here, Q, K, and V denote the query, key, and value matrices, respectively, and dk

represents the dimensionality of the key vectors, which serves as a normalization factor
to stabilize gradients.

2.5 Vision Transformers (ViTs)
Transformers have long represented the dominant paradigm in natural language process-
ing; however, their adoption in computer vision was initially limited, as early attempts
largely relied on hybrid architectures combining convolutional neural networks (CNNs)
with attention-based modules. A major shift occurred with the introduction of the "An
Image is Worth 16x16 Words: Transformers for Image Recognition at Scale" [12] paper,
which demonstrated that a pure transformer-based architecture could effectively oper-
ate on visual data. The proposed Vision Transformer (ViT) departs from conventional
convolutional designs by employing only the encoder component of the transformer ar-
chitecture, resulting in a simpler and more modular structure. This design choice reduces
architectural complexity and makes the model more suitable for deployment in scenarios
with limited computational resources. In ViTs, an image is decomposed into a sequence
of fixed-size patches, which can be interpreted as small visual regions. Each patch is then
flattened and linearly projected into a latent embedding space, forming a set of tokens
analogous to word embeddings in NLP. More formally, let the input image be represented
as a tensor x ∈ RH×W ×C , where H and W denote the spatial resolution and C the num-
ber of channels. The image is partitioned into a grid of non-overlapping patches of size
P × P . This operation produces a sequence of N patches, where

N = H · W

P 2 . (2.2)

Each patch xi
p ∈ RP ×P ×C is flattened into a vector of dimension P 2C. To map these

vectors into a representation suitable for transformer processing, a linear projection is ap-
plied using a learnable embedding matrix E ∈ R(P 2C)×D, where D denotes the embedding
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dimension. The embedding of the i-th patch can therefore be written as

zi = xi
pE. (2.3)

After this transformation, the image is represented as a sequence of N tokens {z1, z2, . . . , zN },
each encoding the visual information contained in a local region of the image. This tok-
enization process enables the transformer to process visual data using the same sequence
modeling paradigm originally developed for language. Since transformers do not inher-
ently encode positional information, they are permutation invariant with respect to the
order of the input tokens. However, spatial structure is fundamental for visual under-
standing tasks. To incorporate this information, positional embeddings are added to the
token sequence. In addition, ViT introduces a learnable classification token, denoted as
zcls, which is prepended to the sequence of patch embeddings. This token acts as a global
representation that aggregates information from all image patches during the attention
process. The input to the transformer encoder is therefore constructed as

Z0 = [zcls; z1; z2; . . . ; zN ] + Epos, (2.4)

where Epos ∈ R(N+1)×D denotes a learnable positional embedding matrix. By adding
these positional encodings, the model becomes capable of distinguishing tokens based
on their spatial location in the original image grid. The resulting sequence of tokens
is processed by a stack of transformer encoder layers. Each encoder layer consists of
two main components: a Multi-Head Self-Attention (MHSA) module and a position-wise
feed-forward network (FFN). Residual connections and layer normalization are applied
around both components to stabilize training and improve gradient propagation. Let
Zl−1 denote the input token sequence to the l-th encoder layer. The operations within
the layer can be expressed as

Ẑl = Zl−1 + MHSA(LN(Zl−1)) (2.5)
Zl = Ẑl + FFN(LN(Ẑl)), (2.6)

where LN(·) denotes layer normalization. The self-attention mechanism represents the
core component of the transformer architecture, allowing each token to dynamically ag-
gregate contextual information from all other tokens in the sequence. Inside the atten-
tion module, the token sequence is linearly projected into three distinct representations:
queries, keys, and values. These are computed as

Q = ZWQ, K = ZWK , V = ZWV , (2.7)

where WQ, WK , and WV are learnable projection matrices. The attention weights are
then obtained through the scaled dot-product operation

Attention(Q, K, V) = softmax
(︄

QK⊤
√

dk

)︄
V, (2.8)

where dk denotes the dimensionality of the key vectors. This formulation enables each
token to attend to all other tokens in the sequence, thereby capturing both short-range
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and long-range dependencies across the entire image. The use of multiple attention
heads further improves the expressive capacity of the model. In multi-head attention,
several independent attention operations are performed in parallel, each operating on a
different projection of the input tokens. The outputs of these attention heads are then
concatenated and linearly projected to produce the final attention representation. This
mechanism allows the model to simultaneously capture different types of relationships
among tokens. By stacking multiple transformer layers, the model progressively refines
the token representations and learns increasingly abstract visual features. Importantly,
unlike convolutional networks, where the receptive field grows gradually with depth, the
self-attention mechanism provides each token with a global receptive field from the very
first layer. This property enables the model to capture long-range spatial interactions
that are difficult to model using purely convolutional operations. After the final encoder
layer, the representation associated with the classification token zcls is extracted and
passed through a multilayer perceptron (MLP) head to produce the final prediction.
During training, the model learns to aggregate relevant information from all patch tokens
into this single vector, which effectively summarizes the entire image. Following this
pioneering work, several studies have adopted ViT-style tokenization as a front-end for
more complex architectures, leading to the development of multimodal systems such as
Vision-Language Models. Moreover, ViTs enable a compelling edge-computing paradigm
in which images can be tokenized directly on edge devices, and only the resulting compact
representations are transmitted to remote servers. This strategy significantly reduces
communication bandwidth while preserving semantic content, making ViTs particularly
attractive for distributed and resource-constrained environments.

Figure 2.2. Vision Transformer (ViT) architecture showing the patch-based tokenization
and transformer encoder stack. This representation illustrates how images are converted
into sequences of tokens, emphasizing the high computational cost that video-based exten-
sions face and motivating the development of KV caching strategies to exploit temporal
redundancy(Reproduced from [12])
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2.6 Video Vision Transformers
While Vision Transformers were originally designed for static image understanding, many
real-world perception tasks involve sequential visual data such as videos. Video under-
standing introduces additional complexity compared to image-based tasks, as models
must capture not only spatial relationships within individual frames but also temporal
dependencies across frames. This requirement significantly increases both the dimension-
ality of the input data and the computational cost of processing it. A video sequence can
be represented as a tensor

X ∈ RT ×H×W ×C ,

where T denotes the number of frames, H and W represent the spatial resolution of each
frame, and C is the number of channels. Extending the Vision Transformer paradigm
to video data typically involves converting this spatio-temporal tensor into a sequence of
tokens that can be processed by transformer layers. A straightforward approach consists
of applying the same patch tokenization procedure used in image-based ViTs indepen-
dently to each frame. Each frame is divided into non-overlapping patches of size P × P ,
resulting in

N = H · W

P 2 (2.9)

tokens per frame. For a video containing T frames, the total number of tokens becomes

Nvideo = T · N. (2.10)

This formulation highlights one of the main challenges in video transformers: the number
of tokens grows linearly with the number of frames, while the computational complexity
of the self-attention mechanism grows quadratically with respect to the sequence length.
Consequently, the cost of attention in video transformers scales approximately as

O((T · N)2), (2.11)

which quickly becomes prohibitive when processing long video sequences or high-resolution
inputs. After patch extraction, each patch is flattened and projected into an embedding
space in the same way as in Vision Transformers. Let xt,i

p denote the i-th patch of frame
t. The embedding of the patch is obtained through a linear projection

zt,i = xt,i
p E, (2.12)

where E ∈ R(P 2C)×D is a learnable embedding matrix and D represents the embedding
dimension. The video is therefore represented as a sequence of spatio-temporal tokens

{z1,1, z1,2, . . . , zT,N }.

To preserve both spatial and temporal structure, positional encodings are extended to
incorporate temporal information. In addition to spatial positions within each frame,
tokens must encode their location in the temporal sequence. A common formulation
introduces separate spatial and temporal positional embeddings:

z0
t,i = zt,i + espace

i + etime
t , (2.13)
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where espace
i represents the spatial positional embedding associated with patch i, and

etime
t denotes the temporal embedding corresponding to frame t. This formulation allows

the model to distinguish tokens not only based on their spatial location but also accord-
ing to their position in the temporal sequence. Once the token sequence is constructed,
it is processed by a stack of transformer encoder layers similar to those used in Vision
Transformers. Each layer consists of a Multi-Head Self-Attention (MHSA) module fol-
lowed by a feed-forward network (FFN). Given a sequence of tokens Z ∈ RNvideo×D, the
self-attention mechanism computes query, key, and value representations:

Q = ZWQ, K = ZWK , V = ZWV , (2.14)

where WQ, WK , and WV are learnable projection matrices. The attention operation
then aggregates contextual information from all tokens in the sequence according to

Attention(Q, K, V) = softmax
(︄

QK⊤
√

dk

)︄
V. (2.15)

Through this mechanism, each token can interact with all other tokens across both spatial
and temporal dimensions. This enables the model to capture long-range dependencies,
such as relationships between objects appearing in different frames or interactions that
unfold over time. However, applying full self-attention over the entire spatio-temporal
token sequence introduces significant computational challenges. In particular, the atten-
tion matrix has size Nvideo × Nvideo, which can become extremely large when processing
videos with many frames. As a result, several architectural variants have been proposed
to reduce the computational cost of video transformers. One common strategy consists of
factorizing attention into separate spatial and temporal components. In this formulation,
spatial attention is applied within individual frames, while temporal attention is applied
across tokens at corresponding spatial locations in different frames. This factorization re-
duces the computational complexity while still enabling the model to capture both spatial
and temporal relationships. Another important property of video data is the presence of
strong temporal redundancy. Consecutive frames often share highly similar visual con-
tent, particularly in static regions of the scene. For example, background elements such as
buildings, landscapes, or stationary objects may remain nearly unchanged across several
frames. Despite this redundancy, standard video transformers recompute token repre-
sentations and attention interactions independently for each frame. This observation has
motivated recent research into more efficient processing strategies that exploit temporal
coherence in video streams. By identifying tokens that exhibit minimal variation across
frames, it becomes possible to reuse previously computed representations instead of re-
computing them from scratch. Such approaches aim to reduce redundant computation
while preserving the ability of the model to capture meaningful temporal dynamics. In
particular, the reuse of intermediate representations across frames can significantly reduce
the computational burden associated with the attention mechanism. Since key and value
tensors encode contextual information used during attention computation, storing and
reusing these representations across frames provides a natural mechanism for exploiting
temporal redundancy. This idea forms the basis for several recent approaches that extend
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key-value caching techniques, originally developed for language models, to video trans-
former architectures. By leveraging the temporal structure of video data, these methods
aim to maintain high representational capacity while reducing unnecessary computation.
This principle is especially relevant for edge computing scenarios and real-time video
analysis, where computational resources and memory bandwidth are often limited.

2.7 KV Cache
The computational cost of attention mechanisms in transformers is widely recognized
as one of the main bottlenecks in large-scale models. As a result, a significant portion
of recent research has focused on designing more efficient algorithms and architectural
strategies to mitigate this overhead. This issue becomes particularly critical in large
language models (LLMs), where extremely long input sequences and extended contextual
dependencies are common. Since the complexity of self-attention grows quadratically
with respect to the number of processed tokens, even moderate increases in sequence
length can lead to substantial computational and memory burdens. To understand the
motivation behind caching mechanisms, it is useful to briefly revisit the formulation of
the self-attention operation. Given an input token sequence represented by a matrix
Z ∈ RN×D, where N denotes the sequence length and D the embedding dimension, the
transformer computes three projected representations known as queries, keys, and values:

Q = ZWQ, K = ZWK , V = ZWV , (2.16)
where WQ, WK , and WV are learnable projection matrices. The attention output is
then obtained through the scaled dot-product attention mechanism

Attention(Q, K, V) = softmax
(︄

QK⊤
√

dk

)︄
V, (2.17)

where dk represents the dimensionality of the key vectors. This formulation requires com-
puting the similarity between every pair of tokens in the sequence, producing an attention
matrix of size N ×N . Consequently, the computational complexity of self-attention grows
proportionally to O(N2), while the memory requirements also increase with the square
of the sequence length. In autoregressive transformer models, such as those used in text
generation, tokens are generated sequentially. At each decoding step, the model predicts
a new token based on the sequence of previously generated tokens. Formally, if the cur-
rent sequence length at time step t is t, the model must compute attention over all tokens
{1, . . . , t}. Without any optimization, this implies that the key and value representations
for all previous tokens must be recomputed at every step. As the sequence grows, this
repeated computation leads to significant inefficiencies. One influential line of work in
this area investigates the reuse of intermediate attention computations across successive
decoding steps. In autoregressive generation, each newly predicted token must attend
to all previously generated tokens, leading to repeated recomputation of attention scores
and projections. To address this inefficiency, [22] proposed caching previously computed
key and value tensors and reusing them during subsequent decoding steps. Their ex-
periments demonstrated that this strategy can dramatically reduce computation while
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introducing only negligible performance degradation. This technique, commonly referred
to as key-value caching (KV cache), consists of storing the key and value tensors pro-
duced at each decoding step and reusing them when processing new tokens. Instead of
recomputing keys and values for the entire sequence, the model only computes the query
representation for the new token while retrieving the cached keys and values correspond-
ing to previous tokens. Let Kcache and Vcache denote the stored key and value tensors
accumulated during previous steps. When a new token is processed, its query vector qt

interacts with the cached tensors according to

Attention(qt, Kcache, Vcache) = softmax
(︄

qtK⊤
cache√
dk

)︄
Vcache. (2.18)

By reusing previously computed representations, KV caching effectively avoids redundant
projection operations and significantly reduces the computational overhead of autoregres-
sive inference. In practice, this mechanism transforms the attention computation from
repeatedly processing the entire token sequence to incrementally extending the cached
representations as new tokens are generated. This strategy has become a standard com-
ponent in modern transformer inference pipelines, particularly in large language models
where long-context generation is common. The main trade-off introduced by KV caching
concerns memory usage, since the cached tensors must be stored for the entire sequence.
Nevertheless, in most practical scenarios, the reduction in computation outweighs the ad-
ditional memory requirements, resulting in substantially faster inference. More recently,
similar ideas have been explored in the context of vision transformers and video under-
standing tasks. Unlike static images, video data consists of a sequence of frames that
often exhibit significant temporal redundancy. Consecutive frames frequently contain
highly similar visual content, especially in regions corresponding to static background
elements. As a result, recomputing attention representations for every frame can lead
to unnecessary computation. To exploit this redundancy, recent works have investigated
extending KV caching mechanisms to vision transformers operating on video sequences.
In this setting, the keys and values extracted from previous frames can be stored and
reused when processing subsequent frames. By maintaining a cache of previously com-
puted attention representations, the model can avoid recomputing features for regions
that remain largely unchanged over time. More formally, let K(t) and V(t) denote the
key and value tensors extracted from frame t. A temporal cache can be constructed by
accumulating these tensors across multiple frames,

Kcache = [K(1), K(2), . . . , K(t−1)], (2.19)

Vcache = [V(1), V(2), . . . , V(t−1)]. (2.20)
When processing frame t, the query representations extracted from the current frame
interact with this cached information, enabling the model to reuse contextual represen-
tations from earlier frames. This mechanism allows the transformer to leverage temporal
coherence in video streams while reducing redundant attention computations. Con-
sequently, KV caching provides a natural framework for improving the efficiency of
transformer-based architectures operating on sequential data. By reusing previously com-
puted key and value representations, these methods reduce redundant computation while
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preserving the expressive power of the attention mechanism. This idea is particularly
relevant in video understanding scenarios, where temporal redundancy is pervasive and
can be exploited to significantly reduce computational cost.

2.8 AI on Edge Devices and Split Execution
The rapid growth of artificial intelligence applications has led to an increasing demand
for deploying machine learning models directly on edge devices. Edge devices include
smartphones, embedded systems, Internet-of-Things (IoT) sensors, and other resource-
constrained platforms that operate close to the data source. Performing inference on
edge hardware enables several important advantages, including reduced latency, improved
privacy, and lower communication costs compared to fully cloud-based solutions. In
traditional cloud-centric AI pipelines, raw input data collected by sensors is transmitted
to remote servers where models perform inference. Although this paradigm provides
access to large computational resources, it introduces significant communication overhead
and latency. For applications involving real-time perception, such as video analytics,
autonomous systems, and augmented reality, transmitting high-dimensional data such
as images or video streams to the cloud may become impractical. To address these
limitations, modern AI systems increasingly adopt edge-centric architectures in which
part of the inference pipeline is executed directly on the device. Let x denote the input
data collected by an edge sensor, such as an image or a video frame. A typical neural
network inference process can be viewed as a sequence of transformations

y = fL(fL−1(. . . f1(x))), (2.21)

where each function fl(·) represents the operation performed by the l-th layer of the
neural network. Executing the entire pipeline locally requires sufficient computational
resources and memory to process all layers of the model. However, many edge devices
have limited processing capability, restricted memory, and strict energy constraints. As
a result, running large deep learning models entirely on-device may be infeasible. One
widely adopted strategy to address this challenge is split execution, also referred to as
split computing. In this paradigm, the neural network is partitioned into two components:
an initial set of layers executed on the edge device and the remaining layers executed on
a remote server. Formally, the model can be divided at layer k into two sub-functions:

z = fk(fk−1(. . . f1(x))) (2.22)

y = fL(fL−1(. . . fk+1(z))). (2.23)

The intermediate representation z is transmitted from the edge device to the cloud, where
the remaining layers complete the inference process. This approach reduces the amount
of data transmitted compared to sending the original input, since z often has a lower
dimensionality than the raw data. In addition, the computational load is distributed
between the edge device and the server, allowing complex models to be used even when
local resources are limited. Split execution is particularly beneficial for applications in-
volving high-dimensional inputs such as video streams. Raw video data typically consists
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of a sequence of frames with high spatial resolution, leading to large data volumes that
must be transmitted if processing occurs entirely in the cloud. By performing early fea-
ture extraction directly on the device, the system can convert raw frames into compact
feature representations before transmission. This paradigm can be further extended to
transformer-based vision models. In Vision Transformers, the tokenization stage con-
verts image patches into compact embeddings that capture the essential visual content
of each region. These tokens can be interpreted as a compressed representation of the
input image. Consequently, edge devices can perform the patch extraction and embed-
ding stages locally, while the computationally intensive transformer layers are executed
remotely. Let x denote an image and Z0 the sequence of tokens generated by the patch
embedding stage. The tokenization process can be expressed as

Z0 = Tokenize(x), (2.24)

where Z0 ∈ RN×D contains N tokens of dimension D. Instead of transmitting the orig-
inal image x, the system can transmit the token sequence Z0, which represents a more
compact intermediate representation. This design enables flexible deployment strategies
where different portions of the model are executed at different points in the computational
pipeline. For instance, lightweight preprocessing and tokenization can be performed on
edge devices, while deeper transformer layers responsible for complex reasoning operate
on more powerful servers. Another important consideration in edge AI systems is energy
efficiency. Edge devices are often battery-powered and must operate under strict energy
budgets. Reducing the number of operations performed during inference can significantly
extend device lifetime and improve system scalability. Consequently, a large body of
research focuses on designing efficient inference mechanisms that minimize redundant
computation while preserving model accuracy. These considerations become even more
critical when dealing with video data. Processing multiple frames sequentially dramati-
cally increases the number of tokens and attention computations required by transformer
models. As a result, techniques that reduce redundant operations across frames or reuse
previously computed representations can provide substantial efficiency improvements. In
this context, mechanisms that exploit temporal redundancy in video sequences are par-
ticularly attractive for edge deployment scenarios. By identifying portions of the visual
scene that remain stable across frames, it becomes possible to reuse previously computed
features rather than recomputing them from scratch. Such strategies reduce both compu-
tational cost and memory bandwidth requirements, making them well suited for real-time
video processing on resource-constrained devices.
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Related Work

Transformer-based architectures have become the dominant paradigm for many computer
vision tasks. However, their strong performance often comes at the cost of significant com-
putational complexity, particularly when processing high-resolution images or long video
sequences. As a result, a large body of research has focused on improving the efficiency
of Vision Transformers (ViTs), especially in scenarios where models must operate under
strict computational or memory constraints such as edge devices or real-time video pro-
cessing systems. Existing approaches for improving the efficiency of Vision Transformers
can be broadly divided into three main categories: (i) efficient transformer architectures
that reduce the computational complexity of attention, (ii) spatial token reduction meth-
ods that decrease the number of tokens processed within a frame, and (iii) temporal
redundancy reduction techniques designed specifically for video data. In the following
sections we review these directions and discuss how they relate to the approach proposed
in this thesis.

3.1 Efficient Transformer Architectures

A first line of research focuses on designing more efficient transformer architectures by
modifying the attention mechanism itself. The quadratic complexity of self-attention with
respect to the number of tokens represents one of the main computational bottlenecks of
Vision Transformers. Several works attempt to mitigate this limitation through sparse at-
tention mechanisms or low-rank approximations that reduce the effective computational
cost of the attention operation. Examples include sparse attention patterns and routing
mechanisms [7,17,35], kernel-based approximations of self-attention such as Performer [8],
and linearized attention formulations such as Linformer [42] and the efficient transformer
model proposed by Katharopoulos et al. [18]. Other works explore alternative attention
formulations and hybrid approaches that combine different attention approximations to
balance efficiency and expressiveness [15,20,28,34,39,51]. Another direction aims to de-
sign efficient Vision Transformer architectures directly at the model level. These methods
introduce architectural modifications such as hierarchical feature representations, local-
ized attention windows, or convolutional inductive biases in order to reduce computational
complexity while maintaining strong performance. Notable examples include LeViT [14],
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MobileViT [30], Convolutional Vision Transformers (CvT) [45], Swin Transformer [26],
Multiscale Vision Transformers [13], Pyramid Vision Transformers (PVT) [43], CSWin
Transformer [11], and Twins Transformer [9]. These architectures typically rely on hier-
archical processing stages or localized attention windows to reduce the number of token
interactions. In the context of video understanding, several transformer-based architec-
tures have also been proposed specifically for spatio-temporal modeling. Models such as
TimeSformer [2], ViViT [1], VideoMAE [40], and MemViT [46] extend Vision Transform-
ers to process video sequences by incorporating temporal attention mechanisms, memory
modules, or specialized spatio-temporal tokenization strategies. Although these architec-
tural approaches successfully reduce computational complexity at the model level, they
typically process each frame independently during inference and therefore do not explic-
itly exploit the large amount of redundancy present in video streams. In particular, many
tokens corresponding to background regions remain nearly unchanged across consecutive
frames, leading to redundant computation that could potentially be avoided.

3.2 Spatial Token Reduction

Another widely explored direction focuses on reducing the number of tokens processed by
Vision Transformers. Since the computational cost of attention grows with the number
of tokens, reducing token count can significantly improve efficiency. Token pruning meth-
ods remove tokens that are deemed less informative for the final prediction. Dynamic-
ViT [33], for instance, introduces a learnable importance score that allows the network to
progressively discard unimportant tokens during the forward pass. Similarly, A-ViT [48]
formulates token pruning as a reinforcement learning problem, enabling the model to
dynamically determine how many tokens should be retained at each transformer layer.
An alternative strategy consists of merging similar tokens instead of removing them en-
tirely. Token Merging (ToMe) [3] proposes a simple but effective technique that groups
visually similar tokens through bipartite matching and merges them into a smaller set of
representative tokens. This approach reduces token count while preserving the most rele-
vant information for downstream tasks. More recent works combine pruning and merging
strategies in hybrid frameworks. For example, ToFu [25] and Prune & Merge [49] integrate
importance-based token selection with similarity-based token fusion, enabling models to
both discard redundant tokens and aggregate related visual features. These hybrid meth-
ods often provide better efficiency-accuracy trade-offs compared to approaches relying on
a single token reduction mechanism. While these techniques have proven effective for
image-based Vision Transformers, their benefits are limited when applied to video data.
The number of tokens grows proportionally with the number of frames, which can quickly
lead to extremely large token sequences. Consequently, several recent works extend to-
ken reduction strategies to the spatio-temporal domain by leveraging redundancy across
frames [6,10,37]. Approaches such as VidToMe [23], AdaFocusV2 [47], and TOME-V [24]
apply merging or pruning strategies jointly across spatial and temporal dimensions, while
TokenLearner [36] learns to select a compact subset of representative tokens that sum-
marize the visual content of each frame. Despite their effectiveness, these approaches
primarily adapt spatial token reduction techniques to video inputs and still recompute
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most intermediate representations at every frame. As a result, they do not explicitly
exploit the possibility of reusing previously computed transformer features across time.

3.3 Temporal Redundancy Exploitation in Video Trans-
formers

A different line of research focuses on reducing redundant computation across frames by
exploiting temporal redundancy. Early work in this direction was originally developed
for convolutional neural networks, where methods such as CBinfer [5], DeltaCNN [31],
and related techniques attempt to reuse intermediate activations for pixels that remain
unchanged between frames. Other approaches leverage attention mechanisms or fea-
ture skipping strategies to avoid recomputing stable regions [16, 44]. However, directly
applying these techniques to Vision Transformers is challenging due to fundamental ar-
chitectural differences. Unlike convolutional networks, transformer tokens have global
receptive fields and lack the translation equivariance properties that make spatial reuse
strategies easier to implement. More recent works therefore explore temporal redundancy
reduction directly within transformer architectures. STGT [50] introduces a gating mech-
anism that classifies tokens as either foreground or background based on their temporal
variation. Tokens that remain stable across frames can reuse previously computed rep-
resentations, while dynamic tokens are recomputed. Eventful Transformers [32] extend
this idea by identifying and skipping redundant computations not only in linear projec-
tion layers but also within the self-attention mechanism itself. This allows the model to
avoid recomputing both token projections and attention interactions when visual content
remains unchanged. EP-ViT [29] proposes an alternative strategy that leverages motion
information already available in the video codec. Instead of explicitly computing token
differences to detect changes, the method uses motion vectors extracted during video de-
coding to identify regions that have moved between frames, thereby avoiding additional
computation for change detection. CST-ViT [21] further expands this idea by introduc-
ing a cascaded redundancy reduction pipeline. The method sequentially applies three
different gating mechanisms to exploit multiple forms of redundancy. A Direct Temporal
Gate (DTG) first identifies tokens that differ most from a reference frame and skips com-
putation for static background tokens. An Offset Temporal Gate (OTG) then attempts
to match changed tokens with nearby tokens in the previous frame, allowing moving ob-
jects to reuse cached representations. Finally, a Spatial Gate (SG) identifies spatially
redundant tokens within the same frame and shares computation across visually simi-
lar regions. Although these methods represent important progress toward efficient video
transformers, they often rely on storing raw token representations and their associated
key-value projections in memory in order to enable temporal reuse. As video sequences
grow longer, this strategy leads to increasingly large caches that scale with the number
of frames and tokens, making memory management challenging in practical deployments.
In addition, raw token representations are often highly redundant, particularly for static
background regions that remain visually similar across time. Storing these uncompressed
representations can therefore lead to inefficient memory usage and unstable cache be-
havior, especially when processing long videos. Furthermore, many existing approaches
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require additional gating mechanisms, motion estimation modules, or complex matching
strategies that increase system complexity. While these techniques successfully reduce
some redundant computation, they do not explicitly address how cached representations
themselves could be made more compact and efficient.

3.4 Research Gap
From the analysis above, it becomes clear that existing efficiency strategies for Vision
Transformers typically focus on either architectural simplifications, spatial token reduc-
tion, or temporal redundancy detection. However, relatively few works explicitly address
the problem of efficiently reusing transformer key-value representations across frames
while maintaining a controlled and scalable memory footprint. In particular, many tem-
poral redundancy methods rely on storing raw token representations and their associated
key-value projections in cache in order to reuse computations across frames. While this
strategy enables temporal reuse, it can lead to large and inefficient caches because highly
redundant background tokens are stored in their original form. As video length increases,
these raw caches may become memory-intensive and difficult to manage, limiting the scal-
ability of such approaches. The method proposed in this thesis addresses these limitations
by introducing a Temporal Background Key-Value Reuse (TBKV) mechanism that com-
bines spatial token merging with temporal key-value caching. Instead of storing raw
background token representations, the proposed approach compresses redundant tokens
through a merging strategy before inserting them into the cache. This design reduces re-
dundancy within the cached representations themselves, allowing the system to maintain
a compact and more stable memory structure while still enabling effective key-value reuse
during inference. As a result, the proposed method achieves significant computational
savings while controlling both compute cost and cache memory growth.
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Chapter 4

Methodology

In the previous chapters, we discussed the limitations of standard video transformer ar-
chitectures when processing long video sequences, particularly the repeated computation
of key and value representations for tokens that exhibit strong temporal redundancy.
In this chapter, we introduce the proposed Temporal Background Key-Value (TBKV)
caching mechanism, a method designed to exploit temporal consistency in video data in
order to reduce the computational cost of transformer inference. The central idea is to
identify redundant background tokens across frames and reuse their corresponding key-
value representations instead of recomputing them. The proposed framework operates
in two stages. First, during a warm-up phase, tokens from the initial frames are merged
to construct a compact cache of representative background tokens. Second, during in-
ference, tokens from incoming frames are matched against this cache in order to reuse
previously computed keys and values whenever strong similarity is detected. This design
enables the model to significantly reduce both the number of token projections and the
attention computation while maintaining compatibility with existing Vision Transformer
architectures. In the following sections, we first formalize the problem, then describe the
pipeline and the algorithms used for token merging and matching.

4.1 Problem Definition

The problem we want to address is how to develop an efficient KV caching mechanism
that doesn’t scale too much in complexity as the streaming data increases, and that can
be used to not only reuse tokens but also reduce them. The procedure has to be simple
and efficient so that it can be applied on edge devices without worrying about loss in
performance or heavy resource consumption as the model runs for a long period of time.
Moreover, the algorithm has to scale with different backbone sizes, enabling manufactur-
ers to be flexible depending on edge devices’ capabilities in terms of resources. Finally, we
also want to exploit the characteristic of only working with background tokens in order to
be able to apply safely any token reduction technique of our choice to foreground tokens.
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4.2 Pipeline Overview

The TBKV pipeline is designed to exploit the temporal redundancy of background re-
gions in video sequences. Instead of recomputing token representations for each frame
independently, the algorithm constructs a compact cache of representative background
tokens and reuses them across subsequent frames. During the initial warm-up phase,
the algorithm uses tokens of the first P frames of the data in order to populate a KV
cache with a compact and more meaningful representation of tokens across the selected
frames. The KV caching mechanism leverages a mathematical function called bipartite
soft matching in order to merge similar background tokens of the P frames together with
their corresponding keys and values. Experiments showed that background tokens tend
to be less informative for the computer vision task and therefore present higher redun-
dancy. On inference background tokens, a matching procedure is applied with the aim
of substituting matched tokens with cached tokens and avoiding the computation of keys
and values on those ones. Results show that due to the merging algorithm’s effectiveness,
a single token can match a large number of tokens on the inference frame, leading to a
substantial token reduction. The merging mechanism presents an rmerge parameter that
controls how aggressively we merge tokens on warp-up frames, leading to a controlled
size of the cache together with memory operations. At the same time, the matching al-
gorithm presents a specular rmatch parameter that controls how many background tokens
we want to match. This is particularly crucial for tasks where background is informative,
for example, for Vision LLM. Periodically, the caching mechanism begins again in order
to avoid a heavy change in the scenario; however, if before the refreshing phase there’s a
change in the context, the algorithm will still perform since only background tokens will
be affected, which have, in general, a controlled impact on model performance.

4.3 Design Assumptions

The proposed method relies on two key observations about video data. First, consec-
utive frames in natural videos exhibit a high degree of temporal redundancy, meaning
that large portions of the visual content remain unchanged across frames. In particular,
background regions typically evolve slowly compared to foreground objects, leading to
highly similar token representations over time. Second, transformer-based vision models
compute keys and values independently for each token, resulting in repeated computa-
tion for tokens that represent nearly identical visual content across frames. Motivated by
these observations, TBKV focuses on identifying and compressing redundant background
tokens during a warm-up phase and subsequently reusing their corresponding key and
value representations during inference. By doing so, the method avoids recomputation
for tokens that are likely to produce similar attention contributions, while preserving the
full representational capacity for foreground tokens that are more informative for the
downstream task.
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Figure 4.1. TBKV Caching Phase: Building the Background KV Cache from Initial Frames

4.4 Merging Algorithm

Let X ∈ RB×T ×N×D denote the input token tensor, where: - B is the batch size (number
of videos processed simultaneously), - T is the number of frames per video, - N is the
number of tokens extracted from each frame after patch embedding, - D is the dimension-
ality of the token embedding. Therefore, each frame is represented as a set of N tokens
in a D-dimensional embedding space, and a video sample corresponds to a sequence of
T such token sets. We first perform background extraction to decompose X into back-
ground tokens XBG and foreground tokens XFG. Subsequently, a bipartite soft matching
algorithm is applied to XBG in order to obtain the merged background representation
Xmerged

BG . Local merge ratio is one of our parameters that controls the fraction of tokens
that have to be merged in the bipartite soft matching function. It is worth noting that
due to the function construction, the maximum ratio is 0.5.

4.4.1 Background Extraction

The background extraction procedure leverages a saliency metric to assign a score to each
token, quantifying the likelihood of the token belonging to the foreground or background.
Let Si denote the sharpness score of token i. Tokens satisfying Si = 0 are classified as
background, while tokens with Si /= 0 are classified as foreground. Since GPU efficiency
benefits from fixed-size tensors, we compute the maximum number of background and
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Figure 4.2. TBKV Inference Phase: Matching Incoming Background Tokens to
Cached Representations

foreground tokens across all frames and batch elements, which enables padding to a
uniform size and avoids explicit looping. These maxima are defined as:

Nmax
BG = max

b,t

N∑︂
i=1

I(S(b,t)
i = 0), (4.1)

Nmax
FG = max

b,t

N∑︂
i=1

I(S(b,t)
i /= 0), (4.2)

where I(·) denotes the indicator function. Using a top-k selection strategy with k = Nmax
BG

and k = Nmax
FG , we extract the background and foreground token indices, respectively.

Employing a Top-K strategy instead of simply defining background tokens as the ones
with saliency equal to 0 is an implementation choice that allows some low score foreground
tokens to be considered background. This decision yield not only to pure GPU efficiency
but also to a better robustness of the background extraction algorithms to errors such as
the classification of an important foreground token as background that would result in a
significant accuracy loss for that sample. Finally, we apply a gather operation to obtain
the tensors XBG and XFG.
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4.4.2 Saliency Metric

To compute token saliency, we leverage the self-attention mechanism. For each token i,
the attention distribution over all tokens is given by:

Ai = softmax
(︄

qiK⊤
√

D

)︄
, (4.3)

where qi is the query vector of token i, and K denotes the matrix of key vectors. Back-
ground tokens tend to exhibit uniformly distributed attention, whereas foreground tokens
demonstrate sharper attention distributions concentrated on a few relevant tokens. Mo-
tivated by this observation, we exploit a sharpness function that follows the formulation
in [27], based on the negative entropy of the attention distribution. Specifically, the
entropy of token i is computed as:

Hi = −
N∑︂

j=1
Aij log Aij , (4.4)

where Aij denotes the attention weight from token i to token j. We then normalize the
entropy values across all tokens to obtain the sharpness score:

Si = Hi − min(H)
max(H) − min(H) , (4.5)

where H = [H1, . . . , HN ]. Since informative foreground tokens typically exhibit lower
entropy, their corresponding sharpness scores Si tend to be higher, facilitating an effective
separation between foreground and background tokens.

4.4.3 Bipartite Soft Matching

Bipartite soft matching, introduced by [4], is the core operation underlying token merging
in Vision Transformers. Let X = {x1, x2, . . . , xN } be the set of token embeddings with
xi ∈ Rd. The goal is to reduce the number of tokens N to a smaller set X̂ ∈ RN̂×d while
preserving the majority of information. First, the token set X is partitioned into two
disjoint subsets:

A = {a1, . . . , aN/2}, B = {b1, . . . , bN/2}, A ∩ B = ∅. (4.6)

A similarity matrix S ∈ R|A|×|B| is then computed between the two subsets using cosine
similarity:

Sij = ⟨ai, bj⟩
∥ai∥2 ∥bj∥2

, i = 1, . . . , |A|, j = 1, . . . , |B|. (4.7)

From S, a set of candidate edges E is selected by taking the top-r similarity scores:

E = {(i, j) | Sij ∈ Top-r(S)}, (4.8)
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where each edge (i, j) represents a pair of tokens to be merged. The merged embedding
for each selected pair is computed as a convex combination:

x̂ij = αai + (1 − α)bj , α ∈ [0,1], (4.9)

where α can be fixed (commonly 0.5) or learned, allowing adaptive blending. Tokens not
selected in E remain unchanged:

x̂k = xk ∀xk /∈ {ai, bj | (i, j) ∈ E}. (4.10)

Finally, the reduced token set is obtained by concatenating merged and untouched tokens:

X̂ =
{︂

x̂ij

⃓⃓
(i, j) ∈ E

}︂
∪
{︂

x̂k

⃓⃓
xk /∈ {ai, bj | (i, j) ∈ E}

}︂
. (4.11)

This formulation is highly parallelizable. Pairwise similarities can be computed as a single
matrix operation, and top-r selection can be efficiently implemented using batched top-k
routines on GPUs. By constraining each token in A to merge with at most one token
in B, the method preserves most tokens and introduces gradual perturbations, avoiding
excessive information loss. Bipartite soft matching can also be extended across frames
in video transformers. Let X(t) be the tokens of the current frame and X(t−1) be cached
tokens from the previous frame. One can define A = X(t) and B = X(t−1), computing
S to match and merge tokens across time. This enables reusing previously computed
representations, exploiting temporal redundancy and further improving computational
efficiency [27].

Figure 4.3. Bipartite Soft Matching: Merging Similar Tokens to Reduce Redundancy
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4.5 Matching algorithm
In our framework, the first transformer layer is always computed normally for all tokens.
This is necessary because no prior attention information exists to guide token selection or
to determine which background tokens are redundant. Starting from the second layer on-
ward, we exploit the attention map computed in the previous layer to generate a saliency
map, which identifies the most informative tokens. This saliency-guided matching allows
the algorithm to focus on foreground or changing regions while reusing cached represen-
tations for largely static background tokens, thereby reducing redundant computation.
Given the background tokens extracted from an inference image, denoted by Xinf

BG, and
all tokens stored in the cache, we compute similarity scores using the normalized inner
product (cosine similarity):

scoresi,j =
xinf

i · xcached
j

∥xinf
i ∥2 ∥xcached

j ∥2
, xinf

i ∈ Xinf
BG, xcached

j ∈ Xcached
BG . (4.12)

The similarity scores are then sorted to select the top rmatch matches, where rmatch is a
hyperparameter controlling the number of cached tokens to retrieve:

Imatched = top_k(scores, k = rmatch). (4.13)

Using these indices, the corresponding background tokens from the cache are gathered:

Xmatched
BG = gather(Xcached

BG , Imatched). (4.14)

To reuse keys and values of matched tokens efficiently, we define the set of tokens that
require forward propagation as:

Xforward
BG = XFG ∥ Xunmatched

BG , (4.15)

where XFG are foreground tokens extracted from the input, and Xunmatched
BG are back-

ground tokens that did not find a high-similarity match in the cache. Only these tokens
require fresh computation of keys and values:

Kforward, Vforward. (4.16)

The final keys and values for attention are obtained by concatenating newly computed
and cached tokens:

Knew = Kforward ∥ Kmatched, Vnew = Vforward ∥ Vmatched. (4.17)

Query tokens attend to all new keys and values:

Xnew = XFG ∥ Xunmatched
BG ∥ Xmatched

BG . (4.18)

This approach achieves substantial computational savings because only a subset of tokens
undergoes full attention computation, while redundant background tokens reuse cached
keys and values. Using the attention map from the previous layer as a saliency guide
ensures that the network focuses on informative regions, maintaining accuracy while
reducing computation for static areas. Over multiple layers, this progressive saliency-
based matching allows a transformer to leverage temporal and spatial redundancy without
additional overhead in the first layer.
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Two-Phase Processing. The TBKV pipeline can be conceptually divided into two
phases. During the warm-up phase, a small set of initial frames is processed to construct
a compact cache of merged background tokens together with their associated key and
value representations. During the inference phase, new frames are processed by matching
their background tokens against the cached representations, allowing the model to reuse
previously computed keys and values whenever high similarity is detected. This separa-
tion enables the model to amortize the cost of token processing across multiple frames
while maintaining compatibility with the standard transformer attention mechanism.

4.6 Computational Complexity Analysis
In this section, we analyze the computational cost of our token merging and key-value
caching strategy. In a standard Vision Transformer applied to video data, each frame is
processed independently, and keys and values are recomputed for all tokens. Given N
tokens per frame, the computation of the attention mechanism scales as O(N2D), while
the linear projections required to compute queries, keys, and values scale as O(ND2).
When processing a video sequence of T frames, the total computational cost therefore
scales linearly with the number of frames, resulting in repeated computation for tokens
that represent nearly identical visual content across consecutive frames. Compared to
naive ViT inference, the proposed TBKV method reduces both the number of token
projections and the effective size of the attention matrix. By reusing cached key-value
representations and merging redundant background tokens, the method significantly low-
ers computational complexity for long video sequences while preserving the full processing
capacity for informative foreground tokens.

4.6.1 Background Extraction and Matching

Let the input tensor have dimensions X ∈ RB×T ×N×D, where B is the batch size, T is
the number of frames, N is the number of tokens per frame, and D is the embedding
dimension.

• Background extraction: Computing the sharpness scores Si for all tokens re-
quires attention entropy calculations. For each token, computing the entropy over
N tokens is O(N), so the total cost is

O(BTN2).

• Top-k matching: Selecting the top rmatch most similar cached tokens for each
background token requires computing cosine similarity between Xinf

BG and Xcached
BG ,

resulting in
O
(︁
N inf

BG N cached
BG D

)︁
,

where N inf
BG and N cached

BG are the number of background tokens in the inference image
and cache, respectively.

• Top-r selection and gather: Sorting and selecting rmatch matches is O
(︁
N inf

BG log rmatch
)︁
,

which is negligible compared to the similarity computation.
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4.6.2 Key-Value Computation

After matching, only unmatched background tokens and foreground tokens require fresh
key and value computation. Let the total number of tokens requiring new computation
be Nforward = |XFG| + |Xunmatched

BG |. The cost of computing queries, keys, and values is:

O(NforwardD2),

assuming standard linear projections for Q, K, V. The matched tokens reuse cached keys
and values, resulting in a **significant reduction** in computation proportional to the
number of matched tokens:

Savings ∼ |Xmatched
BG |

N
.

4.6.3 Attention Computation

Finally, the attention matrix is computed over all new tokens:

Xnew = XFG ∥ Xunmatched
BG ∥ Xmatched

BG .

For Nnew = |Xnew|, the self-attention cost is

O(N2
newD),

which is reduced compared to the naive full-token attention due to the reduced number
of background tokens after merging.

Table 4.1. Computational complexity of the main components of the TBKV pipeline.

Operation Complexity
Background saliency computation O(BTN2)
Token matching with cache O(N inf

BG N cached
BG D)

Q/K/V projections (forward tokens) O(NforwardD2)
Self-attention computation O(N2

newD)
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Chapter 5

Evaluation

This chapter presents the experimental setup and results obtained by applying the pro-
posed Temporal Background Key Value Reuse mechanism to the task of video action de-
tection. The experiments present a wide range of evaluations on well-known datasets and
Video Vision Transformers. Additionally, for completeness, experiments were conducted
using different sizes of Vision Transformer backbones. The experiments are designed to
evaluate the effectiveness of applying a temporal token reduction technique in conjunc-
tion with a KV cache that is able to store a meaningful representation of tokens. The
objectives of this experimental evaluation are the following:

• assess a consistent FLOPs reduction of the algorithm on video data while main-
taining acceptable accuracy

• analyze advantages, in terms of memory footprint, of caching mechanisms with
merged representation against raw representation

• prove model scalability to different sizes of vision transformer backbones

• establish algorithm flexibility for the application of other state–of–the–art token
reduction techniques on foreground tokens

We first describe the datasets and model on which the algorithm was tested, together
with an extensive description of model implementation, configuration, and preprocessing
applied to the input. Follows a description of the experimental setup and evaluation
metrics together with a reproducibility section. We then report results on video action
detection datasets using proposed models against baseline and with the integration of
other tokens reduction procedure. Finally, in order to prove our objective, we present
ablation studies where a wide number of plots are used to prove each characteristic of
the proposed algorithm. The remainder of the chapter is organized as follows: ...
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5.1 Evaluation Settings

5.1.1 Datasets

Video action detection is a challenging task in computer vision that requires identifying
both what action is happening in a video and where it occurs over time. In contrast
to simpler video classification tasks, where a single label is assigned to an entire clip,
action detection requires the model to reason about the temporal evolution of a scene
and to localize the start and end of actions within the video sequence. This problem is
particularly demanding because videos contain a large number of frames, and each frame
is typically represented by hundreds of visual tokens when processed by modern Vision
Transformers. As a result, models must process a significant amount of redundant infor-
mation, especially in scenes where large portions of the background remain unchanged
across consecutive frames. While this redundancy does not usually contribute meaningful
information for recognizing the action itself, it still leads to a substantial computational
cost during inference. In recent years, transformer–based architectures have shown strong
performance on video understanding tasks thanks to their ability to model long–range
dependencies between tokens. However, this benefit comes with a considerable increase
in computational complexity, since attention operations and key–value projections must
be computed for every token at every frame. When dealing with long videos or high–
resolution inputs, this quickly becomes a bottleneck in terms of both computation and
memory consumption. The proposed Temporal Background Key–Value Reuse (TBKV)
mechanism is motivated by the observation that background regions in videos tend to
change slowly over time compared to foreground elements involved in the action. For
example, in many action detection scenarios, such as sports or daily activities, the envi-
ronment often remains largely static while only a small subset of objects or people exhibit
meaningful motion. This suggests that repeatedly recomputing representations for back-
ground tokens across frames may be unnecessary. Our approach, therefore, focuses on
identifying and compressing redundant background tokens and reusing their correspond-
ing key and value representations through a caching mechanism. By doing so, the model
can avoid recomputing expensive operations for tokens that carry similar visual infor-
mation across frames. At the same time, foreground tokens, which are typically more
informative for the action recognition task, are preserved and processed normally. This
design allows the model to maintain strong detection performance while significantly re-
ducing the computational burden associated with processing long video sequences. In the
following sections, we evaluate the effectiveness of this strategy on standard video action
detection datasets using multiple Vision Transformer models.

Kinetics–400

Kinetics–400 is one of the most widely used large–scale datasets for video understand-
ing tasks. It contains 400 different human action classes, with at least 400 video clips
available for each class. The videos were collected from YouTube and trimmed so that
each clip focuses on a specific action instance. On average, the duration of each clip is
around 10 seconds, which makes the dataset suitable for training and evaluating models
that need to capture short–term temporal dynamics. The dataset covers a very broad set
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of everyday activities and interactions. Many classes involve human–object interactions,
such as playing musical instruments or using tools, while others involve interactions be-
tween people, such as hugging, shaking hands, or playing team sports. Because the videos
originate from different online sources, they exhibit a high degree of variability in terms
of camera motion, lighting conditions, viewpoints, and background scenes. This diversity
makes the dataset particularly useful for evaluating how well models generalize to real–
world scenarios. Another reason why Kinetics–400 is commonly adopted in the literature
is that it provides a good balance between dataset size and class diversity. Compared
to smaller action recognition datasets, the larger number of classes and training samples
allows modern deep learning models to learn more robust visual and temporal represen-
tations. As a result, Kinetics–400 has become a standard benchmark for many works in
video classification and video transformer architectures. In our experiments, the dataset
serves as a strong evaluation benchmark to assess whether the proposed token reduction
and KV reuse strategy can maintain competitive accuracy while reducing computational
cost.

UCF101

UCF101 is another widely used benchmark dataset for human action recognition in videos.
It consists of 13,320 video clips belonging to 101 different action categories. Similar to
Kinetics–400, the videos were collected from YouTube and therefore contain realistic
variations in camera motion, background scenes, and recording quality. One distinctive
aspect of UCF101 is the way the videos are organized into 25 groups. Each group con-
tains several clips (typically between four and seven) that correspond to the same action
class and often share common characteristics, such as similar backgrounds, viewpoints, or
performers. This grouping structure is particularly useful when evaluating generalization,
since models can be tested on videos that differ from those seen during training but still
belong to the same action category. The action classes included in UCF101 cover a diverse
set of human activities that can be broadly divided into five categories. These categories
include human–object interactions (for example using tools or interacting with everyday
objects), actions involving only body motion, interactions between multiple people, activ-
ities related to playing musical instruments, and various sports actions. Because of this
diversity, the dataset has been extensively used as a benchmark to evaluate the perfor-
mance of video recognition models. Despite being smaller than more recent large–scale
datasets, UCF101 remains an important benchmark for assessing model efficiency and
generalization. In particular, its relatively shorter videos and clear action labels make it
suitable for evaluating whether computational optimizations, such as the proposed tem-
poral token reduction and key–value reuse mechanism, can reduce the processing cost
without significantly affecting recognition performance.

5.1.2 Models

In recent years, Vision Transformers (ViTs) have emerged as a strong alternative to con-
volutional neural networks for many computer vision tasks. Instead of relying on convolu-
tional filters, these models represent an image as a sequence of visual tokens and process
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them using the self–attention mechanism originally introduced in natural language pro-
cessing. This formulation allows the model to capture long–range relationships between
different regions of an image, which can be beneficial for tasks that require understanding
global context. Video Vision Transformers extend this idea to video data. Rather than
processing a single image, the model receives a sequence of frames and converts them into
spatio–temporal tokens. In practice, the video is divided into small 3D patches, often
referred to as tubelets, which encode both spatial information and temporal information
across consecutive frames. These tokens are then processed by a transformer encoder that
applies attention across the entire sequence. Compared to standard image–based Vision
Transformers, video transformers are able to model how visual content evolves over time.
This capability is particularly important for tasks such as action recognition or activity
detection, where motion and temporal context play a key role. For instance, recognizing
an action like "drinking from a cup" usually requires observing several frames in sequence
in order to understand the movement being performed. At the same time, introducing the
temporal dimension significantly increases the computational cost of the model. While a
single image may generate a few hundred tokens, a short video clip can easily produce
several thousand tokens once all frames are tokenized. Since the attention mechanism
has quadratic complexity with respect to the number of tokens, the computational re-
quirements grow rapidly as the number of frames increases. Despite this additional cost,
video transformers generally outperform approaches that process frames independently
and aggregate the results afterwards. By modeling spatial and temporal information
jointly, the model can better capture complex actions and interactions that unfold over
time. However, this improved representation also highlights an important inefficiency.
In many videos, large portions of the scene remain relatively static across consecutive
frames, especially in background regions. As a result, the model repeatedly processes
tokens that contain very similar visual information. This observation motivates the de-
velopment of techniques that reduce redundancy in the token representation. The TBKV
method proposed in this work addresses this issue by identifying redundant background
tokens and reusing their key–value representations across frames, thereby reducing unnec-
essary computation while maintaining the model’s ability to capture meaningful temporal
dynamics.

VideoMAE

In our experiments, we primarily rely on VideoMAE as the backbone architecture for
evaluating the proposed method. VideoMAE is a recent Video Vision Transformer that
has demonstrated strong performance across several video understanding benchmarks.
One of the main reasons for its effectiveness is its masked autoencoding pretraining strat-
egy, which enables the model to learn robust spatio–temporal representations from large
amounts of unlabeled video data. From an architectural perspective, VideoMAE pro-
cesses videos by dividing them into small spatio–temporal patches, commonly referred
to as tubelets. Each tubelet corresponds to a small spatial region of the video observed
over a few consecutive frames. These tubelets are then embedded into tokens that can
be processed by a transformer encoder. This representation produces a relatively dense
sequence of tokens that captures both spatial and temporal information. While such a
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rich representation is useful for modeling fine–grained visual patterns, it also introduces
a significant amount of redundancy. In particular, background regions that remain stable
across frames tend to generate tokens with highly similar features. This characteristic
makes VideoMAE a suitable architecture for studying token reduction techniques. An-
other practical advantage of VideoMAE is the availability of publicly released pretrained
models that have been fine–tuned on standard video benchmarks such as Kinetics–400.
These checkpoints provide a strong baseline and allow us to evaluate the impact of TBKV
under consistent experimental conditions. By integrating our token merging and key–
value reuse mechanism into this architecture, we can directly analyze the computational
savings and the potential trade–offs between efficiency and accuracy.

VideoMAE Architecture VideoMAE is a self–supervised video pretraining frame-
work that extends the Masked Autoencoder paradigm to spatio–temporal data. The core
idea is to divide a video into small 3D patches and train the model to reconstruct the
missing parts of the input. The input video is first divided into non–overlapping space–
time cubes of size T × S × S, where T denotes the number of frames per cube and S × S
represents the spatial resolution of the patch. Each cube is flattened and projected into
a token embedding through a linear layer, producing a sequence of spatio–temporal to-
kens. During pretraining, VideoMAE applies an extremely high masking ratio, typically
masking around 90—-95% of the tokens. This design choice is motivated by the high
temporal redundancy present in videos. Since consecutive frames often contain similar
visual information, the model can still infer the missing content even when most tokens
are hidden. To avoid trivial solutions, VideoMAE uses a tube masking strategy, where the
same spatial position is masked across all frames. Only the visible tokens are processed
by the transformer encoder, which follows a standard Vision Transformer architecture.
A lightweight decoder is then used to reconstruct the masked patches from the encoded
representations. The training objective is to minimize the reconstruction error between
the predicted and original pixel values of the masked cubes. This asymmetric encoder–
decoder design significantly reduces the computational cost during pretraining, since the
encoder processes only a small subset of the original tokens. At the same time, the
model is forced to learn meaningful spatio–temporal representations in order to solve the
reconstruction task.

ViViT

To further evaluate the generality of our approach, we also conduct additional experi-
ments using ViViT (Video Vision Transformer), one of the earliest transformer–based
architectures specifically designed for video understanding. Similar to other video trans-
formers, ViViT represents a video as a sequence of tokens and processes them through
self–attention layers. One of the main contributions of the model is the exploration
of different strategies for handling spatial and temporal information within the trans-
former architecture. In particular, ViViT investigates several ways to factorize attention
across space and time. Instead of always computing attention jointly over all tokens,
some variants separate spatial attention (within each frame) from temporal attention
(across frames). This design can reduce computational complexity while still allowing
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the model to capture temporal relationships. Because of these architectural variations,
ViViT provides an interesting alternative setting in which to evaluate the TBKV mech-
anism. Testing the proposed method on both VideoMAE and ViViT allows us to better
understand whether the benefits of token merging and key–value reuse generalize across
different transformer architectures. Overall, including multiple Video Vision Transformer
backbones in our experiments helps demonstrate that the proposed approach is not lim-
ited to a single model. Instead, it can be applied more broadly to transformer–based
video architectures that operate on large sequences of spatio–temporal tokens.

ViViT Architecture ViViT adapts the Vision Transformer paradigm to the video
domain by converting a video into a sequence of tokens and applying multi–head self–
attention. A key aspect of the model design is how the video is tokenized and how
attention is applied across space and time. One possible tokenization strategy consists
of sampling a fixed number of frames from the video and dividing each frame into non–
overlapping 2D patches, as done in standard Vision Transformers. The patches from all
frames are then concatenated, producing a sequence of N × T tokens, where N is the
number of patches per frame and T is the number of frames. An alternative approach
uses tubelet embeddings, where tokens correspond to small 3D cubes that span both spa-
tial and temporal dimensions. This representation allows the model to directly capture
spatio–temporal patterns within each token. ViViT also explores several variants for ap-
plying attention across these tokens. In the simplest version, attention is computed jointly
across all tokens from all frames, allowing the model to capture global spatio–temporal
relationships. However, this approach can be computationally expensive when the num-
ber of tokens becomes large. To address this limitation, other variants factorize attention
into spatial and temporal components. For example, one design processes each frame
independently using a spatial transformer encoder and then models interactions across
frames using a separate temporal transformer. Another variant splits attention operations
within each transformer block, first attending across spatial tokens and then across tem-
poral tokens. These factorization strategies reduce the computational complexity while
still allowing the model to capture both spatial structure and temporal dynamics. As
a result, ViViT provides a flexible framework for exploring different trade–offs between
computational cost and representational power in video transformers.

5.1.3 Experimental Setup

All experiments were conducted on a GPU node from the Chameleon Cloud infrastruc-
ture, equipped with an NVIDIA RTX 6000 GPU featuring 24 GB GDDR6 VRAM,
4608 CUDA cores, Tensor Cores, and RT Cores for mixed–precision acceleration, and full
CUDA/cuDNN support in the Chameleon OpenStack environment. Video action detec-
tion tasks are performed using a final average pooling layer to aggregate features before
propagating them in an MLP layer, which outputs logits whose size depends, of course,
on the number of classes. For completeness, results reported in the tables were obtained
using test split of both datasets since they provide a larger number of samples. While for
ablation studies, since usually the number of configurations was significant, experiments
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were conducted on evaluation splits, which still provide informative results while taper-
ing off the amount of time needed for each experiment. In all experiments, the first P
frames of each video were used exclusively for caching, while matching operations were
performed on the remaining last N − P frames (where N is the total number of frames
per video). Since caching is applied only to the initial frames and its computational cost
is typically negligible, all reported metrics were computed solely on the matching frames.
For the fairness of comparison, baseline evaluations were conducted on the same N – P
frames of the matching part in order to have reliable metrics. Further details on model
and dataset configuration will be explained in the following sections.

Evaluation Metrics

Following most of the other works on token reduction techniques in the literature, the
evaluation of the proposed method is based on two main metrics: the average number
of floating–point operations (FLOPs) required to process a video and the classification
accuracy. FLOPs are commonly used as a proxy for measuring the computational cost of
deep learning models. In transformer–based architectures, a large portion of the compu-
tation comes from matrix multiplications inside the attention layers and the feed–forward
networks. Since token reduction methods aim to decrease the number of tokens processed
by the model, their main effect is a reduction in the amount of computation required dur-
ing inference. Measuring FLOPs, therefore, provides a direct way to quantify how much
computation is saved when applying the proposed technique compared to the baseline
model. In this work, we report the average FLOPs per video. Given a dataset containing
N videos, the metric is computed by averaging the number of operations required to
process each individual sample:

Avg FLOPs = 1
N

N∑︂
i=1

FLOPs(vi) (5.1)

where vi denotes the i–th video in the evaluation set. This metric allows us to estimate
the expected computational cost of the model during inference on a typical dataset.
While reducing computational cost is important, it should not come at the expense of
significantly degrading model performance. For this reason, the second evaluation metric
considered in this work is classification accuracy. In video classification benchmarks,
it is common to report both Top–1 and Top–5 accuracy. Top–1 accuracy measures
the percentage of samples for which the model’s most confident prediction matches the
ground–truth label. Formally, if ŷi is the predicted label for the i–th sample and yi is the
true label, Top–1 accuracy can be computed as

Top–1 Accuracy = 1
N

N∑︂
i=1

1(ŷi = yi) (5.2)

where 1(·) is the indicator function that equals 1 when the condition is satisfied and 0
otherwise. Top–5 accuracy is a slightly more relaxed metric. Instead of considering only
the most confident prediction, it checks whether the correct label appears among the five
most probable predictions produced by the model. This metric is particularly useful for
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large–scale classification datasets where several classes may be visually similar. More
formally, if Top5(ŷi) denotes the set of the five highest scoring predictions for sample i,
Top–5 accuracy can be expressed as

Top–5 Accuracy = 1
N

N∑︂
i=1

1(yi ∈ Top5(ŷi)) (5.3)

By reporting both Top–1 and Top–5 accuracy together with the average number of FLOPs
per video, it is possible to evaluate the trade–off between computational efficiency and
predictive performance. This comparison is particularly relevant for token reduction
techniques, whose goal is to significantly decrease computational cost while preserving as
much accuracy as possible.

FLOPs computation To obtain an accurate estimate, we implemented a counting
mechanism directly within the transformer architecture. Specifically, a base class was
introduced for the transformer modules, where common operations such as linear projec-
tions and matrix multiplications were replaced with custom implementations that track
the number of floating–point operations performed during inference. In particular, cus-
tom versions of the linear layers and matrix multiplication operations were defined (e.g.,
CountedLinear), allowing us to accumulate the number of FLOPs produced by each
operation while the model processes the input video. The collected values are then ag-
gregated to obtain the total computational cost for each forward pass. For clarity, the
total number of FLOPs is decomposed into several components corresponding to the main
operations performed inside the transformer blocks:

• Linear FLOPs: operations generated by linear projections, including the query,
key, and value projections as well as the output projection in the attention layers.

• Matmul FLOPs: operations produced by matrix multiplications inside the at-
tention mechanism, in particular the computation of the attention scores and the
subsequent weighted aggregation of the value vectors.

• Bias FLOPs: operations associated with bias additions in the linear layers.

This breakdown allows us to better understand which parts of the transformer architec-
ture contribute the most to the overall computational cost and how the proposed token
reduction strategy affects these components. This strategy follows other works’ FLOPs
computation strategy since most of the libraries present in the literature do not adapt
efficiently to a custom module inserted in the transformer class.

Kinetics–400 Dataset and Preprocessing

All experiments are conducted on the Kinetics–400 dataset [19], a widely used benchmark
for large–scale video action recognition. The dataset contains approximately 240,000
training videos and around 20,000 validation videos spanning 400 human action classes.
Each clip is typically around ten seconds long and trimmed to contain a single action.
Videos are decoded using the Decord library, which allows efficient frame extraction
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directly from compressed files. For each video, a fixed number of frames is sampled
uniformly across the temporal duration of the clip. In our setup, we sample T = 16
frames with a temporal sampling rate of 4, meaning that every fourth frame is selected
from the original sequence. This strategy provides a reasonable temporal coverage while
keeping the computational cost manageable. Each sampled frame undergoes a standard
sequence of spatial preprocessing steps. First, frames are resized so that the shorter side
equals 224 pixels. A center crop of size 224 × 224 is then applied. Finally, pixel values
are converted to tensors and normalized channel–wise using the ImageNet statistics:

µ = [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225].

After preprocessing, each clip is represented as a tensor of shape.

(3, T, 224, 224),

where 3 denotes the RGB channels and T = 16 is the number of sampled frames. During
evaluation, we follow a multi–view inference protocol commonly adopted in video recogni-
tion works. Each video is evaluated using two temporal segments and three spatial crops,
resulting in six clips per video. The predictions from all clips are averaged to obtain the
final video–level classification.

ViViT Model Configuration

For part of our experiments, we employ the Video Vision Transformer (ViViT) architec-
ture [1]. ViViT extends the Vision Transformer to video inputs by modeling both spatial
and temporal relationships between patches.

Tubelet Embedding The input clip is partitioned into non–overlapping spatio–temporal
patches, commonly referred to as tubelets. In our configuration, the spatial patch size is
16 × 16 pixels while the temporal tubelet size is 2 frames. Given an input clip of T = 16
frames with spatial resolution 224 × 224, the number of spatial tokens per frame is

Ns = 224
16 × 224

16 = 14 × 14 = 196.

Since the temporal tubelet size is 2, the number of temporal tokens becomes

Nt = 16
2 = 8.

Each tubelet is flattened and projected through a linear embedding layer into a feature
vector of dimension d = 768.

Transformer Encoder The token sequence is processed by a stack of transformer
blocks. Each block contains a multi–head self–attention (MHSA) layer followed by a
feed–forward network (MLP). The model uses 12 attention heads, each with dimension
64, resulting in a total embedding dimension of 768. The feed–forward network uses an
expansion ratio of 4, leading to a hidden dimension of 3072. A classification token is
prepended to the token sequence, and its final representation is passed through a linear
layer to produce predictions over the 400 action classes.
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VideoMAE Model Configuration

In addition to ViViT, we also evaluate our method using a VideoMAE backbone [40].
VideoMAE is a transformer–based architecture designed for video representation learning,
which follows a structure similar to Vision Transformers but incorporates spatio–temporal
patch embeddings tailored for video data.

Tubelet Embedding Similar to ViViT, VideoMAE divides the input clip into spatio–
temporal patches. The spatial patch size is 16 × 16, while the temporal tubelet size is
set to 2 frames. Therefore, the input video of size (3,16,224,224) is decomposed into a
sequence of tokens representing localized regions across space and time. Each tubelet
is flattened and linearly projected into a 768–dimensional embedding space. Positional
embeddings are added to retain information about the spatial and temporal ordering of
tokens.

Transformer Backbone The embedded tokens are processed by a ViT–Base style
transformer encoder composed of 12 transformer layers. Each layer contains multi–head
self–attention with 12 heads and a feed–forward network with hidden dimension 3072. A
classification token is appended to the sequence, and its final representation is used by a
linear classification head to produce logits for the 400 Kinetics classes. The architecture
follows the standard configuration commonly adopted in VideoMAE–based video classifi-
cation pipelines, allowing a fair comparison between the baseline model and our proposed
modifications.

UCF101 Dataset and Preprocessing

In addition to Kinetics–400, we also evaluate our method on the UCF101 dataset [38].
UCF101 is a widely used benchmark for action recognition consisting of 13,320 videos
spanning 101 human action categories. The videos are collected from YouTube and cover
a wide range of activities such as sports, musical performances, and everyday actions.

Frame Sampling and Preprocessing For each video, we sample T = 16 frames using
a temporal sampling rate of 4, meaning that every fourth frame from the original sequence
is selected. This allows the model to observe motion across a longer temporal span while
maintaining a manageable number of tokens for the transformer encoder. Each sampled
frame is resized so that the shorter side is 224 pixels, followed by a center crop of size
224×224. The frames are then converted into tensors and normalized using the standard
ImageNet statistics:

µ = [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225].

After preprocessing, each video clip is represented as a tensor of shape (3,16,224,224).

Inference Protocol During evaluation, we adopt a multi–view testing strategy similar
to the one commonly used in video recognition literature. Each video is evaluated using
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two temporal segments and three spatial crops, resulting in a total of six clips per video.
Predictions from all clips belonging to the same video are averaged to obtain the final
video–level classification score.

Model Configuration Experiments on UCF101 use the same VideoMAE backbone
described in the previous section, based on a ViT–Base architecture with an embedding
dimension of 768, 12 transformer layers, and 12 attention heads. The spatial patch size
is 16 × 16 pixels, and the temporal tubelet size is set to 2 frames. The classification
head is adapted to output predictions over the 101 action classes of the UCF101 dataset.
This setup allows us to evaluate the proposed method on a smaller but widely adopted
benchmark while maintaining consistency with the configuration used for larger datasets.

5.1.4 Baselines

ToMe

As previously mentioned, ToMe is the most renowned token merging algorithm in the
literature. Other works, such as PRANCE [25], have utilized ToMe for various purposes,
including enabling a reinforcement learning (RL) agent to prune or merge tokens. A com-
parison of my technique, which is a merging technique for background tokens that exploits
temporal reduction, with one of the best state–of–the–art merging methods seemed more
relevant. It is important to note that ToMe implements token merging without accounting
for temporal dependencies between frames. This process is primarily applied to individ-
ual images, though there have been experimental endeavors in video. Furthermore, the
present algorithm merges tokens exclusively in the background, whereas ToMe merges
them on all tokens. In the course of the experiments, a fused version of the algorithm for
merging background tokens and ToMe for merging foreground tokens was also included.
The present study will demonstrate the adaptability of the proposed method to augment
existing techniques, thereby underscoring its position as a viable alternative to existing
methods. This method represents a complementary strategy, and none explicitly imple-
ments training–free background–aware KV reuse across generic video inference, which is
the focus of this thesis

Naive Temporal Caching Baseline

Caching mechanism memory footprint and performance represent a central focus of this
thesis, as temporal key–value caching is one of the main advantages of the proposed
approach compared to the few existing works that explore temporal token reduction
strategies in video transformers. Unfortunately, at the time of writing, implementations
and detailed experimental materials for most of these methods are not publicly avail-
able. This makes a direct empirical comparison difficult, particularly with respect to
memory usage and runtime behavior. To partially address this limitation, we introduce
a controlled baseline designed to isolate the effect of the caching mechanism itself. In
this baseline configuration, the TBKV framework remains unchanged in terms of archi-
tecture and execution flow. However, instead of performing token merging between the
current tokens and the cached key–value representations, the system simply stores the
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key and value tensors without applying any reduction operation. This setup allows us to
approximate the behavior of a naive temporal KV caching strategy in which previously
computed representations are reused, but no token compression is applied. As a result,
the comparison highlights the contribution of the proposed token merging mechanism in
terms of both computational efficiency and memory footprint, while keeping the rest of
the pipeline identical.

5.2 Evaluation Results

5.2.1 Efficiency–Accuracy Trade–off Compared to Baseline Methods

In this first plot, we analyze the overall performance of TBKV compared to the baseline
token merging method, ToMe, as well as a hybrid configuration where TBKV is applied
on background tokens while ToMe operates on foreground tokens. Results show a clear
advantage of TBKV in terms of the accuracy/efficiency trade–off. In particular, TBKV
consistently achieves lower computational cost while maintaining comparable or higher
accuracy than the baseline approach. For completeness, ToMe was evaluated under dif-
ferent values of the parameter r, which controls the token merge ratio. Larger values
of r correspond to more aggressive token reduction and therefore higher computational
savings, but typically lead to a larger degradation in accuracy. The results indicate that
TBKV provides a more stable reduction strategy, as it selectively targets background
tokens that contain redundant information across frames. In contrast, ToMe performs
merging globally across all tokens, which may affect foreground regions that are more
relevant for the final prediction. Finally, the hybrid configuration combining TBKV with
ToMe further highlights the flexibility of the proposed method. While TBKV already
achieves strong reductions on its own, applying ToMe on the remaining foreground to-
kens can lead to additional FLOPs savings. This demonstrates that TBKV can serve not
only as a standalone token reduction strategy but also as a complementary mechanism
that can be integrated with existing token pruning or merging techniques. On plot 5.1,
we keep the matching ratio fixed for TBKV application and only change the merging
ratio during caching. We can show, for completeness, on 5.2 the performance of tbkv as
we change the matching ratio. We can notice how having a low matching ratio tends to
have close performance to baseline and ToMe.
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Figure 5.1. Accuracy versus FLOPs trade–off for TBKV, ToMe, and the hybrid
TBKV+ToMe configuration. The plot shows that TBKV achieves a more favorable
efficiency–accuracy balance by selectively reducing background tokens while preserving
informative foreground tokens.
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Figure 5.2. Impact of the TBKV matching ratio on the accuracy–FLOPs trade-off. Lower
matching ratios approach baseline performance, while higher ratios provide greater com-
putational savings by increasing the reuse of cached token representations.

5.2.2 Scalability of TBKV Across Vision Transformer Backbone Sizes

Due to the increasing computational capabilities of modern edge devices, larger Vision
Transformer backbones are increasingly deployed in applications where accuracy is crit-
ical. However, the computational and memory requirements of such architectures grow
substantially with model size, making efficient token handling strategies essential. In this
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plot, we compare the performance of a standard VideoMAE baseline, VideoMAE aug-
mented with a representative token reduction technique, and VideoMAE equipped with
our proposed TBKV mechanism, across different backbone sizes ranging from small to
huge. Our results show that as the ViT backbone scales, the performance gains achieved
by TBKV consistently increase. In particular, the gap between TBKV and compet-
ing approaches widens for larger architectures, indicating that the benefits of structured
token merging and reuse become more significant at scale. Overall, these findings demon-
strate that TBKV is not only effective for compact models but particularly well–suited
for large–scale Vision Transformers. As model capacity increases, TBKV leverages the
growing redundancy in representations to achieve greater efficiency gains without sacri-
ficing accuracy. This scalability property highlights TBKV as a robust and future–proof
solution for high–capacity video models deployed in compute–constrained environments.
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Figure 5.3. Scalability analysis of TBKV across Vision Transformer backbone sizes. The
figure shows that computational savings increase as model size grows, demonstrating that
TBKV becomes more effective for large–scale video transformers.

5.2.3 Impact of KV Reuse on Transformer Computation

In this experiment, we compare the computational cost of key–value (KV) operations
between a standard Video Vision Transformer baseline and our TBKV method across 50
videos. The plot reports cumulative KV FLOPs on the y–axis and video index on the
x–axis. The baseline exhibits a linear increase in KV computations as more videos are
processed, reflecting the repeated recomputation of key and value projections for each
frame. In contrast, TBKV leverages KV reusing across frames, resulting in a cumulative
KV FLOPs curve that remains consistently below the baseline line. This demonstrates
the efficiency of the caching strategy, where previously computed KV pairs are reused
rather than recomputed, reducing overall computation without sacrificing accuracy. The
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plot clearly illustrates that KV reuse in TBKV enables nearly linear scaling in practice
while maintaining a lower absolute computational cost compared to the naive baseline.
This reduction becomes more pronounced as more videos are processed, highlighting the
compounding benefits of temporal token caching.
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Figure 5.4. Cumulative KV computation for the baseline model and TBKV across
multiple videos. The baseline recomputes key and value projections for every
frame, while TBKV reuses cached KV representations, significantly reducing the
total computational cost.

5.2.4 Effect of Token Merging on Cached Representation Quality

Prior works on temporal token reduction typically store raw tokens along with their cor-
responding keys and values in the cache. In contrast, our approach stores a merged rep-
resentation of tokens, aiming to reduce the memory footprint while maintaining semantic
fidelity. To isolate the effect of merging, we implement a variant of TBKV that performs
key–value reuse without token merging, effectively caching raw features. This allows for
a direct comparison between storing raw tokens and storing merged representations. Our
results show that, as the merging ratio varies, caching merged tokens consistently outper-
forms caching raw features. Despite the reduced representation size, the merged cache
preserves and in several cases improves downstream performance. These findings suggest
that token merging is not merely a compression mechanism, but a crucial component for
maintaining informative and stable representations in the cache.
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Figure 5.5. Comparison between TBKV caching using merged token representations and
a naive cache storing raw tokens. The figure shows that merged representations reduce
computation while preserving or improving accuracy, demonstrating the effectiveness of
token merging within the cache.

5.2.5 Influence of Cache Size on Accuracy and Computational Cost

In this experiment, we analyze the impact of caching and merging tokens across multiple
frames. We vary the parameter P , which represents the number of frames stored in the
cache; the number of matching frames is therefore nframes − −P . The plot reports ac-
curacy on the y–axis and FLOPs on the x–axis. Two curves are shown in the plot: one
corresponding to the TBKV cache, which stores merged token representations across P
frames, and the other corresponding to a raw cache that stores tokens without any merg-
ing. The results demonstrate that merged tokens provide higher accuracy per FLOP by
consolidating redundant information across frames while maintaining essential semantic
content. They also reduce the computational cost by decreasing the number of token–
level operations. In addition, the TBKV curve is broader than the raw cache curve,
indicating that merging allows stable performance across a wider range of cache sizes.
Storing merged tokens requires less memory compared to caching raw tokens, which is
particularly relevant for edge devices and streaming applications. Finally, merged tokens
enable a smoother trade–off between cache size and computation, avoiding spikes in com-
putation that can occur when using raw tokens. Overall, this experiment highlights how
TBKV’s token merging mechanism effectively balances efficiency and accuracy, making
it a superior strategy for temporal token caching compared to naive raw token storage.
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Figure 5.6. Overview of the TBKV caching pipeline during the warm–up phase.
Background tokens extracted from the first P frames are merged using bipartite
soft matching to build a compact KV cache, enabling computation reuse during
subsequent inference frames.

5.2.6 Memory Efficiency of TBKV Caching

To analyze the memory efficiency of TBKV, we study the relationship between cache
size and memory operations under different merging ratios. Specifically, we report the
cache footprint (in MB) on the y–axis and the number of memory operations (reads
and writes associated with KV storage and retrieval) on the x–axis. Each point on
the curve corresponds to a different merging ratio, making the curve parametric in the
degree of token merging. As the merging ratio decreases, fewer tokens are stored in
the cache, leading to a proportional reduction in both memory footprint and memory
traffic. This results in a monotonic curve shifting toward the lower–left region of the
plot, indicating simultaneous reductions in storage and memory requests. Importantly,
the curve demonstrates that TBKV does not introduce excessive memory traffic despite
operating on merged representations. On the contrary, reducing the number of stored
tokens directly lowers memory accesses, preventing the cache mechanism from becoming
a bottleneck. Even at moderate merging ratios, TBKV achieves substantial reductions
in cache size while maintaining controlled memory request growth. Overall, this analysis
confirms that TBKV scales favorably from a memory systems perspective: The reduction
in cache footprint translates into a proportional decrease in memory operations, ensuring
that efficiency gains are not offset by increased bandwidth demands.

51



Evaluation

1000 1500 2000 2500 3000
Memory ops per video (writes + reads, MB)

500

1000

1500

2000

2500

3000

C
ac

he
 K

+
V 

fo
ot

pr
in

t (
M

B
)

r=0.1
r=0.2

r=0.5

raw

TBKV (merged cache)
TBKV (raw cache)

Figure 5.7. Memory footprint and memory operations for TBKV caching compared to a
raw token cache. Token merging reduces the number of stored tokens, leading to smaller
cache sizes and fewer memory accesses during inference.

5.2.7 VideoMAE

Results on UCF–101 dataset

Method Backbone FLOPs Top–1 (%) Top–5 (%)
VideoMAE (Baseline) ViT–B 156.31 93.38 98.54
VideoMAE + TBKV ViT–B 86.03 (–44.96%) 93.47( –0.09 %) 98.52

Table 5.1. Performance comparison on the UCF101 dataset. TBKV signifi-
cantly reduces FLOPs while maintaining comparable classification accuracy to
the baseline VideoMAE model.

Results on Kinetics400 dataset

As shown in table 5.2.7, TBKV achieves substantial FLOPs against while having a negli-
gible accuracy loss. Kinetics400 is our biggest dataset, being our de facto main reference
when it comes to testing the efficiency of TBKV. It is worth noticing that while TOP–1
accuracy drops slightly, the TOP–5 accuracy is many times greater with respect to base-
line ones since representation–level tokens in the cache provide a way to stabilize the
output of logits of the model. This is one of the biggest differences with respect to other
kv–caching works applied to ViTs. Moreover, testing with different backbones of different
dimensions shows another important characteristic of TBKV, which is its scalability to
larger architectures. For a large backbone like ViT–L, we achieve the same FLOPs as a
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ViT–S without our algorithm applied, which allows the application of larger architectures
on edge devices at the same cost as basic ones with no significant accuracy loss.

Method Backbone FLOPs Top–1 (%) Top–5 (%)
VideoMAE (Baseline) ViT–S 269.16 90.48 97.98
VideoMAE + TBKV ViT–S 137.76 (–48.82%) 89.70 (–0.78%) 98.01
VideoMAE (Baseline) ViT–B 502.86 90.99 98.44
VideoMAE + TBKV ViT–B 96.36(–80.82%) 89.81( –1.17 %) 98.06
VideoMAE (Baseline) ViT–L 1459.34 93.34 99.04
VideoMAE + TBKV ViT–L 229.33(–84.29%) 92.31(–1.03%) 98.93
VideoMAE (Baseline) ViT–H 2895.00 93.95 99.22
VideoMAE + TBKV ViT–H 412.00(–85.78%) 93.05(–3.21%) 99.05

Table 5.2. Performance of TBKV on the Kinetics–400 dataset across different back-
bone sizes. The results show substantial computational reductions while maintaining
high classification accuracy.

5.2.8 Comparison with Existing Token Reduction Techniques

VideoMAE results on Kinetics400

Method Backbone FLOPs Top–1 (%) Top–5 (%)
VideoMAE (Baseline) ViT–B 502.86 90.99 98.44
VideoMAE + TBKV ViT–B 96.36(–80.82%) 89.81( –1.17 %) 98.06

VideoMAE + TBKV + ToMe ViT–B 76.1028(–84.87%) 89.82% (–1.17%) 98.08

Table 5.3. Evaluation of TBKV combined with ToMe applied to foreground tokens on
Kinetics–400. The results highlight how TBKV can serve as a complementary mechanism
to existing token reduction methods.

ViViT results on Kinetics400

Method Backbone FLOPs Top–1 (%) Top–5 (%)
ViViT (Baseline) ViT–B 537.6 71 97
ViVit + TBKV ViT–B 392(–24%) 71 87

ViViT + TBKV + ToMe ViT–B 155.36(–71.1%) 63.7(–10.242%) 78

Table 5.4. Performance of TBKV on the Kinetics–400 dataset using the ViViT back-
bone. The results demonstrate that the proposed temporal KV reuse mechanism
can be integrated with different video transformer architectures while still providing
meaningful reductions in computational cost.

In order to further prove the flexibility of TBKV with other state–of–the–art token re-
duction techniques applied to foreground tokens, we applied ToMe to foreground tokens.
Results show a significant reduction of FLOPs on both models, highlighting the possibility
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of using TBKV as a backbone for additional algorithms. At the same time, we can notice
how unpredictable the behaviour of token reduction can be when applied to foreground
tokens, since we see a –10% reduction in accuracy for ViViT model tested on Kinetics400
dataset. We demonstrate once more our decision to apply token efficiency methods on the
background, since foreground tokens tend to have a much higher sensitivity to complex
procedures. However, it still provides a design choice depending on the trade–off between
accuracy and efficiency we want to apply to our specific implementation.

5.2.9 Visualizations

Figure 5.8 presents a qualitative example of the TBKV pipeline applied to a short video
clip from the Kinetics–400 dataset labeled training dog. In this sequence, a dog runs and
jumps across a training field, while the surrounding environment remains largely static.
This type of scenario is representative of many real–world videos where a small dynamic
foreground object moves within a mostly stable background. The first row of the figure
shows four consecutive frames extracted from the video. The action of interest is cen-
tered around the dog, which changes position significantly across frames as it runs and
jumps over a training obstacle. Despite this motion, the majority of the scene remains
unchanged, including the grass field, distant vegetation, and the black borders at the top
and bottom of the image. The second row visualizes the foreground/background separa-
tion produced by the saliency extraction module. Regions highlighted in red correspond
to foreground tokens that exhibit strong temporal variation or receive higher attention
from the transformer model. These regions primarily correspond to the dog and the
nearby area involved in the action. Regions highlighted in green correspond instead to
background tokens that remain relatively stable across frames. Several observations can
be made from this visualization. First, the moving dog is consistently identified as fore-
ground across all frames, indicating that the saliency mechanism correctly captures the
dynamic regions associated with the action class. Second, large static areas such as the
grass field are correctly classified as background. Even regions that contain some visual
structure, such as the fence visible in the third frame, are still classified as background be-
cause they remain stationary relative to the camera. This demonstrates that the method
does not rely purely on texture complexity but rather on temporal stability. Additionally,
the black borders present at the top and bottom of the frames are correctly detected as
background tokens, highlighting the robustness of the saliency estimation even in low–
information regions. The third row illustrates the merging process applied to background
tokens during the cache warm-up phase. Each colored rectangle represents a group of
tokens that have been merged together through the bipartite soft matching algorithm.
Since background regions tend to exhibit strong spatial and temporal redundancy, many
tokens can be safely aggregated into a smaller set of representative tokens. This effect
is particularly visible in the grass field, where large areas are merged into relatively few
token groups. In contrast, areas closer to the moving dog show a finer token partitioning,
reflecting higher visual variability. This example highlights a key motivation behind the
TBKV approach. In many video understanding tasks, the semantic information required
to recognize the action is concentrated in a relatively small foreground region, while the
majority of the frame contains redundant background content. By identifying these stable
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regions and compressing their representations through token merging, the algorithm can
construct a compact cache of background key–value representations that can be reused
across subsequent frames. As a result, the model avoids recomputing large portions of the
transformer representation while still preserving full fidelity for the dynamic foreground
tokens that are most relevant to the action being recognized.

Figure 5.8. Qualitative visualization of the TBKV pipeline on a video from the
Kinetics-400 dataset labeled training dog. The first row shows consecutive frames from
the video sequence. The second row illustrates the saliency–based foreground/back-
ground separation, where foreground tokens are highlighted in red and background to-
kens in green. Dynamic regions corresponding to the dog and nearby interaction areas
are correctly identified as foreground, while static regions such as the grass field, im-
age borders, and distant scene elements are classified as background. The third row
visualizes the merging of background tokens during the cache warm-up phase. Colored
rectangles represent groups of tokens that are merged using bipartite soft matching,
forming compact background representations that are stored in the cache. Large uni-
form regions are aggressively merged due to their high redundancy, while areas near the
moving subject preserve finer token granularity.

5.3 Discussion

The results presented in this thesis show that the proposed Temporal Background Key–
Value Reuse (TBKV) mechanism effectively reduces computational costs in Video Vision
Transformers while maintaining competitive action recognition accuracy. Across both
Kinetics–400 and UCF101 datasets, TBKV demonstrates consistent FLOPs reduction,
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often between 40% and 85%, depending on the backbone size without causing significant
drops in Top–1 or Top–5 accuracy. These findings confirm the initial hypothesis that
selectively merging redundant background tokens and reusing their key–value represen-
tations can improve efficiency without degrading performance. A major advantage of
TBKV lies in its focus on background tokens. Unlike ToMe, which merges tokens indis-
criminately, TBKV preserves foreground tokens, which are typically the most informative
for recognizing actions. This selective approach results in a more favorable trade–off be-
tween accuracy and computational cost, as shown in the hybrid experiments where TBKV
was combined with ToMe on foreground tokens. The hybrid configuration further high-
lights TBKV’s flexibility: it can complement existing token reduction methods, offering
a pathway for more advanced, combined strategies. Scalability analysis also supports the
method’s effectiveness for larger architectures. As transformer backbones grow in size,
the amount of redundant background information naturally increases. TBKV leverages
this redundancy, producing more significant efficiency gains for high–capacity models.
This property makes the method particularly relevant for practical applications, such as
deploying large video models on GPUs with limited memory or in edge devices where
computational resources are constrained. Finally, memory analysis demonstrates that
TBKV reduces the cache footprint while maintaining semantic fidelity in the merged
key–value representations. Compared to naive caching, merged tokens allow stable per-
formance across a range of cache sizes, highlighting the approach’s suitability for both
offline and near real–time video processing scenarios.

5.4 Limitations
While TBKV shows clear advantages, there are some limitations that future work should
address. First, the method currently relies on a periodic warm–up mechanism where the
first P frames of a video are used to populate the cache, and this warm–up is repeated
at fixed intervals for longer sequences. The optimal frequency and length of these refresh
periods remain unexplored. Future research could investigate adaptive or content–aware
refresh strategies, where the model dynamically decides when to update the cache based
on changes in the video, potentially further improving computational efficiency without
sacrificing accuracy. Second, TBKV assumes a clear distinction between background and
foreground tokens based on motion or semantic cues. In videos with highly dynamic
backgrounds, subtle actions, or low–contrast movement, this separation may not per-
fectly capture the most relevant information, potentially leading to small accuracy drops.
More advanced token selection strategies, possibly guided by attention maps or temporal
saliency, could help mitigate these issues. Third, the experiments in this thesis focus
primarily on offline evaluation with fixed–length video clips. Extending TBKV to real–
time streaming or variable–length sequences introduces additional challenges related to
cache management, memory bandwidth, and latency, which were not addressed in this
study. Handling these scenarios would require further experimentation and potentially
algorithmic adjustments to the current approach.
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Conclusion

This thesis presents TBKV, a temporal token reduction mechanism that improves the
efficiency of Video Vision Transformers by reusing the key-value representations of back-
ground tokens across frames. The method addresses a major inefficiency in video trans-
formers: repeated computation of largely redundant representations in static background
regions. Experimental results demonstrate that TBKV significantly reduces computa-
tional costs up to 85% in some configurations while maintaining high classification accu-
racy on Kinetics-400 and UCF101 datasets. TBKV scales effectively to larger transformer
backbones, integrates seamlessly with other token-reduction methods such as ToMe, and
reduces memory requirements through compact token merging. While the method shows
strong efficiency and scalability, some limitations remain, including the fixed periodic
warm-up mechanism, potential challenges in separating foreground and background to-
kens in complex videos, and applicability to real-time streaming scenarios. These areas
provide clear directions for future work. Overall, TBKV offers a promising approach for
improving the computational efficiency of video understanding models. By selectively
reducing redundant computations, it enables high-capacity video transformers to oper-
ate more efficiently without compromising accuracy, providing a foundation for practical
deployment in resource-constrained environments.
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