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Abstract

In recent years, Transformers have revolutionized the management of Natural Language Processing tasks, and Vision Trans-
formers (ViTs) promise to do the same for Computer Vision ones. However, the adoption of ViTs is hampered by their
computational cost. Indeed, given an image divided into patches, it is necessary to compute for each layer the attention of
each patch with respect to all the others. Researchers have proposed many solutions to reduce the computational cost of
attention layers by adopting techniques such as quantization, knowledge distillation and manipulation of input images. In
this paper, we aim to contribute to the solution of this problem. In particular, we propose a new framework, called AgentViT,
which uses Reinforcement Learning to train an agent that selects the most important patches to improve the learning of a
ViT. The goal of AgentViT is to reduce the number of patches processed by a ViT, and thus its computational load, while
still maintaining competitive performance. We tested AgentViT on CIFAR10, FashionMNIST, and Imagenette™ (which is a
subset of ImageNet) in the image classification task and obtained promising performance when compared to baseline ViTs

and other related approaches available in the literature.
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1 Introduction

In recent years, thanks to deep neural networks, Artificial
Intelligence has experienced a remarkable expansion, achiev-
ing significant advances in several areas, including Natural
Language Processing (NLP) and Computer Vision (CV)
[1-3]. Transformers are one of the key players in this develop-
ment [3]. Their architecture is based on attention blocks that
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search for semantic relationships between input elements.
The way Transformers work gives them a big advantage
over earlier architectures based on Recurrent Neural Net-
works (RNNs) and Convolutional Neural Networks (CNNSs),
whose performance degrades as input length increases. The
first definition of Transformers was limited to NLP, but in
2021, the Vision Transformer (ViT) [4-6] was introduced,
which works in the field of Computer Vision. This architec-
ture is inspired by that of Transformer in NLP, but instead
of dividing a sentence into words, it divides an image into
non-overlapping rectangular patches and looks for seman-
tic correlations between them. ViTs are highly competitive
and in some cases have been shown to be superior to CNNs
[4]. However, despite their promising results, ViTs face a
critical limitation: their computational complexity. The self-
attention mechanism in ViTs requires the computation of
attention scores between all pairs of patches in each layer,
resulting in high computational cost, especially as the input
size increases. To overcome this problem, researchers have
proposed many variants of ViTs aimed at reducing the cost
of attention layers [7-11].

At the same time, Reinforcement Learning (RL) has
emerged as a powerful tool in Al, demonstrating remarkable
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potential in a variety of domains, from robotics to intelligent
transportation systems [12—17]. RL excels in environments
where sequential decision-making is critical, making it a nat-
ural fit for optimization problems where tradeoffs between
multiple objectives need to be explored dynamically. This
motivates us to explore the use of RL as a means to mitigate
the computational challenges of ViTs.

Two main strands of approaches are commonly used
in the literature to reduce the computational complexity
of ViTs, namely token merging and token pruning. Token
merging combines tokens across ViT layers, preserving high-
resolution information in the early layers, and reducing the
number of tokens in the deeper layers [10, 18, 19]. In con-
trast, token pruning focuses on selecting a subset of tokens
to reduce the overall computational load [20-22]. Despite
the promising results of these approaches, they often require
tradeoffs and still suffer from inherent limitations that hin-
der their adaptability to different datasets and tasks. Some
approaches gradually reduce input resolution to reduce the
number of operations, but this can lead to the loss of important
fine-grained details, especially in images where important
features are widely distributed.

Token pruning approaches select a subset of tokens based
on predefined thresholds; however, they lack the flexibility to
dynamically adjust as image complexity varies. For example,
methods that rely on predefined thresholds or a fixed number
of selected tokens, such as DyViT [21], may lack the flexi-
bility to adapt dynamically to different input images. In fact,
correctly classifying a complex image might require more
tokens than the predefined threshold. As an example, con-
sider an image with important details spread over a large area;
it may require more tokens for accurate classification than an
image in which the relevant object is confined to a smaller
region. Alternative strategies, such as model compression or
knowledge distillation, improve efficiency but often at the
cost of reduced representational capacity and generalization.

These limitations highlight the need for a more adap-
tive framework that can dynamically balance efficiency and
accuracy based on the characteristics of each input. In this
scenario, RL provides a dynamic and adaptive framework for
optimizing ViT training. By using an RL agent to learn and
select the most relevant patches, we exploit the agent’s ability
to balance computational efficiency and model performance.
Unlike static methods, RL allows for an adaptive approach
where the agent learns the optimal number of tokens based
on the specific characteristics of the input data. This dynamic
adaptation can lead to more efficient training without com-
promising accuracy, as the agent continuously improves its
strategy based on feedback observed during ViT training.

Following this reasoning, we propose an innovative frame-
work, called AgentViT, for ViT optimization. As suggested
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by the previous observations, our approach uses RL to reduce
the computational complexity of the attention layers and,
consequently, the training time of ViTs. To achieve these
goals, we designed and implemented an RL agent that selects
a subset of the image patches so that the ViT has to pro-
cess them for its training, and thus less data than the original
patches. The goal is to reduce training time while maintaining
competitive performance. In addition, the use of an external
agent enables transfer learning by using pre-trained weights
to speed up training. The agent is trained to select rele-
vant patches, a process that can potentially be generalized
across models and tasks. Previously learned patch selection
strategies can be leveraged through careful fine-tuning to
adapt the agent to the new scenario. In AgentViT, we used
the Double Deep Q-Learning Network (DDQN) algorithm
[23]. For each training batch, the agent observes the atten-
tion values generated by the first ViT layer and selects a
subset of the original patches to be used during the ViT train-
ing process. The ViT is then trained using only the selected
patches. After a certain number of training iterations, the
agent receives a reward based on a combination of training
loss and the number of patches selected. To provide some
flexibility, AgentViT allows the user to decide how much
weight to assign to each of these two parameters in order
to favor a set of patches that guarantees low training time or
low training loss. We tested AgentViT on the CIFAR10 [24],
FashionMNIST [25], and ImagenetteJr datasets; the latter is
a subset of the ImageNet [26] dataset. During these tests,
we compared the results obtained by AgentViT with those
obtained by other related approaches available in the liter-
ature taking both efficiency and classification metrics into
account.

This paper is organized as follows: in Section 2, we present
related work. In Section 3, we describe the proposed frame-
work. In Section 4, we illustrate our experimental campaign
aimed at testing AgentViT on different datasets with dif-
ferent parameter values and comparing the results obtained
with those of related approaches. In Section 5, we propose
a discussion of the results obtained and the implications and
limitations of AgentViT. Finally, in Section 6, we draw our
conclusions and look at possible future developments of our
research efforts in this area.

2 Related work

In this section, we present approaches already proposed in the
literature that are related to our own. Specifically, in Subsec-
tion 2.1 we present RL approaches in complex environments,
while in Subsection 2.2 we illustrate approaches for speeding
up ViTs.
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2.1 Reinforcement learning in complex
environments

Reinforcement Learning (RL) has been widely applied
in complex environments where decision-making involves
sequential interactions with dynamic systems, such as robotics,
autonomous systems, and generative models [27-29]. Unlike
traditional supervised learning approaches that rely on large
labeled datasets, RL optimizes long-term objectives by learn-
ing from rewards, making it particularly useful for fine-tuning
pre-trained models, while adapting them to new constraints
or feedback mechanisms.

One such example can be found in [30], where the
authors integrate DWA3C, an Asynchronous Advantage
Actor-Critical approach, which incorporates dynamic update
weights to improve convergence speed and performance in
deep RL. DWA3C improves learning efficiency by dynami-
cally weighting updates to prevent ineffective updates from
slowing learning. This enhancement is particularly valu-
able in high-dimensional and real-time environments, such
as robotics and autonomous driving, where faster conver-
gence results in better control, optimized decision-making,
and reduced training time.

Similarly, the authors of [31] introduce four asynchronous
RL algorithms to address slow convergence and instabil-
ity in small-scale discrete problems. By leveraging parallel
actor-learners and asynchronous updates, these algorithms
improve learning efficiency, making RL more viable for real-
time decision-making. The integration of eligibility traces
and model-based learning further optimizes performance in
resource-constrained environments.

Beyond robotics, RL has also demonstrated effective-
ness in energy management. For example, the authors of
[29] present a multi-agent RL approach that uses multi-
agent proximal policy optimization to regulate residen-
tial power demand by coordinating air conditioners. The
model optimizes consumption while maintaining indoor
temperature stability, and explores hand-engineered and
learned communication strategies. The study shows that
localized decision-making can enhance demand response
without significant infrastructure investment, contributing to
autonomous, resilient power systems that improve grid sta-
bility and renewable energy integration.

In the context of generative models, RL has been used
to refine text-to-image diffusion models. For example, the
authors of [32] present DPOK, an RL-based fine-tuning
approach that optimizes a model using policy gradient meth-
ods and human feedback-driven rewards. To maintain align-
ment with the pre-trained model, DPOK applies Kullback-
Leibler divergence regularization. This online update mecha-
nism continuously evaluates results, reducing biases, enhanc-
ing interpretability, and correcting distortions in ambiguous
prompts.

RL has also been widely applied in computer vision, where
it allows models to dynamically optimize complex tasks that
require adaptive decision-making [33-35]. For instance, the
authors of [36] present an RL-based approach to image clas-
sification that replaces cross-entropy loss with reward-based
optimization inspired by the vanilla policy gradient method.
This way of proceeding improves the robustness of the model
against adversarial attacks, demonstrating superior accuracy
against Fast Gradient Sign Method and AutoAttack com-
pared to traditional training methods.

RL-based approaches have also been applied to object
detection in high-resolution images, especially in remote
sensing. For example, the authors of [37] propose an adaptive
approach that selects spatial resolution in a two-step pro-
cess. This approach first analyzes a low-resolution image to
capture the global context and then selectively requests high-
resolution patches for detailed object detection. This strategy
significantly reduces computational cost while maintaining
accuracy, and provides an efficient alternative to traditional
sliding window techniques and full-resolution processing.

Another area where RL has shown remarkable effec-
tiveness is feature selection. By dynamically optimizing
feature selection, RL reduces redundancy while retaining
informative features; thus, it is able to efficiently handle
high-dimensional datasets and balance performance with the
number of features [38—40]. For example, the authors of
[41] apply a multi-agent approach based on RL for fea-
ture selection. This approach treats each feature as an agent
that decides its inclusion based on statistical descriptions,
autoencoders, and Graph Convolutional Networks. A tailored
reward mechanism improves coordination, while generative
sampling strategies and interactive exploration improve effi-
ciency and convergence. Notably, the role of RL in feature
selection aligns with its application in patch selection for
image analysis. As RL identifies the most relevant features
in tabular data to reduce dimensionality while preserving
predictive power, it can also determine the most meaning-
ful image regions by discarding less relevant patches; in this
way, it can improve computational efficiency without signif-
icantly degrading performance. Taken together, these studies
illustrate the versatility of RL across a wide range of applica-
tions demonstrating its potential to enhance decision-making
in complex, high-dimensional environments.

2.2 Speeding up vision transformers

Several approaches have been proposed in the literature to
reduce the computational load of the attention layers present
in Transformers. These approaches are based on different
techniques, such as quantization [42—48], pruning [49-52],
low-rank factorization [53, 54] and knowledge distillation
[55-60]. For example, TinyBERT [61] uses a student-teacher
knowledge distillation technique where a smaller model is
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trained by the predictions of a larger model. Other approaches
try to reduce the complexity of attention layers; for example,
in [62] the authors replace the fully connected structure typi-
cal of the classical attention mechanism with a star topology,
in which each pair of non-adjacent nodes is connected by a
shared node. In [63], the authors use a sparse routing mod-
ule based on k-means to reduce the overall computational
complexity of attention. The authors of [64] introduce a hier-
archical attention strategy; it first considers which part of
the inputs should be attended, and then computes full atten-
tion in a contiguous neighborhood of the selected area. In
[7], the authors propose an approach that reduces computa-
tional complexity by performing the sparse factorization of
the attention matrix.

As for reducing the computational load of ViTs, [65] is one
of the first attempts to apply self-supervised learning to ViTs.
The authors start from the observation that a multi-stage
architecture with sparse self-attention can reduce modeling
complexity, but at the cost of losing the ability to capture fine-
grained correspondences between image regions. In [66],
the authors introduce Patch-to-Cluster attention to improve
the efficiency and interpretability of ViTs. This is done by
learning cluster-based attention with linear complexity and
improving interpretability through semantically meaningful
clusters. However, the approaches most similar to ours are
those that reduce the number of operations by minimizing
the number of patches processed. These approaches can be
divided into two main strands, focusing on token merging
and token pruning, respectively; both modify the ViT input
to reduce the computational cost during training and/or infer-
ence.

The first strand includes token merging approaches, where
tokens are combined across multiple layers of the ViT. In
general, high-resolution information is preserved in early lay-
ers to capture fine-grained details, while tokens are merged
in deeper layers to reduce their number and computational
requirements [67]. This process allows the ViT to achieve
high performance by exploiting information in early layers
and reducing computation in deeper layers. PatchMerger [10]
falls into this category; it consists of a module that reduces
the number of patches the network has to process by merg-
ing patches between two successive intermediate layers. This
module can be used at different depths to gradually reduce the
number of tokens processed by the ViT. The authors of [18]
present a different approach to merging. In each layer, a soft
fusion algorithm reduces the number of processed tokens;
the output of this module is processed by the transformer
layer and then oversampled to the original number of tokens.
Another approach is ToMe [19], which is based on similarity
and bipartite soft matching. This module can merge similar
tokens without introducing too much overhead in computing
token similarity.

@ Springer

The second strand concerns token pruning methods, which
includes our approach. Approaches in this strand aim at
reducing the number of tokens processed by the transformer
layers, thus reducing the computational and memory over-
head. For example, in [21], the authors propose DynamicViT
(DyViT), a special token pruning approach that uses a set
of layers trained during ViT training epochs. These layers
are placed after the attention layers and select a subset of
tokens that are then used in the deeper layers. The number
of tokens must be set by the user, which can be disadvan-
tageous because there is a risk of using too few tokens in
complex images or too many tokens in simple images. In
[20], the authors present an approach that discards unneces-
sary patches in a top-down paradigm. It identifies effective
patches in the last layer and uses them to guide the selec-
tion of patches from previous layers. Specifically, for each
layer it approximates the impact of a patch on the features of
the final output and removes patches with less impact. The
authors of [22] propose a token sparsification framework to
progressively and dynamically prune redundant tokens based
on the input. In particular, they propose a lightweight mod-
ule to estimate the importance of each token based on its
current features. This module is added to multiple layers
to hierarchically prune the redundant tokens. In [68], the
authors propose AdaViT, an adaptive computational frame-
work that learns which patches, self-attention heads, and
transformer blocks to use throughout the model depending
on the input. In [8], the authors introduce Adaptive Token
Sampling Vision Transformer (ATSViT), which exploits the
importance of tokens to reduce computational complexity.
Specifically, after computing a metric based on the attention
value, ATSViT uses replacement sampling, where each token
has a probability of being selected equal to the value of the
metric. The main differences between ATSViT and previous
approaches are the absence of additional parameters in the
ViT and the dynamic computation of the number of tokens
based on the input image batch, rather than being statically
defined by the user. Another relevant approach is Expedit-
ing Vision Transformer (EViT) [11], which uses attention
scores to evaluate the importance of each token. To reduce
complexity, EViT divides tokens into three groups: attentive,
semi-attentive and non-attentive tokens. The non-attentive
tokens are pruned, the semi-attentive are merged, and the
resulting token is concatenated with the attentive tokens.

Now that we have seen several related approaches, let us
see how AgentViT compares to them. AgentViT shares with
ATSVIT [8] the policy of using a dynamic number of tokens
based on the input images. This allows it to better adapt to the
input images. However, the mechanisms used by AgentViT
and ATSViT are completely different. In fact, ATSViT allows
the user to specify the maximum number of tokens to be
selected. Therefore, if after resampling the number of tokens
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is greater than the user-defined value, some of them will still
have to be discarded. Instead, AgentViT allows the user to
specify the desired number of tokens and the agent is trained
to select a number of tokens that is as close as possible to
the number specified by the user. In particular, if it achieves
a particularly low training loss, the total reward will make it
understand that it is advantageous to select a lower number
of tokens for that particular batch of images. On the other
hand, if it achieves a high training loss for a particular batch,
the reward mechanism will cause it to select a higher number
of tokens than the one specified by the user. Similar to [21,
22, 68], AgentViT uses an external module to learn which
patches should flow into the next layers. This feature may
reduce the generality of our approach, as it requires a fine-
tuning cycle to be applied to a specific ViT.

Unlike previously mentioned methods such as ATSViT
and ToMe, the use of an external agent allows AgentViT
to leverage transfer learning by using the weights of a
pre-trained agent, thus speeding up the training process.
Specifically, our approach involves training the agent to select
a subset of relevant patches, a task that remains consistent
across different models and datasets. As a result, once the
agent has been trained to select patches in a particular task
or model, it can be reused and adapted for different models
or tasks after a careful fine-tuning. This feature allows our
agent to be more adaptable to the dataset. In contrast, the
aforementioned approaches use attention values and simi-
larity between embeddings, which in some cases could lead
to suboptimal selections due to their heuristic nature. In con-
trast, AgentViT dynamically learns the best subset of patches
based on the specific characteristics of the dataset, rather than
relying on predefined rules or fixed attention patterns.

3 Description of AgentVIT

In this section, we present the details of AgentViT. Specif-
ically, in Subsection 3.1 we propose an overview of the RL
scenario and show a schematic workflow of our framework.
In Subsection 3.2, we define the states of our RL environ-
ment. In Subsection 3.3, we describe the actions that our
agent can perform. In Subsection 3.4 we illustrate the reward
function used to train our agent. Finally, in Subsection 3.5
we discuss the convergence of the proposed method.

3.1 Schematic workflow of AgentViT

Like many RL approaches [69], AgentViT employs a Markov
Decision Process MDP) M = (S, A, R, P, y), with a state
space S, a discrete set of actions 4, a reward function R :
S x A — R, a transition kernel P : S x A — S, and a
discount factor y € [0, 1). In an MDP, a stationary policy
7 : S — Ais a mapping from states to actions; it indicates

the action taken by an agent when it is in a given state. It is
used to describe how an agent interacts with the environment.
Specifically, we describe the state space S in Subsection 3.2,
present the action space .4 in Subsection 3.3, and finally
illustrate the reward formulation R in Subsection 3.4.

To estimate the expected cumulative reward that an agent
can obtain from a particular state-action pair (s, a) withs € S
and a € A, we employ an Action Value Function Q(s, a)
introduced in Q-Learning [70]. It represents the expected
cumulative reward that the agent can achieve starting from
state s, taking action a, and then following a certain policy =
for the next decisions. The Q-value Q(s, a) can be defined
recursively using the Bellman equation [71] as follows:

O(s,a) =E |:nga +y -max Q(s*, a/)i| 3.1
a'eA

where:

e [E denotes the expected value.

e R, isthereward obtained for the state s, after executing
the action a.

e y is the discount factor, which represents the importance
of reward immediacy. Specifically, if y = 0, actions
that produce an immediate reward are more important
than the others. If y = 1, all rewards have equal weight,
regardless of when they are obtained; this favors a long-
term view.

e s*isthe next state, i.e., the state in which the agent arrives
by starting from s and executing the action a.

This equation specifies that the Q-value associated with
the pair (s, a) and relative to the policy 7 is a function of the
reward obtained after taking the action a and the cumulative
reward associated with the next state s* when the best action
a’ € Ais taken in it. The weight of the reward associated
with the action a and the ones associated with the next state
are determined by the discount factor y.

The Q-Learning algorithm uses a table that consists of
a number of rows equal to the number of observable states
and a number of columns equal to the number of possible
actions. During the execution of the algorithm, the values in
the table are updated by means of the formula given in (3.2).
This formula allows the cumulative rewards associated with
each pair Q(s, a) to be obtained recursively:

0(s,a) < Q(s,a)+n- |:Rs.a +y- IP:_);\(Q(S*’(I/)) - Q(s,a)} (3.2)
Here:
e 1 is the learning rate; it is a number in the real interval

[0, 1], which specifies the rate at which the agent learns;
e y and s* have been introduced above.
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This algorithm struggles when the number of states is high
or when the states involved are continuous. In these cases
the table is replaced by a neural network, which is referred
to as Deep Q-Network. It receives the vector representing
the state s and computes the Q-values associated with each
pair (s, a*), where a* represents any action that the agent
can perform in the state s. The agent selects the action with
the highest Q-value. The DQN algorithm, which uses the
same neural network to both select and evaluate actions, is
prone to overestimation because of the maximization step
[72]. In this step, the action with the highest predicted Q-
value is selected, and the network is simultaneously used to
estimate the value of that selected action. This dual use of
a single network tends to amplify noise and inaccuracies in
the value estimation, leading to systematic overestimation of
Q-values. To mitigate this bias, we used the Double Deep
Q-Network (DDQN) [23], which decouples the selection of
actions from their evaluation. Instead of relying on a single
network for both processes, DDQN uses two separate neural
networks. The Q-Network selects the action by identifying
the highest Q-value, while a secondary target network is used
to evaluate the value of that action. This separation reduces
the bias introduced during the maximization step, resulting
in a more accurate Q-value estimation and, consequently, a
more stable and reliable learning policy. Other possible RL
algorithms designed to optimize decision-making in dynamic
environments are Proximal Policy Optimization (PPO) [73]
and Advantage Actor-Critic (A2C) [74], which refine policy
gradient methods to improve stability and efficiency in learn-
ing complex strategies. These algorithms favor exploration
over exploitation, making them well-suited for environments
that require extensive strategic planning and adaptability.
However, in structured tasks with clear reward pathways,
their efficiency may be suboptimal due to longer training
times and the necessity to fine-tune hyperparameters to bal-
ance performance and stability. In particular, A2C is highly
sensitive to the choice of learning rate, as small variations in
it can lead to either slow convergence or instability, making
it more challenging to tune effectively [75].

In our case, we chose DDQN over PPO and A2C because
of its superior learning efficiency and adaptability. DDQN
effectively mitigates overestimation bias by using a separate
target network, resulting in more stable learning dynamics
and improved convergence rates. In addition, its experience
replay mechanism allows the agent to better generalize by
learning from a diverse set of past experiences, reducing over-
fitting to specific trajectories. Unlike PPO and A2C, which
often require extensive fine-tuning to achieve optimal results,
DDQN proves resilient to changes in hyperparameters, mak-
ing it a more practical and efficient choice. In structured
environments like our scenario, where immediate rewards
and well-defined strategies play a key role, DDQN’s abil-
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ity to quickly assimilate optimal policies while maintaining
computational efficiency makes it the preferred approach. In
Section 4.4.1, we compare the performance of DDQN and
PPO when applied to AgentViT.

Figure 1 details the workflow that describes the behavior
of AgentViT.

As shown in Fig. 1, there are two basic components in
AgentViT, namely a ViT and the agent, which consists of a
pair of networks implementing the DDQN algorithm. Specif-
ically:

e In (i), the image flows through the first ViT layer, where
we extract the output of the attention layer and compute
a vector in which each element represents the average
attention value of a patch. This vector corresponds to a
state in the agent environment.

e In (ii), the agent receives the state representation s, con-
sisting of the attention values of the N patches, and
computes the corresponding Q-values Q(s, a;) for each
of the N possible actions a;, where each action corre-
sponds to the selection of a specific patch. Rather than
selecting a single action per step and iteratively updating
the state, we adopt a batch action selection approach to
ensure greater efficiency. This approach is described in
detail in the next sections.

e In (iii), the selected patches flow from the second to the
last layer of the ViT.

e In(iv), the reward of the agent after the classification step
is calculated as a combination of the number of selected
patches and the training loss. The Deep Q-Network uses
this reward to tune its behavior for the next step.

This process is repeated for each image in the training set
and for each epoch defined by the user. It is also important to
note that the agent does not iteratively update the state-action
space after each selection of patches but instead determines
the set of retained patches in a single step. Specifically, the Q-
network evaluates the importance of each patch and selects
those with Q-values exceeding the mean Q-value across
all patches. This approach significantly reduces the com-
putational overhead while maintaining flexibility in patch
selection.

The main strength of RL is its ability to balance short-
term and long-term objectives by optimizing a cumulative
reward function. In the short term, the agent seeks to reduce
the number of patches processed per training iteration, which
leads to an immediate reduction in computational complex-
ity. However, pruning can degrade the performance of the
model by discarding informative patches. The RL agent mit-
igates this risk by continuously updating its value function,
which estimates the expected benefit of retaining or discard-
ing specific patches based on observed outcomes. Through
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Fig.1 AgentViT workflow. AgentViT consists of a ViT and a DDQN-
based agent. (i) The image is processed by the first ViT layer, where
attention values are extracted and an average attention value per patch
is computed to form the state representation. (ii) The agent computes
Q-values for each patch and only patches with Q-values greater than

iterative exploration and exploitation, the agent refines its
patch selection strategy to converge on an optimal tradeoff
between efficiency and accuracy.

The RL-based patch selection method can theoretically
be viewed as an optimal sequential decision-making process
where the agent dynamically adjusts its policy to maximize
the cumulative reward over time. Unlike static or heuristic
approaches that rely on predefined rules, the RL agent mod-
els patch selection as a stochastic optimization problem, in
which the state of the system evolves based on the decisions
made at each step. The theoretical advantage of this approach
lies in its ability to learn an adaptive policy that optimally

every patch
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(= 0.45
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s, ‘ ! O < 046
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Reward
Q-Network optimization using the Target Network
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the mean are selected. (iii) The selected patches are propagated through
the remaining ViT layers. (iv) The agent receives a reward based on
the number of patches selected and the training classification loss, thus
refining its policy during training iterations

selects patches based on their contribution to model accuracy
while minimizing computational overhead. In addition, the
RL agent’s reward function acts as a self-regulating mecha-
nism that ensures generalization across different datasets and
ViT architectures. By incorporating both accuracy-driven
and efficiency-driven reward terms, the agent autonomously
discovers the best patch selection policy, avoiding both over-
pruning (which would reduce accuracy) and under-pruning
(which would lead to computational waste). The use of replay
memory and structured exploration strategies ensures that
the agent does not converge to suboptimal local minima but
instead refines its policy over successive training iterations.
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In the next subsections, we will explain in detail the compo-
nents of the algorithm underlying AgentViT.

3.2 State

In the context of the Markov Decision Process, on which the
RL mechanism underlying AgentViT is based, a state s € S
observed by the agent is represented by a vector of N real val-
ues, which models the current conditions of the environment.
In AgentViT, the state of the environment is represented by
attention values obtained from an image processed by the
first attention layer of the ViT. Specifically, each element
represents the average attention score assigned to the corre-
sponding image patch by the first attention layer of the ViT.
Formally speaking, given an input image decomposed into
N patches, the output of the first attention layer generates
an attention matrix of size N x d, where d is the embed-
ding size. We then aggregate these attention values over the
d dimensions to obtain a state representation. Formally, this
can be represented as:

d
1
s =(s1,52,....5y), wheres; = v ZA,»,- (3.3)
j=l1

In this formula A;; represents the attention value assigned to
patch i in the j-th dimension. Essentially, this vector repre-
sents the average attention value (and therefore importance)
given to the patches by the attention layer, as well as the state
given as input to the Deep Q-Network of AgentViT.

3.3 Action

The action space A of AgentViT consists of N discrete
actions, each corresponding to the selection of a specific
patch. Formally, an action ¢; € A represents the decision
to retain the i-patch for further processing. Unlike stan-
dard sequential decision-making frameworks that iteratively
update the state with each action [76], we decide to optimize
efficiency by selecting a batch of actions in a single step. In
the following, we first illustrate the general idea behind this
process and then explain each step in detail.

The first step of the patch selection mechanism regards
the Q-network. It starts by computing the Q-values for all
possible actions a;, where i = 1, ..., N. Then, the patches
corresponding to actions with a Q-value greater than the mean
Q-value across all actions are selected. Formally, this can be
expressed as:

1 N
A =la € A1 QGs,a) > > 05 a))} (3.4)

j=1

Indeed, selecting only one patch per image is not suffi-
cient to effectively train a ViT, as it happens in the classic
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Q-Learning algorithm [76]. Therefore, the ViT is trained
using only the selected patches, thus effectively reducing
computational complexity while retaining the most relevant
information. Updates to the Q-network are then made using
single state-action pairs (s, a), ensuring compliance with the
basic principles of Q-Learning, thus preserving its theoreti-
cal properties [72]. In essence, this process implies that the
action for a given state consists of the selection of the most
promising patches.

The transition kernel function P (see Section 3.1), which
maps a given state-action pair to a new state, follows the
classical framework of Deep Q-Learning. Specifically, after
the agent has chosen an action a € A and received a reward
Rs.a, the Q-value associated with the state s and the action
a is updated by means of the following formula [70]:

0(s.a) < Q(s.a) +1- [.CH(R.Y,(l - max (06, 06, a))]
(3.5)

Similar to (3.2), this formula updates the Q-value for the
pair (s, a) by taking into account the previous Q-value and
the difference between the maximum cumulative reward for
the next state s* and the current Q-value. Instead of using a
simple algebraic difference, we use the Huber loss function
Ly [77], chosen for its robustness to outliers and its ability
to prevent gradient explosion in some cases. The cumulative
reward for the next state is predicted by the Target Network,
following the DDQN algorithm [23]. The Target Network
is an exact replica of the Q-Network, but its weights are
not updated by backpropagation; instead, they are updated
periodically using a soft-copy mechanism. As discussed in
Section 3.1, this approach stabilizes the learning process.

In addition, AgentViT is provided with a mechanism to
avoid falling into a local optimum. In fact, with a proba-
bility equal to €, the agent, instead of choosing the action
that maximizes the value of Q, chooses a random action. To
avoid excessive instability, the value of ¢ decays exponen-
tially as training proceeds. This mechanism ensures a good
exploratory capability in the early stages of training, while
also maintaining stable AgentViT performance as the ViT
progresses through its training stages.

Finally, to improve the generalizability of AgentViT, we
leverage a replay memory [78, 79]. It stores observed data,
allowing the agent to reuse past experience during training.
In this way, we help break unwanted temporal correlations in
the data, ensuring that the model learns from a more diverse
and representative set of experiences, which ultimately leads
to more robust and stable learning outcomes.

3.4 Reward

Since the ultimate goal of AgentViT is to improve the train-
ing of the ViT, the reward R, obtained at iteration ¢ starting
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from a state s, and performing an action a, must consider the
goodness of training. We mentioned above that this goodness
must take into account both the time necessary for training
and the corresponding accuracy. Therefore R; must con-
sider both training loss and training time. However, training
time is affected by several factors, including the number of
operations performed, server load, and other uncontrollable
variables related to the machine running the ViT. Therefore,
we decided to use the number of patches selected by the agent
in the reward calculation, as this serves as a simple proxy for
estimating the number of operations performed by the ViT.
Thus, the reward R, is a weighted mean of the training loss
and the number of patches selected by the agent. It is worth
noting that we deliberately chose not to include validation
loss or test loss in the reward function, as this would have led
to overfitting and compromised generalization. In fact, the
RL agent only controls patch selection on training images,
as its goal is to support ViT training. It has no direct influence
on the validation or test images. The inclusion of validation
loss or test loss could negatively affect the learning of the RL
agent by introducing a non-stationary reward function, since
their fluctuations over time are independent of the actions of
the RL agent. This would result in an inconsistent expected
reward distribution for each action, which would ultimately
destabilize the learning process.

Therefore, our reward function R; is formally defined as:

Ri = R +(1—a) - RI (3.6)

where:

o R!% is the reward related to the training loss;
o Rl atch is the reward related to the number of patches;
e « is a value belonging to the real interval [0, 1], used to

determine the weight to assign to Rf"” with respect to
,Rpatch
VR

R!9% is obtained by computing the ratio between the value
L(0) of the loss function at the starting iteration and the value
L(t) of the same function at iteration ¢. Formally speaking:

o L)

loss
== 3.7
RY “¢h can be defined by means of a fraction; the numer-

ator represents the difference between the number of patches
selected by the agent and the number of selected patches
desired by the user; the denominator indicates the number of
selected patches desired by the user. Formally speaking:

. m —
Rf(mh _ | M|
m

(3.8)

Here:

e m is a positive integer indicating the number of patches
selected by the agent at iteration 7;

e L is a positive integer denoting the number of selected
patches desired by the user; if she does not specify any
value, u is set to 1 by default.

The agent is incentivized to select a number of patches
close to the value specified by the user, or a very small num-
ber if she has not specified any value. It is also incentivized
to choose a subset of the patches such that the training loss
is minimized. R1*** and RY “h are weighted so that the user
can specify how much importance to give to each of them.
Finally, the weighting parameter « is essential in AgentViT
because it controls the tradeoff between accuracy and compu-
tational efficiency. A well-chosen value of « ensures effective
patch selection, while an improper value may lead to subopti-
mal learning, either by giving too much priority to efficiency
or by retaining too many patches, and thus negatively affect-
ing efficiency. When « is close to 1, the reward function
favors minimizing training loss, which leads the agent to
retain more patches. This ensures a richer feature extraction,
but increases the computational cost. If « is too high, patch
reduction may be ineffective, which would make AgentViT
as costly as a standard ViT. Conversely, when « is close to 0,
the agent aggressively prunes patches to improve efficiency.
This reduces the computational overhead but risks discarding
important information, potentially degrading classification
accuracy and generalization across datasets.

The choice of o can be seen as a multi-objective opti-
mization problem, where two conflicting objectives must
be balanced, namely computational efficiency and clas-
sification accuracy. These two objectives are inherently
conflicting because reducing computational cost typically
requires selecting fewer patches, which can lead to a loss of
accuracy, while preserving accuracy often requires process-
ing more patches, which leads to increased computational
complexity. This tradeoff can be visualized as a Pareto front.
In this context, one axis of the Pareto front corresponds
to computational efficiency, while the other axis represents
classification accuracy. The choice of o determines where
AgentViT operates along this Pareto front. The optimal «
lies at a point on the Pareto front where both objectives are
balanced, maximizing the overall performance of the model.

A further consideration regarding reward concerns the
frequency f with which it is assigned to the agent. In fact,
f indicates the number of iterations that must elapse before
the reward is assigned to the agent. Clearly, the value of f
is greater than or equal to 1. The frequency f can affect the
performance of AgentViT. If f = 1 the agent receives the
reward after every action, and thus it is continuously updated
on the consequences of its choices. This helps to improve
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accuracy but increases the computational load of AgentViT,
and consequently the training time. Conversely, a high value
of f reduces the training time but may affect accuracy nega-
tively. Clearly, a tradeoff between these two requirements is
necessary, as we will see in Section 4.3.

Finally, we emphasize that the overall framework is
designed to support the integration of additional terms into
the reward function. Thus, if another task beyond classifica-
tion needs to be addressed, requiring a more sophisticated
solution, a user can directly modify the reward function by
adding the necessary terms while leaving the rest of the
framework unchanged. This flexibility allows users to adapt
AgentViT to tasks beyond the scope of this paper while pre-
serving its core structure.

3.5 Considerations on convergence and optimality

At this point, after illustrating how our approach works,
some considerations about convergence and optimality are in
order. First, consider that our approach is based on DDQN,
which is a well-established RL method that mitigates Q-
value overestimation by using a separate target network [23].
The theoretical convergence properties of DDQN have been
extensively studied in previous literature, and DDQN has
been found to guarantee convergence under standard con-
ditions, such as a sufficiently large replay buffer to ensure
different training samples, and a learning rate that ensures
stability during Q-network updates. While a formal proof of
convergence is beyond the scope of this paper, we rely on
the fact that our approach is strictly based on DDQN, and
therefore the same properties of DDQN are guaranteed for it
[23]. Furthermore, as will become clear in the next section,
our empirical results show stable training dynamics, as evi-
denced by the controlled decrease in loss and the convergence
of the patch selection behavior over epochs.

As for the optimality of patch selection, we note that
one of the objectives of AgentViT is to balance computa-
tion efficiency and classification accuracy, which inherently
creates a multi-objective optimization problem. In fact, rather
than searching for a globally optimal solution, our approach
tries to learn a policy that dynamically adjusts the number
of patches based on training loss and computational cost
constraints. Defining theoretical guarantees of global opti-
mality in RL is not a straightforward process, especially
when no strong assumptions are made about the environ-
ment. However, we can identify some properties related to
the selection mechanisms we have implemented in AgentViT.
First, we believe that it ensures adaptivity by dynamically
selecting patches with Q-values greater than a threshold equal
to the mean Q-value. In addition, it follows standard Q-
learning guarantees by updating the Q-network on individual
state-action pairs, thus ensuring a stable policy improvement
process [23, 71, 80]. Moreover, there are similar scenar-
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ios, such as the online influence maximization problem [81],
where similar approaches are used, e.g., combinatorial multi-
armed bandit [82, 83]. Nevertheless, theoretical guarantees
of optimality, especially in deep RL contexts, remain an open
challenge in general. However, our empirical results strongly
suggest that our approach learns an efficient patch selection
strategy.

4 Experiments

In this section, we present the experiments conducted to
evaluate the performance of AgentViT and compare it to
existing approaches in the literature. The section is organized
as follows: Subsection 4.1 describes the experimental setup,
including models, hyperparameters, datasets, and compar-
ison methods. Subsection 4.2 presents a hyperparameter
analysis. Subsection 4.3 compares our approach with exist-
ing methods, considering both computational efficiency and
accuracy. Subsection 4.4 presents an ablation study, where
we assess different RL frameworks and analyze the impact
of Replay Memory and Target Network on AgentViT’s per-
formance. Finally, Subsection 4.5 presents qualitative results
obtained by AgentViT.

4.1 Experimental setup

AgentViT can be applied to any ViT model because it relies
on attention scores. Therefore, in our experiments, we could
have chosen any ViT available in the literature. To thoroughly
evaluate our approach, we used both the classical ViT [4] and
SimpleViT [84]. The latter does not include a CLS token,
which allows us to demonstrate the versatility of our method.
In the following experiments, we will refer to AgentViT as
our RL-enhanced solution based on classical ViT, while will
refer to AgentSimpleViT as our approach applied to Simple-
ViT. We chose the hyperparameters of the ViT models and
the approaches into evaluation to ensure a lightweight model
while maintaining good performance. This is in line with the
objective of our work, which is to propose an approach with
alow training time while achieving performance comparable
to the state-of-the-art.

Specifically, the hyperparameters of ViT and SimpleViT
are the following: (i) patch_size: the pixel size of each
non-overlapping patch; (ii) dim: the embedding size of each
patch; (iii) depth: the number of ViT layers; (iv) heads:
the number of multi-attention heads; (v) mlp_dim: the
dimensionality of every feedforward block; (vi) dropout:
the percentage of activations to randomly set to zero; (vii)
emb_dropout: the percentage of embeddings to randomly
set to zero. Their values are shown in Table 1.

Instead, the hyperparameters of AgentViT and AgentSim-
pleViT are the followings: (i) buffer_size: the total
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Table 1 Values of the hyperparameters of ViT and SimpleViT

Hyperparameter Vit SimpleViT
patch_size 4 x 4 pixels 4 x 4 pixels
dim 128 128

depth 6 6

heads 16 16
mlp_dim 512 512
dropout 0.1 -
emb_dropout 0.1 -

capacity of the replay memory; (ii) buf fer_batch_size:
the number of elements randomly sampled from the replay
memory; (iii) gamma: the discount factor that controls the
weight of future rewards; (iv) eps_start, eps_end, and
eps_decay: they manage the tradeoff between exploration
and exploitation; in particular, they define the initial explo-
ration rate, the final exploration rate, and the decay rate,
respectively; (v) eta: the learning rate of the Q-Network;
(vi) tau: the soft update rate of the Target Network; (vii)
update_every: how often the Target Network updates
its weights; (viii) frequency (f): how often (i.e. every
how many iterations) the model receives the reward; (ix)
n_patches_desired: the desired number of patches the
agent should select; (x) alpha («): the contribution of the
training loss to the reward calculation with respect to the
number of selected patches. In Table 2, we report the values
of the previous hyperparameters, except forbuffer_size,
f and «. In fact, in order to keep the level of complexity of
the experiments and the space devoted to them reasonable,

Table 2 Values of the hyperparameters of AgentViT and AgentSim-
pleViT

Hyperparameter AgentViT AgentSimpleViT
patch_size 4 x 4 pixels 4 x 4 pixels
dim 128 128

depth 6 6

heads 16 16
mlp_dim 512 512
buffer_batch_size 64 64

gamma 0.95 0.95
eps_start 1 1
eps_end 0.01 0.01
eps_decay 20,000 20,000

eta 0.01 0.01

tau 0.1 0.1
update_every 2 2
n_patches_desired 40 40
dropout 0.1 -
emb_dropout 0.1 -

we could not tune all the hyperparameters; therefore, we per-
formed this task on the three that we considered to have the
most impact on the behavior of AgentViT and AgentSimple-
ViT.

As datasets used to evaluate our approach across differ-
ent domains and levels of complexity, we used CIFARI0,
FashionMNIST, and an extended version of Imagenette.
CIFAR10 [24] consists of 60,000 RGB images of size 32 x 32
pixels, categorized into 10 classes. It is split into a train-
ing set of 50,000 images and a test set of 10,000 images,
with each class containing the same number of training
samples (specifically, 5,000 per class). FashionMNIST [25]
(FMNIST) contains 70,000 grayscale images of size 28 x 28
pixels, representing 10 classes of clothing items, such as t-
shirts, trousers, dresses, and sneakers. It represents a more
challenging benchmark for image classification than the orig-
inal MNIST dataset. Imagenette' is a subset of ImageNet [26]
designed to be a smaller and more manageable benchmark
for deep learning models. It consists of 13,394 images of
320 x 320 pixels categorized into 10 classes. To improve
this benchmark, we extended Imagenette by adding 86,606
additional images from the original ImageNet dataset. These
images belong to the same classes as Imagenette and are
distributed in a balanced way across them. We will call this
extended version “Imagenette*”. It thus contains 100,000
images categorized in the 10 classes of the original Image-
nette.

The approaches we chose to compare with AgentViT are
ATS [8], PatchMerger [10], EViT [11], and the Vanilla case
(i.e., the original ViT and SimpleViT as baselines). We chose
these approaches because they represent some of the best-
performing approaches in their respective categories [85],
i.e., dynamic pruning (ATS), token merging (PatchMerger),
and a combination of token merging and pruning (EViT).
However, since EVIiT and ATS rely on the classification
token, they cannot be applied to SimpleViT, which lacks this
token.

The hyperparameters of ATS, PatchMerger and EViT are
the ones of ViT or SimpleViT, depending on the Vision
Transformer model underlying them. In addition to these
hyperparameters there is a further one, called keep_rate,
which represents the number of tokens to keep in each
layer of the Vision Transformer. In our experiments, we set
keep_rate to the following lists of values: [9, 9, 9, 17,
33, 66] for CIFAR10 and FMNIST, and [26, 26, 26, 51] for
Imagenette™.

The evaluation of AgentViT and the other approaches
was done using metrics that consider both the classifica-
tion performance of the trained model and the corresponding
computational efficiency. For classification performance, we
used the standard metrics of Accuracy, Precision, Recall, and

1 https://github.com/fastai/imagenette
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F1-Score. For computational efficiency, we considered the
following metrics:

e Cumulative Training Time (CTT): It is the total time
required to train the model. In the case of AgentViT, it
includes the time needed to train both the ViT and the RL
agent, since the latter is trained together with the ViT.

e Memory: It indicates the megabytes required to load the
deep learning model, including any additional parameters
required for token pruning. For AgentViT, it includes the
model size, the memory used by the Deep-Q and Target
neural networks, and the buffer size. For PatchMerger,
it includes the model size and the additional parameter
storage.

e Frames per Second (FPS): It is the number of frames the
approach can process per second. The higher the value,
the faster the approach.

e Giga Floating Point Operations (GFLOPs): Itis the num-
ber of billions of floating point operations required by the
approach to process an image. The higher the value, the
more computationally intensive the approach.

We conducted our experiments on a server having an
Intel(R) Xeon(R) W5-3435X 3.10 GHz CPU, 128 GB of
RAM, and an NVIDIA RTX A2000 GPU with 12 GB of
memory. The code used for the implementation of AgentViT
and the one created to perform the experiments described in
the next sections can be found on GitHub at the following
link: https://github.com/DavideTraini/RL-for- ViT.

4.2 Hyperparameter analysis

In this section, we describe the preliminary experiments con-
ducted to evaluate the impact on AgentViT’s performance of
the three hyperparameters «, f,and buf fer_size thatwe
had not set to fixed values in Table 2. We show the results
obtained using CIFAR10 and SimpleViT. Similar results
were obtained for the other two datasets and for ViT. We
trained AgentSimpleViT for 100 epochs; during each epoch,
we simultaneously trained the underlying SimpleViT and the
agent inside AgentSimpleViT.

The choice of not directly fixing the values of o and f
is motivated by the fact that they are intrinsically linked
with our approach and directly influence its performance (see
Section 3.4). Indeed, o and f play a crucial role in shap-
ing the learning dynamics of our model, which makes their

impact particularly relevant to our experimental campaign.
The choice of not directly fixing the value of buf fer_size
is related to the fact that, as evidenced by [86], the perfor-
mance of DDQN is sensitive to this parameter. This makes the
latter very influential on learning stability and efficiency; for
this reason, we considered it essential to evaluate its effects
within our framework.

The first parameter we considered was «; it is present in
the reward computation (3.6) and determines the weight of
the reward associated with training loss against that associ-
ated with the number of patches selected. We performed a
grid search on «; for each value of this parameter taken into
consideration, we calculated the Accuracy and Cumulative
Training Time of AgentSimpleViT. Table 3 shows the results
obtained.

From the analysis of this table we can see that the val-
ues of Accuracy are very similar as « varies, while there
are differences in the Cumulative Training Time. In partic-
ular, it varies from 3,947 seconds for ¢ = 0.99 to 3,536
seconds for ¢« = 0.001, with a decrease of 10.41%. This
result is a consequence of the reward mechanism underlying
AgentSimpleViT, described in Section 3.4. In fact, a lower
value of @ encourages the agent to select fewer patches. This
leads to a reduction of the Cumulative Training Time, but
also to an increase of the training loss and thus to a decrease
of the Accuracy.

Another interesting aspect of rewards is the frequency with
which the agent receives them. Indeed, this frequency could
affect its learning process and, ultimately, the performance
of the whole AgentSimpleViT (see Section 3.4). To evaluate
this aspect, we calculated the Accuracy and the Cumulative
Training Time against epochs considering three different fre-
quency values, namely 2, 10 and 100. The results are shown
in Fig. 2. From the analysis of this figure, we can see that
there are no significant differences between the three cases,
neither in Accuracy nor in the Cumulative Training Time.
The only notable observation is a slight reduction in Cumu-
lative Training Time when the frequency is set to 10. This
frequency value is the intermediate one among those we con-
sidered. This leads us to conclude that a frequency value of
10 is a good tradeoff between training time and speed of
convergence to the optimal accuracy value.

Finally, we tested the impact of buf fer_size related
to replay memory on AgentSimpleViT. In fact, a larger buffer
size requires more memory to train the agent, but might
help its learning. Specifically, as shown in [78, 79], the

Table 3 Accuracy and Cumulative Training Time of AgentSimpleViT using CIFAR10 for seven different values of «

Metric o =0.99 a=0.5 a=0.1 o = 0.05 a =0.01 o = 0.005 o = 0.001
Accuracy 80.44 + 0.08 80.27 +0.11 80.11 +0.13 79.81 £ 0.07 79.89 £+ 0.17 79.43 £+ 0.09 79.15 £0.11
CTT (s) 3,947 + 37 3,879 + 38 3,833 + 32 3,780 + 28 3,651 £+ 22 3,572 + 33 3,536 + 25
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Fig.2 Accuracy and Cumulative Training Time of AgentSimpleViT against epochs for three values of the reward frequency

replay memory buffer allows the agent to learn from previous
memories by speeding up training and breaking unwanted
temporal correlations. However, too small or too large val-
ues of the buffer could lead to significant degradation of the
agent’s learning.

As in the other cases, in this experiment we calculated
the trend of Accuracy and Cumulative Training Time against
epochs. In particular, we considered four values of the buffer
size, namely 128, 256, 1,024 and 2,048 elements. The results
obtained are shown in Fig. 3. From the analysis of this fig-
ure, we can see that the differences between the four cases are
not significant. This is because the chosen values of buffer
size are neither too high nor too low and therefore do not
cause any performance degradation. The only notable differ-
ence in Fig. 3 is the slightly lower Cumulative Training Time
achieved with a buffer size of 1,024. This can be explained
by the fact that this buffer size, intermediate between 128 and
256 on the one hand, and 2048 on the other hand, promotes
the agent’s ability to find optimal patches faster, resulting in
a lower Cumulative Training Time.

Therefore, at the end of this hyperparameter analysis,
we have that the optimal hyperparameter configuration for
AgentViTisa = 0.1, f = 10,andbuffer_size=1,024.
We will use this configuration in the next experiments for
both AgentViT and AgentSimpleViT.

4.3 Evaluation and comparative analysis

As a first experiment, we tested AgentViT and the other
related approaches selected in Section 4.1 on the CIFAR10
dataset. The corresponding results are reported in Table 4.
The results show the effectiveness of AgentViT and
AgentSimpleViT compared to other pruning approaches.
AgentViT achieves the highest Accuracy, Precision, Recall,
and F1-Score outperforming ATS, PatchMerger, and EViT.
Specifically, AgentViT improves Accuracy by 8.50% over
ATS, 1.19% over PatchMerger and 0.73% over EViT, while
reducing Computational Training Time by 30.91% over the
Vanilla ViT, 0.34% over PatchMerger, and 2.91% over EViT.
This indicates that AgentViT can effectively balance token
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Fig.3 Accuracy and Cumulative Training Time of AgentSimpleViT against epochs for four replay memory buffer sizes

selection while maintaining high classification performance. = PatchMerger. Specifically, it improves Accuracy by 2.08%
Similarly, AgentSimpleViT achieves the highest Accuracy, over Vanilla SimpleViT and by 1.96% over PatchMerger,
Precision, Recall, and F1-Score values among SimpleViT- ~ while reducing Computational Training Time by 21.42%
based approaches, outperforming both the Vanillamodeland ~ compared to Vanilla SimpleViT and 3.23% over Patch-

Table4 Performance comparison of AgentViT with other related approaches using ViT and SimpleViT as underlying Vision Transformers, trained
on CIFAR10

Backbone Approach Accuracy 1 Precision 1 Recall 1t F1-Score 1 CTT (s) |

ViT Vanilla 83.10 £0.10 82.96 £0.08 83.08 £0.09 83.02 £0.07 5,955 £28
ATS 76.28 £0.14 77.22 £0.12 75.58 £0.13 76.39 +0.15 5,713 £33
PatchMerger 81.78 £0.09 80.84 £0.08 81.26 £0.10 81.05 £0.09 4,128 £27
EViT 82.16 £0.11 82.26 +0.09 82.17 £0.10 82.21 £0.10 4,234 £35
AgentViT 82.76 +0.12 82.26 +0.10 82.81 +0.11 82.53 +0.09 4,114 +27

SimpleViT Vanilla 78.44 £0.11 78.67 +£0.09 78.38 £0.10 78.52 +£0.08 4,878 £34
PatchMerger 78.54 £0.10 79.44 +£0.09 77.98 £0.11 78.70 £0.10 3,961 £31
AgentSimpleViT 80.11 £0.13 80.41 +0.11 79.21 +0.12 79.81 +0.10 3,833 +£32

The table shows Accuracy, Precision, Recall, and F1-Score, along with Computational Training Time (CTT) in seconds. Results are presented as
mean = standard deviation over 10 runs. The best result (excluding the Vanilla model) is highlighted in bold. An upward (resp., downward) arrow
next to a measure name indicates that the higher (resp., lower) the value of that measure, the better the approach considered
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Merger. This demonstrates that AgentSimpleViT not only
enhances predictive performance but also reduces computa-
tional cost.

We then performed the same experiment on FMNIST, and
the results are shown in Table 5.

Similar to the CIFAR10 case, AgentViT outperforms all
other ViT-based approaches, achieving the highest values
of Accuracy, Precision, Recall, and F1-Score. Compared to
ATS (resp., PatchMerger, EViT) AgentViT improves Accu-
racy by 2.25% (resp., 0.66%, 0.41%). It also significantly
reduces Computational Training Time to 2,188 s, which is
13.8% less than Vanilla ViT, 11.49% less than ATS, 9.47%
less than EViT, and 9.76% less than PatchMerger, demon-
strating its efficiency in reducing computational overhead.
Similarly, AgentSimpleViT achieves the highest Accuracy,
Precision, Recall, and F1-Score among SimpleViT-based
methods. Specifically, its Accuracy is 0.25% (resp., 0.66%)
higher than Vanilla SimpleViT (resp., PatchMerger). It also
reduces the Computational Training Time to 2,264 s, which
is a reduction of 8.67% compared to Vanilla SimpleViT and
2.58% compared to PatchMerger.

To complete the performance evaluation, we tested our
approach and the others seen above on Imagenette™, which
is larger and more complex than the previous two datasets
(see Section 4.1). As a matter of fact, Imagenette™ is more
challenging for the approaches into evaluation, since both the
number of its images and their resolution are much higher
than the ones of CIFAR10 and FMNIST. The corresponding
results are presented in Table 6.

Once again, the results demonstrate the effectiveness of
AgentViT and AgentSimpleViT. In particular, AgentViT
achieves the highest Accuracy, Precision, Recall, and F1-
Score among all ViT-based approaches. Compared to ATS
(resp., PatchMerger, EViT) AgentViT improves Accuracy by
2.83% (resp., 0.63%, 0.27%). It also significantly reduces
the Computational Training Time to 24,747 s, which is
15.79% less than Vanilla ViT, 10.58% less than ATS, 4.72%

less than PatchMerger, and 6.13% less than EViT. Sim-
ilarly, AgentSimpleViT outperforms all other SimpleViT-
based approaches, achieving the highest Accuracy, Precision,
Recall, and F1-Score. In particular, it improves Accuracy
over Vanilla SimpleViT by 0.22% and over PatchMerger
by 0.36%. Moreover, it achieves a Computational Training
Time of 24,168 s, which represents a reduction of 16.09%
compared to Vanilla SimpleViT and 4.49% compared to
PatchMerger.

Finally, we assessed the computational load of AgentViT
and the other approaches considered. This evaluation is cru-
cial because using an RL agent for token pruning could
introduce additional overhead to ViT operations. To quantify
this impact, we measured the allocated Memory and GFLOPs
during training and inference tasks, as well as the values of
FPS. The results are presented in Table 7.

They show the computational efficiency of AgentViT and
AgentSimpleViT compared to the other approaches. In fact,
if we compare AgentViT with the Vanilla model, we can
observe that with a small increase in the memory required for
training and a very small increase in the memory required for
inference, it requires 49.93% less GFLOPs during training
and 50.81% less GFLOPs during inference. Its pruning activ-
ity also makes it capable of processing a much larger number
of images per second. In fact, it achieves a 92.78% increase
over the Vanilla model. Compared to ATS, PatchMerger and
EViT, AgentViT requires more memory for training (due to
the presence of the agent) and slightly more memory for
inference. Instead, the GFLOPs it requires for both train-
ing and inference are comparable. However, it achieves a
significant increase in FPS due to the pruning activities; in
particular, this increase is 61.21% over ATS, 23.84% over
PatchMerger, and 25.78% over EViT. A similar argument
can be made for SimpleViT. In fact, it requires more training
memory and slightly more inference memory than the Vanilla
model and PatchMerger. The GFLOPs required by it for train-
ing and inference are much lower than the Vanilla model and

Table5 Performance comparison of AgentViT with other related approaches using ViT and SimpleViT as underlying Vision Transformers, trained

on FMNIST

Backbone Approach Accuracy 1 Precision 1 Recall 1t F1-Score 1 CTT (s) |

ViT Vanilla 91.19 +£0.07 90.14 +0.05 91.22 +0.06 90.68 +0.06 2,539 £10
ATS 88.43 £0.09 87.97 £0.06 88.38 £0.08 88.17 £0.07 2,472 £12
PatchMerger 89.76 £0.05 88.95 £0.04 89.68 £0.06 89.31 £0.05 2,398 £10
EViT 90.05 +0.08 89.29 £0.05 90.02 +0.07 89.65 £0.06 2,417 £11
AgentViT 90.42 +0.06 89.38 +0.04 90.45 +0.07 89.91 +0.06 2,188 +9

SimpleViT Vanilla 90.32 +0.06 89.89 £0.05 90.15 +0.07 90.02 +0.06 2,479 £9
PatchMerger 89.89 £0.05 89.43 £0.04 89.76 £0.06 89.60 £0.05 2,324 £10
AgentSimpleViT 90.55 +0.07 90.22 +0.06 90.48 +0.08 90.35 +0.07 2,264 +8

The table shows Accuracy, Precision, Recall, and F1-Score, along with Computational Training Time (CTT) in seconds. Results are presented as
mean = standard deviation over 10 runs. The best result (excluding the Vanilla model) is highlighted in bold. An upward (resp., downward) arrow
next to a measure name indicates that the higher (resp., lower) the value of that measure, the better the approach considered
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Table 6 Performance comparison of AgentViT with other related approaches using ViT and SimpleViT as underlying Vision Transformers, trained

on Imagenette™

Backbone Approach Accuracy 1 Precision Recall t F1-Score 1 CTT (s) |

ViT Vanilla 59.95 £0.12 61.93 £0.10 60.82 £0.11 60.42 £0.12 29,388 +£123
ATS 57.31 £0.13 57.48 £0.11 58.16 +£0.12 57.84 £0.13 27,676 £176
PatchMerger 58.56 £0.10 58.56 £0.09 58.30 £0.11 58.11 £0.10 25,974 +£162
EViT 58.77 £0.12 58.39 £0.10 57.97 £0.11 58.18 £0.12 26,364 +£185
AgentViT 58.93 +0.11 59.25 +0.09 60.63 +0.10 59.91 +0.11 24,747 +198

SimpleViT Vanilla 59.36 £0.11 58.94 £0.09 58.59 £0.12 58.96 £0.11 28,803 +£153
PatchMerger 59.13 £0.10 58.88 +0.09 58.34 £0.11 58.90 £0.10 25,306 =187
AgentSimpleViT 59.49 +0.12 59.28 +0.10 58.93 +0.13 59.24 +0.12 24,168 +169

The table shows Accuracy, Precision, Recall, and F1-Score, along with Computational Training Time (CTT) in seconds. Results are presented as
mean =+ standard deviation over 10 runs. The best result (excluding the Vanilla model) is highlighted in bold. An upward (resp., downward) arrow
next to a measure name indicates that the higher (resp., lower) the value of that measure, the better the approach considered

comparable to PatchMerger. However, it achieves a 90.13%
increase in FPS over the Vanillamodel and a 26.75% increase
over PatchMerger. These results allow us to conclude that
AgentViT and AgentSimpleViT provide an excellent trade-
off between memory and CPU consumption on the one hand,
and image processing efficiency on the other hand. In fact,
since it selects the patches to be pruned at the first layer of the
ViT, the computational load is reduced very soon; instead, the
other approaches are constructed in such a way as to prune the
tokens layer by layer, gradually reducing the computational
load.

More generally, if we consider these results together with
previous ones concerning Accuracy, Precision, Recall, F1-
Score, and Cumulative Training Time, we can conclude that
AgentViT and AgentSimpleViT provide the best tradeoff
between computational efficiency and performance, making
them particularly suitable for applications that require fast
image processing, and thus for a large number of real-world
cases.

4.4 Ablation study

In this section, we present the results of the ablation study
we performed on our approach. Due to space limitations, we
detail the results obtained with SimpleViT and CIFARIO,
although we obtained similar results with the other models
and datasets. In particular, in Subsection 4.4.1 we test the
performance of AgentViT using a different RL algorithm
from the previous one, while in Subsection 4.4.2 we remove
the DDQN components step by step to check their impact on
our approach.

4.4.1 Training with a different reinforcement learning
algorithm

Due to its modularity, our approach can be implemented
using different RL frameworks. For this reason, in this exper-
iment we decided to replace the previously used DDQN
approach with the Proximal Policy Optimization (PPO) [73]

Table7 Comparison of the

tational effici ¢ Backbone Approach Memory  Memory GFLOPs GFLOPs FPS 4

computationa’ eliciency o Train |, Inference |, Train | Inference |

AgentViT and other approaches

using ViT and SimpleViT as ViT Vanilla 15.14 15.14 0.675 0.675 291 +7

Vision Transformers
ATS 15.14 15.14 0.324 0.325 348 £3
PatchMerger 15.15 15.15 0.356 0.347 453 £8
EViT 15.14 15.14 0.344 0.344 446 + 6
AgentViT 26.35 15.23 0.338 0.332 561 + 12

SimpleViT  Vanilla 15.13 15.13 0.635 0.635 304 £6

PatchMerger 15.14 15.14 0.351 0.342 456 =7
AgentSimpleViT 16.34 15.24 0.363 0.338 578+ 9

The table shows Memory Usage (in GB) Giga Floating Point Operations (GFLOPs) during training and
inference, as well as the Frames Per Second (FPS). Results are presented as mean =+ standard deviation over
10 runs. The best result (excluding the Vanilla model) is highlighted in bold. An upward (resp., downward)
arrow next to a measure name indicates that the higher (resp., lower) the value of that measure, the better the

approach considered
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algorithm to perform the patch selection task. Unlike DDQN,
PPO is a Monte Carlo-based approach that works only with
episodic environments. In our case, we define an episode as a
training epoch of the ViT model. Similar to the DDQN algo-
rithm, the PPO algorithm uses a pair of neural networks,
namely, the Policy Network and the Value Network. The
former takes the state s as input and returns a probability
distribution of possible actions a. This network is trained to
maximize the expected cumulative reward. The latter esti-
mates the advantage function and is updated by minimizing
the mean squared error between the predicted state values
and the observed returns. This similarity allows us to use PPO
directly in our approach. In fact, the Policy Network works
like the Q-Networks described in Section 3.1, but instead of
returning a Q-value for each patch, it returns the distribution
of the Value function over the patches. The patches selected
are those with an attention value higher than the mean of
all attention values. Figure 4 shows the performance of the
PPO algorithm compared to the AgentSimpleViT (based on

DDQN). In Fig. 4, we compare the Accuracy and Cumulative
Training Time of DDQN and PPO.

As shown in this figure, there is no significant differ-
ence in Cumulative Training Time between DDQN and PPO;
however, PPO shows a worse performance in terms of Accu-
racy. This is probably due to the episode partitioning, as
long episodes can slow down learning. This happens because
the feedback needed to update the model is delayed since
the agent does not receive the reward until the end of the
episode. Also, a higher number of episodes could improve
the PPO results, but to achieve this advantage it is necessary
to increase the number of epochs and therefore the training
time.

4.4.2 Analysis of DDQN components
In this section, we report the results of our approach by elim-

inating some of the components of the DDQN described
in Sections 3.1 and 3.3. We decided to test AgentSimple-
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Fig.4 Comparison between DDQN and PPO using AgentViT on CIFAR10
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ViT without the Replay Memory, which contains the past
experiences that the agent uses at each iteration to train
itself, and without the Target Network, which ensures that
the maximization step is carried out by the Q-Network itself.
The corresponding Accuracy and Cumulative Training Time
results are reported in Fig. 5.

From the analysis of this figure, we can see that the
removal of Replay Memory results in a slight decrease in
both Accuracy and Cumulative Training Time. While Replay
Memory introduces a small overhead due to inserting obser-
vations into the buffer and sampling them during training,
it improves the stability of the training process. In contrast,
removing the Target Network has a more significant impact
on agent performance, resulting in a higher reduction in
Accuracy. The combined removal of Replay Memory and
Target Network results in much lower Accuracy.

4.5 Qualitative analysis

In the previous sections, we have performed a quantitative
analysis of AgentViT and we have seen that it achieves sat-
isfactory results. In this section, we want to add a qualitative
analysis, which aims to verify the quality of the patch filter-
ing performed by AgentSimpleViT as it is visually perceived
by an end user. To conduct this analysis, we constructed 7
batches each consisting of 4 images randomly selected from
CIFARI10. In Table 8, we report the classes of the four images
belonging to each batch.

As can be seen, the batches are very heterogeneous with
each other, where images belong to very different classes.
Therefore, finding patches that can be filtered across all
the images in a batch without losing important details is
extremely difficult. Quantitative analysis has shown that
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Fig.5 Analysis of the DDQN Components to the AgentViT performances
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Table 8 Batches employed in

o . Batch Number First Image Second Image Third Image Fourth Image
our qualitative analysis

1 Automobile Automobile Deer Dog

2 Deer Ship Airplane Bird

3 Ship Ship Cat Deer

4 Bird Frog Airplane Airplane

5 Deer Horse Frog Ship

6 Bird Deer Deer Frog

7 Dog Horse Airplane Truck

AgentSimpleViT succeeds in doing this task satisfactorily.
Here, we want to verify whether this is also true from a visual
analysis point of view. The results of applying AgentSim-
pleViT to the previously constructed batches are shown
in Figs. 6, 7 and 8. Specifically, for each batch, the first
row shows the four original images, while the second row
shows the same images without the patches filtered out by
AgentSimpleViT.

From the analysis of these figures, we can observe that,
in each batch, AgentSimpleViT is indeed capable of filter-
ing patches not closely related to the objects of the classes
to which the corresponding figures belong. In fact, in most
cases the patches filtered out are those related to the back-
ground (see, for example, Fig. 6¢). In some cases, AgentViT
removes patches close to the object of interest, but mostly
preserves the center of the image, which often contains the
object determining the class.

An additional interesting aspect we want to highlight is
that AgentSimpleViT was able to automatically determine
the best number of patches to filter out based on the input
images. In fact, during this experiment, we had specified
that the desired number of patches to be filtered out was
32 for each batch. Actually, AgentSimpleViT did not slav-
ishly follow our indications, which is correct based on what
we said in Section 3.4. Specifically, the number of patches
that AgentSimpleViT removed for each batch is reported in
Table 9. Comparing the results of this table and the images
of Figs. 68, we can observe that AgentSimpleViT removes
more patches in the case where the image has a lot of back-
ground, while it removes fewer patches in the other case. In
fact, it understands that removing more patches in this latter
case would lead to a deterioration of the overall accuracy.
This is exactly the behavior we hoped to achieve when we
defined the requirements for AgentSimpleViT.

5 Discussion

s seen in the previous sections, AgentViT (resp., AgentSim-
pleViT) introduces the use of RL to select patches for optimal
filtering. In our opinion, the qualitative and quantitative
results obtained show that its performance is solid. In fact,
they show that AgentViT (resp., AgentSimpleViT) is able to

train a Vision Transformer in less time than that required
by ViT (resp., SimpleViT) when trained without remov-
ing any patches. This reduction in training time is achieved
with comparable accuracy. In addition, the Deep Q-Learning
hyperparameters allowed us to tune AgentViT to achieve the
desired tradeoff between accuracy and training time. Finally,
the comparison with other approaches showed that AgentViT
is the one that provides the best tradeoff between Cumulative
Training Time, Memory Usage, FPS and GFLOPs on the one
hand, and Accuracy, Precision, Recall and F1-Score on the
other hand.

In addition, AgentViT has other interesting implications.
One of these is the ability to use larger ViTs. In fact,
AgentViT’s ability to reduce training time ensures that archi-
tectures that would not normally be adopted due to excessive
training time can now be adopted within AgentViT. A sec-
ond implication concerns the use of AgentViT to construct
reduced synthetic datasets from the original datasets (such
as CIFAR10), which can be used to train deep neural net-
works. A third implication concerns the possible extension of
AgentViT to contexts other than ViTs. In fact, the idea behind
our framework is general and can be applied not only to ViTs
but also to any Transformer architecture (e.g., an architecture
operating in the NLP context). The only requirement is that
the input of the agent present in AgentViT is provided in the
form of an attention matrix.

To complete the discussion of AgentViT, it is worth men-
tioning some limitations of our framework. One of its main
limitations is its reliance on Deep Q-Learning, which requires
tuning of several hyperparameters, including buffer size and
reward frequency. These hyperparameters significantly influ-
ence the agent’s ability to learn an optimal patch selection
strategy, affecting both efficiency and accuracy. The need
to tune some hyperparameters could make it difficult for
less experienced users to apply AgentViT effectively, as the
relationship between these parameters and model perfor-
mance is not always intuitive. For example, the choice of
buffer size determines how much past experience the agent
can leverage, striking a delicate balance between preserving
relevant information and avoiding overfitting with outdated
decisions. Too small a buffer might lead to unstable learning,
while too large a buffer may slow down updates, making the
agent less responsive to new observations. Similarly, reward
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Fig.6 Qualitative analysis of AgentViT on seven batches of images (Batches 1-3)
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Fig.7 Qualitative analysis of AgentViT on seven batches of images (Batches 4-6)
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Fig.8 Qualitative analysis of AgentViT on seven batches of images (Batch 7)

frequency affects learning dynamics; indeed, too frequent
rewards can lead to overfitting on short-term gains, while
infrequent rewards can lead to inefficient exploration.
Another limitation concerns the number of patches required
by AgentViT to work effectively. Since the agent selects
patches based on attention values from the first ViT layer, it
needs a sufficiently large number of patches to detect mean-
ingful patterns in the input image. If the ViT model works
with a small number of patches, the agent may have difficulty
distinguishing between informative and redundant regions,
ultimately leading to suboptimal patch selection. When the
number of patches is very small, the granularity of patch
selection decreases, reducing the agent’s ability to make
accurate decisions. In such cases, removing even a small
number of patches might result in the loss of critical infor-
mation, negatively impacting classification performance.

Table 9 Number of patches filtered out by AgentViT for each batch

Batch Number of removed patches
1 27
2 31
3 33
4 30
5 27
6 31
7 27

@ Springer

Furthermore, with few patches, the variability of attention
values across different regions of the image decreases, mak-
ing it more challenging for the agent to dynamically identify
the most relevant patches.

Finally, another limitation of AgentViT is that it relies on
attention scores to guide its RL agent. This reliance on atten-
tion mechanisms means that AgentViT cannot be directly
applied to architectures that do not incorporate self-attention,
such as traditional CNNs. This makes it difficult to integrate
AgentViT with CNN-based architectures, requiring alterna-
tive methods to identify important regions of the image.
Consequently, its applicability is limited to transformer-
based models, which reduces its generalizability, especially
in domains where CNNs remain the preferred choice.

6 Conclusion

In this paper, we have proposed the application of Rein-
forcement Learning to reduce the training time of a Vision
Transformer without significantly reducing the quality of its
results. For this purpose, we adopted the classical Markov
Decision Process mechanism to represent an environment for
the image classification task, which required us to redefine
the state, action and reward necessary to train our agent. We
tested AgentViT using ViT and SimpleViT as Vision Trans-
formers, a Double Deep Q-Network as the internal agent, and
applying it to CIFAR10, FashionMNIST, and Imagenette™.
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Our analysis showed that AgentViT leads to a significant
reduction in training time while achieving competitive accu-
racy. Specifically, when compared to ViT running alone (i.e.,
not supported by our system), AgentViT achieves a 2.08%
(resp., 0.25%, 0.22%) increase in Accuracy and a 21.42%
(resp., 8.67%, 16.09%) reduction in Cumulative Training
Time when CIFARI10 (resp., FMNIST, Imagenette+) is used
as dataset. We also checked the impact of some hyperparam-
eters on the performance of AgentSimpleViT, which allowed
us to identify the corresponding optimal values. We then
performed some experiments on CIFAR10, FMNIST. and
Imagenette® datasets and compared AgentViT with several
related approaches already proposed in the literature and
were able to conclude that our framework provides the best
tradeoff between Cumulative Training Time, Memory Usage,
FPS and GFLOPs on the one hand, and Accuracy, Preci-
sion, Recall and F1-Score, on the other. We performed an
ablation study to evaluate the ability of our framework to
follow the training process with another RL algorithm and
the importance of the various components of DDQN. In addi-
tion, we presented a qualitative experiment to verify whether
the patches filtered by AgentViT are indeed those in the back-
ground of an image or, in any case, those not useful for its
classification. We received very positive feedback for this
experiment as well, and also appreciated AgentViT’s ability
to dynamically select the number of patches to be filtered.

In the future, we plan to extend our approach in sev-
eral directions. For example, we would like to extend it
to include deeper attention layers in the patch selection pro-
cess. However, this extension is not trivial, as dynamically
removing patches across layers introduces a non-stationary
state space and action space for the RL agent. Furthermore,
we can think of defining a new metric similar to the Akaike
information criterion [87] that takes into account the perfor-
mance of the model and the number of tokens. In addition, we
would like to test other Reinforcement Learning algorithms,
such as Multi-Agent Reinforcement Learning and Contextual
Multi-Armed Bandit, instead of the Deep Q-Network, to see
if they can further improve the performance of a ViT. These
algorithms could help select the right actions and patches to
speed up ViT training. One possible research direction is to
extend our approach, which was specifically developed for
classification, to other computer vision tasks, such as object
recognition and segmentation. This would involve restruc-
turing the agent’s objective function so that the reward given
to the RL agent takes into account the task for which the
system is working. Finally, we plan to evaluate the impact of
our approach on other ViT architectures.
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