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Fig. 1. High-fidelity strand-level hair reconstruction from casual handheld captures. Our method infers explicit, scalp-connected 3D strands from monocular
orbit videos. Each pair illustrates a reference frame alongside the reconstructed hairstyle. By leveraging a probabilistic volumetric field to represent local
orientation distributions, our framework overcomes the structural ambiguities in traditional unimodal representations. The approach robustly reconstructs
complex, subject-specific structures—including layered waves and densely tangled curls—without compromising high-frequency visible details.

High-fidelity multi-view 3D hair reconstruction from casual handheld cap-
tures remains a formidable challenge due to severe self-occlusions and the
intricate topology of individual strands. A critical bottleneck in existing 3D
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hair representations—both volumetric grids and continuous implicit fields—
is the reliance on deterministic spatial queries that assign a single local
orientation. This unimodal assumption inevitably collapses and averages
crossing or layered strands into erroneous directions, leading to a loss of in-
ternal structural details. To overcome this, we introduce SODF-Hair, a novel
framework that represents local hair structures using Spherical Orientation
Distribution Functions (SODFs). By encoding a multi-modal distribution
within each voxel, our SODF representation effectively resolves the struc-
tural ambiguities of tangled and overlapping fibers, preserving complex
local variations even under limited grid resolutions. Our pipeline explicitly
decomposes the reconstruction into exterior observation and interior com-
pletion. To bridge 2D image evidence into 3D, we first reconstruct a visible
hair-segment shell using fixed-scale oriented 3D Gaussian proxies. Their
elongated covariances yield projections that match the streak-like texture of
visible hair in the input images, enabling the recovery of fine visible segment
geometry while preventing the proxies from degenerating into free-form
blobs. We then formulate the recovery of invisible internal structures as an
inpainting task. A geometry-conditioned probabilistic model, leveraging a
compact latent SODF codec and rectified flow matching, predicts the miss-
ing multi-modal distributions within the closed volume. Finally, rather than
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prematurely committing to a single streamline, we assemble explicit scalp-
connected strands via a field-guided beam search and constrained graph
optimization. Extensive evaluations suggest that our approach faithfully pre-
serves subject-specific visible details while generating structurally coherent
internal strand geometry, demonstrating robust performance across diverse
hairstyles.

CCS Concepts: - Computing methodologies — Reconstruction; Shape
modeling; Neural networks; Computer vision.

Additional Key Words and Phrases: 3D reconstruction, orientation field, 3D
Gaussians, differentiable rendering
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1 Introduction

Hair is a crucial carrier of personal identity, and its realistic 3D mod-
eling is pivotal for high-fidelity digital humans in films, games, and
interactive avatars. However, reconstructing strand-level hairstyles
from casual multi-view captures remains a formidable challenge.
The inherent geometric complexity of real hair—characterized by
dense, layered, and tangled fibers—coupled with severe self-occlusion,
renders the recovery of complete interior structures fundamentally
under-constrained. Because optical evidence alone is insufficient to
resolve these occluded regions, the reconstruction relies heavily on
how the internal hair geometry is mathematically parameterized.
Consequently, the choice of 3D representation plays a decisive role
in determining whether complex local topologies can be faithfully
preserved or are inevitably smoothed out.

Existing volumetric and implicit methods predominantly com-
mit to a deterministic, single orientation per spatial query, a uni-
modal assumption that inherently struggles with complex fiber
geometries. Explicit voxel grids provide direct spatial access but are
fundamentally limited by memory and computation; under practi-
cal resolutions, multiple strand layers inevitably pass through the
same voxel. Forcing a single dominant orientation in such regions
collapses crossing or tangled strands into an erroneous average
direction [Saito et al. 2018; Zhou et al. 2018]. Conversely, contin-
uous neural implicit fields theoretically offer infinite resolution,
avoiding the voxel grid limitation [Kuang et al. 2022; Sklyarova
et al. 2023]. However, practical strand extraction still requires dense
discrete sampling. In current implicit formulations, the queried spa-
tial output is typically reduced to occupancy paired with a single
local orientation. This restriction prematurely discards local ori-
entation uncertainty, failing to capture the multi-modal nature of
intersecting fibers. Both paradigms suffer from making a premature
hard commitment, erasing high-frequency structural variations and
misleading subsequent strand extraction.

To address these representational limitations, we propose SODF-
Hair, a novel framework built upon Spherical Orientation Distri-
bution Functions (SODFs) to reconstruct high-fidelity, strand-level
hairstyles. Rather than forcing a single geometric direction at the
representation level, our SODF parameterizes a probabilistic, multi-
modal distribution of orientations within each volumetric cell. By
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uniformly discretizing the spherical domain to preserve sharp di-
rectional modes, this representation accommodates complex local
topologies—such as intersecting or layered strands—without de-
manding prohibitively dense spatial grids. It shifts the formulation
from deterministic vectors to probabilistic distributions, effectively
delaying discrete connectivity decisions until a global geometric
context can be evaluated.

Building upon the SODF representation, we formulate the compre-
hensive reconstruction of the hairstyle as a geometry-conditioned
volumetric inpainting task. Our pipeline explicitly decouples the
preservation of visible evidence from the inference of occluded in-
teriors. First, we reconstruct visible hair geometry using fixed-scale
oriented 3D Gaussian segment proxies. The elongated covariances
of these primitives naturally align with the streak-like texture of
visible hair, establishing a high-fidelity subject-specific completion
domain while filtering out image noise.

Second, rather than directly optimizing invisible regions from
2D images, we introduce SODF-Flow, a latent SODF inpainting
network driven by rectified conditional flow matching. To make
the high-dimensional spherical distribution tractable for generative
modeling, we compress the SODF into a compact yet expressive
latent space using a trained auto-encoder. Conditioned on the re-
constructed Gaussian segment shell and a scalp prior, SODF-Flow
predicts the missing multi-modal orientation distributions inside
the closed volume.

Finally, recognizing that a multi-modal probabilistic field does not
define a unique streamline, we replace conventional deterministic
ODE-based tracing with a multi-hypothesis strand assembly mech-
anism. By integrating field-guided beam search with constrained
graph-based topology selection, our approach thoroughly explores
the preserved local directional ambiguities. This ensures the gener-
ation of globally compatible, explicit scalp-connected strands while
preserving the observed high-frequency exterior details.

Extensive evaluations show that our approach outperforms state-
of-the-art methods, faithfully reconstructing intricate layered strand
patterns and compact volumetric structures for diverse hairstyles.

In summary, our main contributions are:

e We propose Spherical Orientation Distribution Functions
(SODFs), a novel volumetric representation that captures
multi-modal spherical hair orientation distributions, effec-
tively resolving the structural ambiguities and information
loss inherent in deterministic unimodal representations.

e We introduce fixed-scale oriented 3D Gaussian segment prox-
ies to accurately reconstruct visible hair boundaries from
rom casually captured images, providing robust geometric
constraints aligned with the streak-like texture of hair.

o We formulate interior hair generation as an inpainting prob-
lem conditioned on geometry, leveraging SODF-Flow via recti-
fied flow matching on a compact latent SODF space to predict
plausible interior multi-modal structures.

o We present a field-guided multi-hypothesis strand assembly
algorithm, combining beam search and graph optimization to
convert probabilistic orientation fields into coherent, scalp-
connected hair strands.
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2 Related Work
2.1 Hair Reconstruction and Inference

Reconstructing full 3D hairstyles requires balancing the fidelity
of visible exterior observations with the structural plausibility of
occluded interiors. Early observation-driven methods recover hair
volumes or visible geometry, primarily using multi-view stereo and
image-space orientation cues [Jakob et al. 2009; Luo et al. 2012,
2013a,b; Maeda et al. 2023; Nam et al. 2019; Paris et al. 2004, 2008;
Rosu et al. 2022; Shen et al. 2023; Wei et al. 2005]. Subsequent ad-
vancements leverage differentiable rendering with neural or explicit
primitives. For instance, GroomCap [Zhou et al. 2024] optimizes
a NeRF-based hair volume under dense calibrated capture, while
Dr.Hair [Takimoto et al. 2024] differentiably renders line segments.
These purely observation-driven approaches excel at preserving
high-frequency visible details. However, because occluded interior
regions are fundamentally under-constrained by optical evidence,
unregularized optimization often diffuses or hallucinates internal
structures, leading to incomplete or structurally unnatural strands.
To address the severe ambiguity in unobserved regions, researchers
have long relied on data-driven statistics. Early single-view methods
pioneered this direction by utilizing databases or manually designed
priors to retrieve, deform, and synthesize plausible hairstyles from
highly limited observations [Wang et al. 2009; Chai et al. 2015, 2016,
2012; Hu et al. 2015]. Later learning-based methods, such as Neural-
HDHair [Wu et al. 2022] and HairStep [Zheng et al. 2023], replace
database retrieval with neural intermediate representations to infer
dense 3D hair geometry from limited image evidence. For more
complex image-based settings, recent optimization frameworks reg-
ularize strand fitting with learned strand or hairstyle priors, as exem-
plified by Neural Haircut [Sklyarova et al. 2023]. Other image-based
methods, including GaussianHair [Luo et al. 2024] and Gaussian
Haircut [Zakharov et al. 2024], adopt strand-based Gaussian prim-
itives for differentiable hair modeling and reconstruction. Recent
single-image methods such as Im2Haircut [Sklyarova et al. 2025]
and HairOrbit [Jin et al. 2026] additionally leverage diffusion-based
priors or generated multi-view cues. While such learned priors
and generative cues significantly improve the global plausibility
of unseen regions, they may also bias the reconstruction toward
the learned dataset or generative manifold, smoothing out subject-
specific fine image evidence such as flyaways and complex curls.
Recognizing the tension between preserving visible evidence and
inferring hidden structures, MonoHair [Wu et al. 2024] proposes a
decoupled strategy: it first reconstructs a detailed outer line map
and subsequently infers the inner structure using a feed-forward
network [Kuang et al. 2022]. Our pipeline shares this decoupled
philosophy, utilizing fixed-scale Gaussian segments to establish a
robust completion domain. However, we fundamentally depart from
existing methods in how the internal geometry is mathematically
parameterized and generated, shifting from deterministic fields to a
geometry-conditioned generative inpainting framework.

2.2 Representations for Hair Geometry

The mathematical representation of hair geometry dictates the upper
bound of reconstruction quality. Existing paradigms can be broadly
categorized into global strand latents, explicit volumetric grids, and

continuous implicit fields, most of which inherently commit to a
deterministic geometric assumption.

Global Strand Representations. To make strand-level hair mod-
eling tractable, prior work develops hierarchical, parametric, and
procedural representations [Chang et al. 2025; Chen et al. 2024; He
et al. 2025], while generative methods encode individual strands or
complete hairstyles into compact latent spaces using VAEs [Rosu
et al. 2025; Sklyarova et al. 2023, 2024; Zhou et al. 2023]. Recent
strand generative models further extend this direction with stronger
conditional or autoregressive priors [Long et al. 2025; Luo et al.
2026]. While these global strand representations provide strong
macro-structure constraints for synthesis, they are typically orga-
nized by 2D scalp maps or sparse guide strands. Consequently, they
struggle to locally align with dense, layered, and mixed multi-view
image observations, often sacrificing local geometric accuracy for
global coherence.

Explicit Volumetric Representations. Representing hair with oc-
cupancy and orientation values on a 3D explicit grid [Saito et al.
2018; Zhang et al. 2018; Zhou et al. 2018] provides direct spatial
access, facilitating local completion and strand extraction. However,
explicit volumes are inherently bottlenecked by memory and com-
putational constraints. More critically, most existing grids mandate
a deterministic formulation, storing only a single dominant orienta-
tion per voxel. In complex hairstyles where multiple strand layers
intersect or tangle, this unimodal assumption inevitably averages
divergent fiber populations into a single invalid intermediate vector,
fundamentally failing to model local structural ambiguities.

The need to represent multiple local fiber directions also arises
in diffusion MRI (dMRI) tractography, where local fiber orienta-
tions are recovered from measurements whose sampling direc-
tions and counts vary across devices and protocols, typically from
tens to hundreds. To obtain a unified orientation representation
from such sparse angular samples and to model crossing fibers, Q-
ball [Tuch 2004] imaging and constrained spherical deconvolution
(CSD) [Jeurissen et al. 2014; Tournier et al. 2007] commonly use
spherical harmonics (SH) for great-circle integration in q-space and
response-function deconvolution. Recent SH-based methods, such
as Elaldi et al. [2024], learn neural response functions for deconvo-
lution; even high-angular-resolution tractography settings remain
on the order of hundreds of samples, e.g., 4 shells with 90 gradients
each (360 measurements) in DiSCo [Rafael-Patino et al. 2021], with
SH typically truncated to low orders such as lax = 10.

In contrast, layered hair induces sharper angular peaks than low-
order SH can preserve. Recent graphics work also organizes direc-
tion space using spherical Voronoi partitions or icosahedral spatial—
directional encodings [Di Sario et al. 2026; Weier et al. 2026]. We
discretize antipodal directions on an icosphere and compress the
resulting distribution with a topologically-aware auto-encoder, pre-
serving sharp multi-modal directions while enabling simple and
efficient queries.

Continuous Implicit Fields. Neural implicit fields encode occu-
pancy and orientations as continuous functions, theoretically by-
passing the resolution limits of explicit grids [Jin et al. 2026; Kuang
etal. 2022; Mildenhall et al. 2020; Sklyarova et al. 2023; Wu et al. 2022;
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a subject-specific completion domain and provide geometric conditions for field prediction. A geometry-conditioned probabilistic hair field predicts density
and multi-modal antipodal orientation distributions (p, O) inside this domain. Because the completed field provides probabilistic orientation distributions
rather than explicit strand connectivity, we extract visible chained segments, grow SODF-guided candidate paths by beam search, and assemble them into

explicit scalp-connected strands H using constrained graph optimization.

Zhou et al. 2024]. They have become the standard for sparse-view
orientation prediction and multi-view optimization. Nevertheless,
extracting explicit strands from implicit fields still requires dense
discrete sampling. In current formulations, the spatial query output
is commonly reduced to a deterministic local orientation. This forces
an early geometric commitment during evaluation, prematurely dis-
carding local orientation uncertainty and making it exceedingly
difficult to expose the full multi-modal nature of intersecting fibers
to the strand-growing stage.

In contrast, our approach introduces SODF as an explicit volu-
metric representation. Instead of assigning a single deterministic
vector, each voxel retains an antipodal spherical orientation distri-
bution. This design explicitly models local multi-modal orientation
mixtures, effectively accommodating the structural ambiguities of
layered strands. By integrating this probabilistic representation with
a multi-hypothesis beam-search assembly, we successfully preserve
complex local topologies that are otherwise lost in unimodal deter-
ministic representations.

3  Method

3.1 Overview

Given casually captured multi-view RGB images {I;}!¥

iz, of a target
hairstyle from a handheld monocular device, our objective is to
reconstruct explicit, scalp-connected 3D hair strands that are both
visually consistent with the input observations and structurally
plausible in occluded regions. To address the inherent ambiguity
of internal hair geometry, SODF-Hair follows a decoupled philos-
ophy: we deliberately separate the preservation of reliable optical
evidence from the generative inference of occluded structures, uti-
lizing Spherical Orientation Distribution Functions (SODFs) as the
core volumetric representation. As illustrated in Fig. 2, the pipeline
consists of three sequential stages.

Hair Shell Reconstruction (Sec. 3.2). To bridge 2D image observa-
tions with the 3D completion domain, we first reconstruct a dense,
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subject-specific visible segment shell S,;s. Rather than directly ex-
tracting strands from noisy multi-view orientations, we parame-
terize the visible region using fixed-scale oriented 3D Gaussian
segment proxies. These proxies explicitly capture high-frequency
visible details while filtering image noise. By fusing these optimized
segments with a fitted bust B, we establish a watertight spatial do-
main & that provides rigorous boundary conditions for downstream
volumetric completion.

Latent SODF Inpainting (Sec. 3.3). Within the closed volume &, we
formulate the recovery of occluded internal structures as a geometry-
conditioned inpainting task. To accommodate the multi-modal na-
ture of layered and tangled fibers, we represent local hair geometry
probabilistically using SODFs. To make this high-dimensional spher-
ical representation tractable, we compress it into a compact latent
space via an auto-encoder. Conditioned on the reconstructed seg-
ment shell and scalp normals, our DiT-based generative module,
SODF-Flow, employs rectified conditional flow matching to predict
the missing multi-modal density and SODF field (p, O) throughout
the interior volume.

Field-Guided Strand Assembly (Sec. 3.4). The predicted density and
SODF field (, 0) provides rich multi-modal directional likelihoods
but does not define unique streamlines. To convert this probabilistic
field into explicit scalp-connected strands without forcing a prema-
ture geometric commitment, we replace conventional deterministic
tracing with a multi-hypothesis assembly mechanism. By integrat-
ing field-guided beam search for path proposal with constrained
graph optimization for topology selection, this stage thoroughly
explores local directional ambiguities and ensures global structural
compatibility, yielding the final high-fidelity 3D hairstyle.

3.2 Hair Shell Reconstruction

This stage distills the multi-view observations into two geometric
outputs: a visible segment shell Sy;s that retains observed strand
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evidence, and a closed hair-completion volume & that specifies
where unobserved structure may be inferred.

Visible-Segment Initialization. For each calibrated view I;, we first
extract a hair mask M; using SAM2 [Ravi et al. 2025] and compute an
unsigned 2D orientation map ©; with log-Gabor filters. Following
the standard multi-view preprocessing of Wu et al. [2024], we fuse
these per-view cues into a coarse exterior line map, represented
as an oriented point cloud whose samples carry 3D position, local
tangent direction, and color. However, this initial geometry often
suffers from noise and topological holes due to severe self-occlusion
and weak texture. To robustly refine this initial geometry, we pa-
rameterize the visible hair region using fixed-scale 3D Gaussian
segment proxies. For each segment proxy gy, let t; denote its lo-
cal hair-axis direction and let R(tx) be the rotation that aligns the
anisotropic covariance with this axis. Unlike general 3D Gaussian
splatting designed for unconstrained volumetric radiance fields, we
explicitly enforce a strongly anisotropic covariance [Luo et al. 2024;
Zakharov et al. 2024; Zhou et al. 2024] for each segment g:

Sk = R(tx) diag((fﬁ, o2, 0%)R(te)", o> oL (1)

This parameterization makes each Gaussian a short, oriented seg-
ment that follows the streak-like structure of visible hair in the
images, while preventing it from degenerating into a free-form blob.

Bust-Aware Segment Optimization. To refine these proxies from
image evidence, the image-space losses should supervise only hair,
while the head geometry is still needed to account for occlusion.
We therefore keep the two representations separate and model the
bust as a mesh B, fitted by optimizing an SMPL-X [Pavlakos et al.
2019] model under multi-view mask constraints. Its projected body
and face contours are aligned with their corresponding semantic
masks, while the head region is constrained to lie inside the overall
foreground mask in each view, preventing the fitted scalp from
protruding beyond the observed hair silhouette. During hair-shell
optimization, 8 remains fixed. For each calibrated view, we render
a depth map of 8 and use it to exclude hair proxies whose projected
depths lie behind the bust; only the remaining view-visible proxies
contribute to the color, silhouette, and orientation losses. Thus, 8
accounts for head occlusion without contributing hair appearance
or direction.

We optimize these segment proxies through differentiable ren-
dering, driven by a joint objective:

Ls = Argergb +AaLo + Ao Lo. (2)

Here, L, combines L; and SSIM penalties for photometric fidelity,
L, is an L; loss between the rendered opacity and M;, and £, is a
sign-invariant cosine loss between the projected segment direction
and ©;. To avoid invalid direction averaging, an issue also noted by
GroomCap [Zhou et al. 2024], we render the orientation using the
tangent of the foremost visible proxy rather than alpha-blending
directions. In addition to standard 3DGS cloning and pruning, we
periodically remove proxies that remain occluded across all views
and receive no direct image supervision, keeping the representation
concentrated as a thin, surface-aligned shell.

Render Fuse e Subtract e

o
e —_— i,
\ - 9

(a) Hair segments  (b) Depth maps (c) Joint surface (d) Envelope
Fig. 3. Hair-envelope construction. The visible segment shell and fitted bust
B are jointly depth-rendered, fused into a closed mesh, and separated by

Boolean subtraction to obtain the completion volume &.

Upon convergence, the optimized segments constitute a dense
visible hair-segment shell Syis that faithfully captures local image-
consistent strand details.

Hair-Envelope Construction. The visible segment shell captures
observed exterior geometry but does not by itself define an interior
volume. To obtain the spatial domain required for volumetric com-
pletion, we construct a closed hair envelope jointly with the fitted
bust 8.

As shown in Fig. 3, we rasterize Sy;s as oriented line segments
jointly with 8 in each calibrated view to obtain multi-view hair-
bust depth maps. TSDF fusion and mesh closure recover a watertight
joint mesh, from which 8B is removed by Boolean subtraction. The
enclosed hair volume is

& =0Q(Sws UB)\ Q(B), ®)

Here, Q(Syis U B) denotes the joint volume reconstructed by depth
fusion, and Q(8B) denotes the bust volume. We further extract the
interface between & and the bust as the scalp surface Sgn. Then we
sample scalp roots R on Sgin using Poisson-disk sampling. Thus, &
defines the completion domain, S, provides scalp-normal condi-
tions, and R supplies root locations for downstream strand assem-
bly.

3.3 Latent SODF Inpainting

After obtaining the closed volume bounded by the visible hair-
segment shell and the scalp, we complete the SODFs in the invisible
interior. We formulate this step as a geometry-conditioned volu-
metric inpainting problem: the SODFs converted from visible hair
segments and the scalp normals serve as conditions, while the miss-
ing SODFs inside & are generated by the model. This is a conditional
generation task because only sparse orientation evidence is avail-
able near the observed hair, yet the output must infer a full field of
local orientation distributions throughout the interior. Since internal
strands are strongly correlated with exterior visible strands but are
not a simple smooth extrapolation, the completed SODFs should
remain consistent with the exterior hairstyle while preserving sharp
local orientation modes.

To this end, we introduce SODF-Flow, a DiT-based generative
model that performs SODF completion as inpainting conditioned
on visible hair segments and the scalp prior. The visible hair seg-
ments provide local orientation constraints observed from images,
while the scalp prior provides a geometric prior for plausible strand
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Fig. 4. Voxel-wise SODF representation. From left to right, the figure shows
a local voxel containing multiple hair orientations; the assignment of these
orientations onto a level-4 icosphere, where each antipodal face pair de-
fines one unsigned orientation bin and the red cross marks the antipodal
equivalent of the red assignment; the normalized antipodal orientation
distribution visualized as a heatmap on the icosphere; the corresponding
2560-D SODF vector s; stored for the voxel; and its UV unfolding U (s;)
used as the auto-encoder’s internal convolutional layout.

growth. SODF-Flow is responsible for generating SODF distribu-
tions inside the closed volume that are structurally consistent with
these sparse conditions.

SODF Representation. We represent local hair orientations with
an antipodal spherical distribution. The unsigned spherical domain
is discretized by the faces of a level-4 icosphere. Compared with
latitude-longitude grids, this near-uniform discretization avoids pole
and seam singularities, and its antipodal face pairs can be precom-
puted directly. By folding each antipodal face pair into one axis bin,
we obtain K = 2560 orientation bins. Let By denote the antipodal
face pair of bin k, and let a; be the corresponding representative axis.
Fig. 4 illustrates this discretization and the subsequent voxel-wise
accumulation of segment orientations.

For a voxel v;, each intersecting hair segment contributes its in-
voxel length to the antipodal bin of its direction. Let m; ; denote the
accumulated length in bin k. The normalized SODF is

Si’k=£n;k, k=1,...,K. (4)

j=1 i, j
We additionally store a scalar hair density p;, obtained by converting
the total in-voxel strand length into an estimated hair-volume frac-
tion. Unlike a deterministic orientation field, s; can retain multiple
local orientation modes in crossing, layered, or tangled regions. For
compact notation, we denote the collection of voxel-wise SODFs by

the field O, where O(v;) =s;.

Latent SODF Auto-Encoder. Each raw SODF is a high-dimensional
distribution over spherical axes. Directly training SODF-Flow to gen-
erate this distribution is computationally expensive and difficult to
optimize. We therefore train a SODF auto-encoder that compresses
each SODF into a compact latent code while preserving sharp and
multi-modal orientation patterns. The SODF itself is defined on the
K icosphere bins, which also serve as the domain for supervision.
Since this discretization is irregular for standard CNNs, we use a UV
chart only as an internal convolutional layout for the auto-encoder,
as shown in Fig. 4: the SODF is mapped to the chart, encoded and
decoded by CNNs, and then projected back to the same icosphere

ACM Trans. Graph., Vol. 45, No. 6, Article 192. Publication date: December 2026.
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Fig. 5. SODF-Flow. For each voxel, the input feature concatenates a 17-
dimensional noisy generation variable and a 21-dimensional condition vector.
The upper-left inset shows the condition encoding for Vi, Vhair, and Vigin:
fill voxels use an all-zero condition, visible hair-segment shell voxels provide
z‘i’is and the hair-shell mask, and scalp voxels provide n; and the scalp mask.
The upper-right inset shows that both the noisy variable and the output are
17-dimensional, with 16 dimensions for the SODF latent code and one for
density. The physical voxel size §, conditions the network separately.

bins:
zi = E4(U(si)), ©)
$; = H(D‘/,(Z,)) s Z; € RIS, (6)

Here, U(-) maps the axis distribution to the UV-domain chart, Eg4
and Dy, denote the CNN encoder and decoder, and II(-) maps the
decoded chart-space prediction back to the same K icosphere bins
and normalizes it into a valid SODF. The latent code z; is then used
as the compact SODF feature for SODF-Flow.

Two implementation details are used to make the chart-based
auto-encoder compatible with the structure of SODFs. First, because
hair orientations are unsigned, antipodal spherical bins are tied
when mapping between the icosphere discretization and the UV
chart. Second, since the horizontal boundary of the UV chart is a
continuous longitude seam, we use cyclic padding along this dimen-
sion rather than zero padding. The auto-encoder is trained with a
distribution-aware objective:

Lag = Asqrthqrt + Ajs-[js + AtenLten + AtatLiat- (7)

All reconstruction terms are evaluated after projecting the decoded
output back to the original K-axis spherical discretization. The

term qurt = ||\/(T) - \/6 ||§ measures reconstruction error in square-
root probability space, and the Jensen-Shannon divergence Ljs
further aligns the predicted and target probability distributions. To
preserve the dominant axial statistics, Len matches their probability-
weighted second-order orientation tensors. Finally, £, regularizes
the latent code to keep the compact representation well conditioned.

SODF-Flow. With the compact latent SODF representation, we
formulate interior completion as conditional inpainting in the latent
space, as illustrated in Fig. 5. We discretize the adaptive bounding
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box of & into an r X r X r grid. Because & is subject-specific, the
physical voxel size §, varies across hairstyles and is supplied to
SODF-Flow as a scale condition. For each active voxel, including
voxels in the closed hair-completion volume and scalp voxels, we
construct a voxel feature of dimension 38. If the active set con-
tains N voxels, this gives a voxel feature matrix in RVN>*3® before
patchification.

Each voxel feature is the concatenation of a noisy generation
state and a condition vector, as illustrated in Fig. 5:

hi(t) = [Xi(t),Ci] € RSS, Xi(t) (S R”, C; € RZl. (8)

Collecting all active voxels gives the voxel feature matrix
H; = [hy(2),....hy ()] € RV ©)
The first part, x;(t), is the noisy variable to be denoised by rectified

flow. Its clean target contains a 16-dimensional latent SODF code
and a one-dimensional density value:

vi = [z, pi] €RY. (10)

The second part, c;, is a 21-dimensional condition vector com-
posed of a 16-dimensional latent SODF of the visible hair-segment
shell, a one-dimensional hair-shell mask, a three-dimensional scalp

normal, and a one-dimensional scalp mask. According to the voxel
type, the condition is assigned as

0,1, v; € Van,
¢ =1]2%,1,05,0], 0; € Viair, (11)
[016,0,n;,1], 0; € Vikin,

where Vgj denotes voxels to be completed, Wy, denotes visible
hair-segment shell voxels, and Vi, denotes scalp voxels. Therefore,
voxels in the unknown interior have all-zero conditions; visible hair-
segment shell voxels provide only the corresponding latent SODF
and set the hair-shell mask to one; scalp voxels provide only the
scalp normal and set the scalp mask to one. This unified voxel feature
format allows the model to jointly observe the unknown region, the
visible hair segments, and the scalp voxels.

SODF-Flow uses a DiT backbone on sparse voxel features defined
over the active hair volume. We apply a 3D patchify operation,
where each 2 X 2 X 2 voxel block is grouped and linearly projected
into one DiT token:

Uy (1) = Pemp (vec{h;(2) | v; € P}), (12)

where P, is the m-th voxel patch and P, denotes the patch em-
bedding layer.

In our full-resolution setting, we use r = 128. The resulting active
sparse volume contains roughly 3 X 10° voxels per sample, making
full self-attention over all tokens computationally prohibitive. To
make full-resolution attention tractable, we adopt Spatial Sparse
Attention (SSA) [Wu et al. 2025] in the DiT blocks. For a token ul,
at layer I, SSA updates it using sparse key-value tokens selected
from the 3D token layout:

ui:{l =SSA (uin, {uil,pn 24:1), (13)

where p,, denotes the 3D coordinate of token ul,. SSA constructs
sparse interactions from the 3D token layout, combining spatial
compression, blockwise selection, and local window attention. This

- expanded paths —— active paths W=3

o—e—o chained segments o scalp roots

(a) initial paths

(b) expand beam (c) retain top-W paths

Fig. 6. Field-guided beam search for candidate path proposal. Start-
ing from a terminal, beam search expands the current active paths along
multiple directions, scores the expanded hypotheses by ¢ (P), and retains
the top-W paths as the next beam. This expand-score-retain process is
repeated until paths reach compatible endpoints or leave the SODF field.
Those paths form the candidate set Q.

enables spatially coherent reasoning over the full active volume
while avoiding the quadratic cost of global attention. The output
tokens are then unpatchified back to voxel-level 17-dimensional
predictions. The first 16 dimensions give the completed latent SODF
code Z;, and the last dimension gives the density p;. The decoder
maps Z; back to a completed per-voxel SODF §;, yielding the density
and SODF field (p, O) for the following maximum-likelihood strand
growth stage.

3.4 Field-Guided Strand Assembly

The completed density and SODF field (p, O) provides dense multi-
modal directional likelihoods, but it lacks root-to-tip polarity, ex-
plicit connectivity, and topological uniqueness. Converting this
probabilistic field into explicit strands requires resolving both local
structural ambiguity and global geometric compatibility. To avoid
the premature hard commitment inherent in conventional ODE-
based single-line tracing, we formulate strand extraction as a global
maximum-likelihood assembly problem.

Our framework uses three inputs: the fixed visible chained seg-
ments C obtained by merging visible segments from Sy, scalp
roots R sampled on Sgyin, and the completed density and SODF field
(p,0). Each chained segment is treated as fixed visible geometry
with two endpoints, and these endpoints are used as terminals to-
gether with the scalp roots. Let  denote the space of all possible
generated paths, and let 3 denote the family of topologically valid
path sets that satisfy spatial compatibility, scalp connectivity, and
endpoint constraints. The objective is to select an optimal forest ¥*
that maximizes the joint likelihood under the predicted field:

F* = P|50). 14
arg ,fgrgfl;gesgp( | 5,0) (14)

For a discrete path P = {(x, dt)}lill, its individual likelihood is

determined by the SODF directional support, the density confidence,
and a geometric curvature penalty:

P /1P|
];[ O(x, df)) 1)
‘llp(P§ p) ¥ (P).

p(P|p,0)

ACM Trans. Graph., Vol. 45, No. 6, Article 192. Publication date: December 2026.



192:8 « Zhongsi Tang, Jiahao Geng, Xinyuan Liu, Zhong Ren, Youyi Zheng, Yanlin Weng, and Kun Zhou

Algorithm 1 Field-guided multi-hypothesis strand assembly.

Require: Completed density and SODF field (, 0), visible hair-
segment shell Sy, scalp roots R, beam width W, max steps
Tinax

Ensure: Scalp-connected strands H

1: Step 1: Chain construction.

: Build fixed chained segments C from Sy;s.

: Terminal set 7~ < R U Endpoints(C).

: Step 2: Field-guided candidate path proposal.

: Global candidate set Q « 0.

: fore e 7 do

Active paths A, « initial paths from e.

Terminated paths Arerm «— 0.

fort=1,..., T do

A, — expand A, along possible directions.

Score P € A, by ¢(P).

A, — top W — |Aterm| paths in A,.

Move paths that hit another endpoint ¢’ € 7~ or leave the
SODF field as free-tip paths from ﬁz to Aterm-

14: A, « remaining paths in ﬁe.

15: if |Aterm| = W then

16: break

17: end if

18:  end for

19: Q—QuU Aterm-

20: end for

21: Step 3: Constrained topology selection.

22: Sort Q in descending order of ¢(P).

23 F 0.

24: for P € Q do

25:  if F U {P} € J then

26: F «— F U{P}.

27 end if

28: end for

29: Step 4: Strand concatenation and refinement.

30: Assemble C U F into continuous strands.

31: Apply endpoint attachment and spatial refinement.

32: return H

B R  = N

== = e
W N = O

Here, O(x,, d,) is the directional probability queried from the local
SODF along tangent d,. The factor 1/|P| length-normalizes the accu-
mulated directional support. This normalization prevents variable-
length paths from being biased merely by their sample counts, en-
suring that short and long strands are compared primarily by their
average probabilistic support. ¥, and ¥, represent the path-wise
density confidence and curvature regularizer, respectively.

Multi-Hypothesis Path Proposal. Directly optimizing the objec-
tive over the complete path space P is intractable. Furthermore,
greedy tracing that strictly follows the local maximum would dis-
card the preserved multi-modal orientation information, failing to
recover layered or tangled structures. Therefore, we utilize a field-
guided beam search, illustrated in Fig. 6, to propose a compact,
high-likelihood candidate subset Q C P.
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For computational stability, we rank candidates in the log-domain:

|P|
$(P) = ﬁ ;bg (O(xe.dy) + €0)

+1og ¥, (P; p) + log ¥ (P).

(16)

Starting from a set of terminals 7~ = R U Endpoints(C) (compris-
ing scalp roots and chained-segment endpoints), the beam search
maintains a state ¢ = (x, 7, e), where x is the current endpoint, 7
is the current path tangent, and e € 7 is the source terminal. At
each step, we query the local field (5(x), O(x)) and orient the un-
signed axes ay using the current tangent 7. The beam expands along
several different directions, retaining the top-scoring partial paths.
Beam search terminates a path when it reaches another compatible
terminal or exits the valid SODF domain. The latter is retained as
a free-tip candidate, whose exit point is interpreted as a strand tip
rather than an additional terminal; this avoids forcing an unsup-
ported terminal-to-terminal connection. These terminated paths
form the finite candidate set:

Q= U BeamSearch(e; p, 0). (17)
ecT

Constrained Topology Selection. While beam search provides high-
likelihood path fragments, not all candidates in Q can coexist. A
valid hairstyle must satisfy the strict topological constraints J: no
repeated endpoint usage, no direction conflicts within fixed chained
segments, no cyclic structures, and no spatial collisions.

Because exact subset optimization with such coupled constraints
is NP-hard, we deploy a score-ordered feasible insertion algorithm.
Starting with an empty selected set ¥ = 0, we iterate through
candidates P € Q in descending order of their log-likelihood ¢ (P).
A candidate is greedily inserted only if its addition maintains global
feasibility (F U {P} € 3J). This guarantees a globally consistent,
collision-free assembly that approximates the maximum-likelihood
objective.

Strand Concatenation and Refinement. Finally, we traverse the
selected forest 7, concatenating the accepted paths with the fixed
chained segments C into explicit strands. For any remaining short,
disconnected components, we attach them to nearby scalp-connected
strands if strongly supported by the SODF field. After removing
overloaded roots and resampling, the pipeline outputs the final
high-fidelity explicit strand asset H.

The complete procedure is summarized in Algorithm 1.

4 Experiments

To rigorously validate our decoupled reconstruction pipeline and
probabilistic field formulation, our evaluation is structured around
three core dimensions. First, we compare SODF-Hair against state-
of-the-art image-based hair reconstruction methods on established
public benchmarks and synthetic datasets. Second, we conduct com-
prehensive ablations isolating the three pillars of our pipeline: vis-
ible hair shell reconstruction, multi-modal probabilistic field pre-
diction, and field-guided strand assembly. Within the field analysis,
we specifically validate the superiority of the SODF representation
over deterministic and other compact parameterizations.



High-fidelity Multi-view Hair Reconstruction via Spherical Orientation Distribution Functions « 192:9

Reference

Reference

MonoHair  GaussianHaircut GroomCap Ours MonoHair  GaussianHaircut GroomCap Ours

Fig. 7. Qualitative comparisons on public video captures from the Neural Haircut dataset [Sklyarova et al. 2023]. Each row shows a captured subject from two
representative viewpoints, with the reference image followed by reconstructions from MonoHair [Wu et al. 2024], Gaussian Haircut [Zakharov et al. 2024],
GroomCap [Zhou et al. 2024], and our method. Compared with prior methods, our results more faithfully reproduce hairstyle-dependent geometry, including

curl clusters, layered strand flow, compact short-hair shapes, and overall hair volume across different viewpoints.

4.1 Experimental Setup and Metrics

Datasets and Baselines. Our evaluation utilizes three distinct data
regimens to thoroughly assess geometric fidelity and real-world
robustness. (1) Public Video Benchmark: For direct comparison with
prior work, we utilize multi-view captures from the Neural Haircut
dataset [Sklyarova et al. 2023]. We compare against strong baselines,
including MonoHair [Wu et al. 2024], Gaussian Haircut [Zakharov
et al. 2024], and GroomCap [Zhou et al. 2024]. (2) Synthetic Bench-
mark: For a fair quantitative geometric evaluation, we use held-out
strand-based MetaHuman Groom assets [Epic Games 2026], whose
asset source is entirely different from our training data.

We render calibrated input views and image-space cues along
handheld orbit trajectories. The field-prediction generative model is
strictly isolated from this test set. (3) Real In-the-Wild Captures: We
evaluate on 15 custom handheld orbit videos featuring diverse hair
topologies (short, medium, long, straight, curly) to assess robustness
under unconstrained casual capture conditions.

Macro-Geometric Metrics. Following standard strand-reconstruction

protocols, we uniformly sample reconstructed and ground-truth
strands by arc length to obtain oriented point sets Prec = {(x,t)}

and Py = {(y,s)}, where tangents are axial (unsigned). We report
Accuracy (Acc.) and Completeness (Comp.) distances in millimeters:

1

dace = 5 min  [|x = y|lz, (18)
o |Prec| (%1) € Prec (y.8) € Pyt
1
dcomp =157 Z min |Ix -yl (19)
|Pgt| (y,S)E?gt (%.t) € Prec

alongside the symmetric Chamfer distance (Cham.) depam = %(daCC +
dcomp)’

We also compute strand-level Precision (Prec.), Recall (Rec.), and
F-score. A sampled point is considered matched only if both its
position and orientation are within the chosen tolerances: ||x—y||2 <
4 and arccos(|t"s|) < 7,. We report the main Precision (Prec.)
and Recall (Rec.) at (2mm/20°) and include F-scores denoted as
F/20, F330, and Fy/49 at (2mm/20°), (3mm/30°), and (4mm/40°),
respectively.

Probabilistic Field Fidelity Metrics. A core premise of our approach
is the preservation of multi-modal directional ambiguity. Therefore,
evaluating the field requires moving beyond deterministic vector
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metrics. We voxelize ground-truth strands to extract the true orien-
tation distribution sgt. Given a predicted orientation distribution sj,
its unnormalized second moment tensor is:

K

Q(si) = ) sikaxay. (20)

k=1

While we report the standard deterministic Orientation Error (using
the dominant eigenvector of Q(s;)), this metric intrinsically col-
lapses multi-modal information. To rigorously evaluate the preser-
vation of overlapping structures without penalizing multi-modality,
we introduce the Moment Error (Moment Err.):

g = o) - 02 (21)

F
For orientation-parameterization and latent-code ablations, we fur-
ther measure distribution similarity on the exact antipodal icosphere
using Spherical Jensen-Shannon Divergence (Sph. JSD), L; proba-
bility error (L1 Err.), Moment Error (Moment Err.), and Mode Error
(Mode Err., angular error between dominant modes). We use the
condition number of the latent whitening transform (Lat. Cond.)
to reflect how well-conditioned the learned latent space is before
SODF-Flow training.

For field-representation analysis, we additionally evaluate Den-
sity IoU (Dens. IoU), voxel Chamfer (Vox. Cham.), Axis Error (Axis
Err.), and SODF Jensen-Shannon Divergence (SODF JSD). Dens. IoU
and Vox. Cham. measure occupied support, Axis Err. compares dom-
inant axial directions on the overlapping support, and SODF JSD
compares orientation distributions after converting deterministic
directions to soft one-hot distributions on the antipodal icosphere.

4.2 Implementation Details

Both learned components are trained once on hairstyles from the
public DiffLocks dataset [Rosu et al. 2025], whose length, curliness,
and density parameters are randomized.

Hair Shell Reconstruction. Each subject is initialized with 5.61 mil-
lion Gaussian segment proxies on average and retains 1.92 million
after optimization. We fix o, = 5%107°> m and o = 1073 m, while
optimizing position, rotation, opacity, and color. We use Argp, = A, =
Ao =1, with L; and SSIM weighted by 0.8 and 0.2 within .L,4;,. The
cross-view visibility pruning described in Sec. 3.2 is applied every
3,000 iterations.

SODF Auto-Encoder. We use 1,000 hairstyles and sample 4,000 vox-
els per hairstyle, balancing simple, high-entropy, and high-complexity
distributions. Its four-block encoder and decoder are optimized with
AdamW at a learning rate of 1073, We set (Asqrt Ajss Atens Alat) =
(16,0.25,0.05,107%).

SODF-Flow. We use 22,388 DiffLocks hairstyles for training and
reserve 2,523 for testing. SODF-Flow uses a DiT backbone with 20
transformer blocks operating on sparse voxel features. We train it
with AdamW for 12K steps at r = 64 with a learning rate of 1074,
then fine-tune it for 15K steps at r = 128 with a learning rate of
5%107°. At r = 128, §, spans 1.62-4.86 mm for synthetic training
data and 1.74-4.68 mm for real captures.
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Field-Guided Strand Assembly. We sample 100,000 scalp roots
using Poisson-disk sampling and set W to 3 for root terminals and 4
for visible-chain terminals. The maximum number of tracing steps
i Tax = 224, with a step length of 0.75 voxel, and final strands are
resampled at 3 mm intervals. Across 22 reconstructions, selected
free-tip paths comprise roughly 5% of strands for short hairstyles and
12% for medium-to-long hairstyles; they occur mainly in occluded
interiors and have limited visible impact.

Training Cost. The learned components are trained once. Training
the SODF auto-encoder for 1.12M steps takes 5.5 h on one RTX 4090.
On eight RTX 5090 GPUs, the 12K-step r = 64 stage of SODF-Flow
takes approximately one day, followed by approximately two days
for 15K-step fine-tuning at r = 128.

Runtime Cost. We benchmark reconstruction on six cases from
the public Neural Haircut video dataset, running our method and
the released implementations of MonoHair and Gaussian Haircut on
the same workstation with one RTX 4090 and an i7-13700KF CPU.
Our method takes 54.2 min per subject on average. Hair Shell Recon-
struction accounts for 46.6 min: 13.9 min for oriented point-cloud
initialization, 8.5 min for SMPL-X fitting, and 24.2 min for segment
optimization and envelope construction. Latent SODF Inpainting
and Field-Guided Strand Assembly take 1.7 min and 5.9 min, re-
spectively. The directly measured runtimes are 4.7 h for MonoHair
and 4.2 h for Gaussian Haircut. GroomCap is not publicly released
and is therefore excluded from this benchmark; its paper reports
approximately 33.5 h per subject [Zhou et al. 2024].

4.3 Comparison with Prior Work

Public Video Captures. Fig. 7 provides qualitative comparisons on
the Neural Haircut benchmark. We specifically focus on regions
where the preservation of subject-specific multi-modal geometry is
critical, such as flyaways, local strand crossings, and dense curl clus-
ters. While strong baselines like MonoHair and Gaussian Haircut
capture general global shapes, they frequently smooth out intersect-
ing strands or hallucinate overly uniform flows due to their deter-
ministic orientation or diffusion priors. In contrast, by decoupling
visible evidence preservation from probabilistic internal inference,
our method faithfully reproduces complex layered strand flows and
compact structural volumes across all viewpoints.

To further examine how each method completes self-occluded
regions, Fig. 8 compares planar cutaway renderings under the same
cutting plane for the examples corresponding to Fig. 7. The exposed
interiors reveal different reconstruction behaviors that are less ap-
parent from exterior views alone: the prior-free GroomCap result
preserves visible surface evidence but often produces vertically
aligned bundle artifacts in hidden regions, whereas methods with
stronger hairstyle priors yield smoother interiors with attenuated
local variation. Our SODF completion maintains interior flows that
follow the visible curls and layers while preserving finer strand-level
structure.

Held-Out Synthetic Data. We further conduct qualitative and
quantitative analyses on held-out synthetic data. GroomCap [Zhou
et al. 2024] is not included in these synthetic comparisons because
its implementation is not publicly available. Fig. 9 visualizes one
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GaussianHaircut

MonoHair

GroomCap Ours

Fig. 8. Cutaway comparison on public video captures. Each column uses
the same wedge-shaped cutaway oriented toward the viewing direction
for one compared method or our result, with a small inset showing the
corresponding uncut hairstyle. The exposed regions highlight how different
representations complete internal hair geometry: GroomCap tends to form
vertically aligned hidden bundles without a learned interior prior, while
methods with stronger hairstyle priors produce smoother but less detailed
interiors. Our method recovers internal structures that remain consistent
with the exterior hairstyle and retain local strand variation.

held-out synthetic hairstyle together with its corresponding planar
cutaway results. The comparison shows that our reconstruction
preserves rich layered details on the visible surface while forming
a coherent interior structure after cutting the hairstyle open. In
contrast, competing methods either lose high-frequency exterior
variation or expose sparse and less organized hidden strands. In ad-
dition, Table 1 shows that our method achieves the best performance
across all hairstyle accuracy metrics on the held-out synthetic test
set, further demonstrating its effectiveness for high-fidelity hair
reconstruction.

Real Handheld Captures. Fig. 10 demonstrates our system’s ro-
bustness on 15 unconstrained handheld orbit videos encompassing
highly diverse hair topologies. Across extreme variations in length,
curliness, and observation quality, our method consistently recon-
structs explicit, scalp-connected 3D hair assets that maintain strict
multi-view geometric consistency rather than degrading into view-
dependent approximations.

I |

v ¥
h | ’
Reference MonoHair GaussianHaircut Ours

Fig. 9. Validation on held-out synthetic data. The first row shows the uncut
hairstyle and the second row exposes the internal structure using the same
cutaway rendering protocol. With the synthetic reference as ground truth,
our result is closer to the reference both externally and internally: it retains

layered surface details while producing a plausible dense interior that fol-
lows the hairstyle structure.

Table 1. Quantitative comparison of MonoHair [Wu et al. 2024], Gaussian-
Haircut [Zakharov et al. 2024], and our SODF-Hair on held-out synthetic
hairstyles. Distances (accuracy, completeness, and Chamfer) are reported
in millimeters. Precision and recall use the 2mm/20° position-orientation
threshold; F-scores under looser thresholds are also reported. Here, bold
numbers denote the best performance and underlined numbers denote the
second-best.

Method Acc.| Comp.| Cham.| Prec.T Rec.T Fy20T Fss0 T Fajao T
MonoHair 0.822 1.266 1.044 0.744 0.597 0.662 0.803 0.898
GaussianHaircut 1.367 0.813 1.090 0.644 0.817 0.720 0.836 0.899
Ours 0.639 0.495 0.567 0.856 0.820 0.838 0.935 0.972

4.4 Analysis of Hair Shell Reconstruction

It is crucial to note that this stage is designed strictly to establish a
watertight geometric boundary condition for downstream comple-
tion, rather than functioning as a standalone rendering technique.
Fig. 11 isolates the architectural necessity of our optimization and
anatomical constraints. The w/o Optimization baseline, which re-
lies purely on voxel centers and MVS-derived directions, provides
only noisy coarse exterior support and fails to form a continuous
envelope near high-frequency regions like the hair part. While seg-
ment optimization improves local flow, removing the anatomical
depth constraint (w/o Body) allows segments to erroneously leak
into or behind the scalp, creating topological holes. By integrating
fixed-scale segment optimization with rigorous body-aware visi-
bility constraints, our full formulation successfully distills noisy
observations into a continuous, high-fidelity boundary shell. This
isolates the unknown interior from the exterior, establishing a robust
completion domain & for the latent SODF.

We further evaluate the impact of observation density on the
visible hair shell reconstruction. As shown in Fig. 12, we compare
the geometric fidelity of the optimized shell using 16, 32, 64, 128,
and 256 views. Under sparse observation conditions (e.g., 16 or 32
views), the segment proxies lack sufficient multi-view optical con-
straints, yielding fragmented exterior boundaries and unresolved
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Fig. 10. Strand-level reconstruction results on casual handheld captures. For each example, we show a representative input frame and the corresponding
reconstructed 3D hairstyle rendered from a similar viewpoint. The results cover a range of hair lengths, styles, and viewing directions. Fine strand-level details

are most clearly visible in the full-resolution electronic version.

local structures. At 64 views, the optimization reliably converges
to a plausible geometric boundary, successfully establishing the
rigorous completion domain & required for downstream volumetric
inpainting. Providing additional views beyond this threshold pri-
marily refines high-frequency localized features, as complex hair
regions receive valid stereoscopic coverage from a wider baseline,
while the macroscopic shell topology remains stable. The improve-
ment also gradually saturates: the change from 128 to 256 views
is noticeably smaller than that from 64 to 128 views. Furthermore,
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the optimization runtime remains largely invariant to the input
view count in this comparison, because all view-count settings are
optimized with the same number of GS iterations. Thus, increasing
the number of views changes the amount of available supervision,
but not the optimization budget used for convergence. We therefore
use 256 views for fixed-scale Gaussian segment optimization in all
experiments, maximizing visible-detail coverage while keeping the
optimization budget fixed.
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Reference w/o Optimization w/o Body Full
Fig. 11. Ablation of visible hair geometry reconstruction. The w/o Optimize
column renders the initial coarse exterior, which is noisy and has not yet
formed a complete visible envelope. The w/o Body variant optimizes the
same proxies without body-depth visibility, leading to holes near the hair
part. The full stage keeps the anatomical visibility constraint, producing
more continuous visible support and a better hair-volume envelope for

downstream completion. The bottom row shows zoomed-in crops of the
marked region.

16 views 32 views 64 views 128 views 256 views

Reference

Fig. 12. Effect of view count on visible hair-segment shell reconstruction.
From left to right: reference image and optimized results using 16, 32, 64, 128,
and 256 views. Increasing the number of views improves visible coverage
and recovers more high-frequency hair details.

4.5 Analysis of Latent SODF Inpainting

We analyze the latent SODF inpainting stage along three axes: the
compact parameterization of SODF distributions, the design of the
latent SODF auto-encoder, and the effectiveness of SODF-Flow for
completing invisible interior hair structures.

Compact Distribution Parameterization. Fig. 13 compares three
compact parameterizations at comparable intrinsic capacity. An-
tipodal SH with L = 4 uses 15 coeflicients, a symmetric vMF mix-
ture with K = 4 uses 20 explicit parameters but has 15 effective
degrees of freedom, and our latent SODF uses a 16-dimensional
code. Low-order SH smooths sharp modes, while a fixed-size vMF

(a) Reference (b) GT (c) SH

(d) vMF  (e) Ours

Fig. 13. Ablation of orientation-distribution parameterization. The left col-
umn shows a reference view and crop regions for three selected visible
voxels. For each voxel, we compare the voxelized ground-truth antipodal
orientation distribution (GT), antipodal spherical harmonics with degree
L = 4 (SH), a symmetric von Mises—Fisher mixture with K = 4 components
(vMF), and our 16-dimensional latent SODF. Each row uses a voxel-specific
sphere view chosen from the GT distribution, shared by all methods.

1
e ‘ e ° ‘ .
0
GT LD 4 LD 8

LD 16 LD 32

Fig. 14. Qualitative Ablation of Latent SODF Code Dimension on a repre-
sentative SODF sample. Low-dimensional codes preserve only fragmented
peaks, whereas 16 dimensions recover the main asymmetric structure and
32 dimensions further refine the support and probability mass.

Table 2. Quantitative Ablation of Latent SODF Code Dimension. The same
auto-encoder architecture and loss are used for all reported variants.

Latent dim. Sph.JSD | L1Err.| Moment Err. | Mode Err. |

4 0.1626 0.7389 0.0868 6.08
8 0.1138 0.5760 0.0409 5.90
16 0.0856 0.4767 0.0214 3.88
32 0.0676 0.4129 0.0127 3.04

mixture captures only a few lobes; our codec better preserves lo-
calized multi-modal structure. Higher-capacity SH bases or vMF
mixtures improve accuracy but sacrifice compactness; compressing
their larger parameter sets with an auto-encoder would still require
basis or mixture evaluation during strand assembly, whereas ours
directly decodes queried bins.

Latent Dimension. As shown in Table 2, increasing the latent di-
mensionality consistently improves reconstruction accuracy. How-
ever, the visual comparison in Fig. 14 indicates that the major per-
ceptual gain comes from increasing the code size from 8 to 16 di-
mensions, while the difference between 16 and 32 dimensions is
relatively minor. Considering this accuracy—compactness trade-off
and GPU memory constraints, we use a 16-dimensional latent SODF
code in our experiments.

ACM Trans. Graph., Vol. 45, No. 6, Article 192. Publication date: December 2026.
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Table 3. Ablation of the latent SODF auto-encoder loss function. All variants
are evaluated on the same architecture and latent dimensionality. Bold
numbers denote the best performance and underlined numbers denote the
second-best.

Variant Sph.JSD | L1Err. | Moment Err. | Lat. Cond. |
w/o Ljs 0.1011 0.5398 0.0050 4.75
W/0 Lien 0.0876 0.4862 0.0343 4.15
w/0 Lia 0.0870 0.4814 0.0242 4.82
Full 0.0856 0.4767 0.0214 3.63

Table 4. Field-representation analysis on the held-out synthetic test set.
Bold numbers denote the best performance.

Method / Variant Dens. IoUT Vox. Cham. | AxisErr.| SODF]SD |
MonoHair deterministic field 0.424 2.505 16.483 0.630
Ours SODF field 0.771 0.385 16.293 0.499

Auto-Encoder Loss Ablation. Table 3 ablates the SODF auto-encoder
objective under the same architecture and latent dimensionality.
Removing Lj; lowers the Moment Err. but substantially worsens
Sph. JSD, L1 Err., and Lat. Cond. Across all reported metrics, the
full objective with Ljs, Lien, and Ly provides the most balanced
performance. We therefore use the full loss in our experiments.

SODF-Flow Effectiveness. MonoHair shares our philosophy of de-
coupling exterior reconstruction from interior inference. However,
its interior module predicts a deterministic voxel-wise orientation
field from multi-view image orientation cues, whereas our method
formulates the occluded interior as geometry-conditioned inpaint-
ing over latent SODF-density fields. Table 4 compares our field
representation with MonoHair’s deterministic voxel field on held-
out synthetic data, showing better occupied support, axial accuracy,
and distribution matching. To assess hidden-field completion un-
der stronger local curvature, we evaluate DiffLocks test samples
with its procedural curliness parameter above 0.75. The resulting
Density IoU, voxel Chamfer, Axis Error, and SODF JSD are 0.891,
0.402 mm, 24.69°, and 0.591, respectively, indicating stable occu-
pancy recovery while local orientation completion remains more
challenging. Fig. 15 further qualitatively validates SODF-Flow on
a held-out synthetic hairstyle with ground-truth strands. Starting
from sparse visible evidence, SODF-Flow completes the density and
SODF field inside the occluded volume, and the sliced visualizations
show that both completed SODFs and density follow the layered
ground-truth structure. For clarity, the SODF and density panels use
matched voxel support when comparing ours with the reference.

4.6 Analysis of Strand Assembly

We evaluate the effect of our multi-hypothesis strand assembly by
comparing it with two single-trajectory tracing baselines under the
same boundary conditions and endpoint attachments. Mean-axis
tracing, adapted from the deterministic ODE-style tracing in Mono-
Hair [Wu et al. 2024], integrates along the probability-weighted
expected axis of the local SODF. This collapses each multi-modal
distribution into a single averaged direction, making the traced
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Fig. 15. Qualitative validation of SODF-Flow inpainting on synthetic data.
From top to bottom, we show the visible input, our completed field, and the
ground truth. The columns show full strands, sliced strands, sliced SODFs,
and sliced density. SODF colors encode the dominant moment axis, and
density colors share one scale across rows. The sliced views show that our
network completes coherent interior density and orientation structure from
sparse visible evidence.

strands overly smooth and rigid in crossing or layered regions. Sto-
chastic tracing samples one discrete axis from the SODF at each
step, allowing non-dominant modes to be selected locally. However,
because each step is sampled independently, it still lacks a mech-
anism for maintaining coherent long-range strand structure and
often accumulates directional noise.

As shown in Fig. 16, mean-axis tracing produces smooth but stiff
trajectories that fail to follow complex local hair flow. Stochastic
tracing introduces more local variation, but this variation is not
structurally organized and therefore does not reliably resolve am-
biguous regions. Our assembly retains multiple candidate continua-
tions during growth and selects compatible strand paths, producing
more coherent structures in layered and tangled hairstyles.

5 Conclusion and Future Work

In this work, we introduced a novel framework that addresses the
challenge of balancing reliable visible evidence preservation with
the inference of occluded hair geometries from casual multi-view
captures. By shifting the representational paradigm from determin-
istic vector fields to Spherical Orientation Distribution Functions
(SODFs), we explicitly model the multi-modal nature of intersecting
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Reference Mean-axis Sampled-axis Ours

Fig. 16. Qualitative ablation of strand assembly from the same predicted
probabilistic field. Mean-axis tracing follows the expected local axis, while
stochastic tracing samples one local axis at each step. Both baselines com-
mit to a single continuation during growth. Our assembly keeps multiple
hypotheses and selects a globally compatible set of scalp-connected strands,
improving coverage and flow in the highlighted regions.

Coily Braid Sparse

Ref.

Ours

Fig. 17. Limitations. Top and bottom rows show references and our re-
constructions, respectively. Coily and braided hairstyles exhibit simplified
fine-scale winding and interleaving, while the synthetic sparse/balding case
correctly leaves fully exposed scalp uncovered but misses some fine strands
in thinning regions.

and layered fibers. Our decoupled pipeline distills noisy optical ob-
servations into a visible hair-segment shell, formulates the recovery
of internal structures as geometry-conditioned latent flow matching,
and replaces premature deterministic tracing with a global multi-
hypothesis strand assembly. Extensive evaluations demonstrate that
this probabilistic formulation effectively prevents the structural
collapse associated with conventional unimodal assumptions, estab-
lishing a robust foundation for high-fidelity 3D hair reconstruction.
The explicit strand output can also serve as geometric input to multi-
view inverse rendering for hair appearance estimation [Sun et al.
2021].

While our probabilistic framework expands the representational
capacity for complex hairstyles, several geometric and optical chal-
lenges remain. As illustrated by the representative failure cases in
Fig. 17, these limitations open important avenues for future research:
First, the fidelity of the visible hair shell heavily depends on the
quality of passive optical evidence. Highly specular or uniformly
dark hair can compromise multi-view orientation estimates and
image-space constraints, propagating geometric uncertainty into
the downstream completion domain. Very sparse or thinning hair
remains challenging: fine strands may be missed during segmen-
tation, and extremely sparse observations may not form a stable,
scalp-connected shell, leading to incomplete reconstruction in these
regions. Future work could combine more robust segmentation with
uncertainty-aware optical features or active illumination. Second,
our current spatial discretization has physical limits. Although per-
voxel SODFs accommodate intersecting modes, extremely coily or
tightly textured hair exhibits sub-voxel winding topologies that
exceed the spatial Nyquist limit of our grid, which can lead to sim-
plified geometry. Overcoming this requires exploring continuous
latent representations or adaptive continuous-discrete hybrid struc-
tures. Finally, highly structured topologies, such as braids, remain
challenging. These structures are governed by macroscopic inter-
leaving rules that are difficult to fully capture using local proba-
bilistic orientation distributions alone. To reconstruct such complex
deterministic routing, future pipelines could integrate higher-order
procedural or topological priors into the multi-hypothesis strand
assembly stage.

Ultimately, we hope our shift towards probabilistic volumetric
modeling and delayed geometric commitment can provide a promis-
ing direction for the high-fidelity digitization of complex human
geometries.
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