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Abstract—Cognitive robotic systems require low-latency, re-
liable perception to support safe and context-aware interaction
with humans. Multimodal biometrics (e.g., face and gait) improve
robustness under real-world variations but the resulting pipelines
are often too compute-intensive and memory-heavy for edge
deployment. This paper explores the possibility of exploiting mul-
timodal redundancy to enable aggressive optimization of person
recognition stacks without excessive system-level degradation. We
analyze a modular face+gait pipeline and apply architectural
exploration together with post-training compression, namely
quantization and pruning, targeting the dominant bottleneck
(face recognition). Experiments on CASIA-B under a Rank-
1 protocol over near-frontal views show that while face-only
accuracy degrades significantly under compression (0.971 to
0.825), score-level fusion remains comparatively stable (0.986
to 0.966) while improving throughput from 49.8 to 75.2 FPS
and reducing the deployed footprint from 295.2 MB to 111.9
MB. These results indicate that multimodal fusion can serve
as a resilience mechanism, enabling lightweight and optimized
perception modules for real-time cognitive agents.

Index Terms—Cognitive robotics, biometrics, person identifi-
cation, face recognition, edge AI, model compression

I. INTRODUCTION

Cognitive robotic systems operating in shared human en-
vironments require reliable, low-latency perception to enable
adaptive behavior. In many human-centered deployments, from
assistive robots and companion agents to intelligent kiosks and
vehicles, context-aware interaction depends on recognizing
the person interacting with the system, so the agent can
personalize responses or enforce access control. Achieving
such user identification robustly in realistic conditions is
challenging: lighting changes, motion blur, partial occlusions,
clothing variation, and viewpoint shifts can cause substantial
performance degradation for unimodal biometric modules.

Multimodal biometrics provide a way to improve robustness
by combining complementary sources (e.g., face as a highly
discriminative cue at close range, gait as a longer-range cue
useful when facial details are degraded). Classical surveys and
overviews emphasize that multimodal fusion reduces sensitiv-
ity to noisy measurements and increases reliability compared
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to unimodal systems, at the cost of added system complex-
ity [1]. The growing availability of embedded accelerators has
made on-device multimodal inference increasingly feasible,
though the co-design of accuracy and efficiency remains an
open challenge [2]. In practical deployments, fusion is com-
monly performed at feature-, score-, or decision-level. Among
these, score-level fusion is often preferred for plug-and-play
integration because each modality can be processed inde-
pendently and combined using normalized similarity scores;
however, this requires careful score normalization due to
heterogeneous score ranges and distributions [3].

Despite the robustness benefits of multimodality, deploy-
ing multimodal person recognition on embedded hardware
typical of mobile agents remains challenging. Recent deep
learning advances have improved face and gait recognition
performance, yet these gains often come with larger models,
increased compute, and higher inference latency. For cognitive
agents, perception must be both accurate and computationally
efficient to preserve energy, maintain responsiveness, and
allow co-execution with other time-critical components (e.g.
navigation, planning, control). Many human-facing scenarios
favor on-device processing for privacy and latency reasons,
making it essential to understand how system-level accuracy
behaves under aggressive efficiency constraints.

A typical real-time recognition pipeline also relies on fast
front-end localization and tracking to ensure stable spatio-
temporal association of observations across frames. Contem-
porary one-stage detection paradigms are widely adopted
in real-time applications due to their speed—accuracy trade-
off [4], [5], and modern multi-object trackers such as Byte-
Track provide efficient association mechanisms that are robust
to intermittent low-confidence detections [6]. However, even
with efficient detection and tracking, the face recognition
branch frequently dominates runtime, especially when high-
quality embeddings are required for identification.

In this work, we investigate whether multimodal redundancy
can be leveraged to enable aggressive optimization of person
recognition pipelines without excessive degradation of system-
level performance. Specifically, we analyze a face-and-gait
pipeline and apply (i) architectural exploration of front-end
components and (ii) quantization and pruning of the most



computationally demanding module (face recognition). Our
central hypothesis is that multimodal fusion provides inherent
resilience: compression may degrade unimodal performance,
but the fused system can preserve high identification accuracy
by compensating with the complementary modality.

We validate this hypothesis on the CASIA-B dataset, a stan-
dard multi-view gait benchmark containing 124 subjects under
multiple viewing angles and covariate conditions (normal
walking, carrying, clothing) [7]. To reflect an embodied-agent
scenario where the subject approaches the camera and facial
information is available, we focus on near-frontal viewpoints
(0°, 18°, 36°) and evaluate performance under a Rank-1
identification protocol. Experimental results show that aggres-
sive compression substantially reduces face-only accuracy, yet
the fused multimodal system retains high robustness (above
95% Rank-1) while achieving approximately 2x throughput
improvement. These findings suggest that cognitive robotic
systems can exploit multimodal complementarity as a system-
level safety net, enabling lightweight, efficient perception
modules suitable for embedded deployment without sacrificing
reliability.

This paper makes three contributions: (1) an empirical bot-
tleneck analysis of a modular face+gait identification pipeline
for cognitive agents; (2) a systematic evaluation of archi-
tectural exploration and compression strategies targeting the
face branch; and (3) an experimental characterization of fu-
sion resilience, demonstrating that score-level fusion preserves
system-level performance under unimodal degradation.

The remainder of this paper is organized as follows: Sec-
tion II reviews related work on multimodal biometrics, effi-
cient perception pipelines, and model compression. Section III
describes the proposed pipeline and optimization methodology,
including fusion strategies. Section IV presents the experi-
mental protocol and results on CASIA-B. Sections V and VI
offer an analysis of latency—accuracy trade-offs and fusion
resilience, as well as runtime and system-level considerations.
Section VII concludes the paper and outlines directions for
future work.

II. RELATED WORK
A. Multimodal Person Recognition and Fusion

Unimodal biometric systems (e.g., face-only or gait-only)
are sensitive to covariates such as illumination, viewpoint,
occlusion, motion blur, clothing changes, and acquisition
distance. Multimodal biometric systems mitigate these is-
sues by combining complementary cues, improving robustness
compared to single-modality pipelines [1]. In multimodal
recognition, fusion is commonly performed at the feature,
score, or decision level. Feature-level fusion can exploit
cross-modal correlations but may suffer from heterogeneous
embedding distributions and dimensional redundancy, often
requiring careful normalization and calibration. Score-level
fusion is attractive in practice because it preserves modular-
ity and enables the use of pretrained components; however,
it requires score normalization due to heterogeneous score
ranges and distributions across modalities [3]. Feature-level

fusion has also been explored in IoMT settings where multiple
biometric streams are combined to improve robustness of user
identification under resource constraints [8].

In the specific context of face and gait, fusion has been
explored as a strategy for improving identification robustness
under challenging conditions and variable acquisition quality.
Recent work emphasizes adaptive weighting based on quality
cues, where modality importance is modulated by factors such
as distance, occlusion, or image quality [9]. These findings
motivate the central hypothesis of this paper: fusion can act as
a robustness mechanism that tolerates unimodal degradation,
enabling more aggressive optimization of individual compo-
nents.

Beyond quality-aware strategies, several works have ex-
plored joint representation learning across face and gait, either
through cross-modal attention or shared latent spaces. These
approaches aim to leverage semantic correspondence between
biometric cues during training, rather than at inference time.
However, such tightly coupled architectures sacrifice the mod-
ularity that makes score-level fusion attractive for practical
pipelines: each branch must be retrained jointly, preventing
independent optimization of individual components. Our work
deliberately adopts a loosely coupled design to preserve this
modularity, enabling plug-and-play replacement and com-
pression of individual modules without retraining the entire
system. This property is particularly valuable in the resource-
constrained deployment scenario considered in our work.

B. Efficient Detection and Tracking for Real-Time Perception

Real-time cognitive agents typically rely on a tracking-
by-detection paradigm, where a detector provides frame-wise
observations and a tracker performs temporal association. One-
stage detectors are widely adopted due to their favorable
latency—accuracy trade-off, and recent YOLO implementations
are commonly used in practical deployments [4], [5]. For
multi-object tracking, simple motion models combined with
efficient association strategies achieve strong performance in
practice. In particular, ByteTrack associates both high- and
low-confidence detections to reduce missed targets and identity
switches while maintaining efficiency, making it well suited to
real-time settings [6]. In our pipeline, these components serve
as lightweight front-end modules that constrain downstream
biometrics to a consistent spatio-temporal track.

C. Lightweight Face Recognition Models

Modern face recognition systems typically learn discrimina-
tive embeddings using margin-based classification losses that
improve inter-class separability, such as SphereFace, CosFace,
and ArcFace [10], [11], [12]. While high-capacity backbones
yield strong accuracy, edge deployment has driven the develop-
ment of compact architectures that preserve discriminative em-
beddings under strict compute constraints. Recent lightweight
models, such as GhostFaceNet, reduce feature redundancy and
optimize architectural blocks for efficient inference, making
them suitable for embedded and mobile scenarios [13]. Earlier
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Fig. 1. Overview of the multimodal perception pipeline. RGB frames are processed by a tracking-by-detection front-end. Face and gait branches compute
modality-specific templates, which are fused via feature-level fusion (FLF) or score-level fusion (SLF) for Rank-1 identification.

lightweight designs such as MobileFaceNets [14] and Shuf-
fleFaceNet [15] established the viability of mobile-scale face
embeddings, and recent surveys confirm that the accuracy gap
relative to full-capacity backbones continues to narrow [16].
These trends support our choice of GhostFaceNet as a compact
yet competitive base model for the face branch. Since face
recognition is often the dominant computational bottleneck in
multimodal pipelines, it is a primary target for compression
and acceleration.

D. Gait Recognition and Silhouette-Based Pipelines

Gait recognition enables identification at longer ranges
and under conditions where facial details may be unreli-
able. Silhouette-based methods remain widely used due to
their compact representation and robustness in low-resolution
settings [17]. Sequence-set modeling (e.g., GaitSet) intro-
duced set pooling mechanisms to aggregate temporal evidence
without requiring strict sequence alignment [18]. Subsequent
work extended set-based modeling to part-level temporal rep-
resentations (GaitPart [19]), improving discrimination under
viewpoint and clothing variation. Recent surveys provide a
comprehensive account of deep gait recognition architectures,
datasets, and covariates [20], [21], highlighting that silhou-
ette quality and viewing angle are the dominant sources of
performance degradation in practical deployments. OpenGait
provides a unified implementation and evaluation framework
for a wide range of gait models, facilitating standardized
benchmarking across protocols and datasets [22]. In this work,
the gait branch complements face recognition by providing
discriminative cues when face quality degrades, supporting
system-level robustness under unimodal compression.

E. Model Compression for Edge Deployment

Quantization and pruning are widely used to reduce memory
footprint and accelerate inference. Post-training quantization
(PTQ) is attractive due to its low engineering cost; however,
for embedding-based recognition, quantization can distort the
geometry of the feature space and degrade matching perfor-
mance. AdaRound addresses this issue by optimizing rounding
decisions during PTQ to reduce reconstruction error relative
to the full-precision model [23]. Pruning methods remove

redundant parameters either in an unstructured (weight-level)
or structured (channel/block-level) manner; while unstructured
pruning can yield high sparsity, structured pruning more
directly translates to wall-clock speedups on standard hard-
ware [24]. Broader reviews of neural network quantization
confirm that the interaction between quantization scheme,
model architecture, and downstream task (e.g., embedding
matching vs. classification) significantly affects the achievable
accuracy—efficiency trade-off [25].

Distinct from prior work focusing on unimodal accuracy
under compression, this paper examines compression through
a system perspective: we empirically evaluate whether multi-
modal fusion compensates for unimodal degradation, enabling
more aggressive optimization while preserving end-to-end
identification performance.

I1II. METHODOLOGY

To enable robust human identification on resource-
constrained cognitive agents, we developed a modular mul-
timodal perception pipeline that extracts face and gait cues
from RGB video streams and performs closed-set person
identification. The pipeline follows a plug-and-play design
(Fig. 1), allowing each module to be replaced or optimized
independently depending on deployment constraints.

A. Problem Formulation

We address closed-set person identification in a multimodal
setting. Given a gallery G consisting of one Normal Walking
(NM) sequence per subject and a probe sequence P, the goal
is to predict the identity of P among the enrolled identities
via Rank-1 matching.

Let vgc)e € R% and vézi)t € R% denote per-frame embed-
dings at time ¢. The system produces sequence-level templates
Viace and Vg by temporal aggregation (Sec. III-C). Our
objective is to maximize Rank-1 accuracy while minimizing
average per-frame latency:

L=X(1- Rank—l) + Ao Tirames (1)

where Tiame 1S the measured per-frame inference time.



B. Pipeline Architecture

The pipeline comprises three main operational blocks: (i)
spatio-temporal localization, (ii) face branch, and (iii) gait
branch.

1) Person Tracking (Tracking-by-Detection): We adopt a
tracking-by-detection strategy. A lightweight person detector
(YOLO-family) produces person bounding boxes for each
frame, and ByteTrack performs temporal association to main-
tain track consistency under intermittent low-confidence de-
tections and partial occlusions. This design avoids heavy re-
identification models in the tracking loop while providing
stable crops for downstream biometric modules.

2) Face Branch: Given a tracked person crop, a face
detector localizes the face region. A face recognition backbone
(GhostFaceNet family) extracts a dy=512 embedding per
frame. Since this branch is typically the dominant computa-
tional cost (Sec. III-D), it is the primary optimization target
in our study.

3) Gait Branch: In parallel, a human segmenter produces
binary silhouette masks from the tracked person crop. Sil-
houettes are then encoded using OpenGait models (Gait-
Set/GaitBase family) to extract gait embeddings that remain
informative at longer ranges and under degraded facial detail.
In our experiments, gait inference and fusion contributed a
small fraction of total runtime compared to the face branch.

C. Sequence-to-Template Construction

For identification, each sequence is represented by a single
template per modality. Given per-frame embeddings, we apply
Lo normalization and temporal mean pooling:

T
1 v(®)
V== E —_— 2)
t
T = IvWl2
This yields one template for face and one for gait per sequence,
which are then compared to gallery templates using modality-

specific similarity measures (cosine similarity for face, Eu-
clidean distance for gait).

D. Optimization Framework

A bottleneck analysis of the baseline pipeline indicated
that the face branch accounts for the majority of the per-
frame latency. We therefore concentrate optimization on this
subsystem through a two-stage strategy.

1) Architectural Exploration: We evaluate alternative
lightweight model  families and  variants  (e.g.,
YOLOV5/v8/YOLO11 for detection/segmentation; lightweight
face backbones) to identify efficient operating points prior
to compression. This step reduces compute by selecting
topologies that mitigate the latency—accuracy trade-off before
applying quantization/pruning.

2) Quantization and Pruning: We apply post-training com-
pression to reduce memory and improve throughput:

o Quantization: Detection models are converted from
FP32 to INTS using post-training calibration. For the face
recognition backbone, we employ AdaRound-based post-
training quantization, which optimizes rounding decisions

to reduce deviation from the full-precision layer outputs
during calibration.

o Pruning: We apply magnitude-based unstructured prun-
ing (L1 criterion) to the face recognition backbone,
exploring sparsity levels in the 30-60% range. Pruning
is followed by model export to the deployment runtime
used for timing measurements.

We emphasize that our goal is not to maximize unimodal
face accuracy under compression, but to quantify system-level
robustness when multimodal fusion is available.

E. Multimodal Fusion (FLF and SLF)

We implement fusion at feature-level (FLF) and score-level
(SLF).

1) Feature-Level Fusion (FLF): For FLF, we construct a
fused embedding by concatenating the modality templates and
applying Lo normalization:

VFLF

VFLE = [Vface, Veait] 5 VELE = 3)

[verll2®
Identification is performed by cosine similarity between probe
and gallery fused embeddings:

srr(P, Gi) = VeLe(P) T VeLr(Gi), )

and the Rank-1 prediction corresponds to the gallery identity
with maximum similarity.

2) Score-Level Fusion (SLF): For SLF, we compute modal-
ity scores independently and combine them via weighted
averaging. Let sg. be cosine similarity and d,; be Euclidean
distance. We map both to a comparable similarity domain
using min—-max normalization computed over the gallery:

, s — min(s)

s’ = . (&)

max(s) — min(s)

The final SLF score is:
SsLr = « S;ace + (1 - Oé) S/gaiw (6)

where « € [0, 1] is tested with multiple different values during
evaluation. While adaptive « is plausible in embodied settings
(e.g., distance-dependent weighting), this work focuses on
characterizing the resilience of SLF under compression using
a constant « for controlled comparison.

F. Latency Measurement

Per-frame latency is computed by summing stage-wise times
for tracking, face branch, and gait branch:

Tiot = Ttk + Thace + Tgait~ @)

We report Ty, in ms/frame and FPS as 1000/7i, consistent
with Table 1. Fusion operations (concatenation and weighted
averaging) add negligible overhead and are excluded from the
stage-wise breakdown.



TABLE I
SELECTED CASIA-B CONFIGURATIONS ILLUSTRATING FUSION RESILIENCE UNDER COMPRESSION. LATENCY IS AVERAGE PER-FRAME TIME
(MS/FRAME); FPS = 1000/TTOT~ MEM IS THE COMBINED DEPLOYED MODEL FOOTPRINT (MB). SLF AND FLF DENOTE score-level fusion AND
feature-level fusion, RESPECTIVELY; BOTH ARE REPORTED AS RANK-1 IDENTIFICATION ACCURACY.

Cfg  Tracker Face Det. Face Rec. Segm. Face R ~ Gait Rl  SLFR1 FLFR1 Ty  Tgee Tigai Tt FPS  Mem (MB)
A YOLOv8n YOLOv5-face  GhostFaceNet Paddle 0.971 0869 098 0980 34 153 14 201 498 295.2
B YOLOlln YOLOllm-face GhostFaceNet YOLOlls-seg  0.949 0.901 0987 0971 40 108 39 187 535 124.6
C  YOLOv8n YOLOllm-face pruned_adal4 YOLOlls-seg  0.825 0903 0966 0919 34 59 40 133 752 111.9
D  YOLOv8n YOLOllm-face pruned_adal4 Paddle 0.825 0864 0952 0898 35 63 15 113 885 122.8
IV. EXPERIMENTAL RESULTS 1.000 1 .
A A
. 0.975 = ° A
A. Experimental Protocol S a | & ® °
D
. . . 0.950 ® 3
Experiments were conducted on a workstation equipped >
with an Intel i7 CPU and NVIDIA RTX 3090 GPU. While 5 09291 aa ta
not an embedded platform, this setup enables controlled com- Josoo{ , b
parison of relative computational cost across configurations 2 s
prior to edge deployment. ‘
[ ] L]
Latency is measured as the cumulative processing time over 08301 e ® o o PRl
all gallery samples and normalized to obtain average per-frame 0825{ ® . A FLFRL

inference time:

T,
Ttrame = N}f—” (8)

Gait encoding and fusion operations contributed negligibly
(<3%) to total latency.

Evaluation follows a Rank-1 identification protocol using
CASIA-B sequences at 0°, 18°, and 36°, ensuring visibility of
both facial and gait features. We report Rank-1 identification
accuracy for each unimodal branch and for fusion: SLF uses
normalized similarity scores combined by weighted mean,
whereas FLF uses concatenated embeddings with the same
matching protocol.

B. Implementation Details and Reproducibility

All configurations share the same high-level processing flow
(Fig. 1). For each frame, we apply tracking-by-detection to
obtain a person crop, then compute face and gait representa-
tions in parallel. For sequence-to-template construction, per-
frame embeddings are Lo-normalized and temporally mean-
pooled to form one template per modality. Face similarity
is computed using cosine similarity, while gait similarity is
computed using Euclidean distance; SLF combines normalized
modality scores via weighted averaging, and FLF concatenates
flattened modality templates followed by cosine similarity
matching (Sec. III-E).

Latency is measured using stage-wise per-frame timing for
tracking, face (face detection + recognition), and gait (segmen-
tation + encoding), and summed as Tio; = Tk + Trace + Ligait
FPS is computed as 1000/7Ty. Fusion overhead is negligible
relative to the network inference stages (simple concatenation
or weighted averaging), and is therefore excluded from the
breakdown. Model footprints are reported as the combined
deployed model sizes for each configuration.

12 14 16 18 20 22 24 26
Total latency (ms/frame)

Fig. 2. Rank-1 accuracy versus total latency across CASIA-B configurations.
Face-only accuracy degrades sharply under compression, while fusion remains
comparatively stable. SLF (score-level fusion) preserves higher accuracy than
FLF (feature-level fusion) across most operating points. Letters indicate the
representative configurations in Table 1.

C. Latency-Accuracy Trade-offs and Bottleneck Analysis

Table I reports four representative configurations spanning
the accuracy—efficiency trade-off. In the baseline pipeline
(Cfg A), the face branch dominates the computation: Tt,ce =
15.3 ms/frame accounts for ~76% of the total T,z =
20.1 ms/frame (49.8 FPS), whereas gait processing contributes
Toic = 1l.4ms/frame. This motivates targeting the face sub-
system (face detection and, in particular, face recognition) for
optimization. This bottleneck is also visible in Fig. 3, where
the face stage accounts for most of the baseline latency.

Cfg B illustrates the effect of architectural exploration
without aggressive compression. Replacing the baseline detec-
tion/segmentation components yields a substantial reduction in
memory (295.2—124.6 MB) while slightly improving end-to-
end performance (SLF R1: 0.986—0.987) and maintaining a
similar throughput (49.8—53.5 FPS). Notably, Cfg B reduces
Tiace from 15.3 to 10.8 ms/frame, confirming that model-
family selection alone can meaningfully reduce compute load.

D. Impact of Compression on Unimodal Performance

Cfg C applies pruning and quantization to the face recog-
nition backbone (pruned_adal4), yielding the largest reduc-
tion in face latency. Compared to the baseline (Cfg A),
Tiace decreases from 15.3 to 5.9 ms/frame (2.6x speed-up),
producing a total throughput increase from 49.8 to 75.2
FPS. This acceleration comes with a marked degradation in
unimodal face performance: Face R1 drops from 0.971 to
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Fig. 3. Per-frame latency breakdown for configurations A-D. The face branch
dominates the baseline runtime and is the primary contributor to throughput
gains under optimization and compression.

0.825. In contrast, the gait branch remains stable (Gait R1:
0.869—0.903), consistent with the fact that gait processing
was not aggressively compressed in these experiments. Across
all tested configurations, Fig. 2 shows that face-only Rank-
1 decreases rapidly as latency is reduced, highlighting the
sensitivity of facial embeddings to compression.

Cfg D pushes the system toward maximal throughput by
pairing the compressed face recognizer with a lighter seg-
mentation stage, reaching 88.5 FPS. However, this setting
exhibits a larger end-to-end accuracy reduction, indicating a
regime where efficiency gains begin to outweigh the benefits
of multimodal redundancy.

E. Multimodal Fusion Resilience (SLF vs. FLF)

As summarized in Fig. 2, fusion accuracy degrades substan-
tially more slowly than face-only accuracy as the pipeline is
accelerated. Despite the unimodal degradation observed under
compression, multimodal fusion remains comparatively robust.
Under Cfg C, score-level fusion (SLF) retains high Rank-
1 accuracy (0.966), corresponding to only a 2.0 percentage-
point decrease relative to the baseline SLF (0.986), while
providing a 1.51x FPS gain and a 2.64 x reduction in memory
footprint (295.2—111.9 MB). This supports the central hy-
pothesis of this work: multimodal redundancy can compensate
for unimodal performance loss induced by aggressive model
compression, preserving system-level identification reliability.

Comparing fusion schemes, SLF consistently outperforms
feature-level fusion (FLF) across the selected operating points
(e.g., Cfg C: 0.966 vs. 0.919; Cfg D: 0.952 vs. 0.898).
This aligns with the practical advantage of SLF in plug-
and-play pipelines, where each modality can be optimized
independently and combined through normalized similarity
scores with negligible computational overhead.

Overall, the results indicate that compressed face models
that would be suboptimal in isolation can remain effective
within a multimodal cognitive perception stack, enabling
substantial throughput and memory improvements without
catastrophic degradation in end-to-end Rank-1 accuracy.
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Fig. 4. Fusion compensation versus total latency across CASIA-B configura-
tions. We report fusion gain as the difference between fused Rank-1 accuracy
and face-only Rank-1 accuracy. SLF provides consistently higher compen-
sation than FLF, and the gain increases as face-only performance degrades
under stronger compression. Letters indicate configurations in Table I.

F. Limitations

Experiments were conducted on a desktop GPU environ-
ment. Although the reported trends reflect relative compu-
tational load across configurations, validation on embedded
platforms (e.g., NVIDIA Jetson-class devices) remains future
work. Evaluation is restricted to CASIA-B under near-frontal
viewpoints (0°,18°,36°); performance under non-frontal an-
gles or real-world acquisition conditions (e.g., crowd scenar-
ios, motion blur, strong illumination variation) may differ,
as both face detection reliability and silhouette segmentation
quality are sensitive to these factors. The closed-set Rank-
1 protocol also does not capture open-set rejection behavior,
which is critical for access control deployments where un-
known subjects must be rejected rather than misidentified. The
pruning strategy (magnitude-based unstructured pruning) does
not guarantee wall-clock speedups without hardware-aware
sparse execution backends; structured pruning or NAS-based
approaches may yield more predictable embedded speedups.

V. ANALYSIS AND DESIGN GUIDELINES

This section analyzes the overall system and provides design
guidelines for possible applications.

A. Robustness of SLF and FLF under Compression

Across all tested configurations, score-level fusion (SLF)
consistently outperforms feature-level fusion (FLF) (Table I
and Fig. 2). A key reason is that SLF combines decision
scores after mapping each modality to a comparable similarity
range, whereas FLF concatenates embeddings whose statistical
properties may drift differently under compression. In par-
ticular, quantization and pruning can introduce non-uniform
distortions in the face embedding space, affecting angular
margins and similarity distributions more severely than gait
embeddings. Under FLF, such distortions propagate directly
into the fused representation; under SLF, the impact is partially
mitigated by (i) per-modality scoring and (ii) normalization
prior to weighted averaging.



TABLE II
RECOMMENDED OPERATING POINTS DERIVED FROM TABLE I.

Goal Config SLF R1  FPS / Mem (MB)
Accuracy-first A 0.986 49.8/295.2
Balanced B 0.987 53.5/ 124.6
Memory-first C 0.966 752/ 111.9
Throughput-first D 0.952 88.5/122.8

This interpretation is supported by Fig. 4, which shows
that the fusion gain over face-only accuracy increases as the
pipeline is pushed toward lower latency (stronger compres-
sion), and that SLF provides consistently higher compensation
than FLF. In practice, this makes SLF the preferable choice
for plug-and-play cognitive perception stacks where individual
modalities may be optimized independently and where the
computational overhead of fusion must remain negligible.

B. Architecture Selection vs. Compression

The results suggest two complementary efficiency regimes.
First, architectural exploration can yield large reductions in
model footprint while preserving end-to-end performance. For
instance, moving from the baseline (Cfg A) to an architecture-
optimized configuration (Cfg B) reduces memory by more than
2x (295.2—124.6 MB) while maintaining throughput and SLF
accuracy. Second, targeted compression of the face recognizer
provides the largest throughput gains. Cfg C demonstrates
that heavy face compression can improve throughput by
1.51x (49.8—75.2 FPS) while maintaining high SLF accuracy
(0.966), despite a substantial face-only accuracy drop.

However, the extreme-throughput regime (Cfg D) indicates
that beyond a certain point, additional efficiency gains lead
to a sharper decrease in end-to-end accuracy. This highlights
a practical trade-off boundary: multimodal redundancy can
compensate for unimodal degradation, but only while at least
one modality remains sufficiently informative and upstream
preprocessing (detection/segmentation) remains stable.

C. Deployment-Oriented Operating Points

Based on the observed trade-offs, Table II summarizes
recommended operating points for cognitive agents under
different constraints. Notably, Cfg B provides a strong memory
improvement while keeping SLF Rank-1 effectively equal to
the baseline, by just changing tracker and face detector to more
memory-efficient ones.

VI. RUNTIME BUDGET AND SYSTEM CONSIDERATIONS

A. Per-Frame Compute Decomposition

For a cognitive agent, perception modules must operate
under strict real-time constraints while sharing compute with
other subsystems (e.g., navigation, planning, and control). Let
the per-frame budget be expressed as

Tiot = Tik + Trace + Tgaih )]

where Tk includes person detection and tracking-by-
association, T, includes face detection and face embedding

TABLE III
DEPLOYMENT GUIDELINES DERIVED FROM BOTTLENECK ANALYSIS AND
FUSION BEHAVIOR.

Scenario Recommended strategy

Tight compute /
real-time constraint

Prioritize optimizing Tf,ce (recognizer first);
use SLF to preserve accuracy under compres-
sion.

Prefer architecture exploration (Cfg B-like)
to cut footprint before applying heavy com-
pression.

Use conservative compression (Cfg A/B-
like) and SLF; avoid extreme settings where
upstream preprocessing changes degrade
end-to-end accuracy.

Aim for balanced stage contributions (Cfg C-
like) to reduce contention and enable co-
execution with other modules.

Memory-limited
deployment

Accuracy-critical

operation

Multi-task percep-
tion stack

extraction, and Ty, includes silhouette segmentation and gait
encoding. As shown in Fig. 3, the baseline configuration is
dominated by the face branch, motivating targeted optimiza-
tion of Tfce.

To quantify how optimization redistributes compute, we
report the relative contribution of each stage:

T,

Pk = 7

= , ke {trk, face, gait}.
Tiot

(10)
In Cfg A, pgace = 0.76, indicating that improvements to track-
ing or gait would have limited impact on end-to-end through-
put. In contrast, under compressed configurations (Cfg C/D),
Ttace 1s substantially reduced and the runtime becomes more
balanced, which is desirable in multi-task robotic stacks where
resources must be shared across modules.

B. Implications for Embedded Deployment

Although our measurements were obtained on a desktop
GPU, the observed trends are informative for embedded
deployment because they characterize relative computational
load and identify the dominant bottleneck. In practice, em-
bedded accelerators often provide the largest benefits for
quantized inference, so reductions in Ty and in overall
model footprint can translate into improved throughput, lower
energy consumption, or freed compute budget for additional
perception tasks (e.g., gesture or emotion recognition).

Moreover, multimodal fusion offers a useful systems-level
property: it allows individual modules to be optimized aggres-
sively while preserving end-to-end performance. This is par-
ticularly relevant when operating under a hard real-time con-
straint, where the system must prefer stable, bounded-latency
operations. Score-level fusion (SLF) is especially attractive
in this context because it introduces negligible overhead and
remains robust across the explored configurations (Fig. 4).

Table III summarizes pragmatic guidance derived from our
results. These recommendations prioritize (i) maximizing the
impact of optimization by targeting the dominant stage and
(i1) maintaining system-level robustness via fusion.



VII. CONCLUSION

This paper investigated whether multimodal redundancy
can be exploited to enable aggressive optimization of per-
son recognition pipelines intended for cognitive agents. We
benchmarked a face-and-gait identification stack on CASIA-B
(near-frontal views 0°/18°/36°) under a Rank-1 protocol, and
evaluated architectural exploration together with face-model
compression (quantization and pruning).

Results show that the face branch is the main bottleneck
in the baseline configuration, and that both model-family
selection and compression substantially improve throughput
and reduce memory footprint. Crucially, while unimodal face
performance degrades markedly under compression (e.g., Face
R1: 0.971—0.825), the multimodal system is more robust:
score-level fusion (SLF) retains high accuracy (0.986—0.966)
while increasing throughput from 49.8 to 75.2 FPS and reduc-
ing the model footprint from 295.2 MB to 111.9 MB. Across
the explored configurations, SLF consistently outperforms
feature-level fusion (FLF), supporting its suitability for plug-
and-play, low-overhead deployment.

These findings support the central hypothesis that multi-
modal fusion can act as a resilience mechanism that tolerates
unimodal degradation, enabling lightweight perception without
end-to-end performance loss. Future work will pursue several
directions. First, validation on embedded accelerators (e.g.,
Jetson Orin or Hailo-class devices) will quantify absolute
energy and latency benefits of quantized inference in realistic
deployment conditions. Second, we plan to extend evaluation
beyond near-frontal views to the full CASIA-B viewpoint
range and to datasets with more challenging real-world co-
variates (e.g., GREW [26], Gait3D [27]). Third, we will
explore adaptive fusion policies that modulate « based on per-
frame quality signals such as face detection confidence, subject
distance, or embedding norm, which are naturally available at
inference time. Finally, structured pruning and neural archi-
tecture search for the face branch represent complementary
directions for achieving hardware-friendly compression with
guaranteed wall-clock speedups.
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