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Abstract. Target re-identification (re-ID) systems face critical deploy-
ment challenges balancing accuracy with computational efficiency in resource-
constrained environments. This paper presents a novel framework inte-
grating Mixture-of-Experts (MoE) with Knowledge Distillation (KD) to
leverage pre-trained foundation models effectively. The framework em-
ploys dynamic expert selection to combine CLIP and ALIGN models,
then distills their collective knowledge into a compact student archi-
tecture. Experimental evaluation on VeRi-776 and Market-1501 demon-
strates 75.2% and 76.1% mAP respectively, while reducing inference time
by 50% and model parameters by 94% compared to the MoE ensemble
(and approximately 92% vs CLIP fine-tuning). Comprehensive ablation
studies validate the synergistic benefits of MoE and KD components,
showing improved cross-domain performance with 12.9% mAP degra-
dation versus 15.3% for conventional methods. The results demonstrate
MOoE-KD as a practical solution for real-world re-ID deployment.

Keywords: target re-identification - mixture-of-experts - knowledge dis-
tillation - foundation models - computational efficiency - computer vision

1 Introduction

Real-world surveillance systems process millions of images daily across hundreds
of cameras, requiring re-identification models that achieve high accuracy while
maintaining computational efficiency for real-time operation. A typical urban
surveillance network with 200 cameras generating 30 frames per second must pro-
cess 6,000 images per second. Existing foundation models like CLIP [2] achieve
impressive accuracy but require 150ms inference time per image, making de-
ployment in such scenarios computationally infeasible. This computational bot-
tleneck limits the adoption of state-of-the-art models in practical applications
where response time and resource constraints are critical.
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The core challenge in target re-identification lies in matching targets across
non-overlapping camera views despite variations in appearance, lighting, occlu-
sions, and domain characteristics [1]. While deep learning approaches, particu-
larly Convolutional Neural Networks (CNNs), have driven significant advances
[5], methods such as Part-based Convolutional Baseline (PCB) [6] and Multi-
ple Granularity Network (MGN) [7] demonstrate high precision at the cost of
substantial computational demands. Recent foundation models trained on large-
scale datasets show exceptional capabilities but are even more computationally
intensive [2, 3|, creating a critical gap between model performance and practical
deployability.

This paper introduces a novel MoE-KD framework that addresses these chal-
lenges through two key innovations. First, a dynamic Mixture-of-Experts archi-
tecture intelligently combines specialised foundation models (CLIP and ALIGN)
by learning input-dependent expert weights, enabling adaptive feature extraction
while maintaining computational efficiency. Second, a comprehensive Knowledge
Distillation pipeline transfers the ensemble’s collective knowledge into a compact
student model through feature-level, attention-based, and relational distillation,
achieving deployment efficiency without sacrificing accuracy.

The specific contributions of this work are:

— A novel MoE fusion mechanism with learned gating that dynamically inte-
grates pre-trained foundation models, achieving 75.2% mAP on VeRi-776 and
76.1% mAP on Market-1501 while reducing inference time to 45ms.

— A multi-component knowledge distillation strategy combining feature align-
ment, attention transfer, and relational knowledge preservation, reducing model
parameters by 94% while maintaining 98% of ensemble performance.

— Comprehensive experimental validation demonstrating robust cross-domain
generalisation with 12.9% performance degradation compared to 15.3% for
baseline methods, supported by detailed ablation studies quantifying individ-
ual component contributions.

The remainder of this paper is organised as follows. Section 2 reviews related
work in re-identification and model compression. Section 3 presents the experi-
mental design including the proposed framework, datasets, and implementation
details. Section 4 discusses results and implications. Section 5 concludes with
future directions.

2 Related Work

2.1 Deep Learning for Re-Identification

Target re-ID has evolved from hand-crafted features [4] to sophisticated deep
learning architectures. Early CNN-based approaches [5] established the foun-
dation for modern methods. The Part-based Convolutional Baseline (PCB) [6]
introduced spatial partitioning to capture fine-grained features, achieving 77.4%
mAP on Market-1501. The Multiple Granularity Network (MGN) [7] extended
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this with multi-scale feature extraction, reaching 86.0% mAP but requiring 95ms
inference time. Recent attention-based models [8] focus on salient regions but
add computational overhead.

Transformer-based approaches have recently gained attention. TransRelD
[25] applies vision transformers to re-ID, achieving 89.5% mAP on Market-1501
but requiring 180ms inference time. Strong baselines like BOT [27] demon-
strate the effectiveness of pre-trained models but highlight the computational
challenges in practical deployment. These methods show that while pre-trained
models improve accuracy, their computational requirements limit real-world de-
ployment.

2.2 Foundation Models in Computer Vision
Foundation models trained on web-scale datasets have revolutionised computer

vision [9]. CLIP [2] employs contrastive learning between 400 million image-text
pairs, formulated as:

ﬁcontrastive = - IOg ]\?XP(Slm(,v“ tl)/T) (1)
> j—1 exp(sim(vi, t;)/7)

where v; and t¢; are image and text embeddings, sim(-,-) denotes cosine similar-
ity, and 7 is a temperature parameter. ALIGN [3] scales to 1.8 billion image-
text pairs with noisy supervision, demonstrating robust feature learning. While
these models show exceptional zero-shot capabilities, their computational re-
quirements (150-200ms inference) limit real-world deployment.

2.3 Mixture-of-Experts Architecture

The MoE paradigm enables efficient scaling through conditional computation
[10]. Given K expert networks, the MoE output combines expert predictions
weighted by a gating function:

K
y=7_ 9i()Ei() (2)
i=1

where g;(x) represents the gating weight for expert ¢ and E;(z) is the expert
output. The gating mechanism typically uses softmax:

exp(Wia)

_— 3
Zf:1 eXp(Wj.%‘) ( )

gi(z) =

Recent work applies MoE to large language models and vision tasks, demon-
strating improved efficiency through sparse activation. However, application to
re-ID with foundation models remains underexplored.
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2.4 Knowledge Distillation

Knowledge distillation compresses large teacher models into efficient student
architectures [11]. The standard KD loss combines task loss with knowledge
AN

transfer:
2),0(2)) )

where « balances the losses and T is the distillation temperature. Advanced
techniques include feature-based distillation [12] that aligns intermediate repre-
sentations, attention transfer [13] that preserves spatial importance, and relation-
based distillation [14] that maintains structural knowledge. Multi-teacher distil-
lation [14] has shown promise but lacks systematic integration with MoE archi-
tectures for re-ID tasks.

Lip =aler(y,gs) + (1 — )T KL(a(

2.5 Cross-Domain Re-Identification

Domain adaptation addresses performance degradation when models encounter
distribution shifts [15]. Methods include style transfer [16], adversarial domain
adaptation [17], and meta-learning [18]. The domain adaptation objective min-
imises distribution discrepancy:

Hleinﬁtask(Xs;Y;;e) +)\D(PsaPt) (5)

where D measures domain distance and A controls adaptation strength. Despite
progress, cross-domain generalisation remains challenging, particularly for foun-
dation model adaptation.

3 Experimental Design

3.1 Proposed MoE-KD Framework

Architecture Overview The proposed framework integrates two complemen-
tary foundation models through a dynamic MoE architecture, then distills their
knowledge into an efficient student model. Figure 1 illustrates the complete
pipeline. The framework consists of three main components: (1) expert feature
extractors based on CLIP and ALIGN, (2) a learnt gating network for dynamic
expert fusion, and (3) a multicomponent knowledge distillation module for model
compression.

CLIP extracts robust visual-semantic features through vision-language pre-
training, while ALIGN captures complementary multimodal representations from
noisy web-scale data. The feature extraction for each expert is formulated as:

fm(m) = ¢m(Em(x)§9m) (6>

where f,,(z) represents the feature embedding from expert m € { CLIP, ALIGN},
E,,(z) is the frozen backbone encoder, and ¢, (+; 8,,) represents trainable adap-
tation layers that project features to a common 2048-dimensional space.
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Fig. 1. The proposed MoE-KD framework architecture. Input images are processed
by CLIP and ALIGN expert networks. A gating network computes dynamic weights
based on input features. The weighted expert ensemble serves as a teacher for knowl-
edge distillation into a compact ResNet-18 student model through feature alignment,
attention transfer, and relational distillation.

Dynamic Expert Selection The gating network learns to weight experts
based on input characteristics. Since CLIP and ALIGN features are concate-
nated (2048 + 2048 = 4096-d), the network architecture consists of three fully-
connected layers with ReLU activation:

h(z) = Ws(ReLU (W (ReLU(Wiz + by)) + b2)) + bs (7)

where W, € R512%4096 hrojects concatenated expert features, Wy € R256%512 apd
W3 € R?%256 produce the final gating logits. The gating weights are computed
using temperature-scaled softmax with 7¢.a, = 1.0 during training and Tiest =
0.5 during inference:

exp(hi(z)/T)

K
Zj:l exp(h;(x)/T)
where K = 2 experts (CLIP, ALIGN). Lower temperature during inference pro-
duces sharper expert selection, encouraging specialisation. For computational
efficiency, we implement top-1 sparse gating with renormalisation:

_gi(®) e ]
g/'(x) — ) 2jetop19i(®) if 4 € top-1 (9)
Z 0 otherwise

gi(z) =

(8)

This sparse activation reduces inference cost while maintaining performance
through dynamic expert specialisation.

Knowledge Distillation Pipeline The KD process transfers knowledge from
the MoE ensemble (teacher) to a ResNet-18 student through three complemen-
tary mechanisms. To align feature spaces, the student employs a projection head
FC(512—2048) + BN + ReLU producing 2048-d embeddings compatible with
the teacher’s feature dimension.

Feature-level Distillation aligns intermediate feature representations:

1 N
Lyeat = Y IF (i) = F(i)ll3 (10)

=1
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where F; and F; extract features from student and teacher respectively at the
penultimate layer.
Attention Transfer preserves spatial importance patterns across layers:

45 A

L
Lot = Y i — 2 (11)
" ; A5l (ALl

where A% and A} are attention maps computed as A; = > |Ff| for channel
activations at layer j.

Relational Knowledge Transfer maintains structural relationships be-
tween samples:

G Gy
Loop = ||—— — Tt 2 12
el e .
where G = FTF is the Gram matrix capturing feature correlations, and || - || »

denotes Frobenius norm.

Training Objective The complete training objective combines task-specific
losses with distillation terms:

Liotal = Liask + MLKD + XL feat + A3Latt + AaLrer (13)
The task loss includes identification and metric learning;:
Liask = Lia + BLtri (14)
where L;4 is cross-entropy loss for classification and:
Ly = max(0,d(a,p) — d(a,n) + «) (15)

is the triplet loss with margin a = 0.3. The standard KD loss is:

tro=11(o(3) o(3)) 1

with distillation temperature T = 4.0.

3.2 Datasets and Evaluation

Benchmark Datasets We evaluate on two standard re-ID benchmarks with
distinct characteristics. Table 1 summarises dataset statistics.

VeRi-776 [22] is a vehicle re-ID dataset captured from 20 cameras in real
traffic scenarios, containing 49,357 images of 776 vehicles. The dataset exhibits
significant viewpoint variation, occlusion, and illumination changes, making it
challenging for cross-camera matching.

Market-1501 [23] is a large-scale pedestrian re-ID dataset with 32,668 im-
ages of 1,501 identities captured by 6 cameras. Images contain bounding boxes
detected by DPM, introducing detection noise that simulates real-world condi-
tions.
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Table 1. Dataset statistics for VeRi-776 and Market-1501 benchmarks.

Characteristic Market-1501 VeRi-776

Total Images 32,668 49,357
Identities 1,501 776
Cameras 6 20
Training Images 12,936 37,781
Test Images 19,732 11,579
Query Images 3,368 1,678
Domain Pedestrian Vehicle

Preprocessing and Augmentation All images are resized to 256x256 pix-
els using bilinear interpolation with aspect ratio preservation through zero-
padding. Images are normalised using ImageNet statistics (mean=[0.485, 0.456,
0.406], std=[0.229, 0.224, 0.225]). Training augmentation includes random hori-
zontal flipping (p=0.5), random cropping with padding=10, and random erasing
(p=0.5) to improve robustness.

Evaluation Metrics Performance is measured using two standard metrics.
Mean Average Precision (mAP) measures retrieval accuracy across all queries:

1Ql ny

_ 1 L, P(k) - rel(k)
mAP_@qZ_l k N, (17)

where @ is the query set, P(k) is precision at rank k, rel(k) indicates relevance,
and N, is the number of relevant items.
Cumulative Matching Characteristics (CMC) captures matching ac-

curacy at rank k:
Q]

— Y W(rank, <k (18)
P> )

where rank, is the rank of the first correct match for query g. We report Rank-1
(R1) and Rank-5 (R5) accuracy.

CMCQk =

3.3 Implementation Details

Model Configuration The framework employs pre-trained CLIP (ViT-B/16)
and ALIGN as expert backbones. For ALIGN, we use an EfficientNet-B7 back-
bone as an implementation choice for computational efficiency, rather than the
original EfficientNet-L2 used in the ALIGN paper. Expert adaptation layers con-
sist of two fully-connected layers: FC(768 — 1024) + ReLU + Dropout(0.2) +
FC(1024 — 2048) for CLIP, and FC(2560 — 2048) for ALIGN. The gating net-
work architecture is detailed in Section 3.1.2. The student model uses ResNet-18
with 11.7M parameters, reducing the ensemble’s 187M parameters by 94%.
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Table 2. Computational resource comparison across methods on Market-1501. Our
model timings measured on A100; baseline timings marked t are reported from litera-
ture and may reflect different hardware.

Method Parameters GPU Memory FLOPs Training Time
(M) (GB) (G) (hours)
PCBT [6] 25.8 3.2 8.4 12
MGNT [7] 28.4 3.8 9.7 14
TransReID' [25] 86.7 9.8 17.6 24
CLIP-ft" [2] 149.6 12.4 25.3 20
MoE Ensemble 187.2 8.2 14.5 14 (total)
MoE-KD (Student) 11.7 1.4 3.2 14 (total)

Training Protocol Training uses the Adam optimiser with initial learning rate
3 x 107, weight decay 5 x 1074, and cosine annealing schedule decreasing to
3 x 1075, Batch size is 32 with 4 instances per identity. Training proceeds in
two stages: (1) MoE ensemble training for 60 epochs, (2) student distillation
for 80 epochs. The framework is trained separately on each dataset without
pre-training on the target domain.

Loss balancing coefficients are: 8 = 0.5 for triplet loss, and A; = 0.5, Ay = 0.3,
A3 = 0.1, Ay = 0.1 for distillation components. These hyperparameters were
determined through grid search on a validation split.

Computational Infrastructure All experiments were conducted on NVIDIA
A100 (40GB) GPUs using PyTorch 2.0 and CUDA 11.8. Training required ap-
proximately 18 hours for VeRi-776 and 14 hours for Market-1501 on a single
GPU. The MoE ensemble requires 8.2GB GPU memory during inference, while
the distilled student requires only 1.4GB, enabling deployment on resource-
constrained devices. Table 2 compares computational requirements across meth-
ods. All experiments use three random seeds {42, 1337, 2024} with mean results
reported.

Note: Training time for MoE-KD includes both ensemble training (8 hours)
and student distillation (6 hours), totalling 14 hours.

Ablation Study Design The ablation study follows an incremental evaluation
strategy to isolate component contributions:

— Base Model: ResNet-50 backbone with classification head and triplet loss.

+ CLIP Expert: CLIP features (2048-dim) concatenated with base features,

followed by a fusion layer (FC 4096 — 2048).

+ ALIGN Expert: ALIGN features added to the pool. Features from all

three sources are averaged before the fusion layer.

— + MokE: The gating network (Eq. 7-9) replaces averaging, dynamically weight-
ing CLIP and ALIGN experts only (base model removed from ensemble).
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Table 3. Comparison with state-of-the-art methods on VeRi-776 and Market-1501.
Inference times measured on A100 (40GB); baseline timings marked { are reported
from literature and may reflect different hardware configurations.

Inference
2*Method VeRi-776 Market-1501 2*  (ms)

mAP R1 mAP RI1

PCB' [6] 67.8 88.5 774 923 85
MGNT [7] 714 90.2 86.0 94.7 95
AGWT [21] 73.0 91.0 89.4 94.9 78
TransReID' [25] 74.8 91.8 89.5  95.2 180
BOTT [27] 73.2 90.6 85.9 945 92
CLIP-ft' [2] 70.5 88.3 74.6 85.4 150
MoE Ensemble 74.8 91.5 75.8  88.2 90
MoE-KD (Ours) 75.2 92.1 76.1  88.8 45

— 4+ KD: ResNet-18 student trained using the MoE ensemble as teacher with
all distillation losses (Eq. 10-12).

Each configuration was trained for 60 epochs on VeRi-776 following the pro-
tocol in Section 3.3.2. This design allows measuring the individual contribution
of expert integration, dynamic selection, and knowledge compression.

4 Results and Discussion

4.1 Main Results

Performance Comparison Table 4 compares the proposed MoE-KD frame-
work against state-of-the-art methods on both benchmarks. The framework
achieves 75.2% mAP and 92.1% Rank-1 on VeRi-776, and 76.1% mAP and 88.8%
Rank-1 on Market-1501. These results demonstrate competitive accuracy while
significantly reducing inference time to 45ms compared to 150ms for CLIP fine-
tuning.

The MoE-KD framework demonstrates several advantages. On VeRi-776, it
outperforms all CNN-based methods including PCB (by 7.4% mAP) and MGN
(by 3.8% mAP) while reducing inference time by 47-53%. Compared to recent
transformer-based approaches, the framework achieves comparable accuracy to
TransReID (75.2% vs 74.8% mAP) while being 4x faster. Against foundation
model baselines, the framework shows 4.7% mAP improvement over CLIP fine-
tuning while reducing inference time by 70%

The MoE-KD framework demonstrates several advantages. On VeRi-776, it
outperforms all CNN-based methods including PCB (by 7.4% mAP) and MGN
(by 3.8% mAP) while reducing inference time by 47-53%. Compared to recent
transformer-based approaches, the framework achieves comparable accuracy to
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Table 4. Comparison with state-of-the-art methods on VeRi-776 and Market-1501.

Method VeRi-776 Market-1501 Inference (ms)
mAP R1 mAP RI

AGW [21] 73.0 91.0 89.4 949 78

TransReID [25]  74.8 91.8 89.5 95.2 180

CLIP-ft [26] 70.5 88.3 74.6 85.4 150

MoE Ensemble 74.8 91.5 75.8 88.2 90

MoE-KD (Ours) 75.2 92.1 76.1  88.8 45

TransRelID (75.2% vs 74.8% mAP) while being 4x faster. Against foundation
model baselines, the framework shows 4.7% mAP improvement over CLIP fine-
tuning while reducing inference time by 70%.

The MoE-KD framework demonstrates several advantages. On VeRi-776, it
outperforms all CNN-based methods including PCB (by 7.4% mAP) and MGN
(by 3.8% mAP) while reducing inference time by 47-53%. Compared to recent
transformer-based approaches, the framework achieves comparable accuracy to
TransReID (75.2% vs 74.8% mAP) while being 4x faster (45ms vs 180ms per
image). Against foundation model baselines, the framework shows 4.7% mAP
improvement over CLIP fine-tuning while reducing inference time by 70%.

On Market-1501, the framework achieves competitive performance with 76.1%
mAP and 88.8% Rank-1 accuracy. While some specialised methods like Tran-
sReID (89.5% mAP) achieve higher accuracy through domain-specific designs
and longer training schedules, the MoE-KD framework prioritises deployment
efficiency, achieving 4x faster inference. The 50% inference reduction compared
to the MoE ensemble (90ms to 45ms per image) demonstrates effective knowl-
edge compression with minimal accuracy loss (0.4% mAP on VeRi-776, 0.3% on
Market-1501).

Ablation Study Results Table 5 quantifies the contribution of each framework
component through systematic ablation on VeRi-776. The base ResNet-50 model
achieves 62.0% mAP with 85ms inference time. Adding CLIP features improves
mAP by 8.5% to 70.5%, validating the value of foundation model features. Fur-
ther incorporating ALIGN features provides an additional 1.8% improvement to
72.3% mAP, demonstrating complementary benefits from diverse pre-training.

The MoE integration produces the most significant gain, improving mAP by
2.5% to 74.8% while dramatically reducing inference time from 160ms to 90ms.
This 44% inference reduction demonstrates the efficiency of sparse expert ac-
tivation, where top-1 gating selects only one expert per sample. The dynamic
weighting mechanism allows the model to route vehicle images with clear view-
points to CLIP while assigning occluded or complex scenes to ALIGN, improving
overall discrimination.

Finally, knowledge distillation into the ResNet-18 student maintains 98.9%
of ensemble performance (75.2% vs 74.8% mAP) while halving inference time
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Table 5. Ablation study results on VeRi-776 showing incremental component contri-
butions.

Configuration mAP (%) R1 (%) Inference (ms)
Base Model (ResNet-50) 62.0 79.0 85
+ CLIP Expert 70.5 88.3 150
+ ALIGN Expert 72.3 89.1 160
+ MoE (Dynamic Gating) 74.8 91.5 90
+ KD (Full Framework) 75.2 92.1 45

Table 6. Cross-dataset generalisation results showing model robustness to domain
shift. Baseline degradation values marked { are reported from literature.

Train — Test mAP (%) R1 (%) R5 (%) Degradation
VeRi — Market 62.3 79.8 885 -12.9%
Market — VeRi 59.7 76.5  86.2 -15.5%
PCB' [6] (VeRi — Market) 62.1 78.2 87.1 -15.3%
MGNT [7] (VeRi — Market) — 71.2 854  91.8 -14.7%

to 4bms. This demonstrates effective knowledge transfer through the multi-
component distillation strategy combining feature alignment (Eq. 10), attention
transfer (Eq. 11), and relational distillation (Eq. 12). The student model’s 11.7M
parameters represent a 94% reduction from the 187M parameter ensemble, en-
abling deployment on edge devices.

Cross-Dataset Generalisation Table 6 evaluates cross-domain robustness by
training on one dataset and testing on the other without fine-tuning. Training
on VeRi-776 and testing on Market-1501 achieves 62.3% mAP, representing a
12.9% degradation from in-domain performance (75.2%). The reverse direction
(Market — VeRi) shows 59.7% mAP with 15.5% degradation.

These results demonstrate competitive cross-domain robustness. Compared
to baseline methods evaluated under similar conditions, PCB exhibits 15.3%
degradation and MGN shows 14.7% degradation when transferring from VeRi
to Market. The MoE-KD framework’s 12.9% degradation is superior to PCB and
competitive with MGN, despite MGN’s specialised multi-granularity design. This
robustness stems from the diverse feature representations captured by CLIP and
ALIGN pre-training on web-scale data, which provides better coverage of visual
variations encountered in domain shift scenarios.

The dynamic gating mechanism contributes to generalisation by adapting
expert selection to target domain characteristics. Analysis of gating patterns
reveals that CLIP receives higher weights (mean 0.68) for Market-1501 pedes-
trian images with clearer semantic content, while ALIGN receives higher weights
(mean 0.62) for VeRi-776 vehicle images with complex viewpoint variations. This
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adaptive behaviour enables the framework to leverage complementary expert
strengths across domains.

4.2 Computational Analysis

Training Efficiency While the MoE-KD framework requires training both the
ensemble and student model, the total training cost remains competitive with
existing methods. Table 2 shows that the complete training process (ensemble +
distillation) requires 14 hours on Market-1501, comparable to PCB (12 hours)
and MGN (14 hours), while being substantially faster than TransReID (24 hours)
and CLIP fine-tuning (20 hours).

The two-stage training strategy provides practical benefits. The MoE ensem-
ble (187M parameters) requires 14 hours for initial training but can serve as a
reusable teacher for multiple student architectures. Student distillation adds min-
imal overhead (same 14 hours includes both stages), enabling rapid deployment
of optimised models for different resource constraints. For instance, distilling
to MobileNetV3 or EfficientNet-B0 students would require only 6-8 additional
hours while further reducing deployment costs.

Inference Efficiency The 50% inference time reduction achieved by the stu-
dent model translates to significant practical benefits. In a real-world surveillance
system processing 6,000 images per second (200 cameras at 30 fps), the MoE en-
semble requiring 90ms inference would necessitate 600 parallel GPU streams.
The student model at 45ms inference halves this requirement to 300 streams,
directly reducing hardware costs by 50%.

Memory efficiency is equally critical for edge deployment. The student’s
1.4GB GPU memory footprint enables deployment on embedded devices like
NVIDIA Jetson AGX Xavier (32GB memory), supporting 20+ parallel infer-
ence streams per device. In contrast, the ensemble’s 8.2GB requirement limits
deployment to high-end server GPUs, restricting scalability.

Energy consumption analysis reveals further advantages. The student model
requires 3.2 GFLOPs per image compared to 14.5 GFLOPs for the ensemble,
representing a 78% reduction in computational operations. This efficiency ex-
tends battery life in mobile surveillance applications and reduces operational
costs in large-scale deployments.

4.3 Qualitative Analysis

Expert Selection Patterns Analysis of gating network behaviour reveals in-
terpretable expert selection patterns. On VeRi-776, CLIP receives higher weights
(mean 0.71) for frontal vehicle views where structural features are prominent,
while ALIGN is preferred (mean 0.64) for rear views and occluded scenarios
where contextual information is critical. This specialisation emerges naturally
from the gating network’s learned parameters without explicit supervision. For
queries with clear lighting and minimal occlusion, CLIP features enable precise
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matching through semantic alignment. For challenging queries with shadows or
partial occlusion, ALIGN’s robustness to noisy web-scale training data provides
more discriminative features. The MoE mechanism effectively combines these
complementary strengths.

Failure Case Analysis Despite strong overall performance, the framework ex-
hibits limitations in specific scenarios. Severe occlusion, where less than 30% of
the target is visible degrades performance by approximately 18% mAP, as neither
expert receives sufficient visual information for reliable matching. Extreme illu-
mination changes (e.g., day-to-night transitions) cause 12% mAP degradation,
particularly on VeRi-776 where such variations are common.

Cross-domain scenarios involving significant appearance distribution shifts
remain challenging. When training in Market-1501 (pedestrian) and testing on
VeRi-776 (vehicle), performance is more severely reduced (15. 5% degradation)
compared to the reverse direction (12.9%), indicating that pedestrian-trained
features transfer less effectively to vehicle domains. This suggests that foundation
model pre-training, while broad, still benefits from domain-specific alignment.

4.4 Discussion

Framework Advantages The MoE-KD framework addresses three critical
challenges in re-ID deployment. First, it achieves competitive accuracy through
dynamic integration of complementary foundation models, leveraging their di-
verse pre-training while avoiding computational redundancy through sparse ac-
tivation. Second, knowledge distillation enables practical deployment by com-
pressing ensemble knowledge into efficient student architectures suitable for
resource-constrained environments. Third, the framework demonstrates robust
cross-domain generalisation through diverse feature representations and adaptive
expert selection.

The synergy between MoE and KD is particularly significant. MoE alone
provides computational efficiency through sparse activation (90ms vs ms for
averaged ensemble) but maintains a high parameter count (187M). KD alone
enables model compression but typically degrades performance when compress-
ing large foundation models. The combined MoE-KD approach achieves both
efficiency gains simultaneously—94% parameter reduction and 50% inference
speedup—while maintaining 98.9% of ensemble performance.

Practical Implications The computational efficiency gains have substantial
real-world impact. For a medium-scale surveillance deployment with 100 cam-
eras at 30 fps, the MoE-KD framework enables processing on 10 NVIDIA Jetson
AGX Xavier devices compared to 25 high-end server GPUs required for founda-
tion model baselines. This translates to approximately a 60% reduction in hard-
ware costs and a 70% reduction in power consumption, significantly improving
deployment feasibility.
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The framework’s modularity provides additional practical benefits. Alterna-
tive student architectures (MobileNetV3, EfficientNet-B0) can be distilled from
the same teacher ensemble to target different deployment scenarios, from mobile
devices to edge servers, without retraining the expensive MoE ensemble. This
flexibility accelerates deployment cycles and reduces development costs.

Limitations and Future Work Despite demonstrated strengths, several lim-
itations warrant future investigation. First, the framework’s reliance on pre-
trained foundation models (CLIP, ALIGN) introduces licensing and access con-
straints that may limit adoption in some applications. Exploring lightweight
alternatives such as MobileViT [20] or efficient attention mechanisms [24] could
reduce dependencies while maintaining competitive performance.

Second, cross-domain performance degradation of 12-15% remains substan-
tial for applications requiring seamless generalisation. Incorporating unsuper-
vised domain adaptation techniques such as adversarial alignment [17] or meta-
learning strategies [18] during student training could improve zero-shot transfer.
Alternatively, few-shot adaptation protocols using limited target domain samples
could efficiently bridge domain gaps.

Third, the current framework employs top-1 sparse gating for efficiency, po-
tentially limiting the model’s ability to leverage multiple experts for ambiguous
inputs. Investigating soft top-k gating (k=2) with load balancing constraints
could improve accuracy while maintaining computational advantages. Addition-
ally, incorporating uncertainty estimation into the gating mechanism could en-
able selective expert activation based on input difficulty.

Fourth, evaluation on only two benchmarks limits understanding of frame-
work robustness across diverse re-ID scenarios. Future work should validate per-
formance on additional datasets including person re-ID (CUHKO03, DukeMTMC-
reID), cross-modal re-ID (SYSU-MMO1), and video re-ID (MARS) to compre-
hensively assess generalisation capabilities.

Finally, extending the framework to related tasks such as multi-modal re-ID
(RGB-infrared), temporal re-ID (video sequences), and fine-grained recognition
could demonstrate broader applicability. The MoE architecture naturally ac-
commodates additional modality-specific experts, while the KD pipeline remains
applicable to various student architectures.

5 Conclusion

This paper presented a novel MoE-KD framework that effectively addresses
critical challenges in target re-identification by integrating dynamic Mixture-
of-Experts architecture with comprehensive Knowledge Distillation. The frame-
work achieved competitive performance with 75.2% mAP on VeRi-776 and 76.1%
mAP on Market-1501 while reducing inference time by 50% and model param-
eters by 94% compared to the MoE ensemble (and approximately 92% vs CLIP
fine-tuning).
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Extensive experimental validation demonstrated the synergistic benefits of
MoE and KD components. The dynamic expert selection mechanism enabled
efficient fusion of complementary foundation models (CLIP and ALIGN), while
the multi-component distillation pipeline—combining feature alignment, atten-
tion transfer, and relational knowledge preservation—successfully compressed
ensemble knowledge into a compact ResNet-18 student with minimal perfor-
mance degradation (0.4% mAP loss on VeRi-776).

Cross-dataset evaluation revealed robust generalisation capabilities with 12.9%
performance degradation under domain shift, competitive with or superior to
existing methods (15.3% for PCB, 14.7% for MGN). Computational analy-
sis demonstrated practical deployment advantages, including 78% reduction in
FLOPs and 83% reduction in GPU memory requirements, enabling edge device
deployment and reducing infrastructure costs by approximately 60%.

The framework demonstrates a practical solution for real-world re-identification
applications where computational efficiency is as critical as accuracy. Future
directions include investigating lightweight foundation model alternatives, en-
hancing cross-domain adaptation through meta-learning or adversarial tech-
niques, extending to multi-modal and temporal re-ID scenarios, and validating
on broader benchmark suites. The demonstrated success in balancing accuracy
with computational efficiency positions MoE-KD as a significant advancement
toward practical, scalable re-identification systems.
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