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Abstract—This work presents a hardware-aware Neural Ar-
chitecture Search (NAS) framework for video-based human
action recognition, targeting real-time deployment on FPGA-
based System-on-Chip (SoC) platforms. The proposed method
explores a constrained search space of Convolutional Neural
Network (CNN)–Recurrent Neural Network (RNN) architectures
aligned with a hardware-software pipeline where CNNs are
mapped to FPGA Deep Learning Processing Units (DPUs)
and RNNs to embedded ARM cores. A reinforcement learning
(RL)-based controller, guided by a position-based discounted
reward strategy, progressively learns to generate architectures
that emphasize high-impact design decisions. Experiments on
the UCF101 dataset demonstrate that the proposed architectures
achieve 81.07% accuracy, among the highest reported for CNN-
RNN models relying exclusively on spatial information. The
results validate the effectiveness of the proposed framework in
driving hardware-compatible and performance-optimized archi-
tecture exploration.

Index Terms—Neural Architecture Search, SoC FPGA, CNN-
RNN architectures, Video Action Recognition, Reinforcement
Learning, Embedded AI, Hardware-aware NAS

I. INTRODUCTION

The integration of artificial intelligence into embedded
systems is increasingly relevant for applications requiring
real-time processing, secure operation, or limited communi-
cation bandwidth [1]. Deploying deep learning algorithms
on resource-constrained platforms introduces challenges in
meeting timing constraints [2], particularly in computationally
intensive domains such as computer vision.

Action recognition is a core task in this domain [3],
[4], demanding models that capture spatial and temporal
dependencies, such as convolutional neural network–recurrent
neural network (CNN-RNN) architectures [5], [6]. To satisfy
latency and throughput requirements, hardware acceleration
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is typically implemented using application-specific integrated
circuits (ASICs), embedded graphics processing units (GPUs),
or system-on-chip field-programmable gate arrays (SoC FP-
GAs), each with trade-offs in power, cost, and performance
[7].

Among these, integrating CNN-RNN models with SoC
FPGAs has shown promise [8]. Their flexibility supports
customized software–hardware pipelines for inference within
power and timing constraints. However, the vast architec-
tural design space complicates deployment: each configuration
impacts accuracy and hardware performance, and manual
exploration is inefficient and not scalable.

This work introduces a hardware-aware neural architec-
ture search (NAS) framework for video action recognition
on SoC FPGAs. Unlike prior NAS approaches that overlook
hardware limitations, our method aligns the search space
with an implementation methodology [9], where convolutional
neural networks (CNNs) map to FPGA-based deep learning
processing units (DPUs) and recurrent neural networks (RNNs)
run on ARM cores, enabling concurrent execution without
custom hardware design.

Exploration proceeds through a three-stage process con-
trolled by a generative long short-term memory (LSTM) model,
which iteratively samples, evaluates, and updates candidate
architectures based on task-specific metrics.

In summary, this work proposes a hardware-aware NAS
framework that combines a CNN-RNN search space aligned
with a real-time SoC FPGA execution pipeline and a re-
inforcement learning controller with causal reward design,
enabling the systematic discovery of architectures that are both
high-performing and compatible with embedded deployment
constraints.

The remainder of the paper is organized as follows: Section
II reviews related work on NAS for video action recognition.
Sections III–IV present the proposed approach, including
the search space, the three-stage procedure for sampling,
training/evaluation, and policy update, as well as experimental



results. Finally, Section V concludes and outlines future
research directions.

II. PREVIOUS WORK

NAS in computer vision was initially applied to image-based
tasks such as classification [10], object detection [11], and
semantic segmentation [12]. Subsequent research has advanced
in two main directions: improving search efficiency—using RL
[13], [14], neuroevolution [15], [16], or gradient-based opti-
mization [17]—and introducing hardware-aware constraints,
such as latency or FLOPs, into the objective function [18]-
[22]. However, these approaches largely remain focused on
static image tasks and do not address the temporal modeling
requirements of video understanding.

Extending NAS to video-based tasks presents additional
challenges due to temporal dynamics and higher computational
costs. Early video NAS work has centered on search space
design, typically employing 3D convolutions [23], [24] or
multi-stream 2D CNN architectures [25], with limited attention
to deployment constraints.

A more recent approach [26] introduces a customizable
neuron-level search space and a latency-constrained evolution-
ary algorithm for edge deployment. However, such methods
rely on fully customized architectures trained from scratch,
often underperforming relative to manually designed models
with pretrained components, and requiring custom hardware
adaptations for real-time execution.

In contrast to prior methods that rely on 3D convolutions
or multi-stream 2D CNN architectures to capture temporal
information, this work explores a modular CNN-RNN search
space that explicitly separates spatial and temporal modeling,
enabling the use of pretrained CNN backbones and simplifying
hardware mapping. Moreover, while recent video NAS efforts
[26] adopt evolutionary strategies with latency filtering, the
proposed framework employs a RL-based controller with an
a priori causal hierarchy and a position-based discounted
reward, directly guiding architecture exploration toward de-
signs optimized for both task performance and hardware
deployability.

III. SEARCH SPACE

The search space encompasses nine key parameters defining
CNN-RNN architectures, balancing diversity and computa-
tional feasibility for SoC FPGA deployment (Figure 1). The
convolutional component includes three backbone options:
VGG16 (sequential 3×3 convolutions), ResNet50 (residual
connections), and InceptionV3 (multi-scale parallel convo-
lutions). The recurrent component is characterized by six
additional parameters: number of layers (1–3), cell type (long
short-term memory, LSTM, or gated recurrent unit, GRU), and
three independent parameters specifying the number of units in
each of the potential layers. Each units parameter can take val-
ues in {8, 16, 32, 64, 128, 256, 300, 512, 700, 900, 1024}, with
second and third layer additionally allowing the value 0 to
enable coherence between the number of active layers and
the parameterization. The recurrent configuration is further
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Fig. 1. CNN-RNN architectures search Space.
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Fig. 2. Exploration Strategy guided by LSTM-based Controller.

controlled by directionality (uni- or bidirectional), state mode
(stateless or stateful), and input sequence length (3, 6, 9, or
12). The search space comprises 32,064 valid configurations
combining these convolutional backbones with parametrized
RNN modules, where the first three parameters define the RNN
topology and the remaining parameters govern its temporal
processing.

The enumeration used in Figure 1 reflects the order in
which these parameters are encoded into token sequences
for sampling and optimization. This ordering is intentionally
designed to align with an a priori causal hierarchy among
architectural decisions, which will be further discussed in
Section IV.



IV. EXPLORATION STRATEGY

The proposed exploration strategy follows a three-stage
process illustrated in Figure 2: (1) sampling candidate CNN-
RNN architectures, (2) evaluating their performance on the
target task, and (3) refining the sampling policy through
iterative training.

A generative language model, implemented as an LSTM-
based controller, orchestrates the process. It samples archi-
tectures from a structured search space via autoregressive
token generation. Each token is sampled from a conditional
probability distribution, ensuring syntactic validity through
predefined constraints. Sampled architectures are evaluated on
a video action recognition task, with their accuracy serving as
the reward signal for policy refinement.

This policy is updated through a hybrid learning scheme
combining self-supervised and RL. Rather than relying on
fixed labels, the controller learns from the sampled archi-
tectures and their observed performance, enabling it to pro-
gressively associate architectural choices with task-specific
rewards and improve future generations.

A. CNN-RNN Sampling Strategy

The controller operates over a vocabulary V encoding all
valid values for the P parameters defining a CNN-RNN archi-
tecture. To organize the generation process, V is partitioned
into P disjoint sub-vocabularies:

V = V1 ∪ V2 ∪ · · · ∪ VP , (1)

where each Vp specifies the set of allowable tokens for the
p-th parameter.

At each cell p, the LSTM processes the previous sequence
token and updates its hidden state hp, which encodes the
history of decisions a<p.

The LSTM outputs a probability distribution over the entire
vocabulary:

p(a | hp) = Softmax(Whp + b), (2)

where W and b are the learnable parameters of the vocabulary
projection layer in the final LSTM cell, a represents the
predicted token sequence, and hp is its corresponding hidden
state.

To ensure parameter-specific sampling, a masking operation
is applied to restrict p(a | hp) to the current sub-vocabulary
Vp:

p̃(ap | hp) = MaskVp
(p(a | hp)), (3)

where invalid tokens outside Vp are zeroed out and the
distribution is re-normalized.

The token for parameter p is then sampled from this masked
distribution:

ap ∼ p̃(ap | hp). (4)

Thus, the full sequence a = (a1, . . . , aP ) is generated
according to the masked, conditioned distribution:

πθ(a) =

P∏
p=1

p̃(ap | a<p). (5)

Additionally, a further conditional masking step is applied to
ensure global architectural consistency, enforcing constraints
such as requiring the number of specified layers to match the
number of non-zero unit specification parameters.

B. Video-based Human Action Recognition Task
Each sampled CNN-RNN architecture is evaluated on a

video action recognition task, where a reward signal guides
the exploration process. The process comprises video sampling
and preprocessing, architecture training, and prediction.

To handle variable video lengths, each input video is con-
verted into a fixed-length frame sequence using a dynamic
sampling strategy that ensures uniform temporal spacing and
preserves contextual information.

The CNN-RNN training follows a two-stage scheme. The
CNN is initialized with ImageNet-pretrained weights and fine-
tuned on the target dataset to extract spatial features, which
are then used as input to the RNN. The RNN is trained
on feature sequences, with sequence generation depending
on the RNN state mode: for stateless architectures, overlap-
ping sequences are used during training and non-overlapping
during validation; for stateful architectures, non-overlapping
sequences preserve temporal continuity, enabling the hidden
state to accumulate context across the full video.

Both components include task-specific classification heads
and are trained using cross-entropy loss, the Adagrad opti-
mizer, and dropout regularization.

The final video-level prediction also depends on the RNN
state mode. For stateless architectures, independent subse-
quence predictions are aggregated using either average fusion
or majority voting, with the best-performing strategy selected
based on validation accuracy. For stateful architectures, the
model processes the video sequentially, with only the final
subsequence contributing to the optimization loss, while inter-
mediate subsequences update the RNN hidden state to capture
long-range temporal dependencies.

C. Sampling Policy Update: Self-Supervised and Reinforce-
ment Learning

The controller is trained to optimize a unified objective
that integrates syntactic learning and task-specific performance
through a reward-weighted policy gradient loss:

L(θ) = − 1

N

N∑
n=1

T∑
t=1

log πθ(a
n
t | snt ) · yt · R̃n

t , (6)

where R̃n
t is the normalized reward for token t in sequence n,

N is the number of sampled architectures, and T the number
of tokens per architecture.

This objective combines two complementary signals: a
self-supervised learning (SSL) component that captures the
syntactic structure of valid CNN-RNN architectures, and a RL
component that incorporates task-specific feedback.

In SSL, the controller is trained autoregressively over to-
ken sequences representing architectures, with a right-shifted
target:

Input: x = [a1, a2, . . . , aT−1], Target: y = [a2, a3, . . . , aT ].
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Fig. 3. Controller loss and CNN-RNN accuracy metrics.

and a categorical cross-entropy loss:

LSSL = −
T∑

t=1

log πθ(at|st) · yt. (7)

The RL component formulates architecture generation as a
sequential decision process. At each time step t, the controller
samples an action at from the policy πθ(at|st), where st
represents the sequence of previously selected tokens. Each
generated architecture is evaluated through a validation-based
scalar reward R, adjusted by a moving average baseline to
reduce variance.

A key contribution of the proposed approach lies in the
design of the RL signal. Rather than distributing R uniformly
across tokens, a position-based discounted reward is applied,
assigning greater weight to tokens appearing earlier in the
sampling sequence. Importantly, the token ordering itself is
deliberately designed to reflect an a priori causal hierarchy
among architectural decisions, based on their expected in-
fluence on overall model performance. Early tokens in the
sequence—such as those defining layer count, cell type, and
units per layer—are positioned to represent decisions that
fundamentally constrain model capacity and representational
power. In contrast, tokens corresponding to parameters govern-
ing temporal behavior or convolutional settings appear later in
the sequence, as their impact is considered more localized.
By aligning the discounted reward with this token ordering,
the proposed strategy seeks to guide the controller toward
more efficient exploration, prioritizing high-impact architec-
tural decisions and reducing the likelihood of suboptimal
configurations driven by late-stage parameter choices.

The controller training follows an iterative deep learning
procedure adapted for architecture search, where the outer
loop runs for Eo epochs. In each iteration, a batch of N
architecture sequences is sampled autoregressively from the
controller, then each architecture is instantiated and trained
on the downstream task for Ev epochs to obtain the best
validation accuracy, which serves as the scalar reward Rn.
Subsequently, the controller is updated over Ec internal epochs
using the batch of architectures and their rewards, where each
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Fig. 4. CNN-RNN candidate architectures accuracy dispersion metrics.

internal epoch involves computing the reward-weighted policy
gradient loss, backpropagating gradients with respect to the
controller parameters θ, and updating via a gradient-based
optimizer.

V. RESULTS

The proposed NAS framework was evaluated on the
UCF101 dataset [28], which contains 13,320 videos catego-
rized into 101 distinct action classes. The actions are grouped
into five categories based on interaction type: Human-Object
Interaction, Body-Motion Only, Human-Human Interaction,
Playing Musical Instruments, and Sports. The original videos
have a resolution of 320×240 pixels and a frame rate of
25 Frames per second (FPS). The training process for the
CNN and RNN components employed distinct frame sampling
strategies based on their respective computational and learning
considerations. For the CNN block, 15 frames per video were
sampled, leveraging pretrained models and transfer learning
to reduce training cost. For the RNN block, which was
trained from scratch without pretrained weights, 72 frames per
video were sampled to provide richer temporal information,
facilitating the learning of sequence-level representations.

In the conducted experiment, 100 iterations were performed.
In each iteration, the controller generated a batch of four
CNN-RNN architecture sequences, followed by 5 policy update
epochs. For each architecture, the reward was computed after
10 training epochs and evaluation on the UCF101 dataset,
using an initial baseline value of 0.5.

Two key metrics were monitored to evaluate the controller’s
performance: the loss of the LSTM-based controller and the
video classification accuracy of the generated architectures.
Their evolution over 100 iterations is shown in Figure 3.

The controller’s loss decreases progressively, indicating
effective optimization of the defined objective function. How-
ever, this alone does not guarantee that the loss is properly
aligned with the target task objective; it is therefore necessary
to directly analyze the accuracy of the generated architectures.

Figure 3 reports the cumulative moving average of mean
accuracy per iteration, highlighting long-term trends. A slight
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upward trend is observed, indicating that the controller in-
creasingly generates architectures with higher classification
accuracy. The modest slope of this increase may reflect the
relatively high baseline accuracy of most architectures, limit-
ing reward gradients.

To further analyze learning dynamics, the variance and stan-
dard deviation of accuracy across each batch were computed
(Figure 4). Both metrics progressively decrease, indicating that
the controller converges toward generating more consistent
architectures with reduced performance variability.

Having established that the controller progressively gen-
erates architectures with improved task performance, it is
important to assess whether it maintains a diverse exploration
of the architecture space or prematurely converges to a limited
set of configurations.

Figure 5 presents a comparison between the selection fre-
quency of individual tokens and the average accuracy of the
architectures in which they appear. Each point corresponds to
a unique token, with color indicating its architectural field. The
x-axis shows the normalized global frequency of the token, and
the y-axis shows the mean accuracy of architectures containing
that token.

This visualization provides insight into the selection pat-
terns of different architectural decisions and their performance
contributions. The observed distribution indicates that the
controller maintains a broad exploration strategy, with tokens
from various components represented across a wide range of
frequencies and accuracies, avoiding premature convergence
to suboptimal configurations.

Beyond overall controller behavior, it is crucial to evaluate
whether the proposed discounted reward strategy has induced
the intended causal hierarchy in token selection. A token-level
analysis was conducted to examine whether the controller pri-
oritizes architectural decisions with greater structural impact,
as encoded in the reward design.

The relative importance of each token is defined as the
ratio between its empirical selection probability and its prior
probability under uniform sampling within its field. Values
above one indicate preferential selection; values below one
indicate avoidance.
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Fig. 6. Top 20 tokens with higher relative importance to the LSTM-based
controller

Figure 6 shows the 20 tokens with the highest relative
importance. Tokens corresponding to early architectural de-
cisions—such as number of layers and units per layer—are
strongly prioritized, consistent with the intended hierarchy.
Several later parameters (sequence length, directionality, state
mode) also show substantial importance, suggesting their
relevance to task performance.

These results indicate that the discounted reward strategy
effectively shapes the controller’s sampling behavior to em-
phasize high-impact architectural decisions, while preserving
flexibility to adapt later parameters based on empirical perfor-
mance signals.

The best-performing architecture identified by the con-
troller combines an InceptionV3 backbone with a single-
layer bidirectional LSTM (128 units per cell), processing input
sequences of six spatial feature vectors without maintaining
hidden state continuity across predictions. This configuration
achieved an accuracy of 81.07% on the UCF101 dataset (split
1).

This result surpasses several related CNN-RNN approaches
using spatial features on UCF101. A recent baseline study re-
ported a top accuracy of 73.65% with a two-layer bidirectional
LSTM (512 units) configuration [9]. Similarly, [5] achieved
71.12% using an AlexNet-like CNN with a unidirectional
LSTM (256 units), classifying 16-frame subsequences via sim-
ple averaging. [6] reported 77.36% using InceptionResNetV2
with bidirectional LSTMs (512 units), processing 180-frame
sequences through adaptive subsampling to preserve full video
context.

VI. CONCLUSIONS AND FUTURE WORK

This work introduces a NAS framework that serves as
a foundational step toward automated and hardware-aware
architecture design for video-based human action recognition.
The proposed approach integrates two key innovations: a
constrained design space tailored for SoC FPGA deployment,
and a discounted reward strategy aligned with the causal



hierarchy of architectural decisions. Together, these elements
enable the systematic generation of high-performing CNN-
RNN architectures, achieving an accuracy of 81.07% on the
UCF101 dataset and surpassing prior benchmarks for models
relying exclusively on spatial information.

Beyond this result, the study should be regarded as an initial
exploration that establishes the groundwork for more extensive
experimental research. The defined architecture space and
reward formulation have demonstrated promising potential, but
further experimentation is required to fully characterize the
influence of individual design choices and their interactions.

Currently, hardware-awareness is incorporated through de-
sign constraints that ensure implementability on target plat-
forms—specifically, DPUs for CNNs and ARM-based SoCs
for LSTMs. However, this is a passive form of compatibility;
future work will aim to extend the framework to multi-
objective optimization, jointly considering accuracy and in-
ference latency on the target SoC FPGA platform.
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