VGGT-HPE: Reframing Head Pose Estimation as Relative Pose Prediction
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Abstract

Monocular head pose estimation is traditionally formulated
as direct regression from a single image to an absolute
pose. This paradigm forces the network to implicitly in-
ternalize a dataset-specific canonical reference frame. In
this work, we argue that predicting the relative rigid trans-
formation between two observed head configurations is a
fundamentally easier and more robust formulation. We in-
troduce VGGT-HPE, a relative head pose estimator built
upon a general-purpose geometry foundation model. Fine-
tuned exclusively on synthetic facial renderings, our method
sidesteps the need for an implicit anchor by reducing the
problem to estimating a geometric displacement from an
explicitly provided anchor with a known pose. As a practi-
cal benefit, the relative formulation also allows the anchor
to be chosen at test time — for instance, a near-neutral
frame or a temporally adjacent one — so that the predic-
tion difficulty can be controlled by the application. Despite
zero real-world training data, VGGT-HPE achieves state-
of-the-art results on the BIWI benchmark, outperforming
established absolute regression methods trained on mixed
and real datasets. Through controlled easy- and hard-pair
benchmarks, we also systematically validate our core hy-
pothesis: relative prediction is intrinsically more accurate
than absolute regression, with the advantage scaling along-
side the difficulty of the target pose. Project page and code:
https://vasilikivas.github.io/VGGT-HPE

1. Introduction

Head pose estimation - recovering the orientation of a hu-
man head from a single image - is a fundamental building
block in computer vision [1, 28]. Accurate head pose drives
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Figure 1. Absolute methods (top) regress pose from a single im-
age relative to an implicit canonical frame learned during train-
ing, making them brittle under domain shift and extreme poses.
VGGT-HPE (bottom) predicts the relative transformation between
an anchor with known pose and a query, recovering the target pose
by composition. This sidesteps the need for an implicit reference
frame, transfers better from synthetic to real data, and allows the
anchor to be chosen at test time to control prediction difficulty.

a wide range of downstream applications, from gaze esti-
mation [43] and driver attention monitoring [17] to sign
language recognition [20], facial behavior analysis in the
wild [21], human-robot interaction [27], and augmented re-
ality [26]. Despite decades of progress, robust head pose es-
timation in unconstrained settings remains challenging due
to appearance variability, partial occlusions, and the inher-
ent ambiguity of monocular 3D inference.

The dominant paradigm in learned head pose estima-
tion treats the problem as direct regression from a single
image to an absolute pose vector — typically three Euler
angles (yaw, pitch, roll) and, less commonly, a 3D transla-
tion. Methods such as HopeNet [29], 6DRepNet [13], and
WHENet [44] train deep networks to map face crops di-
rectly to global orientation. This requires the model to in-
ternalize a canonical reference frame from the training data
- one that is never explicitly provided at test time. More re-
cent works improve robustness through better rotation rep-
resentations [13], transformer-based modeling [40], or ex-



plicit facial geometry [6], but the core formulation remains

unchanged. As we show in our experiments, these models

tend to degrade for extreme poses, where the implicit an-
chor - a neutral, frontal configuration baked into the learned
weights - lies far from the target.

We argue that relative head pose estimation is a funda-
mentally easier problem. Predicting the rigid transforma-
tion between two observed head configurations sidesteps
the need for an implicit canonical frame and reduces the
task to estimating a displacement. Because it observes both
states, the network can solve this via implicit feature match-
ing—shifting the paradigm from absolute classification to
direct image matching. This is simpler and transfers better
across domains, since relative geometry does not depend on
absolute coordinate conventions or appearance distributions
specific to the training set. The relative formulation also in-
troduces a practical degree of freedom that absolute meth-
ods lack: the anchor can be chosen at test time. In video, for
instance, a temporally close frame with known pose keeps
the relative rotation gap small, placing the prediction well
within the model’s reliable operating range.

In this work we introduce VGGT-HPE, a head pose esti-
mator built on the Visual Geometry Grounded Transformer
(VGGT) [33], alarge-scale geometry foundation model pre-
trained for general-purpose camera pose and 3D reconstruc-
tion. VGGT already learns to estimate relative camera poses
between arbitrary view pairs, making it a natural back-
bone for our relative formulation. We fine-tune VGGT with
LoRA [15] on synthetic two-view head pairs rendered from
FLAME [24]. At test time, we compose the predicted rel-
ative pose with a known anchor pose to recover the abso-
lute target pose in any desired coordinate frame. Despite
training exclusively on synthetic data, VGGT-HPE achieves
state-of-the-art results on the BIWI benchmark [10] outper-
forming methods trained on mixed and real datasets.

Our contributions are as follows:

* A relative formulation for head pose estimation that re-
frames the problem as rigid displacement prediction be-
tween two views, eliminating the dependence on an im-
plicit canonical frame and enabling strategic anchor se-
lection at test time.

e A lightweight architecture that adapts VGGT [33],
a general-purpose geometry foundation model, to
head-specific relative pose estimation via LoRA fine-
tuning [15] on synthetic FLAME [24] renderings, requir-
ing no real-world training data.

* State-of-the-art results on BIWI [10] using only synthetic
training data, and a detailed analysis through controlled
benchmarks - easy-pair, hard-pair, and binned error-vs-
rotation-gap sweeps - that directly validates the hypoth-
esis that relative prediction is fundamentally easier than
absolute regression, with the advantage growing as the
anchor-target displacement increases.

2. Related Work

Monocular Head Pose Estimation. Early head pose es-
timation methods relied on facial landmarks and 3D model
fitting, typically recovering pose through geometric align-
ment or PnP-style optimization. More recent learning-based
approaches instead regress pose directly from a face crop.
HopeNet [29] introduced a combined classification-and-
regression strategy for Euler-angle prediction, showing that
direct image-to-pose learning can be competitive without
explicit landmark fitting. Subsequent works improved ro-
bustness to wider pose ranges and better rotation represen-
tations. WHENet [44] targeted wide-range yaw estimation
with a lightweight design suitable for real-time use, while
6DRepNet [13] replaced Euler-angle regression with a con-
tinuous 6D rotation representation and a geodesic loss, im-
proving stability under large rotations. Transformer-based
methods such as TokenHPE [40] further demonstrated that
richer relational modeling over facial appearance can im-
prove monocular head pose estimation. More recent 6DoF
methods, including TRG [6], also incorporate facial ge-
ometry explicitly in order to improve translation and full
pose prediction. Despite these differences, the dominant
paradigm remains the same: a single image is mapped
directly to an absolute pose defined in a dataset-specific
canonical frame. As a result, the network must implic-
itly learn both the rigid orientation and the hidden refer-
ence frame relative to which that orientation is expressed.
Furthermore, training these absolute regressors typically re-
quires massive, real-world datasets often expanded via syn-
thetic face profiling (e.g., 300W-LP [45]), which leaves
them vulnerable to domain shifts. Our relative formulation,
by contrast, treats pose as an image matching task, allowing
it to generalize across domains even when trained exclu-
sively on synthetic data.

Relative Pose Formulations and Geometric Composi-
tion. Estimating the relative pose between two views is a
standard formulation in visual odometry, SLAM, and rigid
object tracking [9, 31, 35]. In these settings, predicting
the relative transformation between a query and a refer-
ence view tends to be more robust and to generalize better
than regressing an absolute pose in a fixed coordinate sys-
tem. In head pose estimation, however, most learning-based
methods still operate in the absolute, single-image regime.
Temporal or multi-frame information is sometimes used in
video-based head pose estimation, but typically for recur-
rent feature aggregation, temporal smoothing, or heuris-
tic tracking [12, 36]—not for explicit geometric composi-
tion. A few works explore delta-pose or relative rotation for
specific sub-tasks, such as enforcing temporal consistency
or regularizing semi-supervised training [22], but they do
not output explicit relative pose transformations that can be
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Figure 2. Overview of the VGGT-HPE architecture. The model takes an anchor image (/) and a query image (/) to predict the relative
rigid transformation (75« o) between them. We use a frozen, pre-trained VGGT backbone efficiently fine-tuned with LoRA for the facial
domain. The final absolute query pose (1}) is recovered by composing the predicted relative displacement with the known anchor pose.

composed at test time. Our work brings the relative for-
mulation into head pose estimation. By predicting the rela-
tive pose between an anchor with known pose and a target
frame, we remove the dependence on an implicit, dataset-
specific canonical frame, connecting head pose estimation
to the reference-based matching formulations used in gen-
eral 3D vision.

Geometry Foundation Models. Recent progress in 3D
computer vision has moved from task-specific architec-
tures toward large-scale geometry foundation models.
CroCo [37], DUSt3R [34], and MASt3R [23] showed that
general-purpose 3D priors—dense point maps, depth, and
relative camera poses—can be learned through pre-training
on large, diverse multi-view datasets. VGGT [33] ex-
tends this line of work with a feed-forward transformer
that jointly infers camera parameters and 3D scene struc-
ture from uncalibrated views. Traditional head pose estima-
tors must learn perspective projection and 3D rotation from
scratch on limited facial datasets. Models like VGGT, by
contrast, already encode an understanding of epipolar ge-
ometry and relative spatial transformations from their pre-
training data. Our approach builds on this: rather than
designing a new architecture for faces, we adapt the pre-
trained geometric reasoning of VGGT, showing that a gen-
eral 3D foundation model can be efficiently specialized to
head pose estimation.

3. Methodology

Overview. Our goal is to estimate the pose of a query
head image by predicting its rigid transformation relative
to an anchor image with known pose. The key intuition is

that absolute methods must map a single crop to a pose de-
fined in an implicit canonical frame that is never provided at
test time, while the relative formulation turns the problem
into image matching between two visible inputs — a task
that is geometrically simpler and naturally sidesteps the do-
main gap. We build on VGGT [33], a geometry foundation
model whose camera pose branch already estimates relative
rigid transformations between two images, and specialize
it to the facial domain via LoRA fine-tuning on synthetic
FLAME renderings. An overview of our architecture can
be seen in Fig. 2.

Backbone and Adaptation. VGGT is a feed-forward
transformer pretrained on large-scale multi-view data to
jointly predict camera parameters, depth, point maps, and
correspondences. We retain only the camera branch and
disable all other heads. Each camera pose is encoded as

p= [t7Q7¢h7¢w]7 (1)

where t € R? is translation, q € Rt*isa quaternion rotation,
and ¢y, ¢,, are the horizontal and vertical fields of view.

To adapt VGGT without destroying its pretrained priors,
we use LoRA [15]: for each pretrained linear layer W, a
low-rank update AW = BA is learned while W remains
frozen, yielding W’ = W + BA. LoRA modules are in-
serted into the attention and MLP projections of both the
frame-level and global transformer blocks, with rank 8 and
scaling factor 16.

Relative Formulation. Given an anchor image I, with
known pose T, € SE(3) and a query image I, with un-
known pose T, the model predicts the relative transforma-



tion

Tyea=T,T, " )
The absolute query pose is then recovered by composition:
Ty =TycaTa 3)

The advantage over absolute regression is twofold. First,
absolute methods must map a single crop to a pose defined
in a canonical frame that is never provided — it exists only
implicitly in the training data. The relative formulation re-
moves this requirement: the model just estimates how much
the head moved between two images it can see. Second, by
conditioning on a pair of images, the model can perform im-
plicit feature matching between anchor and query, ground-
ing its prediction in visual correspondence rather than mem-
orized pose distributions. This makes the task closer to im-
age matching than to classification, which is both geomet-
rically simpler and naturally robust to domain shift — the
relative displacement between two views of a head looks the
same whether the images are synthetic or real.

During training, we normalize each pair to the anchor
frame: given extrinsics {71,7>}, we set T, = TflTi SO
the anchor becomes the identity. In contrast with the orig-
inal VGGT [33], which supervises the poses of all input
frames, we supervise only the second frame’s pose. We
also study an absolute baseline (VGGT-HPE-Abs) using the
same backbone and data but without relative normalization,
to isolate the effect of the formulation.

Synthetic Training Data. We generate training pairs us-
ing FLAME [24] head meshes rendered in Blender [3], fol-
lowing a pipeline similar to [ 1 1]. The dataset comprises 250
identities — 200 with hairstyles from HAAR [30] and 50
bald — each rendered under two HDRI environment maps
with ten FLAME expressions and five viewpoints per ex-
pression, yielding 25k images. Albedo is sampled from
54 textures covering diverse skin tones. Each pair shares
identity and lighting while expression and viewpoint vary
freely. At training time, we crop a square face region with
random margin and shift, updating intrinsics accordingly,
and apply pairwise appearance augmentation (color jitter,
gamma, CLAHE, RGB shift, blur, noise) coherently across
both views. We show representative samples of our ren-
dered scenes in Fig. 3.

Training Objective. We supervise not only rotation but
also translation and field of view, as we found that jointly
predicting all camera parameters improves rotation accu-
racy even when only orientation is needed at test time.
VGGT produces pose predictions at K stages. We super-
vise all stages with exponentially decayed weights:

K
I e W (k) ()
Lo = 30 (ML + Xl +2rLE), @)

Figure 3. Samples from our synthetic training set. Each row shows
a single identity rendered under varying viewpoints, expressions,
and HDRI environment maps.

where v is a decay factor. The translation loss is L7 =
|l — t||1 and the rotation loss operates in quaternion space:
Lr=14-dql-

For field-of-view supervision, we supervise the inter-
frame focal ratio rather than absolute focal lengths per
frame. Defining (¢) = log tan(¢/2), the focal loss is

Lr = [[(7(d2) = #(61)) = (r(d2) = r($))[|, - (5)
We set A7 = 1.0, A\g = 1.0, and A\g = 0.5.

Optimization. We fine-tune only the LoRA parameters
with AdamW and mixed-precision training, keeping the full
VGGT backbone frozen. Training runs for 200 epochs on
a single A100 64 GB GPU and completes in approximately
one day.

4. Experiments

4.1. Experimental Setup

Evaluation Benchmark. We evaluate on the BIWI Kinect
Head Pose Database [10], which provides ground-truth
6DoF head poses for 24 subjects recorded with an RGB-D
sensor. Since BIWI annotations are defined in the depth-
camera coordinate frame, we transform all poses to the
RGB-camera frame using the per-subject calibration param-
eters before evaluation. Face detection is performed with a
shared MTCNN [42] detector for all methods, following the
evaluation protocol of [13].

Baselines. = We compare against multiple head pose
estimation methods evaluated on BIWI, spanning both
rotation-only and 6DoF approaches: HopeNet [29], FSA-
Net [39], WHENet-V [44], 6DRepNet [13], TriNet [5], To-



Table 1. Cross-domain evaluation on BIWI. Rotation errors in de-
grees (lower is better). Best in bold, second-best underlined. Top:
numbers reported in original papers (from [6]). Bottom: repro-
duced under our shared MTCNN detection protocol. “Data” in-
dicates the training-data regime: synthetic-only (S), real-only (R),
or mixed (M; real images combined with synthetic augmentation /
synthetic pose expansion, e.g., 300W-LP).

Method Yaw | Pitch| Roll] MAE| Data

Reported numbers

Dlib [19] 11.86  13.00 19.56 14.81 R
3DDFA [45] 5.50 4190 1322 19.07 M
EVA-GCN [38] 4.01 4.78 2.98 3.92 M
HopeNet [29] 4.81 6.61 3.27 4.89 M
QuatNet [14] 4.01 5.49 2.94 4.15 M
Liu et al. [25] 4.12 5.61 3.15 4.29 M
FSA-Net [39] 4.27 4.96 2.76 4.00 M
HPE [16] 4.57 5.18 3.12 4.29 M
WHENet-V [44] 3.60 4.10 2.73 3.48 M
RetinaFace [8] 4.07 6.42 2.97 4.49 R
FDN [41] 4.52 4.70 2.56 3.93 M
MNN [32] 3.98 4.61 2.39 3.66 M
TriNet [5] 3.05 4.76 4.11 3.97 M
6DRepNet [13] 3.24 4.48 2.68 3.47 M
Cao et al. [4] 4.21 3.52 3.10 3.61 M
TokenHPE [40] 3.95 4.51 2.71 3.72 M
Cobo et al. [7] 4.58 4.65 2.71 3.98 M
img2pose [2] 4.57 3.55 3.24 3.79 M
PerspNet [ 18] 3.10 3.37 2.38 2.95 R
TRG [6] 3.04 344 1.78 2.75 M
VGGT-HPE (Rel., ours)  2.24 3.04 3.17 2.82 S

Reproduced under shared MTCNN protocol

6DRepNet [13] 3.74 4.95 3.04 391
TokenHPE-v1 [40] 5.57 6.23 3.79 5.20
TRG [6] 4.58 7.18 3.68 5.15

VGGT-HPE-Abs (ours)  4.90 7.01 3.53 5.15
VGGT-HPE (Rel., ours)  2.24 3.04 3.17 2.82

w2

kenHPE [40], img2pose [2], PerspNet [18], and TRG [6].
All baselines are trained on real-world data or mixed
regimes (e.g., real images expanded via synthetic pose pro-
filing like 300W-LP [45], ARKitFace [18], or combinations
thereof).

Evaluation Protocol. We report mean absolute error
(MAE) in degrees for yaw, pitch, and roll, along with the
overall MAE averaged across the three axes. For the rel-
ative model (VGGT-HPE), inference proceeds in two-view
mode: an anchor frame with known ground-truth pose is
paired with each target frame, the model predicts the rela-
tive rigid transformation, and the final target pose is recov-
ered by composing the prediction with the anchor pose.

4.2. Cross-Domain Evaluation on BIWI

Table 1 presents the main cross-domain evaluation, split
into two sections. The top section collects numbers re-
ported in the original publications (following the compila-

Table 2. BIWI hard benchmark (360 neutral-anchor / extreme-
query pairs). Rotation errors in degrees (lower is better). Best in
bold, second-best underlined. “Data” indicates the training regime
(S: synthetic-only, M: mixed) as defined in Table 1.

Method Yaw | Pitch] Roll{ MAE] Data
VGGT-HPE-Abs 40.74  18.65 33.66 31.02 S
TokenHPE [40] 21.85 2635 1934 2251 M
TRG [6] 8.95 33.88 8.87 17.23 M
6DRepNet [13] 1427 1891 6.81 13.33 M
VGGT-HPE (Rel., ours)  3.81 15.87 6.93 8.87 S

tion of [6]); however, these results are not directly compara-
ble, as each method uses its own face detector, crop strategy,
and evaluation subset. To enable a fair comparison, the bot-
tom section reproduces all methods under a shared evalua-
tion protocol using MTCNN [42] detection, following the
widely adopted setup of 6DRepNet [13]. For TokenHPE,
only the v1 checkpoint is publicly available, so we report
results with that model. For TRG, we observed that the au-
thors evaluate only on the subset of BIWI frames for which
their preprocessing pipeline (based on FAN and MTCNN)
successfully detects a face; since this filtering is not docu-
mented, we re-ran TRG under our shared protocol for con-
sistency. For VGGT-HPE (Rel.), we use as a fixed anchor
throughout each BIWI subject sequence the first frame of
each recording, requiring essentially only a single ground-
truth pose per subject rather than per-frame annotations.

In the reported-numbers section, VGGT-HPE (Rel.)
achieves the lowest yaw (2.24°) and pitch (3.04°) errors
among all methods, and the second-lowest MAE (2.82°),
behind only TRG (2.75°), while being the only method
trained exclusively on synthetic data. Under the controlled
shared protocol, VGGT-HPE (Rel.) achieves the lowest
MAE (2.82°) among the baselines.

The key takeaway emerges from comparing our two vari-
ants: VGGT-HPE-Abs, which shares the same backbone
and synthetic training data but operates in absolute single-
image mode, reaches only 5.15°, while switching to the rel-
ative formulation yields the best result in the table. This
confirms that the advantage is structural rather than archi-
tectural. Absolute methods must internalize a canonical ref-
erence frame from the training data, making them sensitive
to domain shift. The relative formulation sidesteps this by
predicting a displacement between two explicitly provided
views, removing the dependence on an implicit anchor.

In Fig. 4 we also show qualitative results among various
methods on the BIWI benchmark.

4.3. Controlled Anchor Benchmarks: Easy and
Hard Pairs

To study how prediction difficulty scales with the anchor—
target rotation gap, we construct two complementary bench-
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Figure 4. Qualitative results on BIWI. Each row shows a different subject. From left to right: the query frame, the anchor frame with its
known pose overlay, the ground-truth pose, our prediction (VGGT-HPE), and three baselines (6DRepNet, TokenHPE, TRG). Our method
produces pose estimates that are visually closer to the ground truth across a range of head orientations, including challenging near-profile
and upward-looking poses where absolute methods exhibit larger deviations.

marks from BIWI, each with 360 pairs per subject. In both
cases the anchor is near-neutral, so the absolute baselines-
which ignore the anchor entirely-are evaluated directly on
the target frames. In the hard benchmark these targets are
extreme poses; in the easy one they are near-frontal. This
lets us study how the different absolute and relative models
behave in both easy and hard (extreme) poses.

Hard-pair benchmark. Each pair is formed by select-
ing a near-neutral anchor frame and an extreme-pose query
frame, with a mean anchor—target rotation gap of approxi-
mately 70°. Results are shown in Table 2. The performance
gap between VGGT-HPE (Rel.) and the absolute baselines
widens substantially under these conditions: while 6DRep-
Net, the strongest absolute baseline, achieves 13.33° MAE,
VGGT-HPE (Rel.) reaches 8.87°, a 33% relative improve-
ment. The absolute variant of our model collapses entirely
to 31.02°, confirming once more that the benefits stem from
the relative formulation rather than the backbone.

Easy-pair benchmark. Here the situation is reversed:
anchor and target are both near-neutral, with a mean rotation
gap of only 3.82°. In this regime the absolute baselines are
evaluated on their easiest samples — target poses lie close
to the implicit canonical frame that these methods internal-
ize during training. Results are shown in Table 3. Even
in this favorable setting for absolute methods, VGGT-HPE
(Rel.) achieves 0.96° MAE, nearly three times better than
6DRepNet (2.80°) and the absolute VGGT variant (3.98°).
This result highlights a key practical advantage of the rela-
tive formulation: when the anchor—target gap is small, the
prediction problem becomes almost trivially easy.

4.4. Error Analysis: Relative Gap vs. Absolute Pose

The easy- and hard-pair benchmarks test two ends of the
difficulty range. Here we look at the full picture by binning
results in 5° increments along two axes: the anchor—query
rotation gap and the absolute query orientation.



Table 3. BIWI easy neutral-anchor benchmark (360 pairs; pair
delta mean: 3.82°). Rotation errors in degrees (lower is better).
Best in bold, second-best underlined. “Data” indicates the training
regime (S: synthetic-only, M: mixed).

Method Yaw | Pitch| Roll] MAE| Data
VGGT-HPE-Abs 5.62 2.26 4.06 3.98 S
TokenHPE [40] 341 5.99 1.43 3.61 M
TRG [6] 3.59 4.24 2.52 345 M
6DRepNet [13] 231 4.93 1.14 2.80 M
VGGT-HPE (Rel., ours)  1.17 0.74 0.97 0.96 S

Table 4. Ablation study on synthetic validation data and BIWI
(cross-domain). Rotation errors in degrees, sorted by decreasing
MAE on BIWI. Best in bold, second-best underlined. The abso-
lute single-image variant (Abs. Single) fits the synthetic distribu-
tion best but transfers worst to BIWI, while the full relative model
(VGGT-HPE) reverses this ranking — evidence that the relative
formulation transfers better across domains.

Synthetic BIWI
Variant Yaw | Pitch]l Roll| MAE| Yaw]| Pitch] Roll] MAE]

Adaptation strategy

Full finetune 38.00 3376 31.12 3429 2307 1790 10.05 17.00
From scratch 9.21 15.07  14.05 12.78 7.71 8.12 6.94 7.59
Head-only 3.82 6.50 5.89 5.40 18.08  15.17 8.25 13.83
LoRA (ours) 2.46 4.65 4.51 3.87 2.24 3.04 3.17 2.82

Loss and formulation variants (all LoORA)

Small-Gap 1703 2320 2177 2066 738 707 388 611
Abs. Pair 302 459 701 491 361 699 649 560
Abs. Single 244 403 324 324 490 701 353 515
T-Aux,NoFoV 294 545 601 480 294 391 390 359
No FoV 239 413 419 357 264 405 361 343
T-Aux 243 437 448 376 276 310 390 325
Geo Loss 228 399 376 334 295 324 332 317
Rot.-Only 240 431 406 359 258 348 332 312
Baseline 219 415 396 343 261 317 331  3.03
VGGT-HPE 246 465 451 387 224 304 317 282

Scaling with the Anchor-Query Gap. In Figure 5 we
bin anchor—target pairs by their ground-truth rotation gap in
5° increments and plot the per-bin MAE for each method.
Since for this test the anchor is always near-neutral, the gap
directly reflects how far the query deviates from frontal.
All methods exhibit increasing error as the gap grows, but
VGGT-HPE (Rel.) starts from a lower baseline and rises
more gradually than every absolute baseline, including our
own absolute variant. This directly validates the hypothe-
sis that relative head pose prediction is fundamentally eas-
ier, and that the advantage of the relative formulation grows
with the magnitude of the displacement being estimated.

Robustness to Extreme Poses via Close Anchors. Ab-
solute methods have no way to adapt at test time — they
always regress from a single crop relative to a fixed canon-
ical frame learned during training, and performance drops
as the target moves further from that reference. The relative
formulation does not have this limitation: the anchor can be
chosen to keep the prediction gap small, regardless of how

BIWI Neutral-Anchor Delta Sweep

60 —o= VGGTHPE (Rel) —4— TRG
0~ VGGTHPEAbs  —%— TokenHPE

—=- 6DRepNet

10 20 30 40 50
Anchor-query rotation gap (deg)

Figure 5. BIWI neutral-anchor evaluation as a function of anchor-
query rotation gap. The upper plot reports rotation MAE, while the
lower band shows the number of sampled pairs per bin. VGGT-
HPE remains the strongest method across the full range.

BIWI Query-Pose Sweep with Close Relative Anchors

=~ VGGT-HPE (Rel., anchor-query < 5°) == TRG
—~# VGGT-HPE-Abs —v— TokenHPE
—=- 6DRepNet
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Absolute query pose (deg)

Figure 6. BIWI query-pose evaluation as a function of absolute
query pose. For VGGT-HPE, each query is paired with a same-
subject anchor whose anchor-query geodesic gap is below 5°. The
upper plot reports rotation MAE, while the lower band shows the
number of sampled pairs per bin.

extreme the target pose is. Figure 6 tests this directly. We
sweep over absolute query pose but pair each query with
a same-subject anchor within 5° geodesic distance. The
absolute baselines degrade beyond 60°, while VGGT-HPE
(Rel.) stays below 2° MAE across the full range — the
curve is nearly flat. This shows that what matters for rel-
ative prediction is the anchor—query gap, not the absolute
pose of either view. With a close enough anchor, extreme
poses are no harder than frontal ones.

4.5. Ablation Studies

Table 4 presents ablation results on both the synthetic val-
idation set and BIWI. The top section compares adapta-
tion strategies for the VGGT backbone. Full fine-tuning
destroys the pretrained representations and performs worst
on both datasets. Training from scratch (i.e., without pre-
trained weights) does better but still lags far behind LoRA
on BIWI (7.59° vs. 2.82°). Head-only tuning is an inter-
esting case: it achieves reasonable synthetic error (5.40°)



Table 5. Relaxing the ground-truth anchor assumption on the full
BIWI set. The anchor pose is provided by an external absolute
model instead of ground truth. Rotation errors in degrees (lower is
better).

Method Yaw | Pitch] Roll] MAE |
VGGT-HPE (Rel., GT anchor) 2.24 3.04 317 2.82
VGGT-HPE (Rel., VGGT-HPE-Abs anchor)  4.56 5.28 342 442
VGGT-HPE (Rel., 6DRepNet anchor) 2.89 6.05 329 4.08
VGGT-HPE (Rel., TokenHPE anchor) 3.35 7.30 391 4.85
VGGT-HPE (Rel., TRG anchor) 4.02 12.03 7.13 7.73

Table 6. Relaxing the ground-truth anchor assumption on the hard
BIWI subset (360 neutral-anchor / extreme-query pairs). The an-
chor pose is provided by an external absolute model instead of
ground truth. Rotation errors in degrees (lower is better).

Method Yaw | Pitch] Roll] MAE]
VGGT-HPE (Rel., GT anchor) 3.81 15.87 6.93 8.87
VGGT-HPE (Rel., VGGT-HPE-Abs anchor)  6.93 1736 8.68 10.99
VGGT-HPE (Rel., 6DRepNet anchor) 4.81 19.36 6.62 10.26
VGGT-HPE (Rel., TokenHPE anchor) 5.92 20.31 7.44 11.22
VGGT-HPE (Rel., TRG anchor) 7.07 21.82  17.00 15.30

but collapses on BIWI (13.83°), suggesting it overfits to
the synthetic pose distribution without learning transferable
features. LoRA strikes the best balance, preserving the pre-
trained geometric priors while adapting to the facial do-
main.

The bottom section ablates loss and formulation variants.
The absolute single-image variant achieves the best syn-
thetic MAE (3.24°) but degrades to 5.15° on BIWI, while
VGGT-HPE reaches 2.82° — a clear sign that the relative
formulation transfers better across domains. The Small-
Gap variant performs worst on both datasets, confirming
that sufficient anchor—query displacement is needed during
training. Among the loss components, removing field-of-
view prediction (No FoV; 3.43°) and translation supervi-
sion (T-Aux, No FoV; 3.59°) each hurt cross-domain per-
formance. The geodesic loss and rotation-only variants are
competitive, but the full combination in VGGT-HPE yields
the best cross-domain result.

4.6. Relaxing the Ground-Truth Anchor Assump-
tion

A practical limitation of the relative formulation is that it
requires a known anchor pose at test time. To understand
how sensitive our method is to the anchor pose quality, we
replace the ground-truth anchor pose with the prediction of
an external absolute model. For each BIWI anchor—query
pair, we estimate the anchor pose using one of VGGT-HPE-
Abs, 6DRepNet, TokenHPE, or TRG, and use that predic-
tion as the reference for VGGT-HPE (Rel.). The model then
predicts the relative transformation with respect to the pre-
dicted anchor and composes it to recover an absolute query
pose. Since any error in the anchor estimate propagates di-

rectly into the composed query pose as a constant offset,
this setting is expected to increase the overall error propor-
tionally to the accuracy of the anchor model. Results on
the full BIWI set and the hard subset are shown in Tables 5
and 0, respectively.

Performance naturally degrades compared to using the
ground-truth anchor, but the drop is moderate when the an-
chor estimator is reasonably accurate. With a 6DRepNet
anchor, for instance, VGGT-HPE (Rel.) reaches 4.08° on
the full set — worse than with ground truth (2.82°), but
still competitive with the absolute baselines in Table 1. On
the hard subset the same trend holds: the relative pipeline
with a 6DRepNet anchor (10.26°) still outperforms every
standalone absolute method except 6DRepNet itself. These
results suggest that the ground-truth anchor requirement is
not a hard constraint — a reasonable absolute estimator can
provide a sufficient reference frame, and the relative formu-
lation remains beneficial even when the anchor is imperfect.

5. Limitations

The relative formulation requires a known anchor pose at
test time. As shown in Section 4.6, this requirement can
be partially relaxed by using the prediction of an absolute
model as the anchor, but performance degrades with an-
chor quality. In sequential settings—such as video confer-
encing, sign language recognition, and driver monitoring—
prior frames naturally serve as anchors, though using the
model’s own predictions auto-regressively can lead to er-
ror accumulation and drift over time. The flat error curve
in Figure 6 relies on access to geometrically close ground-
truth anchors; deploying the method in continuous temporal
settings would require periodic recalibration, multi-anchor
consensus, or external stabilization to prevent drift.

6. Conclusions

We presented VGGT-HPE, a relative head pose estimator
that reframes the problem as relative pose prediction be-
tween two views. Built on the VGGT geometry founda-
tion model, our method achieves the best results on BIWI
among all compared methods, despite training only on syn-
thetic data, while the same backbone in absolute mode
ranks among the weakest. This contrast alone highlights the
power of the relative formulation. Our controlled easy-pair
and hard-pair benchmarks show that the advantage holds
across the full difficulty spectrum and grows as the anchor—
target gap increases. The error-vs-gap analysis directly val-
idates the core thesis of this work: relative prediction is
fundamentally easier than absolute regression. Moreover,
unlike absolute methods whose implicit reference frame is
fixed at training time, the relative formulation offers the
flexibility to choose the anchor at test time, adapting the
difficulty of the prediction to the application at hand.
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