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Fig. 1: Face Anything. Unified 4D facial reconstruction and dense track-
ing from image sequences via joint prediction of depth and canonical facial
coordinates. Left to right: RGB input, 4D reconstruction with tracks, canon-
ical maps, depth maps, and normal maps. Website: https://kocasariumut.
github.io/FaceAnything/

Abstract. Accurate reconstruction and tracking of dynamic human faces
from image sequences is challenging because non-rigid deformations, ex-
pression changes, and viewpoint variations occur simultaneously, creat-
ing significant ambiguity in geometry and correspondence estimation. We
present a unified method for high-fidelity 4D facial reconstruction based
on canonical facial point prediction, a representation that assigns each
pixel a normalized facial coordinate in a shared canonical space. This
formulation transforms dense tracking and dynamic reconstruction into
a canonical reconstruction problem, enabling temporally consistent ge-
ometry and reliable correspondences within a single feed-forward model.
By jointly predicting depth and canonical coordinates, our method en-
ables accurate depth estimation, temporally stable reconstruction, dense
3D geometry, and robust facial point tracking within a single architec-
ture. We implement this formulation using a transformer-based model
that jointly predicts depth and canonical facial coordinates, trained us-
ing multi-view geometry data that non-rigidly warps into the canonical
space. Extensive experiments on image and video benchmarks demon-
strate state-of-the-art performance across reconstruction and tracking
tasks, achieving approximately 3× lower correspondence error and faster
inference than prior dynamic reconstruction methods, while improving
depth accuracy by 16%. These results highlight canonical facial point
prediction as an effective foundation for unified feed-forward 4D facial
reconstruction.

Keywords: 4D Face Reconstruction · Dynamic 3D Face Reconstruction
· 3D Face Modeling · Dense / Sparse Point Tracking
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1 Introduction

Reconstructing and tracking dynamic human faces from image sequences is a
fundamental problem in computer vision with applications in virtual avatars,
telepresence, animation, and human–computer interaction. Systems must recover
detailed dynamic geometry and establish consistent correspondences across time
from unconstrained image sequences. Despite recent progress in feed-forward
3D reconstruction [34, 64, 70], achieving temporally consistent 4D facial recon-
struction with reliable tracking remains challenging. Faces exhibit complex non-
rigid deformations caused by expressions and head motion while preserving fine
geometric structures such as wrinkles, hair, and mouth interiors. Existing ap-
proaches often struggle to maintain both geometric fidelity and consistent cor-
respondences under large expressions, extreme viewpoints, and long sequences.

Recovering dynamic facial geometry from image observations is fundamen-
tally underconstrained and therefore requires strong learned priors. In addition
to reconstructing geometry, 4D facial understanding requires correspondences
across time, introducing an additional representational challenge. Most existing
methods formulate tracking as predicting how points move across frames [16,
60, 61], requiring reasoning about mappings between frame pairs. Such motion-
based formulations become increasingly difficult to learn as motion complexity
and sequence length increase and require large amounts of supervision to obtain
stable correspondences. In contrast, representing faces in a normalized canoni-
cal space is simpler, since canonical geometry is largely shared across poses and
expressions and provides a stable reference for correspondence estimation.

Existing approaches address these challenges using different forms of geomet-
ric priors. Learning-based reconstruction models such as DA3 [34] learn geomet-
ric priors from large-scale data and achieve monocular and multi-view depth pre-
diction, but do not establish correspondences required for tracking. Face-specific
predictors such as DAViD [55] and Sapiens [27] provide accurate single-image
facial geometry estimation but operate independently per frame and therefore
lack temporal consistency. Correspondence-based methods such as Pixel3DMM
(P3DMM) [19] and V-DPM [60] estimate tracking, but parametric representa-
tions limit geometric detail while motion-based formulations require multiple
forward passes and high computational cost. As a result, existing approaches
treat reconstruction and correspondence estimation as separate problems or rely
on representations that do not scale well to detailed dynamic faces.

In this work, we introduce a unified method for high-fidelity facial reconstruc-
tion and tracking based on canonical map prediction. Instead of predicting frame-
to-frame motion, our method predicts a dense canonical map assigning each pixel
a canonical facial coordinate in a normalized pose and expression space. Cor-
respondences are obtained through nearest-neighbor search in canonical space,
transforming tracking into a canonical reconstruction problem. This representa-
tion naturally enforces temporal consistency while remaining efficient to compute
and provides normalized geometry suitable for downstream tasks such as ani-
mation and avatar generation. We implement the proposed formulation with a
transformer-based architecture that jointly predicts depth and canonical facial
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points. The network uses a DPT-style head [53] to process multiple input images
simultaneously. Because learning canonical representations requires dense super-
vision that is largely absent from existing datasets, we construct a dataset based
on NeRSemble [28] with high-quality multi-view reconstructions and canonical
correspondences aligned using FLAME [31]. Extensive experiments demonstrate
state-of-the-art performance in face depth estimation, temporally stable video
depth prediction, dense 4D visible-surface reconstruction, and facial point track-
ing. Compared with prior approaches such as V-DPM [60], our method achieves
superior reconstruction and tracking accuracy while requiring less computation
and memory.

In summary, this paper makes the following contributions:

– We propose a novel transformer-based method for unified 4D facial recon-
struction and tracking. Unique properties of the face domain enable us to
exploit canonical position map prediction, in addition to depth and ray maps,
allowing for temporally stable correspondences.

– To supervise our novel formulation, we introduce a large-scale dynamic 3D
face dataset, including canonicalized representations, obtained from high-
quality MVS reconstructions and FLAME tracking.

– We achieve state-of-the-art performance on facial single-image and video
depth estimation, 4D visible-surface reconstruction, and 3D point tracking.

2 Related Work

Static 3D and Feed-Forward Reconstruction. Classical 3D reconstruction
relies on structure-from-motion and multi-view stereo pipelines that estimate
cameras and dense geometry through global optimization [56, 57], with systems
such as COLMAP [56] remaining standard for static scenes. Neural implicit rep-
resentations such as NeRF and its extensions [1,6,40,43,46,47,63], together with
explicit formulations including 3D Gaussian Splatting [7, 26, 39, 42], enable re-
construction via differentiable rendering but require scene-specific optimization.

Recent work focuses on feed-forward geometric inference from images, includ-
ing correspondence-based reconstruction [29,68], unified multi-view transformer
models [25,64,70], feed-forward splatting approaches [5,8,22,45,75,80], and large-
scale geometry foundation models such as Depth Anything [34,78,79]. While en-
abling accurate feed-forward reconstruction, these approaches do not explicitly
predict dense correspondences required for tracking deformable objects.

Dynamic 4D Reconstruction and Tracking. Dynamic extensions to neu-
ral implicit representations model non-rigid motion through time-conditioning
and deformation fields [48,49,51], while dynamic Gaussian representations enable
efficient time-dependent scene modeling and primitive tracking [21,32,38,59,71].

Recent work moves toward feed-forward dynamic reconstruction, including
dynamic splatting and online reconstruction methods [33,73,77] and multi-view
geometric frameworks predicting temporally aligned geometry or point maps
across frames [23, 36, 67, 70, 82, 86]. Dynamic Point Map representations recover
scene motion in a feed-forward manner [16, 60, 61]. Tracking-any-point methods
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estimate correspondences purely in image space [3,10,15,24,30]. While dynamic
reconstruction methods recover geometry and tracking approaches estimate cor-
respondences, neither explicitly predicts dense canonical coordinates that pro-
vide identity-consistent alignment under non-rigid deformation.

Monocular Face Reconstruction and Parametric Models. Monoc-
ular face reconstruction typically relies on parametric 3D Morphable Models
(3DMMs), such as the Basel Face Model and FLAME [18, 31, 50], represent-
ing identity and expression in low-dimensional subspaces. Optimization- and
learning-based methods fit model parameters directly to images or video [4, 13,
54,62]. Subsequent approaches further improve geometric detail and correspon-
dence estimation [12, 17, 19, 44, 66] but remain constrained by fixed parametric
topology or limited temporal modeling. Recent large-scale approaches such as
DAViD [55] and Sapiens [27] improve single-image facial geometry prediction
but do not enforce temporal consistency or dense correspondences.

Neural head avatar methods IMavatar [85] and Neural Head Avatars [20]
reconstruct subject-specific dynamic heads via optimization. Splatting–based
methods [9, 14, 58, 65, 72, 76, 83, 87] represent animatable heads using Gaussians
for high-fidelity real-time rendering. However, these approaches rely on para-
metric representations or subject-specific optimization, leaving geometry and
correspondence estimation largely decoupled. In contrast, our method predicts
dense canonical coordinates supervised by parametric alignment but represented
non-parametrically. This reduces correspondence estimation to reconstruction in
canonical space, enabling unified feed-forward 4D reconstruction and tracking.

3 Method

3.1 Architecture

We reconstruct dynamic faces and establish dense correspondences using a sin-
gle feed-forward network, as illustrated in Fig. 2. Instead of predicting frame-
to-frame motion or deformation fields, we formulate correspondence estimation
as canonical map prediction, where each pixel is mapped to a canonical fa-
cial coordinate. This formulation requires only one forward pass followed by
efficient canonical-space matching, making it more efficient than motion-based
approaches that require multiple evaluations. It also simplifies learning, since
canonical geometry is normalized and structurally similar across poses and ex-
pressions, whereas deformation targets vary significantly with viewpoint and
motion.

Our method employs a transformer-based architecture that predicts depth,
ray maps, and canonical maps from one or more input images. The design is
related to DA3 [34], which predicts depth and ray maps. To support canonical
prediction, we incorporate a DPT head [53]. Given input images I = fI i gN

i=1 ,
the network predicts depth maps D i 2 RH �W , ray maps Ri 2 RH �W �3 , and
canonical maps Ci 2 RH �W �3 :

(D i ; Ri ; Ci ) = f � (I 1; : : : ; I N ): (1)
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Fig. 2: Architecture overview. Given image sequences, our method jointly predicts
depth and canonical facial maps to enable dense 4D visible-surface reconstruction and
tracking. Dense correspondences are established in canonical space, producing tempo-
rally consistent geometry and point trajectories.

Training. We train the model in two stages. First, the architecture is pre-
trained on DAViD [55] using monocular input to learn facial geometric priors,
where depth is supervised using a masked L 1 regression loss. After pretrain-
ing, we add the canonical prediction head and finetune the full network on the
dataset described in Sec. 3.3. The network predicts depth, ray, and canonical
maps jointly.

To reduce the domain gap between multi-view capture and monocular video,
training alternates between two sampling strategies: (1) multi-view images from
a single timestamp and (2) single-camera images across multiple timestamps.
This improves generalization to both reconstruction and tracking scenarios.

Correspondence Estimation. Dense correspondences are obtained by nearest-
neighbor search in canonical space. Given images I i and I j , a pixel p in I i cor-
responds to

q = arg min
q 02
 j

kCi (p) � C j (q0)k2 ; (2)

where q denotes the corresponding pixel in image I j and 
 j is the set of
pixels in I j .

Nearest-neighbor search is implemented using KD-Tree [2] implementation
and typically requires less than 0:2 seconds per image pair on a single CPU.
The process is fully parallelizable across timestamps and can be accelerated via
spatial downsampling with negligible accuracy loss.

Compared to deformation-based approaches such as V-DPM [60], canonical
map prediction is both easier to learn and more efficient, producing correspon-
dences in a single forward pass while maintaining high reconstruction fidelity.

3.2 Loss Formulation

For each prediction type X 2 fD; R; Cg with ground truth X � , we use regression,
confidence-weighted regression, and gradient losses:
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L X
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�
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�
L X

reg + L X
conf + L X

grad

�
(6)

where 
 denotes valid pixels, W X (p) is the predicted confidence, � = 0:2
and 
 = 1 are scalar weighting parameters, and � C = 5 weights the canonical
map losses. L reg drives learning, L grad enforces smoothness, and L conf down-
weights uncertain regions and yields per-pixel confidence; canonical losses receive
a higher weight since the canonical head is trained from scratch.

3.3 Dataset Creation

Learning canonical facial correspondences requires supervision largely absent
from existing datasets. To address this, we construct a dataset based on NeRSem-
ble [28], which provides synchronized multi-view videos with calibrated cameras.
We first pretrain on DAViD [55] to learn human-specific priors, then finetune
on the NeRSemble-based dataset to learn detailed facial geometry and canoni-
cal correspondences. NeRSemble contains multi-view recordings captured with
16 cameras across diverse subjects, poses, and expressions. We use 414 subjects
and approximately 20k timestamps across multiple sequences, corresponding to
roughly 320k images.

Rather than sampling timestamps uniformly, we select frames that maximize
diversity in facial expressions and head poses. To achieve this, we run Medi-
aPipe [37] on the frontal camera view to estimate facial blendshape parameters
and head poses for all sequences. For each subject, we select 50 timestamps us-
ing farthest point sampling to ensure diverse coverage. We separately sample 40
timestamps based on blendshape parameters and 10 timestamps based on pose
parameters in order to balance expression and pose variation.

For each selected timestamp, we reconstruct geometry using COLMAP [56]
from all 16 camera views. Reconstruction is performed on images downsampled
by a factor of four for computational efficiency. We retain only reconstructions
where all views are successfully registered, as incomplete registrations often indi-
cate unreliable geometry. The resulting reconstructions provide multi-view con-
sistent depth maps and dense point clouds with detailed facial geometry. To
improve reconstruction quality in challenging regions such as hair, we adjust
COLMAP hyperparameters to obtain more complete point coverage.

To establish canonical correspondences, we perform FLAME-based track-
ing [31] for each selected timestamp. For each subject, we enforce consistent



Face Anything 7

Fig. 3: Dataset creation. We generate training supervision by combining multi-view
reconstruction with parametric face tracking to produce depth maps and canonical
facial maps. Although the parametric face model may not capture fine-scale geomet-
ric details, high-frequency information from COLMAP reconstruction is preserved in
the canonical maps. This process provides geometrically consistent supervision across
viewpoints, expressions, and identities for training our model.

shape and static offset parameters across all timestamps and remove outliers
based on tracking error statistics. This produces stable alignments between re-
constructed geometry and parametric face models.

We preserve COLMAP geometric detail while aligning reconstructions into
a shared canonical space. We construct canonical point clouds by transfer-
ring FLAME-tracking deformations to reconstructed points. Given tracked and
canonical FLAME meshes, we compute per-vertex deformation vectors between
corresponding surface points. Each COLMAP point receives the deformation of
its nearest FLAME surface point, mapping reconstructed points into the FLAME
canonical-pose, neutral-expression coordinate system at metric scale.

Using these canonicalized point clouds, we generate canonical maps that de-
scribe the canonical location of each pixel in the input images. These maps pro-
vide dense supervision for learning canonical correspondences, while the COLMAP
depth maps provide supervision for detailed geometry reconstruction. Although
depth supervision can be sparse in some regions, the strong geometric prior
learned from DA3 enables reliable generalization to these areas.

The resulting dataset provides multi-view RGB images, calibrated camera
parameters, depth maps, and dense canonical maps across a wide range of iden-
tities, poses, and expressions. Because canonical maps are defined in a normal-
ized FLAME coordinate system, correspondences across subjects and frames
exhibit strong structural consistency, making them well-suited for supervised
learning. Despite minor inaccuracies from parametric tracking, we observe that
the network learns to compensate for small alignment errors during training. An
overview of the dataset creation process is shown in Fig. 3.

4 Experiments

4.1 Implementation Details

We train the model in two stages. First, our 1.2B-parameter model is pretrained
on approximately 100k facial images from the DAViD dataset [55] to learn ge-
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Pi3 [70] DA3 [34] VGGT [64] DAViD [55] V-DPM [60] Sapiens [27] Ours RGB GT

Fig. 4: 4D reconstruction comparison on VFHQ, NeRSemble, and Ava-256.
COLMAP reconstructions are shown as pseudo ground truth for NeRSemble and Ava-
256, while VFHQ does not provide ground-truth geometry. Our method produces more
accurate and detailed reconstructions than recent approaches.

ometric facial priors. Then, the main training stage is performed for 90 epochs
using the AdamW optimizer [35] with a learning rate initialized at 2 � 10 �5 and
decayed to 1 � 10 �8 using a cosine scheduler, together with gradient clipping of
1. Each epoch consists of 800 sampled batches containing up to 48 images, while
each sequence contains between 2 and 16 images with gradient accumulation
over three steps. Training is performed using bfloat16 precision with gradient
checkpointing for efficiency. Following DA3 [34], we train using multiple input
resolutions with a base resolution of 504 � 504.

4.2 Evaluation Protocol

Evaluation Datasets. We evaluate our method on various datasets to measure
both reconstruction fidelity and generalization to in-the-wild data, including
NeRSemble [28], Ava-256 [41], VFHQ [74], and CelebV-HQ [88]. From NeRSem-
ble and Ava-256 we select five subjects each; NeRSemble subjects are not used
during training and include diverse sequences, while Ava-256 samples are ob-
tained by randomly selecting 40 images across all sequences. For VFHQ, we
evaluate on all test videos, and for CelebV-HQ, we randomly select a subset of
videos. For consistency across datasets, we use the frontal camera views.

Evaluation Metrics. Depth accuracy is evaluated using the Root Mean
Squared Error (RMSE) and Absolute Relative Error (AbsRel). Correspondence
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Table 1: Monocular depth estimation on NeRSemble and Ava-256. Results
are reported for both images and videos in metric scale as Image/Video. Best results
are shown in bold. Values are ×10.

NeRSemble Ava-256

Setting RMSE↓ AbsRel↓ RMSE↓ AbsRel↓

Pi3 [70] 0.193/0.160 0.134/0.108 0.083/0.091 0.066/0.071
DA3 [34] 0.162/0.127 0.100/0.085 0.148/0.116 0.129/0.100
VGGT [64] 0.115/0.119 0.076/0.080 0.084/0.103 0.061/0.084
Sapiens-1B [27] 0.112/0.112 0.065/0.065 0.079/0.079 0.059/0.059
DAViD [55] 0.110/0.110 0.061/0.061 0.182/0.182 0.160/0.160
V-DPM [60] 0.102/0.104 0.061/0.062 0.090/0.097 0.070/0.075
Sapiens-2B [27] 0.085/0.085 0.048/0.048 0.081/0.081 0.056/0.056

Ours 0.077/0.075 0.040/0.038 0.067/0.065 0.048/0.048

Base Support Single Multi Base Support Single Multi

Fig. 5: Single-view vs multi-view depth prediction. Darker colors indicate lower
error. Multi-view input improves depth accuracy over monocular prediction.

accuracy is measured using end-point error (EPE) in both 2D and 3D, where
Pi (t j ) and various temporal margins follow the definition in V-DPM [60]. We ad-
ditionally report the percentage of correspondences within different pixel thresh-
olds (< npx). Geometric consistency is evaluated using Forward-Backward Cy-
cle Consistency Error (CCE) of correspondence predictions, while photometric
alignment is assessed with Warping Photometric Error (WPE) after warping
correspondences between frames. FLAME tracking accuracy is measured using
the unidirectional L1 Chamfer distance (CD-L1) from ground-truth COLMAP
points to the predicted mesh.

4.3 4D Reconstruction

We evaluate our method on 4D facial reconstruction and compare against state-
of-the-art approaches in qualitative and quantitative settings. For multi-image
methods, we provide all input views and evaluate on the first 40 frames of each
sequence, while monocular methods are applied independently to each frame.

Qualitative Reconstruction. Fig. 4 presents qualitative comparisons of
reconstructed 3D facial geometry across methods. Our approach produces high-
fidelity reconstructions with detailed facial geometry, whereas baseline methods
often exhibit geometric artifacts or reduced detail.
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Base RGB Target RGB Tracks P3DMM [19] V-DPM [60] Ours

Fig. 6: 2D tracking comparison on VFHQ. Track points are defined in the base
image and each method predicts trajectories to the target image that should end at
the same facial locations. Our method produces more accurate and consistent corre-
spondences than recent approaches.

Depth Accuracy. Depth evaluation is reported in Tab. 1 for both image-
based and video-based reconstruction settings. In the video-based setting, all
frames of the input sequence are provided jointly as input. Our method achieves
state-of-the-art performance across datasets despite using a smaller model than
the largest Sapiens [27] variant and requiring significantly less training time.

Effect of Multi-Image Prediction. To analyze the impact of multi-image
inference on the NeRSemble dataset, Fig. 5 compares depth error maps obtained
using a single input image and using an additional supporting view. Incorporat-
ing supporting images clearly improves depth accuracy, particularly in side-view
regions where monocular prediction is more ambiguous.

4.4 2D Tracking

We evaluate dense 2D tracking accuracy on both controlled and in-the-wild
datasets and compare against state-of-the-art facial correspondence methods.

Qualitative Tracking. Fig. 6 shows qualitative comparisons of 2D corre-
spondences on the VFHQ [74] dataset. We visualize tracks between a reference
image and a target frame for different methods. Our approach produces more
consistent and accurate tracks, particularly in regions with large motion and
fine structures. P3DMM [19] fails to track points reliably in hair regions, while
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Table 2: 2D correspondence evaluation on NeRSemble. Dense correspondence
accuracy is measured using EPE and percentage of predictions within pixel thresholds
across temporal margins.

Margin = 2 Margin = 8

Method EPE(2D)↓ <3px↑ <5px↑ <10px↑ EPE(2D)↓ <3px↑ <5px↑ <10px↑

P3DMM [19] (w/o Hair) 3.089 0.629 0.873 0.986 3.971 0.508 0.768 0.955
Ours (w/o Hair) 1.719 0.876 0.968 0.995 2.314 0.769 0.926 0.990

P3DMM [19] (w/ Hair) 5.550 0.565 0.797 0.927 6.597 0.446 0.686 0.883
Ours (w/ Hair) 1.838 0.853 0.960 0.995 2.470 0.741 0.913 0.987

Table 3: Dense correspondence evaluation on VFHQ. Correspondence accuracy
is evaluated using CCE and WPE at different temporal margins.

Margin = 5

Method CCEmean ↓ CCEmedian ↓ CCE<2px ↑ W P EL1 ↓ W P EGrad ↓ W P ESSIM ↑

P3DMM [19] 2.472 1.146 0.702 0.032 0.016 0.798
V-DPM [60] 0.797 0.610 0.885 0.026 0.015 0.855
Ours 0.398 0.007 0.961 0.023 0.014 0.881

Margin = 20

Method CCEmean ↓ CCEmedian ↓ CCE<2px ↑ W P EL1 ↓ W P EGrad ↓ W P ESSIM ↑

P3DMM [19] 2.797 1.146 0.673 0.043 0.017 0.740
V-DPM [60] 1.348 1.054 0.756 0.040 0.017 0.769
Ours 0.774 0.069 0.909 0.034 0.016 0.810

V-DPM [60] frequently predicts inaccurate locations under large motions. In con-
trast, our method maintains stable correspondences across challenging frames.

Quantitative Correspondence Accuracy. We report quantitative track-
ing accuracy on the NeRSemble [28] dataset using ground-truth correspondences
in Tab. 2. Our method consistently outperforms P3DMM across different tem-
poral intervals and for both face-only and full head regions including hair.

Cycle and Photometric Consistency. Additional quantitative results on
the VFHQ dataset are reported in Tab. 3, where we compare against P3DMM
and V-DPM using CCE and WPE. Our method achieves the best performance.

4.5 Point Tracking

We evaluate dense 3D point tracking accuracy and efficiency of our method.
Qualitative Tracking. Fig. 7 presents qualitative comparisons with V-DPM

on the CelebV-HQ [88] dataset. Our method produces more accurate 4D recon-
structions and more stable point trajectories over time, while V-DPM exhibits
larger geometric inconsistencies and tracking errors. The results demonstrate
that our canonical-space formulation leads to more reliable correspondences.

Quantitative Tracking Accuracy. Tab. 4 reports tracking accuracy across
temporal margins. Our method achieves lower errors than V-DPM for both short-
and long-range correspondences.

Efficiency Analysis. We compare inference efficiency in Tab. 5, reporting
runtime and GPU memory usage measured on 40 images and the maximum



12 U. Kocasarı et al.

Table 4: 3D correspondence evaluation on NeRSemble. 3D correspondence ac-
curacy is measured using EPE across temporal margins for reconstruction and tracking.

Margin = 2 Margin = 8 Margin = 1–10

Method P0(t 0)↓ P0(t 1)↓ P1(t 0)↓ P1(t 1)↓ P0(t 0)↓ P0(t 1)↓ P1(t 0)↓ P1(t 1)↓ EPE↓

V-DPM [60] 0.014 0.015 0.014 0.014 0.014 0.016 0.014 0.015 0.015
Ours 0.004 0.004 0.004 0.004 0.004 0.005 0.005 0.004 0.005

V-DPM [60] Ours RGB

Fig. 7: 4D reconstruction and tracking comparison on CelebV-HQ. Both input
images are reconstructed and correspondences are visualized with track lines between
frames. Camera locations are fixed in the first image across methods for fair comparison.

number of images that fit on a single GPU (all experiments at 518 � 518). Our
method achieves favorable efficiency while supporting larger batch sizes.

Temporal Correspondence Accuracy. Fig. 8 shows correspondence error
maps across temporal intervals. Our method produces consistently lower errors
and cleaner correspondence structures compared to competing approaches, fur-
ther demonstrating the accuracy of our tracking formulation.

4.6 FLAME Tracking

We evaluate monocular FLAME tracking accuracy when constrained by predic-
tions from P3DMM and our method. As shown in Tab. 6, our predictions lead
to more accurate face tracking than constraints derived from P3DMM.
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Table 5: Runtime and memory efficiency
comparison. Inference runtime and GPU mem-
ory usage measured on a single GPU (80GB).

Method Runtime (s)↓ Peak Memory (GB)↓ Max Images/GPU↑

V-DPM [60] 160 40 74
Ours 5 19 470

Table 6: FLAME tracking ac-
curacy on NeRSemble. Values
are ×100.

Method CD-L1↓

P3DMM [19] 0.238
Ours 0.195

(a) Correspondence Error Comparison
Base Target P3DMM Ours Base Target P3DMM Ours

(b) Temporal Prediction Errors
V-DPM Ours

Base Target P0(t 0) P0(t 1) P1(t 0) P1(t 1) P0(t 0) P0(t 1) P1(t 0) P1(t 1)

Fig. 8: Correspondence and temporal prediction errors on NeRSemble. (a)
Pixel-wise correspondence errors for P3DMM [19] and our method. (b) Temporal pre-
diction errors compared to V-DPM [60].

4.7 Ablation Studies

We conduct ablation studies on the NeRSemble dataset to analyze the effects
of our training strategy and canonical correspondence formulation, as shown
in Tab. 7. Starting from DA3 as the baseline, we observe limited performance,
particularly for multi-view depth estimation. Pretraining on DAViD improves
monocular depth accuracy thanks to stronger facial priors, but does not gener-
alize well to multi-view depth prediction.

We further evaluate two simplified training variants. Monocular Training,
where the camera viewpoint is fixed within a forward pass while the timestamp
varies, yields strong correspondence and camera estimation accuracy but leads
to weaker multi-view depth predictions. In contrast, Static Training, where the
timestamp is fixed while the camera viewpoint varies, improves multi-view depth
estimation but degrades correspondence and camera estimation due to the lack
of temporal variation.

We also evaluate an alternative correspondence formulation (Ours (Motion
Pred)) that predicts motion from the current timestamp to the canonical space.
This formulation performs significantly worse in correspondence prediction, sug-
gesting that directly learning motion mappings is less stable.

Our final formulation samples both cameras and timestamps during training
and predicts canonical maps instead of motion fields. As shown in Tab. 7, this
design achieves consistently strong performance across all metrics, producing
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Table 7: Ablation study. Component analysis using depth (AbsRel), correspon-
dence (EPE(2D)), and camera (Camera Rot (� )) metrics. Best results in bold, second-
best underlined. AbsRel values are ×10. The full design achieves consistently strong
performance across all metrics, producing accurate monocular and multi-view depth
predictions while maintaining reliable correspondence estimation.

Method AbsRel (Monocular)↓ EPE↓ AbsRel (16 views)↓ Camera Rot ↓

DA3 (Baseline) 0.085 - 0.076 -
DAViD Pretrained 0.061 - 0.033 -
Monocular Training 0.054 3.031 0.064 0.038
Static Training 0.050 3.864 0.015 2.102
Ours (Motion Pred) - 6.210 - -
Ours 0.053 3.271 0.015 0.054

accurate monocular and multi-view depth predictions while maintaining reliable
correspondence estimation.

5 Limitations and Future Work

Despite achieving strong performance on 4D facial reconstruction and tracking,
our method has several limitations. The model is specialized for faces and re-
lies on learned facial priors, which limits generalization to non-face scenes, and
canonicalization of nearby objects such as microphones, hands, or accessories
is often unreliable. Reconstruction quality can also degrade under strong occlu-
sions, extreme viewpoints, or limited facial visibility where geometric cues are
insufficient. Extending canonical map prediction beyond faces and improving ro-
bustness in challenging real-world scenarios are promising directions for future
work. Another promising direction is integrating canonical prediction with gen-
erative or neural rendering models to enable controllable facial animation and
avatar creation from monocular video.

6 Conclusion

We present Face Anything, a unified method for high-fidelity 4D facial recon-
struction and dense tracking from image sequences. Our method jointly estimates
depth and canonical facial coordinates, enabling temporally consistent recon-
struction and reliable correspondences within a single feed-forward model. The
proposed canonical representation simplifies correspondence learning and allows
efficient multi-frame reconstruction and tracking without explicit motion model-
ing. To support supervised learning of canonical correspondences, we construct
a dataset based on NeRSemble with multi-view geometry and canonical align-
ment. Extensive experiments demonstrate state-of-the-art performance across
face depth estimation, 4D reconstruction, and dense tracking benchmarks while
improving efficiency over prior methods. These results highlight canonical map
prediction as an effective representation for dynamic facial understanding and a
promising direction for future spatiotemporal reconstruction methods.
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Appendix

A Supplementary Video

We highly recommend watching our supplementary video, which presents ad-
ditional qualitative results of our method. The video demonstrates 4D facial
reconstruction with point tracking, illustrating the temporal consistency of
the reconstructed geometry across frames.

We further provide orbiting camera visualizations of the reconstructed se-
quences to better showcase the recovered dynamic facial geometry from novel
viewpoints.

Additionally, the video includes comparisons of 2D correspondence tracking
between our method and baseline approaches. These visualizations highlight
the accuracy and temporal stability of the correspondences estimated by our
approach.

B Additional Implementation Details

B.1 Training Details

During training, we apply a set of photometric augmentations to improve ro-
bustness to appearance variations. Specifically, we employ color jittering with
brightness, contrast, and saturation factors of 0:5, and hue variation of 0:1. The
color jitter augmentation is applied with probability 0:9. In addition, grayscale
augmentation is enabled during training.

To maintain photometric consistency across correlated inputs, we apply co-
jittering, where identical color perturbations are applied jointly across frames.
This helps preserve relative color relationships between views while still provid-
ing appearance variation.

Training images are sampled from a predefined set of resolutions to improve
robustness to scale changes. The set of resolutions used during training is:

– (504; 504)
– (378; 504)
– (336; 504)
– (280; 504)
– (504; 336)
– (504; 756)
– (504; 672)

For numerical stability, we normalize the ground-truth 3D world coordinates
such that the mean ‘ 2 norm of valid ground-truth points equals 1. This nor-
malization ensures a consistent geometric scale across different subjects and
sequences.

Canonical coordinate maps are defined in the FLAME [31] coordinate sys-
tem, where the origin is located at the center of the face. Using this canonical
representation allows consistent alignment across subjects and facilitates stable
learning of facial geometry.
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B.2 Dataset Details

NeRSemble. For evaluation on the NeRSemble [28] dataset, we use the follow-
ing five test subjects:

– 043
– 128
– 236
– 306
– 474

To evaluate different aspects of our method, we select different sequences for
different tasks in order to increase evaluation diversity.

For depth and reconstruction evaluation, we use the following sequences:

– 043_SEN-01-cramp_small_danger
– 128_EMO-2-surprise+fear
– 236_EMO-1-shout+laugh
– 306_EXP-4-lips
– 474_EXP-3-cheeks+nose

For tracking evaluation, we use the following sequences:

– 043_SEN-02-same_phrase_thirty_times
– 128_EXP-9-jaw-2
– 236_EMO-4-disgust+happy
– 306_EXP-1-head
– 474_SEN-06-problems_wise_chief

Using different sequences across tasks ensures that the evaluation covers a
wide range of expressions, motions, and speaking patterns.

Ava-256. For evaluation on the Ava-256 [41] dataset, we use the following
subjects:

– 20210810–1306–FXN596
– 20210817–0900–NRE683
– 20210818–1332–CDR970
– 20210819–0903–DOT682
– 20210827–0906–KDA058

For all reported metrics, we restrict the evaluation to the facial region. Specif-
ically, we use Facer [84] masks that include both the facial area and hair to define
the evaluation region.

FLAME prior. Our canonical supervision is not purely derived from FLAME [31].
Instead, FLAME is used only for coarse alignment across subjects, while high-
frequency geometric details are obtained from COLMAP [56] reconstructions. As
shown in Fig. 9, this supervision preserves structures that are not represented
by the FLAME topology, including eyeglasses, long hair, accessories, and mouth
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Input Image Point Maps Canonical Maps

Fig. 9: Canonicalization visualization. Example input frames with the correspond-
ing point maps and canonical maps used for supervision. The canonical maps retain
consistent facial coordinates while preserving visible non-FLAME structures, including
hair, accessories, and mouth interiors.

interiors. Consequently, the model learns high-fidelity visible-surface geometry
that goes beyond the FLAME prior.

COLMAP tuning. We tune the COLMAP [56] reconstruction param-
eters on a 20-subject validation split to improve coverage of challenging fa-
cial regions. Increasing PatchMatchStereo.num_samples from 15 to 50 and
PatchMatchStereo.window_radius from 5 to 9 improves facial coverage from
77:5% to 80:3%.

C Additional Ablation Studies

Additional ablation study. We present additional ablation experiments in
Tab. 8 to analyze the effect of backbone training and the loss weighting between
depth and canonical map supervision.

First, we evaluate the effect of freezing the backbone. When the backbone
is fixed and initialized with the original DA3 [34] weights, the model performs
poorly on both depth and correspondence estimation, indicating that the pre-
trained DA3 representation is not sufficient for our task. Using a stronger ini-
tialization with a DAViD-pretrained [55] backbone improves performance across
all metrics, but still remains noticeably worse than training the backbone jointly
with our objectives.

Next, we analyze the impact of the canonical map loss weight � C . When
� C = 1, the model struggles to learn accurate correspondences because the
canonical prediction head must learn the task from scratch, while the depth
head benefits from pretrained initialization. Increasing the weight to � C = 10
significantly improves correspondence accuracy, achieving the best EPE, but
slightly degrades depth performance. Based on this trade-off, we select � C = 5
as a balanced setting for our final model.

We further study the effect of disabling the depth supervision by setting
� D = 0. In this case, the model learns slightly better correspondences but the
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Table 8: Additional ablation study. Component analysis using depth (AbsRel) and
correspondence (EPE) evaluation metrics. Best results are shown in bold, second-best
underlined. AbsRel values are ×10. We also report the average rank across all metrics
(lower is better) to summarize overall performance across geometry and correspondence
prediction. Our final model achieves the best average rank, indicating the most balanced
performance across metrics.

Method AbsRel (Monocular)↓ EPE↓ AbsRel (16 views)↓ Avg. Rank↓

Backbone Fixed (DA3) 0.101 6.9261 0.062 6.7
Backbone Fixed
(DAViD Pretrained) 0.082 5.8219 0.040 5.3

� C = 1 0.052 4.0316 0.015 2.8
� C = 10 0.056 3.1838 0.015 2.7
� D = 0 0.064 3.2102 0.060 4.3
� C = 0 0.052 135.1671 0.014 3.2
Ours 0.053 3.271 0.015 2.7

Table 9: Ablation of neighborhood-consistency loss. We evaluate the effect
of adding an explicit neighborhood-consistency term for canonical predictions on
NeRSemble [28]. Best results are shown in bold. The additional loss slightly degrades
tracking performance, indicating that the model already learns sufficiently smooth
canonical maps without this constraint.

Method EPE↓ < 3px↑ < 5px↑ < 10px↑

w/ neighborhood consistency 3.43 0.58 0.81 0.97
Ours 3.30 0.60 0.83 0.97

depth prediction degrades, highlighting the importance of joint geometry super-
vision. Conversely, removing the canonical loss (� C = 0) prevents the model
from learning meaningful correspondences, leading to extremely large EPE val-
ues, while slightly improving the depth metrics.

Overall, our final model achieves the best balance across the evaluated met-
rics, obtaining the best average rank while remaining close to the top perfor-
mance for each individual metric. This demonstrates that our design effectively
balances geometry reconstruction and dense correspondence estimation.

Neighborhood consistency ablation. We also evaluate whether adding
an explicit neighborhood-consistency loss improves the spatial smoothness of
canonical predictions. As shown in Tab. 9, this additional constraint does not
improve tracking accuracy on NeRSemble [28]. We find that the spatial induc-
tive bias of the DPT prediction head, together with shared transformer fea-
tures, already encourages locally coherent canonical maps. Adding an explicit
neighborhood-consistency term instead slightly over-constrains the predictions,
leading to worse metrics.
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D Additional Results

We first present a comparison to P3DMM [19] on CelebV-Text [81] to illustrate
the representational differences between FLAME-based UV predictions and our
canonical 3D coordinate representation. We then present additional qualitative
results demonstrating the behavior of our method on challenging in-the-wild
video frames from VFHQ [74].

Novelty with respect to DA3 and P3DMM. Our key contribution be-
yond DA3 [34] is reformulating dense 4D face tracking as a canonical-space
reconstruction problem, jointly predicting depth, rays, and persistent canoni-
cal coordinates, which enables tracking via nearest-neighbor matching. Unlike
P3DMM [19], which predicts 2D UV coordinates tied to the FLAME [31] sur-
face, our canonical points can occupy arbitrary 3D locations. This allows us to
represent regions outside the FLAME topology, such as hair, accessories, and
the mouth interior, as shown in Fig. 10. For our method, the shown normals are
derived from the predicted depth maps.

Input Image P3DMM Ours

Fig. 10: Normal and canonical map comparison on CelebV-Text. We compare
P3DMM and our method on an in-the-wild frame from CelebV-Text [81]. P3DMM
predicts normals and 2D UV coordinates constrained by the FLAME surface topology,
while our method predicts depth-derived normals and canonical 3D coordinates. Our
canonical representation is not restricted to the FLAME mesh and can therefore repre-
sent visible regions outside the face topology, such as hair, accessories, and the mouth
interior.

Additional depth and canonical predictions. Fig. 11 shows additional
predictions of depth maps and canonical maps from two input views. Despite
variations in pose, expression, and identity, the predicted depth and canonical
coordinates remain consistent across frames. These results further illustrate the
robustness of our approach when reconstructing facial geometry from uncon-
strained image sequences.

Canonical point cloud consistency. In Fig. 12, we visualize canonical
point clouds obtained by backprojecting the predicted canonical maps into 3D
space. The resulting point clouds are rendered from two viewpoints while keeping
the visualization camera fixed across all samples. The results demonstrate that
the canonical representation is consistent across viewpoints, facial expressions,
and identities.

Additional full pipeline results. Fig. 13 presents further examples of our
full pipeline, including the input images, reconstructed geometry, dense corre-
spondences, and canonical point clouds. The predicted correspondences align
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Table 10: Comparison with 3DGS-based head avatar baselines. We compare
2D tracking accuracy on NeRSemble [28] against TensorialGaussianAvatar [69] and
GaussianAvatars [52]. Baseline tracks are derived from optimized Gaussian deforma-
tions and require per-sequence optimization, while our method performs tracking with-
out test-time optimization. Best results are shown in bold.

Method Opt. Time EPE↓ < 3px↑ < 5px↑ < 10px↑

TensorialGaussianAvatar [69] Req. ∼12h 7.21 0.45 0.61 0.81
GaussianAvatars [52] Req. ∼5h 7.01 0.46 0.62 0.82
Ours None 27sec 5.20 0.50 0.67 0.87

well across views, highlighting the ability of our method to establish dense fa-
cial correspondences while simultaneously reconstructing temporally consistent
geometry.

In-the-wild generalization. To address the domain gap from NeRSem-
ble [28] captures, Fig. 14 shows in-the-wild results on CelebV-HQ [88], CelebV-
Text [81], and Hallo3 [11] across challenging scenarios, including extreme lighting
and out-of-distribution identities, with colorful tracks including the mouth in-
terior, although per-teeth and tongue tracking remains unresolved. Our model
produces stable predictions despite training on studio data, which we attribute
to the DA3 [34] prior and DAViD [55] pretraining that expose the backbone to
diverse in-the-wild imagery and enable our canonical head to generalize beyond
NeRSemble.

Comparison with 3DGS head avatars. We compare 2D tracking ac-
curacy against 3DGS-based dynamic head avatar methods [52, 69] on NeRSem-
ble [28] in Tab. 10. For the baselines, tracks are derived from the optimized Gaus-
sian deformations. Our method outperforms these optimization-based baselines
while requiring no per-sequence optimization, demonstrating the robustness and
efficiency of canonical-space tracking compared to deformation-based tracking.

Failure cases. We highlight representative failure cases in Figs. 15 and 16.
In Fig. 15, the predicted correspondences remain accurate on the facial region,
but the method incorrectly matches the microphone visible in the scene. Since
the microphone is not part of the facial surface, this leads to erroneous corre-
spondences when non-face objects appear close to the face. In Fig. 16, we show
additional failure modes under extreme hair motion and heavy occlusion, where
the canonical predictions become unstable.
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RGB 1 Depth 1 Canonical 1 RGB 2 Depth 2 Canonical 2

Fig. 11: Additional prediction examples on VFHQ. Given two input views, our
method predicts depth maps and canonical maps for each frame. The results demon-
strate consistent geometry and canonical representations across different identities and
expressions.
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RGB 1 Canonical Point Cloud 1 RGB 2 Canonical Point Cloud 2

Fig. 12: Additional canonical point cloud prediction examples on VFHQ.
Given two input views, our method predicts canonical maps that are backprojected
into 3D space to form canonical point clouds. We visualize the reconstructed point
clouds from two viewpoints. The results show that the predicted canonical point clouds
remain consistent across viewpoints, facial expressions, and identities. The visualization
cameras are fixed across all samples.
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RGB Images 4D Reconstruction Correspondences Canonical Points

Fig. 13: Additional predictions on VFHQ. Given two RGB input views, our
method reconstructs 4D facial geometry and predicts dense correspondences via canon-
ical facial coordinates. The results demonstrate consistent geometry and correspon-
dences across different viewpoints, facial expressions, and identities.
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Input Images Predictions Input Images Predictions

Fig. 14: In-the-wild results on CelebV-HQ [88], CelebV-Text [81], and
Hallo3 [11]. Our method produces stable geometry and correspondence predic-
tions across challenging in-the-wild conditions, including extreme lighting and out-
of-distribution identities. The visualized tracks also cover the mouth interior, although
fine-grained tracking of individual teeth and tongue motion remains challenging.

RGB Images Correspondences

Fig. 15: Failure case on VFHQ. Given two input RGB images, we visualize the pre-
dicted correspondences between the reconstructed point clouds. While the correspon-
dences are largely accurate on the facial region, the method fails on the microphone,
which is not part of the facial surface and leads to incorrect matches. This highlights
a limitation when non-face objects are present in the scene.

Input Images Predictions Input Images Predictions

Fig. 16: Failure cases on NeRSemble and CelebV-Text. We show representative
failure modes on NeRSemble [28] and CelebV-Text [81]. Under extreme hair motion
and heavy occlusion, the predicted canonical maps can become unstable, leading to
inconsistent geometry and correspondence predictions.
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