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Abstract— The goal of this paper is to enhance face recogni-
tion performance by augmenting head poses during the testing
phase. Existing methods often rely on training on frontalised
images or learning pose-invariant representations, yet both
approaches typically require re-training and testing for each
dataset, involving a substantial amount of effort. In contrast,
this study proposes Pose-TTA, a novel approach that aligns
faces at inference time without additional training.

To achieve this, we employ a portrait animator that transfers
the source image identity into the pose of a driving image.
Instead of frontalising a side-profile face — which can introduce
distortion — Pose-TTA generates matching side-profile images
for comparison, thereby reducing identity information loss. Fur-
thermore, we propose a weighted feature aggregation strategy
to address any distortions or biases arising from the synthetic
data, thus enhancing the reliability of the augmented images.

Extensive experiments on diverse datasets and with various
pre-trained face recognition models demonstrate that Pose-
TTA consistently improves inference performance. Moreover,
our method is straightforward to integrate into existing face
recognition pipelines, as it requires no retraining or fine-tuning
of the underlying recognition models.

I. INTRODUCTION

Face recognition has advanced considerably with the de-
velopment of deep learning technologies [7, , s s
]. However, early face recognition models were trained
without accounting for pose variations, leading to reduced
reliability when encountering faces with unseen poses. In
response, several studies introduced datasets with diverse
head poses [2, 6, 11, 12, 30, 61, 66], laying the foundation
for research on pose-agnostic face recognition. Thanks to
these studies, the scale of datasets has grown, and models [8,
s , s ] have become more advanced, resulting
in face recognition performance exceeding 90% accuracy
across various datasets. However, recent works demonstrate
that there is still room for improvement in scenarios in-
volving diverse pose variations. In particular, side-profile
images present substantial intra-personal variations, making
recognition more challenging. Two primary approaches have
been explored: (1) training models to extract pose-invariant
representations [, 34, 36] and (2) employing frontalisation
techniques to synthesise images for model training [4, 15,

, 40, 53].

One approach to learning pose-invariant representations is
proposed in PoseFace [36], where an orthogonality constraint
is applied to separate identity information from head pose
in the input image. This constraint allows the model to
learn representations in which images of the same identity
are mapped to the same embedding space, regardless of
the facial pose. Similarly, SSN [34] utilises a symmetrical
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siamese network with shared weights and contrastive loss
to effectively align embeddings of the same identity across
various poses. However, as these approaches use a pre-
trained head pose extractor, their performance is inherently
dependent on the accuracy of this model.

In contrast to these methods, face normalisation ap-
proaches aim to directly manipulate the facial pose to align
faces into a canonical view. CAPG-GAN [21] performs
generative model-based face frontalisation by using the target
pose as input to generate faces with the desired head pose.
However, converting a side-profile image to a frontal view
often results in information loss, affecting features such as
facial hair, wrinkles, and overall face shape. To mitigate
this issue, Dual-Attention GAN [62] focuses on key facial
features like eyes, nose, and mouth while considering facial
symmetry, and High-Fidelity Face Manipulation [16] uses a
high-resolution GAN with an attention mechanism to pre-
serve facial details. However, a major limitation of existing
works is that they all require additional training processes,
and validating their generalisation requires substantial com-
putational resources and extensive experiments.

In this paper, we propose a method to enhance the
performance of a pre-trained face recognition model during
the inference process using test-time augmentation (TTA),
without the need for any additional training steps. Unlike
existing frameworks, we reduce the dependency on pose
estimators by adapting a portrait animator [9, 13, 18, 23,

, 47, 58, 60] that takes a driving image and a source
image as input, generating an image that imitates the driving
pose while maintaining the identity of the source image.
Next, we focus on the issue of face distortion that occurs
when converting side-profile images to frontal ones. Rather
than performing face verification on a distorted frontal face,
we propose a more effective approach with our method,
Pose-TTA. During the pose augmentation process, instead
of generating a frontal face from the unseen side of the
face, Pose-TTA modifies the given face to a side profile
and aligns the two images for comparison. This method
minimises the loss of identity information by comparing two
spatially aligned faces, thereby providing indirect supervision
for the regions of the face on which the model should focus.

Additionally, unlike traditional TTA methods [10, 25, 29,

, 44, 45] that do not use generative models and maintain
object information within an image, Pose-TTA leverages a
generative model to synthesise the target pose. To address
potential biases and distortions in the synthetic data, we
propose a weighted feature aggregation approach based on
the reliability of the synthetic data. This approach ensures
that the TTA process accounts for any inconsistencies in
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Fig. 1. An overview of our Pose-TTA framework. In the head pose alignment stage, the source and driving images, Is and I;, are processed through a
portrait animator to generate an augmented face. In the feature aggregation stage, both the original and augmented images are passed through a pre-trained
face recongition model to extract and aggregate the face embeddings g for verification, yielding the aggregated feature 9i¢. Aggr. denotes aggregation.

the generated data, enhancing the overall robustness and
accuracy. In particular, our method shows strong performance
when there are variations in poses, demonstrating its robust-
ness in handling non-frontal face images. In summary, our
main contributions are as follows. We introduce Pose-TTA,
which enhances the performance of pre-trained face recog-
nition models during inference without requiring additional
training. To improve robustness, we propose a weighted
feature aggregation that mitigates biases and distortions in
synthetic data generated by the portrait animator. Finally,
we demonstrate the generalisation of Pose-TTA through
extensive experiments across six training datasets and five
model architectures.

II. PROPOSED METHOD

The overall framework of the proposed Pose-TTA is shown
in Fig. 1. Our framework consists of two main stages: head
pose alignment and feature aggregation. In the head pose
alignment stage, the Face Selector takes two face images, I
and I, as inputs and determines the source image I, which
retains the identity, and the driving image ;, which provides
the target pose. Then, Iy and I; are passed through a pre-
trained portrait animator to generate an augmented face I.In
the Feature Aggregation stage, both the original and multiple
augmented images are processed through a pre-trained face
recognition model to extract the face embedding . Finally,
the aggregated feature ¢4, a weighted combination of the
augmented and original features, is used for verification.

A. Head Pose Alignment

Face selector. The Face Selector is responsible for selecting
the most suitable face pose for transformation in order to
minimise identity loss and distortion. A critical issue in
face frontalisation is that synthesising a frontal view from
a partially occluded face can lead to facial information
distortion. The Face Selector takes two images as input and
utilises an off-the-shelf head pose extractor [41] to estimate
yaw, which is a key factor influencing facial information loss.
Based on this, the image with the smaller absolute yaw value
(p2) is selected as the source image I, while the image with
the larger absolute yaw value (p;) is designated as the driving

image I;. Note that the off-the-shelf head pose estimator
is not used during the pose augmentation process, thereby
eliminating dependence on its performance.

Portrait animation. The goal of portrait animation is to
transform the source image I into an image I that replicates
the head pose of the driving image I4. For this process, we
employ LivePortrait [18] as the portrait animator. The key
reasons for this choice are: (1) comparable performance to
diffusion-based methods [19, 59, 63] while achieving faster
inference speed; (2) independent control of facial expressions
and head pose; and (3) unlike methods that require explicit
roll/pitch/yaw inputs, LivePortrait conditions the transforma-
tion directly on a driving image, eliminating dependence
on the head pose estimator’s accuracy. However, directly
inputting I, and I; into the portrait animator can lead to
unexpected distortions when there is a substantial difference
in head pose between the two images. This happens because
the model must generate the occluded side of the face from
I, which can introduce artifacts.

To mitigate this issue, we leverage facial symmetry. Using
the yaw values extracted by the Face Selector, we identify
cases where I and I; have opposite facial directions (i.e.,
when the product of their yaw values is negative). In such
cases, we horizontally flip I; to roughly align its face
direction with I, reducing the discrepancy between the two
images. Furthermore, we experimentally observe that if the
source image also mimics the facial expression of the driving
image, it biases features such as eye shape, mouth shape, and
facial contours toward those of the driving image. Therefore,
we perform augmentation only on head pose. Finally, we
obtain the augmented image I with minimal distortion from
the pose transformation process.

B. Test Time Adaptation

If a candidate set of augmentations 7 = {71, 7o, ..., 77|}
is selected at test time, conventional test-time augmentation
can be formulated as:

-
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th == m ; ®target(7—i(x))a (1)



TABLE I
EFFECTIVENESS OF POSE-TTA. TTA REFERS TO TEST-TIME AUGMENTATION. BASELINE RESULTS WITHOUT TTA USE THE AGGREGATION OF
ORIGINAL AND FLIPPED EMBEDDINGS. ALL EXPERIMENTS USE W;-¢q; = 0.75. T INDICATES OUR TRAINED MODELS.
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where Oyqrger 1S a neural network trained on the target
dataset, and z is an input image. In our case, Oiurget
represents the pre-trained face recognition model. The set
7 () consists of four representations when the Face Selector
designates an image as the source: the original image, the
augmented image, the horizontally flipped original image,
and the flipped augmented image, incorporating facial sym-
metry. When an image is designated as the driving image by
the Face Selector, 7;(z) includes only two representations:
the original image and the flipped original image.

Feature aggregation. [45] observed that simply averaging
predictions from TTA-transformed images can sometimes
degrade accuracy by turning correct predictions into incorrect
ones. Based on this, we introduce a weighting mechanism
into the TTA process, assigning lower weights to synthetic
images due to potential distortions, thereby mitigating neg-
ative effects while preserving the benefits of TTA. The
weighted feature aggregation is defined by the equation:

7]
1
Ttta = m Z W * ®targel(7-i(x))' @)
1=1

Here, w7 is determined by the following conditions:

Weyn, if 7;(x) is synthetic data

3)

wrT =

Wreal, if T;(z) is real data

The values of wgy, and wrey are hyperparameters for
balancing the embeddings, and in this paper, they are set
to 0.25 and 0.75, respectively. Since the feature scale of g,
can vary depending on the number of elements in 7;(z), Jia
is ultimately normalised along the channel axis before face
verification.

III. EXPERIMENTS

A. Experimental setup

Baselines. To validate the generalisation capability of the
proposed Pose-TTA method, we select pre-trained mod-
els trained with a combination of various backbone mod-
els (ViT [14], ResNetl8, ResNet50, ResNet101 [20]) and
two training losses (AdaFace [27], ArcFace [!1]). The
datasets used in the experiments are as follows: Casia-
WebFace [61], MSIMV2 [11], MSIMV3 [12], WebFace4M,
WebFacel2M [66], and the synthetic dataset DCFace [28].
These datasets contain 0.49M, 5.8M, 5.1M, 4.2M, 12M, and
0.5M facial images, respectively.

Dataset and evaluation. We evaluate the face recogni-
tion models on five datasets: CPLFW [64], CFP-FP [43],
LFW [22], CALFW [65], and AgeDB [37]. CPLFW in-
cludes large pose variations, while CFP-FP consists of pairs
of frontal and 90-degree side-profile faces. LFW contains
variations in lighting and expression, with most images being
frontal or near-frontal [1]. CALFW and AgeDB-30 feature
images of the same person at different ages. We follow the
evaluation protocol of CVLFace [26]

IV. RESULTS
A. Effectiveness of Pose-TTA

Table I presents the performance of face recognition
models across multiple datasets, demonstrating the improve-
ment achieved by applying our Pose-TTA during inference.
The results show that applying TTA consistently improves
performance on CPLFW and CFP-FP, with average accuracy
gains of 0.72% and 0.19% across all models, respectively .
Notably, these datasets contain significant head pose varia-
tions, suggesting that our augmentation strategy effectively



TABLE II
COMPARISON OF POSE AUGMENTATION METHODS USING A RESNET18
MODEL TRAINED ON CASITA-WEBFACE WITH ADAFACE.

Accuracy (%)

Method CPLFW CFP-FP LFW CALFW AgeDB  Avg

Baseline 8700 9481 9922 9265  92.68 9327

Frontalisation ~ 86.83 9441 9923 9265 9265  93.15

Ours wio flip 8782 9530 9932 9283 9272 93.60

Ours 8787 9534 9932 9297 9268 9364
TABLE III

PERFORMANCE COMPARISON BASED ON WEIGHT IN WEIGHTED
FEATURE AGGREGATION USING A RESNET18 MODEL TRAINED ON
CASIA-WEBFACE WITH ADAFACE.

Aggr. Weight Accuracy (%)

Wey wyn CPLFW CFP-FP LFW CALFW AgeDB  Avg
000 100 8577 9007 9892 9172 9150 9160
025 075 8723 9349 9915 9237 9247  92.94
050 050  87.88 9484 9923 9292 9275 93.52
075 025 8787 9534 9932 9297 9268  93.64
100 000 8700 9481 9922 9265 9268  93.27

mitigates challenges from extreme poses and enhances model
robustness in unconstrained face verification scenarios.

Conversely, for datasets dominated by frontal faces, such
as LFW and CALFW, the performance change remains
marginal. In some cases, we observe a slight drop in accuracy
(0.04% on AgeDB-30), likely due to the introduction of
unnecessary variations that do not contribute meaningful
information to these datasets. These findings suggest that our
method can enhance face verification performance in real-
world scenarios where diverse head poses are encountered,
while maintaining stable performance even when pose vari-
ations are minimal.

B. Comparison with Frontalisation.

As mentioned earlier, to quantitatively analyse the issue
of facial distortion when using frontalisation in TTA, we
compare our method with the approach presented in Table II.
Notably, for datasets with diverse head poses (CPLFW, CFP-
FP), frontalisation leads to a significant performance drop,
resulting in an average degradation of 0.12% compared to
the baseline model without TTA. In contrast, our method,
which performs pose augmentation while minimising identity
distortion, achieves an average performance improvement of
0.37%. Furthermore, when face direction alignment using
flipping is omitted (denoted as ‘Ours w/o flip’), by comparing
the yaw angles of the two faces before feeding them into the
portrait animator, we observe an average performance drop
of 0.04%. This demonstrates that simple alignment using
flipping, which leverages facial symmetry to compensate for
large pose differences, effectively reduces identity distortion
during the portrait animation process.

C. Effectiveness of Weighted Feature Aggregation.

Unlike traditional TTA methods, which apply transforma-
tions such as translation and rotation while preserving the
original structure of objects within the image, our approach
generates synthetic data by modifying the face within the
image. Consequently, biases inherent in the generative model

Source Ours

Frontalisation Ours w/o flip

Driving

Fig. 2. Head pose augmentation quality comparison. The proposed method
minimises identity distortions by flipping the source image and applying
portrait transformation.

and subtle distortions introduced during the generation pro-
cess are unavoidable. To ensure reliable feature extraction
when using both real and synthetic data, we propose a
weighted aggregation method and present an ablation study
on the weighting strategy in Table III. The results indicate
that performance decreases when dependence on real data is
reduced. Notably, when the weight assigned to real data is
increased to 0.75, our method outperforms the conventional
approach of averaging features from original and augmented
data (i.e., Wyeqr = 0.5). This demonstrates that our proposed
method effectively mitigates the drawbacks of synthetic
data, such as distortion and bias, ultimately contributing to
improved performance.

D. Qualitative Comparison

We present the quality of head pose augmentation achieved
by the proposed method in Fig. 2. As we pointed out,
frontalisation methods inevitably generate unseen regions
in the source image, leading to distortions in the original
identity. Furthermore, when there is a significant difference
in head pose between the source and driving faces, distortions
occur during the portrait animation process (see the ‘w/o flip’
case). Consequently, by flipping the source image based on
the yaw value obtained from the Face Selector and applying
portrait transformation, we can minimise distortions from the
original image and better preserve the identity.

V. CONCLUSION

In this paper, we present Pose-TTA, a novel approach
that enhances pre-trained face recognition models during
inference by utilising test-time augmentation with a portrait
animator. Unlike traditional methods that rely on frontal-
isation, our approach aligns side-profile images, minimis-
ing identity distortion and improving verification accuracy.
Additionally, our weighted feature aggregation strategy ef-
fectively addresses biases in synthetic data, ensuring a
more reliable augmentation process. Extensive experiments
across six datasets and five face recognition frameworks
demonstrate the effectiveness and generalisation of Pose-
TTA, showcasing its superiority over conventional TTA and
face frontalisation methods. This approach offers an efficient
way to improve face recognition models without extensive
retraining and shows the potential to be applied to other face-
related tasks in complex environments.
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ETHICAL IMPACT STATEMENT

Potential Risks. We introduce Pose-TTA, a test-time aug-
mentation method designed to enhance pose-invariant face
recognition. While the method improves accuracy by propos-
ing pose-agnostic TTA framework, it also raises ethical
concerns related to fairness, privacy, and potential misuse.
One major risk lies in the inherent biases present in
publicly available face recognition datasets [!1, 12, 61,
]. These datasets often exhibit demographic imbalances,
leading to variations in recognition accuracy across different
ethnicities, genders, and age groups [5, 31, 35, 48]. If these
biases are not carefully addressed, the proposed method may
cause performance disparities across different demographic
groups. Additionally, large-scale face recognition datasets
have raised serious ethical concerns, particularly regarding
privacy violations and the lack of informed consent [3].
Many widely used datasets [11, 66] have been constructed
by indiscriminately collecting web images, often without
the subjects’ approval. In some cases, the classification of
“celebrities” has been broadly applied to individuals with an
online presence, raising further ethical concerns. As a result
of these issues, public access to several of these datasets
has been revoked [54], emphasising the need for stricter
data governance. These concerns underscore the necessity of
ethical data collection practices and adherence to informed
consent principles in face recognition research.
Moreover, recent advances in generative models across
various domains—such as image and audio generation [24,
, 51, 55]—have significantly expanded both the capa-
bilities and the potential risks of Al-driven systems. In
particular, the ability to synthetically manipulate head poses
raises concerns about identity spoofing or potential misuse in
unauthorised applications, such as deepfake generation [52].
Although our Pose-TTA does not explicitly involve identity
synthesis, any system that modifies facial representations
must consider risks related to authenticity and trustworthi-
ness in biometric authentication.

Risk-Mitigation Strategies. To mitigate the aforementioned
risks associated with dataset bias, privacy concerns, and
potential misuse, we take several precautions in the design
and implementation of Pose-TTA.

First, we analyse Pose-TTA’s performance across multiple
datasets [11, 12, 61, 66] and models to identify potential
biases in recognition accuracy across demographic groups.
This approach helps ensure that our augmentation technique
does not disproportionately favour specific populations. Ad-
ditionally, our method operates solely during inference as
a test-time augmentation approach, without modifying the
training process. This design minimises the risk of ampli-
fying dataset biases, as the underlying recognition models
remain unchanged. Furthermore, to address privacy concerns,

we evaluated Pose-TTA using synthetic face datasets [28],
thereby reducing reliance on sensitive real-world biometric
data. This approach helps mitigate privacy risks related
to data misuse and consent, while enabling robust model
validation in privacy-preserving environments. Lastly, we
promote the responsible use of Pose-TTA by restricting code
access to organisations that agree to ethical usage guidelines.
We emphasise its intended applications in research and
authentication, while actively discouraging its use in surveil-
lance, unauthorised identity manipulation, or adversarial Al
applications.

Benefit-Risk Analysis. Despite the potential risks, Pose-
TTA offers substantial benefits when applied responsibly.
By addressing pose variations in face recognition, it im-
proves model robustness without requiring additional train-
ing, making it an efficient and scalable solution for real-
world applications. This improvement is particularly valu-
able for identity verification systems, where extreme pose
variations often lead to recognition failures. Additionally, our
test-time augmentation approach provides a computationally
efficient alternative to traditional data augmentation methods,
reducing the need for extensive retraining on pose-augmented
datasets. Moreover, Pose-TTA maintains high performance
even when applied to synthetic face datasets, underscor-
ing its suitability for privacy-conscious applications. This
demonstrates its ability to deliver accurate results while
reducing dependence on sensitive personal data, thereby
aligning with ethical Al principles and supporting privacy-
preserving use cases. However, we acknowledge that face
recognition technology remains ethically complex, and we
strongly advocate for continued scrutiny, fairness evaluations,
and regulatory oversight in its deployment. By ensuring
transparency, responsible usage, and ongoing assessment of
its societal impact, Pose-TTA can contribute positively to
the advancement of ethical and reliable face recognition
systems.
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