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Figure 1. Stable Signer V3. Given an input sentence or gloss sequence, our system generates signing motion (top), augments the body
with deformable face and body primitives (middle), and renders personalized 4K avatars (bottom). Columns show successive moments of
the same motion, with four male and four female avatars alternating in the bottom row.

Abstract

We present Stable Signer V3, an interactive high-resolution
sign language avatar system built on 4D Deformable Prim-
itive Splatting. It addresses three limitations of existing
avatars: restricted facial expression, inaccurate identity-
specific body deformation, and loss of fine appearance de-
tails. Shared Face Primitive Splatting adds transferable
superquadric primitives for richer expression control; Test-
Time Body Primitive Splatting learns an identity-specific
virtual muscle layer for more faithful motion; and Test-
Time Tunneling Super-Resolution uses TunnelingNet to
recover identity-specific high-resolution details. Both test-
time modules are optimized once per signer identity; infer-
ence then runs entirely from the stored identity parameters.
Together, they reduce facial geometry error by 71.4%, body-

boundary error by 35.1% across ten identities, and high-
resolution RGB reconstruction error by 24.2% on held-out
evaluations, while retaining interactive streaming.

1. Introduction

Sign language production aims to translate text or lexical
sequences into intelligible, natural, and expressive sign-
ing videos [7, 49, 57]. Sign language conveys informa-
tion through coordinated manual gestures, facial expres-
sions, head poses, and body movements [2, 43, 52, 78]. A
practical production system must therefore go beyond pre-
dicting skeletons or parametric poses: it must consistently
express these motions through avatars with diverse identi-
ties and appearances, preserve subtle expressions and visual
details, and meet the latency requirements of interactive ap-
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plications [16, 26, 62].

Existing approaches broadly follow two routes.
Text2Pose2Video synthesizes signing videos from inter-
mediate poses with pose-conditioned image or video
generation models [8, 48, 51, 54, 57, 58, 63]. Text2Avatar
predicts language-conditioned 3D signing motion and uses
it to animate explicit characters [1, 13, 20, 34, 77, 86].
Pose-guided human-video models provide additional tools
for this pipeline [5, 9, 35, 84]. Dictionary-based production
also exploits reusable signing segments and their transi-
tions [61, 63]. Pose generation models provide structured
representations of signing motion [7, 49, 52, 70, 73].
Within these pipelines, 3D Gaussian splatting [25] enables
efficient rendering, with recent extensions supporting
signing avatars [13, 20] and real-time upper-body anima-
tion [77]. Fine-grained signing remains a central rendering
challenge even with accurate 3D pose prediction and fast
rendering. The resulting motion is jointly constrained
by the local expressiveness of the parametric human
model, the compatibility between template deformation
and individual geometry, and the image decoder’s ability
to reconstruct fine details. We investigate how compact
adaptation mechanisms can improve signing expression by
building on existing motion and avatar priors.

Three challenges motivate this work. First, the com-
pact expression spaces of parametric face models such as
FLAME [30] suppress subtle local motion and impose a
geometric ceiling on facial detail. Second, shared skin-
ning and deformation rules cannot consistently accommo-
date identity-specific body shape and local surface mo-
tion [15, 28, 38, 85]. An avatar that appears plausible
in its reference pose can therefore develop local shape
errors as the pose changes. Third, general-purpose de-
coders can discard identity-specific high-frequency details
when reconstructing images from compact Gaussian fea-
tures [24, 71, 77]. These challenges concern facial control,
identity-specific body deformation, and high-resolution ap-
pearance, respectively. Together, they limit the quality of
existing sign language production systems.

To address these challenges, we introduce Stable Signer
V3, a sign language production system based on 4D De-
formable Primitive Splatting. Our key idea is to intro-
duce a learnable local deformation layer between the para-
metric human model and the avatar, separating shared fa-
cial motion capabilities from identity-specific body and ap-
pearance adaptation. We instantiate the deformable primi-
tives as superquadrics, allowing local residual deformations
to vary with pose and expression while preserving the ex-
isting human control interface and avatar bindings. Given
text or gloss input, the system uses SignSparK [34] for mo-
tion completion and GUAVA [77] for avatar initialization
and feature rendering. A shared facial layer learns local
residual deformations driven by FLAME expression, jaw,

and eye controls and transfers them to the avatar through
surface bindings. For the body, a pose-conditioned virtual
muscle layer is fitted to each identity from reference videos;
it corrects geometry before skinning so that bound Gaus-
sians follow the adjusted surface, with displacement and
smoothness constraints discouraging implausible deforma-
tions. For appearance, an independently normalized Soft-
max tunneling path uses terminal decoder semantics to learn
identity-specific high-resolution detail while preserving the
early Gaussian feature pathway. Test-time adaptation forms

a one-time per-identity character-preparation stage. The re-

sulting body and detail parameters serve every subsequent

sequence, cleanly separating identity adaptation from on-
line generation.
Our contributions are summarized as follows:

* Shared Face Primitive Splatting. A shared deformable
primitive layer enables more complex and controllable fa-
cial expressions.

* Test-Time Body Primitive Splatting. An identity-
specific virtual muscle layer adapts body deformation
from reference videos while keeping the avatar genera-
tion backbone frozen.

* Test-Time Tunneling Super-Resolution. A late tun-
neling path learns identity-specific high-resolution detail
from reference videos and stores it in the deployed de-
coder.

2. Related Work

Sign Language Production. Resources such as
WLASL [29], How2Sign [6], JWSign [10], and YouTube-
SL-25 [59] support research across lexical signs, continuous
signing, and multiple languages. Pose-conditioned video
synthesis has been explored through Text2Sign [57], Sign-
Synth [58], and Everybody Sign Now [48], with subsequent
work on appearance control, large-scale co-articulation, and
diffusion-based synthesis [8, 51, 54]. Broader human-
video synthesis develops pose-guided generation through
DreaMoving [9], Follow Your Pose [35], and MimicMo-
tion [84], with ControlVideo [83] and Wan-Animate [5]
further exploring controllable video generation and char-
acter animation. The 3D route combines signing-motion
generation [, 34, 86] with controllable avatar render-
ing [13, 20, 77]. For motion generation, some methods re-
trieve and concatenate signing clips from existing dictionar-
ies [54, 61, 63, 76], while others learn to predict continuous
motion from language inputs using progressive prediction
or motion primitives [49, 50, 52]. Motion modeling has also
explored adversarial training, skeletal graph structure, and
non-autoregressive generation [17, 47, 53]. Related text-to-
human-motion research studies diffusion-based synthesis
and language-like motion modeling [21, 60, 80], providing
a broader context for language-conditioned animation. Re-
cent motion generators explore discrete diffusion for gloss-



to-pose synthesis [70], autoregressive motion tokens [73],
and multilingual generation from text and prompts [7].
SignSparK [34] combines sparse keyframe control with
conditional flow matching to generate dense 3D signing
motion. Appearance transfer in skeletal pose sequences
further studies how signer-specific characteristics can be
changed while retaining signing motion [37]. Together,
these directions address motion accuracy, co-articulation,
appearance control, and efficient generation [16, 62]. We
build on this motion completion capability and focus on
facial, body, and appearance adaptation for personalized
avatar rendering.

3D Humans and Gaussian Avatars for Sign Language.
SMPL-X [40] provides joint body, hand, and facial con-
trols for animatable humans, while FLAME [30] models
facial shape, expression, and articulation. These parametric
representations support pose-driven signing avatars [1, 86].
Whole-body reconstruction methods, including SMPLer-
X and component-aware mesh recovery [3, 32], and dedi-
cated hand reconstruction [41] support detailed avatar con-
trols; DWPose provides complementary whole-body key-
point estimates [72]. Complementary work improves 3D
pose estimation for sign language [18] and resolves hand-
to-hand intersections [19], supporting more reliable motion
inputs. Accurate facial and body motion is particularly rele-
vant to signing, where non-manual cues contribute to mean-
ing [26, 78]. Building on 3D Gaussian splatting [25], Splat-
tingAvatar [55] embeds Gaussians on a deformable mesh
surface, while GART [28] learns forward skinning and la-
tent bones to capture articulated and non-rigid motion. Ar-
ticulated Gaussian models further explore cage-based defor-
mation in D3GA [85], monocular human reconstruction in
GauHuman [15], and efficient human rendering in ASH and
HiFi4G [24, 38]. Related efforts address monocular Gaus-
sian avatar reconstruction in GVA [33], image-based body
estimation in GST [44], and generalizable sparse-view syn-
thesis in GHG [27]. Expressive avatar reconstruction is also
studied by X-Avatar [56] and EVA [13], with EVA learn-
ing Gaussian human avatars from monocular RGB video.
SignSplat [20] adapts Gaussian avatars to signing through
sequence-level mesh fitting and Gaussian regularization,
emphasizing accurate hands and facial expressions. We re-
tain structured human controls and surface bindings while
adding a shared facial residual layer and identity-specific
body deformation.

Personalized Avatars and Test-Time Training. Video-
based character reconstruction has developed through Hu-
manNeRF [69] and NeuMan [23], with Vid2Avatar ex-
ploring self-supervised scene decomposition for videos in
the wild [11]. Efficient character preparation is explored
by InstantAvatar [22], which learns avatars from monoc-
ular video. Subject-specific optimization can recover de-
tailed avatar appearance: Gaussian Head Avatar [71] jointly

learns neutral Gaussians and an expression-driven deforma-
tion field for high-fidelity 2K head rendering. Reference-
conditioned image and video synthesis transfers appearance
from exemplar images [65, 75]. High-resolution condi-
tional synthesis and latent diffusion provide complemen-
tary image-generation frameworks [46, 64], with Control-
Net [79] and ControlNeXt [42] exploring additional con-
ditioning for image and video generation. For 3D avatars,
GUAVA [77] predicts an animatable upper-body Gaussian
avatar from a single image and refines rendered features
with a neural decoder. Lightweight adaptation offers a
way to reuse pretrained representations: LoRA [12] learns
low-rank weight updates, and LLaMA-Adapter [82] intro-
duces new conditioning through zero-initialized attention.
Adapters also connect pretrained visual representations to
dense prediction tasks [4]. These adaptation mechanisms
motivate compact trainable paths around a frozen back-
bone. We combine generalizable avatar initialization with
identity-specific adaptation of body geometry and high-
resolution appearance. Character reference videos super-
vise a body deformation layer and a detail module at the
decoder’s terminal stage, with the pretrained backbone held
fixed. Both modules are optimized once per signer, and on-
line signing directly reuses the stored parameters.

3. Method

3.1. Overview

Given text or gloss input, SignSparK [34] completes
dictionary-retrieved sparse poses into body, hand, and facial
controls {q;}7_;. GUAVA [77] initializes a surface-bound
Gaussian avatar from a reference image. We augment
this pipeline with shared facial deformation and identity-
specific body and appearance adaptation.

For signer s, aligned reference images, controls, and
cameras Vs = {I;, q;, 7+ } supervise image formation:

I, = Dy (Rx,[Gs(qr; ¢,05)]) (1)

where ¢ is the shared facial controller, 6 is the body adap-
tation, and G, transports Gaussians with the deformed sur-
face. The rasterizer R projects Gaussian features, and D,
decodes them into high-resolution RGB. Adaptation occurs
once per identity; inference runs from stored parameters.

3.2. Deformable Primitive Representation

Here 4D denotes pose- and time-conditioned primitive
transformations across motion sequences. A sparse field
blends control-dependent affine residuals over superquadric
supports. Primitive k has center cg, orthonormal frame Ry,
positive axis lengths aj, and normalized distance

di,(x) = ||diag(ar) 'R (x — cp)], - )
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Figure 2. Overview of Stable Signer V3. Motion controls drive an avatar through deformable primitives. Gaussian feature splatting and a

tunneling-enhanced decoder produce high-resolution signing videos.

The level set di,(x) = 1 defines a superellipsoid with fixed
shape exponents. Centers are initialized in bilateral pairs,
and local surface covariance determines orientations and
scales. The supports remain fixed during controller learn-
ing. Each surface sample receives a sparse neighborhood
N (x) with weights

exp|—2dy(x)?]
Zjej\/(x) exp[—2d;(x)?]’

Fixed reference-surface bindings blend controller-predicted
affine residuals (A, by,¢):

3)

wk(x) =

AXt = Z ’wk(X) [Akyt(xt — Ck) + bk,t] ) (4)
keN (x)

Here x; uses local coordinates. Zero-initialized controller
outputs preserve geometry. The field deforms the surface,
while bound Gaussians supply appearance.

3.3. Shared Face Primitive Splatting

The shared facial field is conditioned on
u® = [ey, ji, 01, 4], (5)

comprising 50 expression coefficients, three jaw param-
eters, six eye-pose parameters, and two eyelid controls.
Global head orientation is handled by the body rig. A mul-
tilayer perceptron maps normalized facial controls to the
affine residuals in Eq. 4. Common facial surface correspon-
dences provide the interface for transferring the shared con-
troller across identities.

Paired geometry from a tracked FLAME sequence uses
ten expression coefficients for the base and fifty for the tar-
get, with other controls identical. For corresponding surface
samples x;; and y,;, we minimize

1
@ Z wip(xe + AXyi — Yii)
(ti)€Q (6)

+)‘fEt||Tt||%"7

Eface =

where p is a smooth L; penalty, (2 indexes training sam-
ples, and T'; collects affine coefficients. Weights w; empha-
size lips and eyes. Appearance, opacity, and the decoder
remain frozen; compatible facial bindings transfer the con-
troller across identities.

3.4. Test-Time Body Primitive Splatting

An identity-specific virtual muscle layer covers the torso,
shoulders, arms, and wrists. Static and pose-dependent
affine corrections capture individual surface motion:

T, = tanh (TS + fy (B,)) , (7

where P, is the normalized 63-dimensional body pose.
Static and dynamic components capture shape and articu-
lation effects, with bounded coefficients limiting distortion.

The blended field modifies the canonical carrier before
skinning:

Vo = LBS(VE™ + S(AV, 1), ) - ®)

Here & smooths offsets along body mesh edges, preserv-
ing the head, hands, and motion controls. Template and UV
Gaussians follow corrected vertices and parent triangles, re-
spectively.

Differentiable rendering supervises a dilated visibility
region of body-bound Gaussians. Raw and decoded RGB,
gradients, SSIM [68], silhouette, and boundary losses en-
force video alignment:

Ebody = )\rﬁraw + )\c‘crgb + )\gﬁgrad + )\sﬁssim

9
+ )\m»cmask + )\b»cboundary + ﬁreg' ( )

Regularization penalizes affine magnitude, neighboring
translations, and mean vertex displacement. The avatar gen-
erator, appearance, and renderer remain frozen. Held-out
reconstruction guides selection.

3.5. Test-Time Tunneling Super-Resolution

A late Softmax tunnel adapts terminal decoder features into
identity-specific detail before RGB prediction.
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Let h;(p) be the terminal feature at location p. Learn-
able spatial keys and values {K; ,, Vs, 1. are initialized
from reference frames and optimized by video reconstruc-
tion. Interpolation to the feature resolution gives

exp(z:(p) ken (P)/V/7]

At n = 5 10

I ey YN
N

ﬁt(P) =hy(p) + W, Z at,n(p)vs’n(p)v (11)

Here N is the number of memory slots, z;(p) = W h;(p),
and 7 is the query/key dimension. Projections W, and W,
map into and out of the tunnel, while o ,, weights slot n.
Softmax normalizes slots per location; zero-initialized W,
preserves the original feature path.

Low-rank updates AW = BA, with trainable factors
A and B, complement the tunnel with pretrained weights
frozen. Training and inference use one StyleUNet [66]
pass; stored identity memory supplies the deployed infer-
ence path.

High-resolution reconstruction. Let J; be the decoded
RGB image and U, denote spatial upsampling by factor g.
The intermediate reconstruction is

ftmid = U, (J;) + ’Hs(flt, Jt), (12)

where H; is an identity-adapted PixelShuffle residual head.
A shared fully convolutional head refines aligned native-
resolution crops for 4K output. High-resolution target
patches preserve supervision detail.

Appearance objective. We learn appearance parameters
from aligned video frames with fixed geometry and Gaus-
sian features. Intermediate-resolution supervision com-
bines RGB, image-gradient, multiscale high-pass, detail-
band, local-contrast, perceptual, and low-frequency penal-
ties. The native-resolution head receives RGB, gradient,
high-pass, and local-detail supervision:

Laetait = AmiaLmia + Erp Y MaLa(I7 IF),  (13)
a

Here L,;q is the intermediate loss above; Apiq and A,
are nonnegative weights. The crop P is shared by pre-
diction and target, and a indexes the native-resolution loss
terms. Patch sampling preserves target-frequency informa-
tion while bounding training memory. Body and detail
adaptation are optimized with their respective frozen com-
ponents, yielding a geometric controller and an appearance
decoder for each identity. Online signing combines these
modules with the shared facial field and newly generated
motion.

4. Experiments

4.1. Experimental Setup

The evaluation covers facial expression reconstruction,
identity-specific body adaptation, and high-resolution detail
recovery.

Data and protocol. Controlled face and body studies use
chronological 80%/20% training—evaluation splits and fixed
optimization budgets; checkpoint selection uses the train-
ing segment exclusively. Detail adaptation is evaluated on
held-out frames, and cross-method rendering uses identical
poses, cameras, backgrounds, and target-defined crops for
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Figure 4. Face primitive reconstruction on a held-out frame.
Top: restricted FLAME. Bottom: SQ-corrected geometry, colored
by primitive assignment. The second column amplifies surface
deviations from the target by 5x for visibility. The third column
shows the full-expression target; the last shows unamplified geo-
metric error on a shared scale (darker indicates larger error).

every method. Scores are first aggregated per identity and
then macro-averaged.

Metrics. Facial geometry is measured by Euclidean point
error in the native shared tracked coordinates. Body adapta-
tion reports refined RGB L1, boundary L1, and SSIM [68].
Rendering comparisons use foreground PSNR [67] together
with SSIM and LPIPS [81] inside a shared ground-truth per-
son crop. Runtime measurements distinguish independently
warmed stage throughput from measured resident-pipeline
wall time. Semantic preservation is evaluated through fixed
back-translation using BLEU-4 [39] and ROUGE-L F1 [31]
on poses re-extracted from the rendered RGB videos.

4.2. Ablation I: Shared Face Primitives

We train the shared face layer on the tracked FLAME se-
quence provided with GUAVA [77], using a chronological
80%/20% training—evaluation split and a fixed optimiza-
tion budget. The restricted FLAME carrier and the full-
expression target share identical articulation, isolating the
expression geometry that our layer must recover.

Table 1 reports Euclidean error over all retained head
samples, including template- and UV-bound samples: mean
head error falls from 1.267 to 0.362mm (71.4%), and fa-
cial error falls from 1.492 to 0.518 mm. Figure 4 shows the
held-out midpoint with a shared error scale and 5x devia-
tion magnification. The shared primitive controller reduces
head error by 71.4% and recovers fine expression geome-
try across the face; region-wise results are provided in the
supplement.

4.3. Ablation II: Test-Time Detail Tunneling

Figure 6 compares frozen GUAVA, an Adapter, and our tun-
neling decoder through synchronized facial crops. The 512-
resolution baseline is enlarged for display. Both adapted

Method Head Face Lips
Restricted FLAME | 1.267 1.492 1.739
Face primitives 0.362 0.518 0.990
Reduction (%) 714 653 43.1

Table 1. Face reconstruction error (mm, lower is better). Av-
erage over the held-out 20% of the sequence. Head aggregates all
retained samples; face and lip metrics use their semantic subsets.
Held-out full-expression FLAME tracking provides the target ge-
ometry.

Body model | RGBL1 | Boundary L1] SSIM 1
Baseline 0.0649 0.0350  0.9038
K =512 0.0599 0.0282  0.9076
K =1,024 0.0575 0.0270  0.9096

Table 2. Body primitive count. Baseline and Body SQ use
the same chronological 80%/20% train—evaluation split for one
identity. Both SQ variants share the adaptation budget and loss
weights. Metrics are computed in the body region; RGB L1 uses
refined renderings.

Baseline

Adapter (L1 113.5%)

Ours (L1 124.2%)

Figure 6. Detail adaptation. Frozen baseline, Adapter, and our
tunneling decoder at the same timestamp. Circular insets mag-
nify identical facial regions. The baseline is enlarged from 512
resolution; both adapted outputs are generated at 1024. Parenthe-
ses report mean held-out RGB L1 reductions relative to the frozen
baseline.

outputs are generated at 1024 resolution, and the visualiza-
tion presents the combined effect of adaptation and native-
resolution decoding. All trainable variants use the same
frames, Gaussian features, targets, optimizer, and update
budget. On held-out frames, Adapter reduces mean RGB
L1 by 13.5%, while tunneling reduces it by 24.2% relative
to the frozen baseline.

4.4. Ablation III: Test-Time Body Primitives

Under a fixed 249-step adaptation budget and chronological
80%/20% training—evaluation split, Table 2 shows that in-
creasing K from 512 to 1,024 reduces refined RGB L1 from
0.0599 to 0.0575 and boundary L1 from 0.0282 to 0.0270.

Figure 5 compares frozen GUAVA with identity-specific
Body SQ under the same frame, pose, and camera; the
learned layer locally adapts the carrier around the torso and
upper arms.

Reference overlays locate the learned patches, carrier
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Figure 5. Test-time body adaptation. Frozen GUAVA (top) and identity-specific Body SQ (bottom). Columns show the rendered avatar,
reference frame with adapted SQ patches overlaid at 60% opacity, geometric carrier, target, and RGB error on a shared scale. The top-row
reference has no SQ overlay. We show the held-out moment with the largest body-region RGB error reduction in this clip.

views expose their geometric support, and RGB errors use
the same [0, 0.08] range with darker colors indicating larger
error, separating surface alignment from its effect on render-
ing. Figure 5 highlights the resulting geometric fit, and Ta-
ble 2 confirms simultaneous gains in RGB fidelity, bound-
ary alignment, and structural similarity.

4.5. Comparison with Existing Methods

Online efficiency. Table 3 reports warmed batch-one com-
ponent throughput on a single Quadro RTX 8000. Motion
synthesis and primitive deformation run at 198.7 and 320.9
FPS, while HD avatar rendering and 4K detail refinement
reach 52.0 and 47.6 FPS. In the resident pipeline, stages
overlap across streaming chunks. A warmed 784-frame,
three-chunk text-to-HD-avatar run completes in 31.0 sec-
onds wall time (25.3 generated FPS), including composi-
tion, motion synthesis, streamed rendering, encoding, and
chunk concatenation. Body and detail adaptation are per-
formed once for each new avatar and baked into the de-
ployed model; subsequent sequences run directly from the
baked parameters.

Back-translation evaluation. Table 4 tests whether the
proposed visual enhancement components alter the lin-
guistic content of the output. Both configurations render
the same motion sequence; the full configuration addition-
ally activates shared face primitives, test-time body prim-
itives, and detail tunneling. We re-extract signing poses
from each rendered video and translate them with the same
frozen back-translation model. Activating all three compo-
nents raises BLEU-4 from 25.6450 to 26.8897 (4.9%) and
ROUGE-L from 59.4771 to 61.7298 (3.8%). The complete
enhancement stack therefore improves geometric and ren-

Stage Output Throughput 1
Motion synthesis SMPLest-X [74] motion 198.7 FPS
Primitive deformation | Face and body primitives 320.9 FPS
Avatar rendering HD RGB 52.0 FPS
Detail refinement 4K RGB 47.6 FPS
Resident pipeline Text — HD RGB 25.3 FPS

Table 3. Online efficiency. Component rows report warmed
batch-one throughput on one Quadro RTX 8000. The resident row
reports measured wall-clock throughput over 784 frames, includ-
ing composition, motion synthesis, HD rendering, encoding, and
concatenation.

Configuration B-T BLEU-4t ROUGE-L?1
Enhancement disabled 25.6450 59.4771
Enhancement enabled 26.8897 61.7298

Table 4. Semantic preservation under visual enhancement.
Both configurations render identical motions. The enabled config-
uration activates shared face primitives, test-time body primitives,
and detail tunneling. Signing poses are re-extracted from the final
RGB videos and translated by the same frozen model.

dering fidelity while fully preserving the underlying signs.
Rendering fidelity. Table 5 first compares our system with
four reproducible open-source avatar methods at one shared
held-out pose for each of four input reference videos. We
compute PSNR inside the shared ground-truth foreground
mask and SSIM/LPIPS within the same ground-truth person
bounding box, then macro-average identities. The second
block evaluates our identity-adapted renderer against frozen
GUAVA using matched cached features and crops sampled
directly from held-out 4K targets.
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Figure 7. Qualitative rendering comparison. Each column corresponds to one method: LHM++, SplattingAvatar, GaussianAvatar,
ExAuvatar, Ours, and Ground Truth. Each row shows the same held-out identity and signing pose across methods; the comparison focuses

on facial detail, finger structure, and garment boundaries.

The second block measures identity adaptation by com-
paring frozen GUAVA and our complete renderer on the
same held-out subset from each of ten reference videos.
Both methods receive identical cached Gaussian features,
crop coordinates, and 768 x 768 crops sampled directly from
the held-out 4K frames. Macro-averaged over identities,
Stable Signer V3 raises PSNR from 19.418 to 21.790dB
and SSIM from 0.833 to 0.860, while reducing LPIPS from
0.245 to 0.226. This corresponds to a 2.372 dB PSNR gain
and an 8.0% relative LPIPS reduction over the frozen ren-
derer.

4.6. Qualitative Rendering Comparison

Figure 7 compares methods column by column on the same
sign-language sequence. The four published baselines are
followed by our method and Ground Truth. The shared
framing makes facial detail, finger articulation, and garment
boundaries directly comparable across columns. Across
identities and poses, our method preserves facial charac-
ter, articulated fingers, silhouettes, and garment boundaries
more consistently than the reproduced baselines.

5. Conclusion

We presented Stable Signer V3, a sign language produc-
tion framework combining shared facial primitives, test-

Method ‘ PSNR 1 SSIM 1 LPIPS |
Four-identity shared held-out-pose evaluation

LHM++ [45] 8.987  0.646 0.576
SplattingAvatar [55] | 18.396 0.764 0.348
GaussianAvatar [14] | 10.246 0.684 0.460
ExAvatar [36] 18.141  0.775 0.291
Stable Signer V3 19415  0.787 0.276
Matched held-out reference-video evaluation (10 identities)
Frozen GUAVA [77] | 19.418  0.833 0.245
Stable Signer V3 21.790  0.860 0.226

Table 5. Rendering fidelity. Macro-averaged results under two
matched protocols: shared held-out poses for four identities (top)
and crops sampled directly from held-out 4K targets for ten iden-
tities (bottom). PSNR uses GT foreground; SSIM and LPIPS use
the shared GT person crop.

time identity-specific body primitives, and a tunneling de-
coder for high-resolution appearance. Together, they unify
expressive control and personalized rendering through a
reusable deformable representation. Reference-video adap-
tation is performed once, after which the stored identity pa-
rameters drive subsequent signing sequences. On held-out
evaluations, the three modules reduce head reconstruction
error by 71.4%, body-boundary error by 35.1% across ten
identities, and high-resolution RGB reconstruction error by
24.2%, while retaining interactive inference. Future work
will broaden signer and motion coverage and include eval-
uation by proficient sign-language users.
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Stable Signer V3: 4D Deformable Primitive Splatting Is All You
Need for Sign Language Production

Supplementary Material

Region Restricted FLAME  Face primitives  Reduction

(mm)| (mm)| (7)1
Full head 1.267 0.362 714
Face 1.492 0.518 65.3
Lips 1.739 0.990 43.1
Left eye 1.029 0.587 43.0
Right eye 1.483 0.626 57.8
Forehead 1.047 0.339 67.6
Nose 1.009 0.477 52.7

Model RGBL1] BoundaryLl] SSIMT Disp. (m)}
Frozen carrier 0.0649 0.0350  0.9038 -
K =512, matched budget 0.0599 0.0282  0.9076 0.0111
K=1,024, matched budget 0.0575 0.0270  0.9096 0.0111
K=1,024, final checkpoint 0.0562 0.0230 09115 0.0125

Table 7. Body adaptation over the held-out segment. The first
three rows reproduce the controlled capacity study; the final row
reports the converged model on the complete held-out segment.

Table 6. Region-wise face reconstruction error. Mean Euclidean
point error on the held-out 20% of the tracked sequence. Both
methods use identical articulation and coordinates.

6. Evaluation Protocols

We expand the evaluation protocols, component analyses,
and deployment measurements presented in the main paper.
Supervision and evaluation occupy temporally disjoint seg-
ments, and checkpoint selection uses the supervision seg-
ment exclusively. Paired methods share motion, camera,
background, crop, and target data. The controlled face and
body studies use fixed optimization budgets.

6.1. Face primitive evaluation

We evaluate facial deformation on the tracked FLAME se-
quence distributed with GUAVA [77]. The first 80% trains
the shared primitive controller, and the final 20% measures
generalization to later motion. Restricted-FLAME and full-
expression geometry share the tracked global pose, jaw,
eye, and eyelid articulation, assigning their displacement di-
rectly to expression detail. We compute Euclidean error in
the common tracked coordinates.

The controller contains K =1,024 local primitives, four-
neighbor blending, and a compact residual MLP with
2.42M trainable parameters. We optimize it for 1,200 it-
erations using batch size 8 and a learning rate of 2 x 1073,
Table 6 resolves the aggregate head error into semantic re-
gions. Face primitives reduce error across the lips, eyes,
forehead, and nose, confirming that the improvement spans
the expressive facial surface.

6.2. Body adaptation evaluation

The body capacity study uses a chronological 80%/20%
split of one identity-specific reference video. We uniformly
sample a fixed evaluation subset and train the K=512 and
K=1,024 models for the same 249-step budget. Both con-
figurations share four-neighbor blending, optimizer, super-

Method RGB L1}, BoundaryL1] SSIMt
Frozen carrier 0.0661 0.0308 0.9086
Body primitives 0.0551 0.0200 0.9155

Table 8. Ten-identity body adaptation. Macro-average over tem-
porally held-out segments. The same model configuration and
evaluation code are used for all identities.

vision, and loss weights. Their objective combines raw and
refined RGB reconstruction, silhouette and boundary align-
ment, image gradients, SSIM, anchor regularization, and
spatial smoothness.

Table 7 further evaluates the final K=1,024 checkpoint
over the complete held-out segment. With the carrier and
renderer fixed, continued adaptation improves appearance
and boundary alignment. Its 1.25-cm mean displacement
shows that compact local corrections are sufficient to cap-
ture identity-specific body geometry.

We then fit the same K=1,024 configuration indepen-
dently to ten characters. Table 8 reports macro-averages
over their complete held-out segments. Body primitives
improve refined RGB L1, boundary L1, and SSIM for ev-
ery character, demonstrating consistent per-character adap-
tation across the full identity set.

7. Detail Tunneling Analysis

Native-resolution reference video supervises the detail
module with the Gaussian predictor and StyleUNet [66]
backbone fixed. Character preparation bakes the learned
identity parameters into the decoder, and online sequences
run directly through this personalized model. The design
concentrates reference evidence into a one-time adaptation
stage and preserves a single-stream inference path.

Table 9 compares the trainable alternatives under a
shared 900-step budget. LoRA and Adapter both improve
the frozen decoder; the independent late Softmax pathway
achieves the largest reconstruction gain. Increasing mem-



Method RGBL1] PSNR?t
Frozen decoder 0.0260 22.16
LoRA (r=32) 0.0234 22.62
Adapter (r=32) 0.0225 22.90
Tunneling (r=8, 64 slots) 0.0197 23.77
Tunneling (r=8, 128 slots) 0.0196 23.85

Table 9. Equal-budget detail adaptation. Every trainable
method is evaluated after 900 update steps on the same identity,
held-out frames, Gaussian features, and native-resolution targets.

ory from 64 to 128 slots adds only 0.08 dB. We therefore
adopt rank-8 tunneling with 64 slots as the default operat-
ing point.

At convergence, the selected 64-slot model reaches
0.0181 RGB L1 and 24.43 dB PSNR; the 128-slot model
reaches 0.0178 and 24.48 dB. This 0.05-dB gap shows that
64 slots capture nearly all of the detail gain, supporting the
selected default.

8. Per-Identity 4K Results

Table 10 reports native-4K results for all ten identities. Each
renderer receives identical Gaussian features and determin-
istic aligned 768 x 768 crops from held-out 4K targets. We
compute each identity score first and then macro-average,
giving every character equal weight.

PSNR?T SSIMT LPIPS]
Identity | GUAVA  Ours | GUAVA  Ours | GUAVA  Ours

S01 20.146 22.956| 0.8487 0.8715| 0.2243 0.1988
S02 18.903 21.538| 0.8452 0.8719| 0.2123 0.1900
S03 20.324 23.713| 0.8316 0.8715| 0.2189 0.2004
S04 19.554 22.304| 0.8105 0.8556| 0.2373 0.2220
S05 19.213 21.766 | 0.8460 0.8689 | 0.2294 0.2049
S06 20.653 22.549| 0.8483 0.8670 | 0.2453 0.2220
S07 18.199 19.631| 0.8240 0.8387 | 0.2862 0.2748
S08 18.434 20.675| 0.7829 0.8195| 0.2873 0.2744
S09 19.557 21.838| 0.8421 0.8664 | 0.2485 0.2273
S10 19.198 20.928 | 0.8527 0.8687 | 0.2645 0.2440

Mean | 19.418 21.790| 0.8332 0.8600| 0.2454 0.2259

Table 10. Per-identity native-4K rendering fidelity. The adapted
renderer improves all three metrics for every evaluated identity.
Identity labels are anonymized and fixed across columns.

9. Runtime and Deployment

Stage throughput and latency. On one Quadro RTX
8000, warmed batch-one throughput reaches 198.7 FPS for
motion synthesis, 320.9 FPS for primitive deformation, 52.0
FPS for avatar rendering, and 47.6 FPS for 4K detail refine-
ment. The resident pipeline overlaps stages across chunks.

A warmed 784-frame, three-chunk text-to-HD-avatar re-
quest completes in 31.0 seconds, yielding 25.3 FPS across
composition, diffusion, streaming render, encoding, and
concatenation. This wall-clock measurement captures the
concurrency of the deployed pipeline.

One-time character preparation. The shared face con-
troller transfers directly across characters. Character prepa-
ration fits the body and detail modules once and stores them
with the avatar. Each final K=1,024 body model contains
2.43M trainable parameters and occupies 9.6 MB. Across
ten identities, body adaptation averages 40.2 minutes on one
Quadro RTX 8000, with a 22.6-53.5 minute range driven
mainly by clip length. Online inference loads the resulting
character package directly.

Meaning of 4D deformable primitives. In our formula-
tion, 4D indexes primitive transformations by pose and time
throughout a motion sequence. The primitives supply local
deformable support for the surface-bound Gaussian avatar,
and Gaussian splatting rasterizes the resulting features. This
factorization adds expressive local control to the pretrained
parametric carrier while preserving its avatar representation
and rendering path.

10. Interactive User Guide

Figures 8 and 9 demonstrate the complete generation work-
flow in the Stable Signer V3 interface. A user can begin
with English text, an instruction-conditioned prompt, or an
editable gloss sequence, then select an avatar identity from
its reference thumbnail. After a single prewarm operation,
Generate Sign Language Avatar executes gloss composi-
tion, body, hand, and face motion synthesis, followed by
Gaussian-avatar rendering. The interface streams interme-
diate results and exposes the generated SMPL-X motion for
direct inspection. The same job can then be viewed as the
Gaussian avatar on black or white backgrounds, while com-
pleted requests remain available under Recent Generations.
This interface turns the full text-to-4K-avatar system into
a short, inspectable workflow and requires no manual ex-
change of intermediate files.
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Do native signers have difficulty reading written text?

Yes. This is a well-studied phenomenon. Deaf people whose first language is a sign language often do face difficulty when reading written language. The reason is not cognitive
ability. It is a matter of linguistics and language acquisition. Written language is essentially a visual encoding of spoken language. Hearing children already have years of
spoken-language immersion before reading; deaf children whose first language is ASL, CSL, or another sign language often approach English or Chinese as a second language,
and one without accessible spoken-language support. Empirical work in the United States, including Gallaudet-related longitudinal research, has often found deaf high-school
graduates around a fourth-grade median English reading level. Reports in mainland China similarly show delays in written Chinese, especially with function words, passive
constructions, complex clauses, metaphor, idioms, and forms that depend on spoken-language and pragmatic There is large variation: early sign-language exposure
and bilingual education, sign language as L1 and written language as L2, generally produce much better reading outcomes. This is a core motivation for SLP and SLT: text-to-
sign generation addresses a real accessibility gap in news, public notices, medical instructions, and educational materials.

But why do they not just learn text? Their parents usually know English text. In theory, should they not learn text first rather than sign language?

That intuition is natural, but it depends on a false premise. Parents knowing text does not mean a child can acquire text from them. Witing is not acquired directly; it is a
second-order system built on top of an already acquired natural language. Hearing children do not learn text first. They acquire spoken language from age zero to five, then
school teaches them to map that known language onto symbols. Deaf children often lack full access to that underlying natural language. You cannot skip language and teach
writing directly. The critical-period literature, including work by Mayberry and Newport, shows that early complete language input is crucial; language deprivation can
permanently harm later language, second-language learning, and reading. Sign language iis not a competitor to reading. It is the foundation for reading. Parents also cannot
provide rich language immersion through print: writing apple and pointing to an apple is sparse, slow, and abstract compared with realtime language in daily life. History already
tried suppressing sign language through oralism, especially after the 1880 Milan Conference, and the results were disastrous. The correct causal chain is this: deaf children do
not read poorly because they learned sign language. Deaf children with early access to a full sign language often learn written language better; those deprived of sign language
and forced to rely on incomplete speech or print usually have the worst text outcomes. For SLP and SLT, automatic text-to-sign generation is not a lazy compromise. It provides
information through an tural-language modality.
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Figure 8. Stable Signer V3 interface overview. The complete interface presents text or gloss input, signer identity, staged motion and
avatar outputs, execution state, and reusable results within one workspace.
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Figure 9. Stable Signer V3 interactive generation workflow. The interface exposes input translation, identity selection, stage-level
progress, motion inspection, and final avatar outputs in one view. The example loads the same completed generation across all output
modes.
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Figure 10. Instruction-conditioned generation. Prompt input, editable gloss, semantic fallback, signer identity, and the complete gener-
ation command remain visible within one uninterrupted workspace.
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(a) Runtime controls for devices, batching, temporal sampling, and sequence (b) Persistent generation history, measured throughput, and asynchronous
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Figure 11. Execution and inspection controls. Stable Signer V3 exposes reproducible runtime settings and keeps completed generations
available for immediate comparison.
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(a) Selected text opens a bottom-right signer with SMPL-X motion playback.

(b) The same selection switches directly to the rendered Gaussian avatar.

Figure 12. Contextual text-to-sign access. Highlighting a passage invokes the floating signer in place and provides both its 3D motion
and photorealistic avatar views without leaving the document.
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