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Abstract. Low-resolution face recognition (LR-FR) remains a challeng-
ing task due to poor feature extraction and aggregation, as probe images
often contain limited identity information resulting from extreme degrada-
tions such as blur, occlusion, and low contrast. Additionally, the domain
gap between high-resolution (HR) gallery images and low-resolution (LR)
probe images poses a significant challenge. A single feature encoder strug-
gles to generalize effectively across both domains when fine-tuned on an
LR dataset, and this issue is further magnified by catastrophic forget-
ting. To address these challenges, we propose FaceMoE, an effective
adaptation of Mixture of Experts (MoE) transfomer architecture for low-
resolution face-recognition . Specifically, we introduce multiple specialized
feed-forward network (FFN) experts and incorporate a top-k router, which
dynamically assigns tokens to appropriate experts. This design emergently
promotes specialization across experts for different semantic regions of
the face, which enables FaceMoE to perform resolution-aware feature
extraction. Moreover, the top-k router facilitates sparse expert activation,
enabling the model to preserve pretrained knowledge when finetuned on a
LR dataset, while increasing model capacity without proportional compu-
tational overhead. FaceMoE is trained with a combined face recognition
loss, router z-loss, and load balancing loss to ensure expert specializa-
tion and stable training. To the best of our knowledge, this is the first
work leveraging MoE for LR-FR. Extensive experiments across eleven
datasets, spanning HR, mixed-quality, and LR benchmarks, demonstrate
that FaceMoE significantly outperforms state-of-the-art methods.

Keywords: Low-resolution Face Recognition · Biometrics

1 Introduction

The human face serves as a primary visual modality for a diverse range of
computer vision tasks, including deepfake generation/detection [36–38,55], face
anti-spoofing [40], segmentation [43], and face analysis [41,42,56]. Among these,
face recognition is one of the foundational tasks in computer vision and biomet-
rics, involving the identification and verification of individuals from images or
videos. It plays a vital role in real-world applications such as authentication [49],
banking [58], and border control [10]. Recently, there has been a growing focus
on low-resolution face recognition (LR-FR) [1, 2, 17, 35], due to its widespread
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Fig. 1: (a) BRIAR gallery and probe. (b) Domain difference between gallery and probe.
(c) Activation maps corresponding to LR and HR images. (d) SOTA results on BRIAR
Protocol 3.1.

applicability in surveillance [21]. However, this task is particularly challenging
because the input images or videos are often of surveillance quality and severely
degraded by factors such as atmospheric turbulence, occlusion, overexposure, and
motion blur. These degradations significantly reduce the discriminative features
necessary for reliable identification, making conventional recognition techniques
less effective. Additionally, variations in pose, illumination, and expression become
more pronounced and harder to manage in low-resolution settings, often resulting
in poor generalization and reduced performance. Therefore, LR-FR remains a
challenging yet crucial problem to address.

To improve the effectiveness of low-resolution face-recognition, it is essential
to address several key challenges: Challenge 1 - Effective face feature
aggregation : Probe videos in low-resolution datasets often suffer from significant
degradation, which makes face feature aggregation particularly difficult. Since only
a limited subset of frames typically contains discriminative identity information,
effective feature extraction, followed by aggregation is crucial to build robust face
templates. Challenge 2 - HR gallery and LR probe domain difference: In
LR-FR, gallery images are typically high-resolution (HR), while probe images are
low-resolution (LR) and come from distinct domains, as validated in Figures 1(a)
and 1(b). Models tend to rely on different semantic regions depending on the
input resolution to achieve accurate recognition. For HR images, they focus on
skin texture, landmarks regions and other fine details that provide sufficient
identity information. In contrast, for LR inputs, the face region can be severely
degraded to extract any identity information. In such cases, the focus shifts
towards broader shapes and coarse facial structures. These resolution-dependent
patterns are clearly illustrated by the activation maps in Figure 1(c). This gallery
and probe domain gap poses a significant challenge for effective feature extraction.
Challenge 3 - Catastrophic forgetting when adapting to LR dataset:
LR-FR models are generally trained in two stages: large-scale pretraining on
HR datasets, followed by finetuning on the target LR domain. The second-stage
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adaptation process makes the model prone to catastrophic forgetting, due to
unstable gradient updates in the initial epochs of finetuning [27], caused by the
significant domain difference between HR and LR datasets. As a result, the model
not only loses its pretrained performance but also fails to effectively adapt to the
low-resolution data. We validate this effect empirically and show the resulting
performance drop in Figure 3 (Finetuning (CosFace)) and Figure 4 (Finetuned
CosFace).

Existing works aimed at improving low-resolution face recognition, such as
CAFace [23], CoNAN [17], and ProxyFusion [18], focus on addressing Challenge
1 by selecting relevant frames for fusion after the feature extraction. Specifically,
CAFace [23] utilizes an intermediate style map; CoNAN [17] learns a context
vector conditioned on distributional information to weigh features based on their
estimated informativeness; and ProxyFusion [18] employs learnable queries to
identify the most relevant frames. However, the effectiveness of these methods
is constrained by the quality of the trained feature encoders, which ultimately
limits their overall performance. In contrast, PETALface [39] introduces quality-
adaptive dual low-rank modules aimed at developing a more generalized feature
encoder across both high-resolution and low-resolution domains, thereby catering
to all the key challenges in low-resolution face recognition. Nevertheless, its
performance on the low-resolution domain remains subpar compared to the other
state-of-the-art methods.

To address the aforementioned challenges, we propose FaceMoE, a novel
adaptation designed to tackle the core issues in LR-FR. We introduce an ar-
chitectural modification to the transformer block by incorporating a mixture
of feed-forward network (FFN) experts in place of the standard single FFN.
Existing transformer-based face recognition encoders typically employ a single
FFN following the self-attention operation. However, we argue that a single
FFN is insufficient for the complex task of low-resolution face recognition, as
it struggles to effectively handle both the HR gallery and LR probe domains.
Moreover, it lacks the resolution-aware feature extraction necessary for robust
identity representation. Our modified transformer block addresses these limita-
tions by using multiple FFN experts and a top-k router that directs each input
patch to a subset of k out of n experts based on the input resolution. This design
enables different FFN experts to specialize in distinct facial regions, with the
top-k router dynamically assigning the subset of experts based on resolution,
thereby achieving resolution-aware feature extraction. This enables the model
to extract strong identity representations by routing input tokens from regions
that retain identity cues in degraded images to specialized experts tailored to
those regions. This improves feature extraction from LR probes and enhances
overall face feature aggregation. Furthermore, the presence of multiple FFN
experts facilitates effective adaptation to LR datasets with a minimal drop in
pretrained performance. This is achieved through the modular and sparsely acti-
vated nature of MoE, which restricts weight updates to only a subset of experts
during fine-tuning, thereby reducing catastrophic forgetting [5]. The modular
design allows experts to function as semi-independent blocks; during fine-tuning,
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this structure induces selective drift [50], with some experts adapting to LR
data while others retain their pretrained knowledge (evidence in supplementary
material). This retained knowledge enables the model to perform effective feature
extraction for both the HR gallery and LR probe domains, further enhanced by
its resolution-aware feature extraction capabilities. FaceMoE is trained using a
combination of router z-loss and load-balancing loss, which promotes both expert
specialization and balanced utilization, thereby preventing training collapse. The
top-k routing ensures sparse expert utilization, with a increase in model capacity
without a proportional rise in computational cost achieving 2.17× more capacity
with only 1.66× more FLOPs.

To summarize our contributions are as follows:

1. We propose FaceMoE, a modified transformer encoder with sparsely acti-
vated FFN experts. It enables efficient adaptation to low-resolution datasets
while minimizing catastrophic forgetting, effectively addressing the domain
gap between gallery and probe images.

2. We introduce a top-k router that assigns each input token to a subset of FFN
experts, each specializing in distinct semantic facial regions. This enables
resolution-aware feature extraction. The router directs tokens containing
discriminative identity cues to the most relevant experts, thereby enhancing
feature representation and improve LR-FR performance.

3. We demonstrate the effectiveness of FaceMoE by outperforming state-of-the-
art models on low-resolution face recognition (see Figure 1(c)). We showcase
its capabilities through evaluations on eleven datasets, covering HR, mixed-
quality, and LR scenarios.

2 Related Work

Low Resolution Face-Recognition. Face recognition research has largely
focused on developing variants of margin-based loss functions [4, 14, 22, 29, 59,
61] to improve the performance on high-resolution benchmarks [2, 3, 21]. In
contrast, much less attention has been given to low-resolution unconstrained
face recognition (LR-FR) datasets [2, 3, 21], which contain heavily degraded
face images that are unidentifiable by humans. Efforts to improve LR-FR can
be broadly categorized into four areas based on their focus: data, training
methodology, feature fusion, and architectural design. Early works [54, 68] used
super-resolution (SR) models to restore images prior to recognition, but later
works [19, 26, 70] suggest that this approach can cause identity hallucination.
Many studies [11,53,66,67] relate recognition to visual quality. However, this is
infeasible as it requires paired HR and LR images of the same subject, which are
mostly unavailable in LR datasets. [30,31] introduce augmentations to mitigate
the performance gap between HR and LR samples. In terms of training methods,
some works [32,74] use knowledge distillation to transfer information from the
HR domain to the LR domain. For instance, [6, 7] adopt a teacher-student
framework, while [13] proposes a distribution distillation loss. Additionally, [1]
focuses on optimizing the embedding space to boost performance. In the area of
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feature fusion, CAFace [23] proposes a two-stage approach that leverages style
information. CoNAN [17] learns a context vector conditioned on the distribution
and weighs features based on their estimated informativeness. ProxyFusion [18]
employs learnable queries to select a sparse set of expert networks for feature
aggregation. Recent architecture-based methods include PETALface [39], which
introduces two image quality-adaptive LoRA modules. Our work, FaceMoE, also
falls within the architecture category. We introduce multiple FFN experts, each
specialized in different face regions for enhanced feature encoding. This design
achieves state-of-the-art performance on multiple LR-FR benchmarks.

Mixture of Experts. Mixture of Experts (MoE) architectures have emerged
as a powerful approach to scale model capacity efficiently by activating only a
subset of specialized experts per input. [52] introduced sparsely-gated MoEs,
demonstrating their effectiveness in large language models. [25] employed condi-
tional computation and automatic sharding to scale transformer-based models
to the trillion-parameter range through efficient model and data parallelism.
Several works have adopted the MoE design for vision applications such as image
classification [8,46,47,69], object detection [16,44], semantic segmentation [48,60],
and image generation [20, 45, 64]. Building on these advances, recent efforts have
also explored MoE architectures for face-related applications. MoE-FFD [24]
proposes a parameter-efficient ViT-based approach for face forgery detection by
integrating MoE modules with LoRA and adapter layers. [73] presents a MoE-
injected architecture with a dynamic expert aggregation network for generalizable
face anti-spoofing. In our work, we aim to use an MoE-enhanced transformer
architecture to boost the performance of LR-FR.

3 Method

In this work, we aim to enhance the generalization capability of face recognition
models, with a particular focus on improving LR-FR performance. We first
introduce preliminary concepts regarding Mixture of Experts. We then introduce
FaceMoE, an MoE-transformer that facilitates robust feature extraction across
both HR and LR domains, while mitigating catastrophic forgetting when fine-
tuned on LR datasets. Finally, we outline our training framework.

3.1 Preliminaries: Mixture of Experts

The MoE framework [15, 52] is a modular neural architecture that leverages
multiple specialized sub-models (experts) to model complex data distributions.
Formally, let x ∈ Rd be an input vector. The MoE model consists of N experts
{fi(x; θi)}Ni=1, where each fi : Rd → Rm is parameterized by θi, and a gating
network G(x;ϕ) = [w1(x), . . . , wN (x)], parameterized by ϕ, which outputs a prob-
ability distribution over the experts such that

∑N
i=1 wi(x) = 1. The gating weights

are commonly obtained using a softmax, defined as wi(x) =
exp(gi(x))∑N

j=1 exp(gj(x))
, where

gi(x) denotes the score of the i-th expert. The final output of the MoE is a convex
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combination of the expert outputs, given by

y =

N∑
i=1

wi(x)fi(x; θi).

The training objective minimizes a loss function

L =
1

K

K∑
k=1

ℓ

(
y(k),

N∑
i=1

wi(x
(k))fi(x

(k); θi)

)
,

where ℓ(·, ·) is a task-specific loss (such as mean squared error or cross-entropy).
Sparse MoE variants [52] further improve computational efficiency by restricting
active experts to a subset S ⊂ {1, . . . , N}, yielding y =

∑
i∈S wi(x)fi(x; θi). In

this work, we introduce FaceMoE, which adopts the MoE paradigm within a
transformer-based FR model to enable dynamic routing and specialization across
experts, thereby enhancing feature extraction and improving LR-FR performance.

3.2 FaceMoE

To address the challenge of feature extraction in LR-FR, we introduce FaceMoE,
a novel transformer architecture enhanced with an MoE mechanism. The primary
motivation behind integrating MoE within the transformer blocks is to encourage
dynamic specialization of sub-networks (experts) to different patterns present
in facial data. FaceMoE inserts the experts into the feed-forward (MLP) layers.
We select linear projections as experts due to their proven capacity to introduce
additional non-linearity when composed with transformer self-attention, enhanc-
ing the model’s ability to capture complex patterns in data [57]. The linear layer
experts serve to extract complementary information from the attended tokens
generated by the multi-head self-attention operation. This design choice balances
expressiveness and computational efficiency, as the MLP layers constitute a sig-
nificant portion of transformer model capacity. This modular approach allows the
model to adapt better to LR face images, while preserving pretrained knowledge.

Mixture of Experts MLP Layer: In FaceMoE, the MoE is incorporated
inside the MLP layers of the transformer block. Let x ∈ RT×d represent a
sequence of T tokens, each of dimensionality d, output by the self-attention block.
The expert layer comprises N expert MLPs, {fi(x; θi)}Ni=1, each parameterized
by weights θi. The experts operate independently but in parallel to process the
input tokens. An individual expert is a two-layer fully connected network with
weights {Wi,1,Wi,2} and biases {bi,1, bi,2}, defined as:

fi(xt) = Wi,2 · σ(Wi,1xt + bi,1) + bi,2, ∀t ∈ {1, . . . , T},

where σ(·) is an activation function, in this case GELU [9], Wi,1 ∈ Rd×h,
Wi,2 ∈ Rh×d, bi,1 ∈ Rh, and bi,2 ∈ Rd, with h being the hidden dimension.
This formulation enables each expert to non-linearly transform and project each
token representation.
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Top-k Router: The top-k router is a core component of FaceMoE, responsible
for dynamically assigning input tokens to a subset of experts. Given token
embeddings x ∈ RT×d, the router computes expert selection logits for each
token xt using a linear projection: zt = xtWr, where Wr ∈ Rd×N are learnable
routing weights, and zt ∈ RN contains the routing scores for the N experts.
For each token t, the router selects the indices of the top-k experts with the
highest activations: (i1, i2, . . . , ik) = TopK(zt), where ij ∈ {1, . . . , N}. The logits
of the selected experts are normalized by a softmax over the top-k values to
produce the routing probabilities: wij (xt) =

exp(zt,ij )∑k
j=1 exp(zt,ij )

. The final output

of the MoE layer for token xt is a convex combination of the outputs of the
selected experts: yt =

∑k
j=1 wij (xt)fij (xt). This sparse routing strategy leads to

significant computational savings, as only k < N experts are active per token.
Importantly, it enables efficient adaptation to low-resolution datasets. In our
experiments, we empirically found that setting N = 3 and k = 2 yielded the best
trade-off between model performance and efficiency. Under this configuration, we
observed that the router exhibits conditional routing behavior, where each expert
is implicitly specialized for certain semantic regions of the face, as shown in
Figure 2. This behavior can be expressed by the conditional routing probability:

P(ij | Rt = r) > P(ij | Rt ̸= r), ∀r ∈ {high-freq, low-freq, landmarks},

where Rt denotes the semantic or frequency region of token xt. Specifically, tokens
corresponding to high-frequency regions (e.g., edges, contours, hair textures,
background) are primarily routed to one expert; tokens from low-frequency
smooth regions (e.g., cheeks, forehead) are directed to a second expert; and
tokens corresponding to landmark regions (e.g., eyes, nose) are routed to the
third expert.

3.3 Training Framework

To train FaceMoE, we optimize a composite objective combining a primary face
recognition loss with auxiliary regularization terms designed to stabilize the
MoE routing process. The primary loss is based on the well-established CosFace
margin-based softmax loss [59] denoted as Lface, which encourages inter-class
separability and intra-class compactness in the learned embedding space. In
addition, we introduce two auxiliary losses applied to the router network:

1. Router z-loss: This regularization term penalizes the magnitude of the
routing logits to mitigate over-confident expert assignments and support stable
gradient flow throughout training. For a batch size B, where each sample contains
T tokens, the router z-loss is formulated as:

Lz = λz ·
1

B · T

B∑
b=1

T∑
t=1

∥zb,t∥22,

where zb,t ∈ RN is the vector of raw routing logits for token t in sample b, ∥ · ∥2
denotes the ℓ2-norm, and λz is a regularization coefficient controlling the penalty
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strength. This quadratic penalty, distributed over the entire batch, encourages
the router to generate smoothly varying logits with lower variance, enhancing
routing stability and mitigating expert collapse.

Algorithm 1 FaceMoE Training Framework
Input: Training samples {x(k), y(k)}Kk=1,
FaceMoE weights θ = {θ1, . . . , θN ,Wr},
Experts {fi(·; θi)}Ni=1, Router Weights Wr

Hyperparameters: λ, λz, λb

Output: Trained FaceMoE weights θ
1 for each training epoch do
2 for each batch {xb, yb}Bb=1 do
3 for each token xb,t in xb do
4 zb,t = xb,tWr ▷ compute routing logits

(i1, . . . , ik) = TopK(zb,t) ▷ select top-k
experts

wij
(xb,t) =

exp(zb,t,ij
)∑k

l=1
exp(zb,t,il

)
▷ routing

weights

pb,t,i =
exp(zb,t,i)∑N

j=1
exp(zb,t,j)

▷ softmax prob. for

fi
yb,t =

∑k
j=1 wij

(xb,t)fij (xb,t) ▷ MoE
output

5 Lface = CosFace(yb,t) ▷ face recognition loss
Lz = λz · 1

BT

∑
b,t ∥zb,t∥

2
2 ▷ router z-loss

Lbalance = λbN
1

(BT )2

∑
i

(∑
b,t pb,t,i

)
·
(∑

b,t ⊮[i ∈ (i1, . . . , ik)]
)

▷ load balancing loss
Ltotal = Lface + λ(Lz + Lbalance) ▷ total loss
θ ← Optimizer(θ,∇θLtotal) ▷ parameter update

Patch 
Embedding

Transformer 
Blocks

LayerNorm

Multi-head Attn.

LayerNorm

MoE-MLP

Top-k router

Expert 1 Expert 2 Expert N

Fig. 2: FaceMoE architecture:
a transformer backbone aug-
mented with a top-k MoE-
MLP routing module, where
tokens are assigned to special-
ized experts for robust LR-
FR.

2. Load balancing loss: This loss promotes uniform utilization of experts
across all tokens and samples, mitigating the risk of expert under-utilization or
collapse. For a batch size B, the load balancing loss is defined as:

Lbalance = λb ·N · 1

(B · T )2
N∑
i=1

(
B∑

b=1

T∑
t=1

pb,t,i

)
·

(
B∑

b=1

T∑
t=1

⊮ [i ∈ TopK(zb,t)]

)
,

where pb,t,i =
exp(zb,t,i)∑N

j=1 exp(zb,t,j)
is the softmax probability of assigning token t in

sample b to expert i. ⊮ [i ∈ TopK(zb,t)] is an indicator function that equals 1
if expert i is among the top-k selected experts for token t in sample b, and 0
otherwise. The hyperparameter λb controls the strength of this regularization
term. This formulation jointly considers the importance of expert i (measured
by the sum of routing probabilities across all tokens) and the load (the count
of tokens routed to expert i). The inclusion of Lbalance in the final objective
promotes balanced expert selection and prevents bottlenecks in expert utilization.
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The total loss is defined as:

Ltotal = Lface + λ1Lz + λ2Lbalance,

where λ1 and λ2 are the weighting factor of router-z loss and load-balancing loss,
respectively. This joint optimization framework allows FaceMoE to efficiently
scale model capacity while dynamically specializing experts to different facial
regions, thereby enhancing low-resolution face recognition performance. The
FaceMoE architecture is shown in Figure 2 and the training procedure is shown
in Algorithm 1.

4 Experimental Setup

4.1 Datasets

We use WebFace4M [75] as our pre-training dataset, which consist of approx-
imately 4M images, with 205, 990 identities. To demonstrate the effectiveness
of the proposed FaceMoE for low-resolution face recognition, we evaluate it on
3 low-resolution datasets. Further, to validate the minimal drop in pretrained
performance, we also evaluate its performance on 6 high-quality datasets and 2
mixed-quality datasets. The high-quality datasets include LFW [12], CFP-FP [51],
CPLFW [71], AgeDB [34], CALFW [72], and CFP-FF [51]. The mixed-quality
datasets are IJB-B [62] and IJB-C [33]. The low-resolution datasets include Tiny-
Face [2], IJB-S [21], and BRIAR 3.1 [3]. The TinyFace [2] dataset contains 169, 403
low-resolution images spanning 5, 139 identities, with a designated training subset
of 7, 804 images covering 2, 570 identities. The IJB-S [21] dataset, designed for
surveillance video-based face recognition, comprises 398 videos and 202 identities.
We evaluate it under Surveillance-to-Surveillance protocol, where "Surveillance"
refers to footage from surveillance cameras. The BRIAR [3] training set includes
550, 000 images from 577 distinct identities. For the BRIAR evaluation, we follow
Protocol 3.1 (face-included treatment), in line with prior works [17, 18]. This
evaluation protocol features a gallery of 86, 958 controlled images representing
615 identities and a probe set comprising 5, 435 clips from 260 identities.

4.2 Evaluation Setup and Metrics

We organize our experiments into two protocols to comprehensively evaluate
FaceMoE across a variety of scenarios. In Protocol-1, we pre-train FaceMoE
on the WebFace4M [75], finetune it on the challenging low-resolution BRIAR [3]
dataset, and evaluate its performance using BRIAR Protocol 3.1, demonstrating
the effectiveness of FaceMoE for low-resolution face recognition. We also test
the model on IJB-S [21] which is another challenging video-surveillance dataset
to show its out-of-distribution performance. In Protocol-2, we finetune our
model on TinyFace [2] and evaluate it on its test set. With this protocol, we
aim to highlight the capability of FaceMoE to adapt to low-resolution datasets
while maintaining performance on high-resolution and mixed-quality datasets.



10 Narayan et al.

We evaluate the models on high-resolution and mixed-quality datasets using 1:1
verification accuracy and TAR@FAR across various thresholds. For TinyFace, we
apply rank retrieval metrics at Rank-1, Rank-5, and Rank-10. On the BRIAR
dataset, we report both TAR@FAR at different thresholds and closed-set rank
retrieval at Rank-1, Rank-5, and Rank-20. For IJB-S, we evaluate open-set
performance using TPIR@FPIR = 1% and 10%, along with closed-set rank
retrieval at Rank-1, Rank-5, and Rank-10.

4.3 Implementation Details

We train FaceMoE on WebFace4M with a batch size of 128 per GPU for 26
epochs, using AdamW (weight decay 5× 10−2) and a Polynomial LR scheduler
with 1 warmup epoch and initial LR 10−3. Fine-tuning is done on TinyFace and
BRIAR in two stages: linear probing and full fine-tuning. For TinyFace, linear
probing runs 10 epochs (2 warmup) at LR 10−3, batch size 16; full fine-tuning
runs 40 epochs (4 warmup) at LR 10−4, batch size 8. For BRIAR, both stages
run 20 epochs (2 warmup), with LRs 10−3 and 5× 10−6, batch sizes 64 and 8.
Training uses face recognition loss, router z-loss, and load balancing loss with
λ1 = 10, λ2 = 10, λz = 1, λb = 1. The λ1 and λ2 values scale the auxiliary
loss terms so that their magnitudes are comparable to the main face recognition
loss, ensuring stable optimization without either term dominating training. The
best results are obtained with 3 experts (N = 3) and 2 active experts per token
(k = 2). All experiments use PyTorch on eight NVIDIA A6000 GPUs (48GB).
Additional details are provided in the supplementary material.

5 Results and Analysis

Results on Protocol 1: The results for Protocol 1 are summarized in Table 1
and Table 2. The pretrained transformer backbones ViT-B and Swin-B show
superior performance than ResNet-50, however these models are not finetuned
on low-resolution datasets and perform poorly compared to finetuned methods.
Traditional feature aggregation methods such as GAP [28], NAN [65], MCN [63],
CAFace [23], and CoNAN [17] yield incremental improvements, but remain limited
in their ability to extract discriminative identity features from degraded probe
images, as they use a feature encoder with single FFN and focus on selecting
relevant frames with sufficient identity information. However, our method aims to
improve the identity extraction of all the frames by improving the feature extractor
itself. Recent methods, ProxyFusion and PETALface, achieve a TAR@FAR of
40.10, 53.90, 68.90 & 35.12, 55.35, 75.43 at thresholds 0.01%, 0.1% & 1%, resp.

Our proposed FaceMoE achieves the highest performance across all thresholds
with 42.36%, 61.47%, and 81.27% TAR at 0.01%, 0.1%, and 1% FAR, respectively.
The superior performance of FaceMoE can be attributed to its resolution-aware
feature extraction enabled by specialized experts. Each expert is implicitly trained
to focus on distinct semantic regions of the face, such as edges, contours, or
landmark regions, enabling dynamic adaptation to severely degraded probe images.
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Method TAR@FAR

0.01% 0.1% 1%

Pretrained
CosFace (R50) 22.55 35.43 52.20
CosFace (ViT-B) 34.29 47.41 62.81
CosFace (Swin-B) 33.77 45.93 61.17

Finetuned on BRIAR train set
GAP [ICLR 2014] 31.70 40.81 50.76
NAN [CVPR 2017] 34.86 44.96 54.44
CosFace [CVPR 2018] 11.62 29.68 58.66

[BMVC 2018] 34.84 45.01 54.25
CAFace [NeurIPS 2022] 33.41 41.95 51.31
CoNAN [IJCB 2023] 36.52 46.14 56.32
ProxyFusion [NeurIPS 2024] 40.10 53.90 68.90
PETALface [WaCV 2025] 35.12 55.35 75.43

FaceMoE 42.36 61.47 81.27

Table 1: BRIAR Protocol 3.1 results

Method TPIR@FPIR Rank Retrieval

1% Rank-1 Rank-5

Pretrained
CosFace (R50) 3.67 33.62 49.40
CosFace (ViT-B) 2.58 25.76 40.69
CosFace (Swin-B) 2.11 22.52 37.97

Finetuned on BRIAR train set
CosFace [CVPR 2018] 1.72 16.44 31.58
PFE [CVPR 2019] 0.84 9.20 20.82
RSA [ICCV 2019] 0.75 16.82 31.80
MARN [ICCVW 2019] 0.19 22.25 34.16
ArcFace [CVPR 2019] 5.32 32.13 46.67
CFAN [IJCB 2019] 5.79 31.66 45.59
CurricularFace [CVPR 2020] 2.53 19.54 32.80
AdaFace [CVPR 2022] 4.96 35.05 48.22
CAFace [NeurIPS 2022] 8.78 36.51 49.59
PETALface [WaCV 2025] 12.25 38.32 51.50

FaceMoE 14.85 44.81 56.12

Table 2: Results on IJB-S (Surv. to Surv.).

This capability is especially valuable in low-resolution scenarios, where identity
information is limited and often confined to localized regions. In such cases, key
identity discriminative features, such as the eyes, nose, or mouth may be occluded,
blurred, or affected by extreme lighting conditions. FaceMoE addresses this by
allotting specialized semantic experts to other informative regions, enabling a
more robust and comprehensive identity representation. This enhanced feature
extraction from low-resolution probes directly contributes to superior feature
aggregation, resulting in state-of-the-art performance for low-resolution face
recognition on the BRIAR dataset. Table 2 reports the generalization performance
on the IJB-S dataset under Surveillance-to-Surveillance protocol. We observe
similar trends, with FaceMoE outperforming all prior methods by a significant
margin. FaceMoE achieves 14.85% TPIR at 1% FPIR, along with 44.81% and
56.12% Rank-1 and Rank-5 retrieval accuracies, respectively. The resolution-
aware feature extraction and expert specialization effectively handle the extreme
variability and degradation inherent in surveillance footage, extracting identity
features from limited and inconsistent information across frames. This enhanced
feature extraction leads to robust identity recognition under the most challenging
low-resolution conditions.

Results on Protocol 2: The results for Protocol 2 are shown in Figure 4
and 3. Finetuning pretrained models such as CosFace [59] and ArcFace [4] on
TinyFace leads to a drop in performance not only on the LR dataset but also
on the mixed-quality and HR datasets. This degradation is primarily due to
catastrophic forgetting, as these models lack mechanisms to effectively adapt to
low-resolution data while retaining the discriminative features learned during
pretraining. This effect can also be observed in Table 1 and Table 2, where
finetuned CosFace shows a significant performance drop on BRIAR Protocol 3.1
and IJB-S compared to pretrained CosFace. In contrast, FaceMoE establishes
a new state-of-the-art on TinyFace with 76.18%, 79.69%, and 81.75% Rank-1,
Rank-5, and Rank-10 retrieval accuracy, respectively, with a minimal drop in
performance on the HR and mixed quality datasets as illustrated in Figure 3.
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Fig. 3: FaceMoE incurs minimal per-
formance drop on HR and mixed-
quality datasets, effectively extract-
ing features from HR gallery and LR
probe.

Method Arch. Data Rank-1 Rank-5 Rank-10

Pretrained
URL R-100 MS1MV2 63.89 68.67 –
CurricularFace R-100 MS1MV2 63.68 67.65 –
CosFace R-50 WF4M 72.71 76.36 78.99
ArcFace R-50 WF4M 73.04 76.85 79.45
AdaFace R-50 WF4M 73.49 76.60 79.07
CosFace ViT-B WF4M 73.57 76.95 78.94
ArcFace ViT-B WF4M 72.74 76.28 78.13
AdaFace ViT-B WF4M 74.03 77.22 79.37
CosFace Swin-B WF4M 72.74 76.79 79.18
ArcFace Swin-B WF4M 73.31 76.68 79.23
AdaFace Swin-B WF4M 74.40 77.62 79.51
KP-RPE ViT-B WF4M 75.80 78.49 –

Finetuned on TinyFace
CosFace Swin-B WF4M 71.32 76.42 79.45
ArcFace Swin-B WF4M 71.11 76.63 79.96
PETALface Swin-B WF4M 75.45 79.05 81.19

FaceMoE (Ours) Swin-B WF4M 76.18 79.69 81.75

Fig. 4: Results on TinyFace. Pre-trained mod-
els when finetuned on TinyFace dataset results
in performance drop. FaceMoE achieves SOTA
performance and is capable of adapting to low-
resolution dataset with minimal performance
drop in HQ and mixed-quality dataset.

The superior performance of FaceMoE can be attributed to its unique ar-
chitectural design, which leverages multiple sparse FFN experts to facilitate
effective adaptation to low-resolution datasets, while incurring minimal perfor-
mance drop on high-resolution and mixed-quality datasets. The top-k router
renders the network modular and sparsely activated, restricting weight updates
during finetuning to only a subset of experts. As a result, the model avoids
catastrophic forgetting as observed in traditional models. During finetuning of
FaceMoE, the model exhibits a phenomenon known as selective drift [50], where
certain experts adapt specifically to the low-resolution dataset, while others retain
the pretrained knowledge. As shown in Figure 5(c), expert 2’s focus remains
largely consistent before and after finetuning, focusing on broader facial shapes,
indicating the preservation of pretrained semantic knowledge. However, token
assignment changes significantly during finetuning: before finetuning, expert 0
was predominantly utilized, whereas after finetuning, expert 1 becomes more
active. This shift highlights FaceMoE’s resolution-aware capability and its dy-
namic utilization of experts based on input resolution. The expert activation
maps after finetuning display more semantically coherent and well-defined regions,
showcasing the efficacy of employing multiple FFN experts in conjunction with
a top-k router for stable adaptation to low-resolution data. FaceMoE’s ability
to adapt to low-resolution data while preserving pretrained knowledge enables
effective feature extraction across high-resolution gallery and low-resolution probe
domains.

Impact of N and k on Performance: We perform an ablation study to
investigate the effect of the number of experts (N) and the number of active
experts per token (k) on model performance. Figure 5(b) shows the Rank-1
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Fig. 5: (a) Computational trade-off analysis across different MoE configurations
(Bubble size ∝ #Parameters). (b) Impact of N and k on performance, evaluated
on the BRIAR dataset. (c) FaceMoE expert activation maps and token assignment
histograms before and after fine-tuning on a low-resolution dataset. The updated token
assignments indicate resolution-aware feature extraction, while the semantically coherent
expert activation maps demonstrate stable convergence.

retrieval accuracy on the BRIAR dataset for different (N, k) configurations.
We observe that both under-parameterization and over-parameterization can
adversely impact performance. A low number of experts (N = 1) limits the
model’s capacity to specialize across facial regions, resulting in sub-optimal
performance (70.2%). On the other hand, increasing the number of experts
excessively (N = 4) introduces routing instability and model fragmentation,
leading to degraded performance across multiple k settings. Our best performance
is achieved with N = 3 experts and k = 2 active experts per token, corresponding
to the FaceMoE configuration, which achieves 73.1% Rank-1 retrieval. This
setting strikes an effective balance between model capacity and routing stability,
providing sufficient expert diversity to allow specialization across semantic regions
(e.g., hair, landmarks, textures), while avoiding excessive fragmentation of the
feature space.

Computational Analysis: We study the computational cost of different
(N, k) configurations. Figure 5(a) shows the FLOPs for various combinations of
number of experts N and active experts per token k. As expected, computational
cost scales with k, since more experts are evaluated per token. Importantly, for
fixed k, the parameter count remains constant regardless of N , as only k experts
contribute to the forward pass. For example, with k = 2, both (N = 3, k = 2) and
(N = 4, k = 2) have the same number of active parameters with 26.29 GFLOPs,
despite differing in total experts. The optimal configuration for FaceMoE is
(N = 3, k = 2), achieving a favorable trade-off between model capacity and
computational cost. This results in a moderate 26.29 GFLOPs, offering a 2.17×
increase in capacity over the standard Swin-B backbone (15.88 GFLOPs) with
only a 1.66× increase in FLOPs. This validates the efficiency of sparsely activated
experts, enabling the model to significantly boost its representation power while
maintaining practical inference cost. We include an inference computation analysis
in the supplementary material where we measure inference latency, peak memory



14 Narayan et al.

consumption, and throughput on two GPU configurations: an NVIDIA RTX
A5000 (representing a resource-constrained setting) and an NVIDIA A6000.

Impact of each component We provide an ablation study in Table 3 to
assess the impact of each component in FaceMoE. We see a drop in Rank-1
accuracy from 76.18% to 75.40%, if we remove the top-k router, highlighting the
importance of dynamic token routing. We see a further reduction in performance
to (75.10%), if we exclude the MoE module, confirming the benefit of expert
specialization. Finally, omitting the auxiliary losses results in the lowest accu-
racy of (74.94%), underscoring their role in stabilizing routing and balancing
expert utilization. These results demonstrate that all components contribute
meaningfully to the overall performance. Please note that we cannot report a
configuration with MoE, Aux Loss but without a top-k router, as the auxiliary
loss depends on the logits produced by the top-k router and cannot function
without them.

MoE Top-k Router Aux Loss Rank-1 Rank-5 Rank-10

× × × 75.10 78.16 80.20
✓ × × 75.40 78.46 80.63
✓ ✓ × 74.94 77.92 79.90
✓ ✓ ✓ 76.18 79.69 81.75

Table 3: Ablation study showing the impact of top-k router, MoE, and auxiliary loss
on FaceMoE performance. Results are shown on TinyFace dataset

6 Conclusion

In this work, we present FaceMoE, a novel transformer-based architecture en-
hanced with a Mixture of Experts mechanism to address persistent challenges
in low-resolution face recognition. We incorporate multiple FFN experts and
a top-k router, enabling the experts to specialize in different semantic regions
of the face. The proposed framework enhances the discriminative power of fea-
ture extraction under severe image degradations, and the presence of multiple
FFN experts ensures stable finetuning with minimal performance loss on high-
resolution and mixed-quality datasets. Extensive evaluations across eleven diverse
benchmarks, including challenging low-resolution datasets such as TinyFace,
IJB-S, and BRIAR, demonstrate that FaceMoE consistently outperforms existing
methods, establishing new SOTA performance in low-resolution face recognition.
We believe FaceMoE offers a promising foundation for future research in adaptive,
resolution-aware face recognition models and provides a scalable solution for
real-world applications in surveillance and security systems.
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