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Fig. 1: (a) Overview of our PriSM framework. (b)-(c) Qualitative comparisons on the
source (300W [42]) and target (CariFace [2] and ArtiFace [57]) domains. Our method
preserves performance on the source domain while outperforming the SoTA method
CFW on the target domains. (d) Generalization capability of our method on unseen
domains, including sketches, anime, and even animal faces.

Abstract. Facial landmark detectors trained on real human faces often
fail to generalize effectively to stylized domains such as caricatures and
artistic portraits, necessitating unsupervised domain adaptation (UDA).
Although self-training is a widely used UDA strategy to bridge do-
main gaps, it frequently breaks down under large domain shifts as it is
prone to amplifying confident yet erroneous pseudo-label predictions. To
this end, we propose PriSM (Parsing and Style-Mixed Consistency), a
novel method for robust landmark pseudo-label validation. PriSM lever-
ages two complementary signals: a Parsing Network enforces high-level
structural alignment through face parsing consistency, while a StyleMix
Network enforces fine-grained geometric constraints by reducing the re-
construction error between the input face and another face synthesized
from the pseudo-label’s structure and the input face’s appearance. Ex-
tensive experiments on the challenging CariFace and ArtiFace bench-
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marks under the UDA setting demonstrate that PriSM significantly out-
performs existing state-of-the-art methods and exhibits strong gener-
alizability to unseen domains. The source code is available at: https:
//github.com/jerrychild999922/PriSM-UDA.

Keywords: Facial Landmark Detection - Unsupervised Domain Adap-
tation - Face Parsing - Face Reconstruction

1 Introduction

Facial landmark detection aims to localize key facial points, such as the eyes,
nose, mouth, and facial contour, in an image. It is essential to many computer vi-
sion and graphics applications, like 3D face reconstruction [30,/51], facial expres-
sion analysis [17,[20,[35], face recognition [1,[43], and AR/VR rendering [37,/41].
Modern facial landmark detectors [12}[23}[53,|62] have achieved strong perfor-
mance on real human faces by utilizing supervised training on large-scale human-
face datasets.

Recently, the rapid growth of Al-generated characters |39, stylized avatars [48]
in social-media filters, and related applications has created a surge of demand for
reliable landmark detection on non-photorealistic faces, such as caricatures [2],
cartoons [14], anime [33], and artistic portraits [57]. However, as shown in Fig-
ure c), detectors trained only on human faces in the source domain often fail on
these stylized, generated faces in the target domain due to the severe domain gap
in both appearance (e.g., texture, shading, and color palette) and geometry (e.g.,
exaggerated facial proportions). Furthermore, training a supervised detector on
the target stylized domains by manual annotation is becoming infeasible due to
the abundance and variety of stylized faces synthesized by modern generative
models.

To address this issue, Unsupervised Domain Adaptation (UDA) offers a so-
lution by adapting knowledge from a labeled source domain to an unlabeled
target domain, thereby eliminating the need for manual annotation. Among ex-
isting UDA strategies, self-training allows a model to generate and trust highly
confident “pseudo-labels” for target-domain data, and has recently shown great
success across many tasks [4,26,541(65,/66]. However, this intuitive strategy suf-
fers from a key limitation, especially when a large domain gap is present, such as
in facial landmark detection: A model trained on real faces often makes highly
confident but inaccurate initial predictions on stylized faces. This yields a dan-
gerous cycle where the model learns from and repeatedly reinforces its confident
mistakes, leading to the collapse of self-training. Therefore, a more robust mech-
anism for validating pseudo-labels beyond simple confidence scores is essential
for UDA in stylized domains.

To this end, we propose PriSM (Parsing and Style-Mixed Consistency), a
novel dual-consistency framework for validating facial landmark pseudo-labels.
PriSM adapts a landmark detector through two complementary auxiliary tasks:
The first task, face parsing, is more tolerant of domain shifts and can enforce
high-level structural alignment. The second task, face reconstruction, utilizes
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the synthesis capabilities of a generative model as a validation tool to ensure
fine-grained geometric correctness.

Specifically, face parsing captures coarser geometric layouts. Thus, it is rel-
evant to landmark detection but is more robust to domain shifts. As shown in
Figure a), our Parsing Network leverages this stability by enforcing the pars-
ing map generated from a pseudo-label to be consistent with the reference map
produced by applying a pre-trained face parser to the input face. This process
effectively enables high-level structural alignment for the pseudo-labels.

To complement the Parsing Network’s coarse guidance, our StyleMix Network
in Figure a) enforces fine-grained geometric constraints using an analysis-by-
synthesis loop. Based on the principle that a face can be decomposed into its
geometric structure and appearance and then reconstructed, this network uses
the input face’s appearance and the pseudo-label’s geometry to reconstruct the
input via a generative model. This way, the reconstruction quality is directly
dependent on the geometric accuracy of the pseudo-label. The StyleMix Net-
work hence provides a supervisory signal for refining intricate facial features. By
integrating these two complementary networks, our method effectively corrects
erroneous pseudo-labels and robustly adapts to target domains with significant
domain shifts.

Extensive experiments conducted on two challenging stylized face datasets,
CariFace [2| and ArtiFace [57], demonstrate that PriSM performs favorably
against existing state-of-the-art methods under various UDA settings, as shown
in Figure c). While adapting to the target domain, our method effectively
avoids catastrophic forgetting by maintaining superior performance on the source-
domain 300W dataset [42], given in Figure[I[(b). Furthermore, we notice PriSM’s
strong generalizability to unseen domains. The results on a diverse range of un-
seen domains in Figure d), such as sketches, anime, and even animal faces,
showcase the remarkable robustness of our method.

The contributions of this paper are summarized below:

— We present PriSM, a novel dual-consistency framework for unsupervised fa-
cial landmark detector adaptation. It pioneers a new paradigm for robust
pseudo-label validation by jointly enforcing high-level structural alignment
and fine-grained face reconstruction.

— We propose a novel use of a fixed StyleGAN generator within an analysis-by-
synthesis loop, which serves as a powerful validation tool, providing a clean,
pixel-level reconstruction constraint on the geometric structure of pseudo-
labels.

— Our proposed method achieves state-of-the-art performance for unsupervised
domain adaptation on challenging stylized face benchmarks, CariFace and
ArtiFace. It also demonstrates strong generalizability to various unseen do-
mains without any fine-tuning, showcasing its remarkable robustness.
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2 Related Work

2.1 Facial Landmark Detection

Facial landmark detection aims to localize a set of prede ned keypoints on a
face, primarily using one of two major formulations: heatmap regression and
coordinate regression. In heatmap regression, each landmark is represented
as a spatial probability map, where the peak corresponds to the predicted loca-
tion [36},47]. Methods based on heatmap regression have improved performance
by introducing advanced architectures [21], novel loss functiong [12, 49, 62], and
geometry-aware representations [19] to handle real-world complexities.

Early methods for coordinate regression directly estimate landmark coordi-
nates from CNN features using fully connected layers |7,52,60]. To better capture
the inherent facial structure, subsequent research introduces explicit structural
constraints using techniques like Graph Convolutional Networks (GCNs)|[215,683].
Recently, Transformer-based architectures|[3, 23, 24] leverage self-attention to
learn adaptive structural relationships between landmarks. Despite recent ad-
vances, supervised methods remain reliant on large-scale annotations and fail to
generalize e ectively under domain shifts, which motivates our exploration into
unsupervised domain adaptation.

2.2 Unsupervised Domain Adaptation

Unsupervised Domain Adaptation (UDA) transfers knowledge from a labeled
source domain to an unlabeled target domain to bridge the domain gap. Ex-
isting methods generally fall into three categories: adversarial-based, image-
translation-based, and self-training-based methods.

Adversarial-based methods|[8, 111, 38, 4b, 46] train a feature extractor to learn
domain-invariant features by competing against a domain discriminator. How-
ever, strict domain invariance may lose domain-speci ¢ cues, such as contour
lines in cartoon faces, that are essential for accurate localization. Image-translation-
based methods [9,28,31,%6,64] generate paired training data by converting source
images to the target style for supervised training. They can bridge the appear-
ance gap, but inherently fail to capture critical geometric variations in facial
landmark detection.

Self-training-based methods adapt models by generating pseudo-labels for
unlabeled data and retraining on predictions above a con dence threshold. It
is e ective across a range of UDA tasks|[4, 26,54, 65, 66]. However, self-training
is highly dependent on pseudo-label quality, as overcon dent predictions can
amplify early errors and degrade adaptation. While prior work attempts to re-
ne pseudo-label generation or con dence estimation|[13,50,59,61], a promising
research trend is to validate the primary task's predictions using an auxiliary
self-supervised task|[g, 10]. Inspired by this, we introduce a dual-consistency
validation framework. It jointly enforces structural alignment and pixel-level re-
construction and can provide a more stable and reliable supervision signal for
evaluating pseudo-label quality under large domain shifts.
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Fig. 2: Overview of our proposed PriSM framework. Our method is composed

of three major components: (Left) The Primary Network employs a facial landmark
detector to generate the pseudo-label for an input target-domain image. (Middle) The
Parsing Network provides high-level structural validation by minimizing the parsing
loss Lpar between a reference parsing map Mer from a pre-trained face parser and a
predicted parsing map M s computed from the pseudo-label. (Right) The StyleMix
Network synthesizes a face image by mixing the appearance latent code w, obtained
via inversion of the input image, with the structure latent code w s inferred from M ps
via a parsing encoder. The reconstruction loss L. between the synthesized and input
faces serves as a supervisory signal to correct geometric inaccuracies in the pseudo-
label.

2.3 Controllable Image Synthesis

Our PriSM framework formulates face reconstruction as a validation mechanism.
It requires a synthesis process conditioned on both the geometric structure de-
rived from pseudo-labels of facial landmarks and the appearance from the input
face. Early geometric approaches like face warping [18, 29, 57] o er low-level
structural control, but they are limited to simple transformations and lack a se-
mantic understanding of facial structures. While recent di usion-based models
like ControlNet [27,58] provide explicit structural control, we instead opt for a
StyleGAN-based [15, 16] generator. We favor this choice speci cally for its style-
mixing capability, which allows for disentangled control over geometric structure
(represented by facial landmarks in this work) and appearance attributes. This
property enables our analysis-by-synthesis loop: We explicitly integrate the esti-
mated landmarks with the input's preserved appearance to reconstruct the face.
It follows that the quality of the estimated landmarks can be evaluated based
the resulting reconstruction delity.

3 Proposed Method

This section presents PriSM, a novel method for unsupervised domain adaptation
in facial landmark detection. As shown in Figure 2, our method operates on a
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self-training loop where the quality of pseudo-label is validated through a dual-
consistency network. Initially, our Primary Landmark Detector generates the
facial landmark pseudo-label for a target-domain face, detailed in Section 3.1.
The pseudo-label is then fed into our Dual-Consistency Network, which uses two
auxiliary tasks to produce robust supervisory signals that measure the geometric
correctness of the pseudo-label, as described in Section 3.2. Finally, the training
and optimization stage, developed in Section 3.3, combines these proposed losses
to iteratively re ne the detector, thereby enhancing its accuracy on the target
domain.

3.1 Primary Landmark Detector

The core of our framework is a facial landmark detector to be adapted. The
detector can be an arbitrary end-to-end di erentiable detector. In this work, we
adopt the SLPT architecture [53] for its great stability and performance, which
is pre-trained on the labeled source domain. Our central goal is to adapt this
detector to the unlabeled target domain. Therefore, it is designed as the sole
learnable component throughout the entire adaptation phase.

As illustrated in Figure 2, the landmark detector D takes an input face image
| 2RHW3 and directly outputs the 2D coordinates for a set of K = 68 facial
landmarks, represented as a point set P = fp, 2 R2gK_; . In our UDA pipeline,
these landmark predictions serve as the pseudo-label;For each image | from
the unlabeled target domain. These pseudo-labels are subsequently validated
by our dual-consistency network to guide the adaptation process of the facial
landmark detector.

3.2 Dual-Consistency Network

A key limitation of conventional self-training methods is their reliance on the
detector's internal con dence scores for pseudo-label quality assessment. Inspired
by prior work [6,10] leveraging external signals to objectively assess pseudo-label
quality, we adopt a similar principle by formulating the validation signals as
two auxiliary losses. These losses act as a reliable proxy for the ground-truth
error: A low loss value signies a geometrically accurate pseudo-label, while
a high value indicates a signi cant error. These signals are generated by two
networks that enforce consistency at two complementary levels: 1) A high-level
structural alignment provided by our Parsing Network, and 2) a ne-grained
pixel-wise constraint from the proposed StyleMix Network. The two networks
are respectively elaborated in the following.

Parsing Network. As illustrated in Figure 2, our Parsing Network validates the
structural integrity of the pseudo-label P; for each target-domain face | by com-
paring two generated parsing maps. The rst parsing map, Mys 2 RHW °c
where HO= W %= 256 and C is the number of facial semantic classes, is produced
by the Point-to-Parse (P2P) module, which takes the pseudo-label P as input.
While this P2P module is pre-trained on a source domain dataset LaPa [32]
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and employs a simple MLP-based encoder and a CNN-based decoder to produce
the segmentation map, its key characteristic is its domain-agnostic nature. This
robustness stems from the fact that the P2P module operates on the geometric
coordinates of the landmarks. Its predictions are therefore based on the inher-
ent spatial and structural relationships between facial keypoints, which remain
largely consistent across di erent domains. The second parsing map M serves
as a reference and is produced by applying the face parser [34] pre-trained on
the source domain [22] to the input image |.

To ensure a focused comparison, we constrain the validation on C = 10 core
semantic classes (e.g., face skin, eyes, eyebrows) that can be reliably inferred
from the K = 68 landmarks. We enforce structural consistency by minimizing
the pixel-wise Cross-Entropy loss between the predicted parsing map and the
reference parsing map. The resultant parsing loss, s, is formulated as:

L par = CrossEntropy(M pts ; M ref): @

Our design is predicated on the insight that capturing broad semantic areas
is inherently more resilient to domain gaps than precise landmark regression. By
employing face parsing strictly as a relaxed constraint, minimizing the parsing
loss Lpar in Eq. 1 robustly facilitates the adaptation of the facial landmark
detector. However, unlike our P2P module, the face parser is not fully domain-
agnostic. Since it is trained on the source domain and operates on raw image
pixels, it still su ers from the domain gap. Its output M s may degrade for ne-
grained features in the target domain (see Figure 2). Consequently, the Parsing
Network serves only as a coarse structural guide, relying on precise geometric
re nement to our StyleMix Network. Furthermore, in cases of severe domain
shifts, the parser may fail and produce a nearly empty reference map. To prevent
learning from such erroneous signals, we introduce an Itering mechanism that
dynamically discards the parsing supervision if the parsed face area is abnormally
small (i.e., Area(Mef) < Area(M ), where is a prede ned threshold).

StyleMix Network. While the Parsing Network provides coarse structural guid-
ance, it lacks the precision to correct ne-grained geometric errors. To address
this, we introduce the StyleMix Network, which imposes a robust, pixel-wise
constraint on the pseudo-label through an analysis-by-synthesis loop. The core
intuition is straightforward: if a pseudo-label is geometrically accurate, a face
image synthesized by combining the geometric structure from the pseudo-label
with the appearance from the original input image should be nearly identical
to the input itself. Any resulting discrepancy in the reconstruction would thus
primarily result from geometric inaccuracies in the pseudo-label. Crucially, since
our GAN inversion adapts to out-of-distribution textures, the reconstruction er-
ror speci cally penalizes these geometric misalignments regardless of the target
domain's artistic style. This property yields valid gradients that provide stable
guidance for the detector.

As detailed in Figure 2, the StyleMix Network begins by disentangling the
geometric structure and the appearance attributes of the input face | into two
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latent codes within StyleGAN's w* space [16]. First, an appearance latent code
w, 2 R512 s obtained for the face using the GAN inversion technique [55].
Simultaneously, a structure latent code w 2 R18512 is generated by feeding
the parsing map My into a pre-trained Parsing Encoder [55].

With both latent codes acquired, we perform style-mixing [16] to create a
composite latent code whix 2 R8512  which is yielded by combining the coarse-
level styles (i.e. layers 0 7) from the structure code ws, which governs pose
and shape, with the ne-level styles (i.e. layers 8 17) from the appearance
code wy, which controls color and texture. The mixed code wix is fed into a
xed StyleGAN generator G to synthesize the image $. We enforce pixel-wise
consistency by minimizing the perceptual LPIPS loss between the synthesized
image S and the original input | ;. The reconstruction loss L. is formulated
as:

Lrec = LPIPS(S¢; 14): (2)

Note that the entire StyleMix Network is frozen during the adaptation pro-
cess, ensuring that the gradient from L. ows back through the synthesis loop
to update only the parameters of the facial landmark detector. This provides a
clean, self-supervised signal that directly penalizes ne-grained geometric errors
of the pseudo-label.

3.3 Training and Optimization

The overall training process is designed to progressively adapt the primary land-
mark detector D to the unlabeled target domain. This is achieved by ne-tuning
the detector with our dual-consistency losses and by integrating this process into
a self-training framework. The total objective for adapting the detector on the
target domain, which we refer to as the adaptation 10Ss lagapt , iS @ weighted
sum of the parsing loss lsar in EQ. 1 and the reconstruction loss Lec in Eq. 2,
ie.,

Ladapt = parl—par *+  reclrec; (3)

where par and (¢ are the balancing hyperparameters. Inspired by prior work [29],
we employ an alternating optimization strategy that consists of two iterative
steps: 1) A dual-consistency guided adaptation step and 2) a supervised ne-
tuning step with re ned pseudo-labels, detailed below.

Dual-Consistency Guided Adaptation. In the rst step of each iteration, we aim
at re ning the parameters of the detector D using our proposed validation
mechanism. We optimize these parameters by minimizing the adaptation loss
Ladapt ON the unlabeled target dataset, X . This produces an intermediate,
adapted set of parameters ° via

O=argmin E;, x ; [Ladapt (D (1¢);10)]: 4)

This step leverages our consistency checks to enhance the detector's geometric
accuracy in the target domain without requiring ground-truth labels.
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Supervised Fine-tuning with Re ned Pseudo-Labels. In the second step, we use
the improved detector, now parameterized by ° to generate a new, higher-
quality set of pseudo-labels fR° = D o(l)g for the entire target dataset Xr.
These re ned pseudo-labels, along with the labeled source-domain datasetgX=

f(l s; Ys)g, form a combined training set. Starting from the adapted weights °as

a warm start, we perform supervised ne-tuning on this combined set. This step
involves the landmark detector's loss Lyt and yields the updated parameters
via

=argmin - Ejivox sllaet(D (Is);Ys)]
)
+Eq.pox 1 [Laet(D (11); P

This ne-tuning step serves a crucial dual purpose: it consolidates the knowl-

edge gained on the target domain by treating the re ned pseudo-labels as ground
truth, while the inclusion of source data ensures that the model's original knowl-

edge is preserved, e ectively preventing catastrophic forgetting. These two steps
are repeated until convergence, resulting in a detector robustly adapted to the
target domain.

4 Experiments

This section evaluates the proposed method by detailing the experimental set-
tings and presenting the results of both comparative and ablation studies.

4.1 Experimental Setup

Implementation Details. We adopt the SLPT [53] architecture as our primary
landmark detector, initialized with weights pre-trained on the 300W dataset [42].
All input images are resized to 256 256. During training, all auxiliary network
components are frozen. The reference parsing map in the Parsing Network is gen-
erated by an EHANet [34] pre-trained on CelebAMask-HQ [22]. The StyleMix
Network employs a xed StyleGAN2 [16] generator pre-trained on FFHQ [15].
We obtain the appearance and structure latent codes using the latent optimiza-
tion technique and the pre-trained parsing encoder, respectively, both provided
by the o cial StyleGANEX project [55]. Our alternating optimization strat-
egy iterates between a two-epoch adaptation step and a two-epoch ne-tuning
step, both of which use the Adam optimizer with learning rates of 1 107
and 1 10 © , respectively. The entire process runs for 300 epochs with a batch
size of 5. The loss weights in Eq. 3 are empirically set to p; = 0:0025 and

rec = 1:0. The area lter threshold is empirically set to 0:1. Our framework is
implemented in PyTorch, and all experiments are conducted on a single NVIDIA
RTX A5000 GPU.
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Table 1: Quantitative comparison of UDA methods for the 300W to Cari-

Face adaptation, evaluated using NME. Generalization to the unseen ArtiFace do-
main is also reported. The best result in each column is bolded. The ,, symbol indicates
results reproduced by us.

. . . Source domain (300W) Target domain | Unseen domain

Adaptation Setting Learning Method } Common  Challenge _Full } CariEace } Aritace } Average NME
BDL [28] 3.28 6.17 3.84 13.63 5.65 9.10
ASN [44] 2.92 5.26 3.38 12.21 4.75 8.12
RevGrad [8] 2.84 5.58 3.38 12.19 5.16 8.11

UDA (300W!CariFace) ,FDA [56] 2.87 5.22 3.29 11.18 4.54 7.24
.CycleGAN [64] 2.86 5.30 3.34 10.67 4.64 7.02
CFW [29] 2.79 491 3.20 7.70 3.95 5.46
Ours 2.78 4.82 3.18 7.35 3.80 5.26

Table 2: Quantitative comparison of UDA methods for the 300W to Ar-

tiFace adaptation, evaluated using NME. Generalization to the unseen CariFace
domain is also reported. The best result in each column is bolded. The , symbol in-
dicates results reproduced by us.

. . . Source domain (300W) Target domain | Unseen domain

Adaptation Setting Learning Method } Common _Challenge _Full } ArtiFace } Caritace } Average NME
BDL [28] 2.99 5.32 3.44 5.90 13.40 8.73
ASN [44] 2.89 5.81 3.46 5.65 16.58 10.31
RevGrad [8] 2.99 5.81 3.55 4.74 12.46 8.26

UDA (300W!ArtiFace) FDA [56] 2.79 5.18 3.26 451 11.23 7.48
,CycleGAN [64] 2.93 5.38 3.41 4.90 11.08 7.48
CFW [29] 2.90 5.14 3.34 3.93 10.93 7.34
Ours 2.72 5.00 3.17 3.61 10.92 7.25

Computational Complexity. Training involves auxiliary inference for the Parser
and StyleGAN, which increases the batch time by roughly 3:1 compared to
standard self-training (0.25s to 0.78s) with 22GB VRAM, remaining within the
same order of magnitude. Crucially, these auxiliary networks are discarded dur-
ing inference, keeping inference speed identical to standard detectors.

Datasets. We conduct experiments on three datasets with 68-point landmark
annotations: 300W [42], CariFace [2], and ArtiFace [57], along with an unanno-
tated Diverse Generalization Set for qualitative evaluation. These datasets are
used to serve as the source, target, and unseen domains.

300W. Our labeled source domain is the 300W dataset, a standard bench-
mark for in-the-wild real faces. It consists of 3,148 training images and a
test set of 689 images, which is further divided into a common subset of 554
images and a challenging subset of 135 images.

CariFace. This dataset serves as our rst unlabeled target domain, con-
taining celebrity caricatures with large geometric exaggerations that create a
signi cant domain gap. For domain adaptation experiments, we use its 3,372
training images and 800 test images, the latter of which are also used for
unseen domain evaluation.

ArtiFace. This dataset acts as our second unlabeled target domain. It con-
tains artist portraits in diverse styles, presenting a severe appearance-based
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