This CVPR paper isthe Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

FISHuman: Fine-grained Single-image 3D Human Reconstruction
via Multi-view 4D Remeshing

Hanxi Liu!, Yifang Men?, Zhouhui Lian'*
!'Wangxuan Institute of Computer Technology, Peking University, China
?Institute for Intelligent Computing, Alibaba Tongyi Lab

A (]
I Arbitrary-pose Reconstruction A-pose Reconstruction

%

2oy (o

i' Animation

3§ .

! b
£5 | < B
,l \‘E “A gray
| I pleated skirt”

L Y0* S

Figure 1. We present FISHuman, a method for generating fine-grained 3D humans from single in-the-wild images. Top: FISHuman
enables high-fidelity and ultra-photorealistic textured human reconstruction under arbitrary and standard poses. Bottom: The generated
avatars showcase practical applications in direct animation and 3D editing. Please zoom in for better inspection.
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Abstract orately designed workflow that reconstructs dynamic 3D

meshes from multi-view inconsistent guidance. Specifically,

Single-image 3D human reconstruction holds significant we adapt a dual-stream transformer-based video diffusion
promise due to its convenience and high demand in vari- model to generate cross-modally aligned multi-view RGB
ous applications. Previous methods have garnered tremen- and normal sequences. We find that naively employing
dous progress by employing 2D multi-view diffusion mod- static 3D reconstruction can lead to geometric distortions
els to generate auxiliary views as reconstruction priors, and texture blurriness, due to the lack of 3D awareness
but they struggle with 3D inconsistencies and limited gen- within the generated frames. To address this, we intro-
eralization capabilities. In this paper, we present FISHu- duce a novel 4D remeshing module that explicitly disen-
man, which aims to generate fine-grained, high-fidelity, and tangles the learning of the globally shared canonical mesh
content-wise diverse 3D humans from a single-view input, and transient variations by tracking per-vertex deforma-
providing production-ready 3D assets. We propose an elab- tions under different viewpoints. The topological consis-

tency of the deformed meshes inherently enables the opti-
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mization of a unified UV representation that effectively in-
tegrates appearance attributes across frames. Both qualita-
tive and quantitative experimental results demonstrate the
superiority of our method over prior works in terms of ap-
pearance realism, geometric fineness, and generalization
diversity. We also showcase the applicability of our recon-
structed avatars for downstream applications including an-
imation and 3D editing.

1. Introduction

Realistic 3D avatar modeling plays a pivotal role in appli-
cations including film production, gaming, and VR/AR in-
dustries. Reconstructing 3D digital humans from a single
in-the-wild image offers a promising path to scale up the
generation of human assets in a customer-friendly manner.
However, lifting a monocular image to 3D is inherently ill-
posed due to severe self-occlusions and the substantial vari-
ability of the human body in appearance, pose, and clothing.

To tackle the challenge of generating high-quality 3D hu-
man assets from a single image, early methods [47, 48, 65,
60, 88] reconstruct 3D humans by leveraging pixel-aligned
implicit features or explicit body priors (e.g., SMPL [37]).
Despite their efficiency, these approaches suffer from se-
vere artifacts in unobserved regions due to single-view
constraints. Recent advances [12, 29, 86] employ 2D
multi-view diffusion models to synthesize a fixed set of
auxiliary views for 3D reconstruction. However, con-
strained by the model architecture and memory overhead,
these methods are limited to sparse view synthesis, leav-
ing self-occluded regions inadequately covered. Moreover,
the diffusion-generated multi-view renderings lack explicit
3D constraints, resulting in distorted reconstructions and
blurred textures that are incompatible with downstream ap-
plications, which require fine-grained 3D assets. While
some methods [11, 42, 71] adopt diffusion or transformer-
based 3D generative models [15, 54] to enforce cross-view
consistency, their generation quality remains limited by
the resolution constraints and the distribution of training
data, hindering robust generalization across diverse charac-
ter styles.

To address the aforementioned challenges, we propose
FISHuman, a novel pipeline that reconstructs fine-grained
3D humans from a single-view input, and produces 3D as-
sets ready for extraction and downstream applications, as
illustrated in Fig. 1. Our key insight is to bridge the gap be-
tween the single image and explicit 3D representation with
a 3D-aware dual-stream transformer-based video genera-
tor. This model generates an arbitrary number of coherent
RGB and normal images with spatial awareness and mul-
timodal consistency, by inducing 3D-aware specialization
within each modality and enforcing structural alignment via
cross-modal attention. This provides dense geometric and

textural priors for subsequent reconstruction, enabling the

generation of intrinsically consistent 3D entities.

Although our 3D-aware video generator significantly im-
proves 3D consistency across multi-view renderings, it still
struggles to generate physically precise results without rule-
based modeling, especially for drifting cloth surfaces and
articulated body motions. Naive 3D reconstruction from the
generated frames forces the model to average the conflict-
ing supervisory signals, leading to distorted geometry and
blurred textures. The key to coherent and fine-grained re-
construction under inconsistent video guidance is to convert
the pixel-level drifting into dynamic vertex deformations,
and establish accurate correspondence of the underlying ge-
ometry across all perspectives. To this end, we propose
a novel 4D remeshing module, which optimizes the glob-
ally shared canonical geometry by tracking vertices across
multi-view inconsistent normal maps, and updates addi-
tional per-vertex deformations to carve frame-dependent lo-
cal details. The 4D remeshing module not only enables
the learning of dynamic geometric changes that fit differ-
ent viewpoints, but also establishes consistent correspon-
dence between inter-frame mesh topologies. This further
allows for the optimization of a unified UV representation
to effectively integrate valid appearance features from the
multi-view RGB sequence. In summary, our contributions
are threefold:

* We present FISHuman, a novel pipeline equipped with
a 3D-aware video generator and a dynamic human carver
to reconstruct fine-grained and ultra-photorealistic 3D hu-
mans from single images, even under various complicated
real-world scenarios. The generated avatars support ani-
mation, editing, and export as high-quality digital assets.

* We leverage a 3D-aware dual-stream video diffusion
transformer to jointly synthesize auxiliary multi-view
RGB and normal images as the reconstruction guidance.
Through unified cross-modal diffusion with 3D-aware
specialization, our model produces dense novel views that
are coherent both across 3D space and dual modalities.

* We propose a novel 4D remeshing module that tracks
view-dependent vertex deformations upon global canon-
ical geometry, in cooperation with a unified UV texture
learning stage. This design effectively mitigates 3D in-
consistencies brought by the generated frames and signif-
icantly improves reconstruction quality.

2. Related Works

2.1. Diffusion-based Human Image Animation

With the rise of video diffusion models [2, 13, 14, 35, 58,
76], a series of works have focused on controllable human
image animation [17, 18, 39, 49, 60, 70, 85, 89]. Animate-
Anyone [17] adopts a UNet-based ReferenceNet that en-
codes texture features from the reference image. StableAn-
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imator [57] employs an ID Adapter that injects enhanced
face embeddings into the UNet for human identity preser-
vation. Champ [89] incorporates the SMPL model [37] for
a unified representation that encompasses both body shapes
and human poses. MIMO [39] leverages decomposed spa-
tial components for complex motion expression and 3D-
aware human-scene interaction. Although these methods
enable controllable human motion synthesis, their gener-
ated results often exhibit noticeable appearance variations
and unrealistic dynamic deformations due to the absence of
3D physical constraints, preventing the generation of intrin-
sically consistent 3D entities.

2.2. Versatile 3D Asset Generation

The field of 3D object generation has witnessed vigorous
development in recent years. Numerous approaches have
investigated enhancements in geometric fineness [5, 30, 62,
63, 77], texture realism [3, 46, 64, 81, 90], generation effi-
ciency [28, 67, 69], and part-level decomposition [32, 73].
A prevalent paradigm [34, 36, 50, 51, 54, 68] involves
first generating multi-view consistent images via 2D dif-
fusion models, followed by per-case optimization or feed-
forward 3D reconstruction. With the advent of the Obja-
verse dataset [6] and the pursuit of higher efficiency and
fidelity, more recent methods have extended 2D latent dif-
fusion models to native 3D object generation, incorporat-
ing representations such as vector-sets [5, 30, 82, 83], vox-
els [45, 63, 77], or auto-regressive mesh generation [4, 52,
87]. Despite their impressive results in general content cre-
ation, these methods exhibit moderate fidelity in reference
image restoration. This limitation becomes particularly ev-
ident in human generation, where they struggle to precisely
capture individual identity and the structural layout of hu-
man figures.

2.3. Single-view Clothed Human Reconstruction

Focusing on 3D clothed human reconstruction from single
images, PIFu [47] and its follow-ups [1, 10, 21, 48, 65]
exploit 3D implicit functions augmented by normal maps
or statistical body templates [37]. ECON [66] adopts a
more explicit approach by utilizing normal integration and
shape completion to handle flexible topology and challeng-
ing poses. However, these methods heavily rely on large-
scale 3D human datasets and suffer from severe artifacts
in regions invisible from the input view. With the rise of
2D diffusion models, recent methods either adopt score dis-
tillation sampling [19] or leverage multi-view image dif-
fusion [12, 26, 29, 86] to harness the prior knowledge of
diffusion models. SIFU [86] leverages a consistent multi-
view image editing model for texture refinement of the
mesh extracted from implicit fields. PSHuman [29] em-
ploys diffusion-based multi-view generation with SMPL-
X [41] guidance to incorporate human anatomy priors. Nev-

ertheless, 3D inconsistency still remains, leading to geomet-
ric defects and blurred textures during reconstruction, espe-
cially in cases with rare poses and severe self-occlusions.
Some methods [11, 42, 71] propose using generated multi-
views as input to a diffusion or transformer-based 3D gen-
erator for natively 3D consistent modeling, but they strug-
gle with low-resolution outputs and limited generalization
abilities. To improve appearance realism, more recent ad-
vances [7, 20, 43, 44, 59, 91] represent 3D humans as a
set of Gaussian kernels [23]. Despite their photorealistic
rendering with high efficiency, these approaches fail to sup-
port high-quality explicit 3D asset export due to the unstruc-
tured nature of 3D Gaussian Splatting, which is incompati-
ble with existing rendering engines.

3. Method Description

Given a single-view image I of a person, we aim to create
a fine-grained 3D human represented as a textured mesh.
Fig. 2 illustrates an overview of our proposed framework.
We first synthesize highly aligned novel-view RGB and nor-
mal maps using a 3D-aware dual-stream video diffusion
transformer, which we describe in Sec. 3.1. Then, to over-
come the inherent 3D inconsistencies brought by the gener-
ated sequences, we develop the dynamic 3D human carving
method, which consists of a 4D remeshing module and a
unified UV representation learning stage (see Sec. 3.2), fa-
cilitating fine-grained geometry and appearance optimiza-
tion under inconsistent multi-view guidance.

3.1. 3D-aware Dual-stream Video Generation

In this section, our goal is to generate RGB and normal
sequences with 3D awareness and cross-modal coherence,
given single input images. Our method employs a dual-
stream video Diffusion Transformer (DiT) finetuned on
multi-view renderings of synthetic 3D human data, where
camera viewpoint variations are equivalent to rigid rotations
of the human body. We define the target distribution as:

rgb norm|.79b _norm ose
p(‘/fl:T“Fl:T cref’cref 7cp )7 (1)

where F; :%9 and F7'7™ denote the output RGB and normal
frames with length T', respectively, conditioned on the ref-
erence image c:g;, its estimated normal map ¢;:7;", and a
2D pose guidance ¢P?°¢ extracted by DWPose [74]. The
reference image c:Z; can be optionally transformed to a
canonical A-pose through pose interpolation for reduced
self-occlusion and easier animation, using a pre-trained hu-
man repose model [60]. We deliberately avoid using the
commonly adopted SMPL-X condition due to inaccuracies
in monocular 3D pose estimation, and leverage the model’s
embedded 3D awareness and prior knowledge for inferring
physically plausible novel-view poses.

Dual-stream diffusion transformer. = Our method im-
plements a dual-stream cross-modal transformer based on
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Figure 2. Method Overview. Given a single-view human image, FISHuman reconstructs the corresponding fine-grained 3D avatar by
generating cross-modally aligned RGB and normal frames using the proposed 3D-aware dual-stream video diffusion transformer. With the
generated sequences, we perform 4D Remeshing that explicitly decouples the optimization of the 3D canonical mesh and view-dependent
per-vertex deformation field, effectively mitigating 3D inconsistencies of the multi-view guidance. A unified UV representation is updated
on the deformed meshes to integrate valid appearance across all perspectives.

Wan2.1 image-to-video generation model [58]. The refer-
ence RGB image c:gs’c and normal map ¢;'7;™ are indepen-
dently encoded by the pre-trained variational auto-encoder,
then summed with the pose features ¢P?°® as the input of
the dual-stream transformer-based denoiser. As illustrated
in Fig. 3(a), we redesign the transformer architecture with
cross-modal specialized branches to explicitly model ap-
pearance and geometric distribution. Each modality main-
tains dedicated pathways in the initial and final transformer
blocks for learning domain-specific modulation, while shar-
ing the intermediate layers to facilitate cross-modal fusion
for a unified generation. We incorporate LoRA [16] into the
linear layers of all attention blocks, allowing the model to
effectively develop multi-view 3D awareness and double-
stream specialization, while maximally preserving the gen-
eration and generalization capabilities of the base model.
Cross-modal alignment. While the dual-stream archi-
tecture enables parallel generation of RGB and normal se-
quences, the lack of explicit cross-modal token interac-
tion results in structural misalignment between the two
modalities, which further propagates to 3D reconstruction
as texture-geometry mismapping, particularly around body
outlines and surface details. To address this issue, we pro-
pose replacing one out of every four shared DiT blocks with
a cross-modal attention module, as demonstrated in Fig. 3
(b). In these modules, standard self-attention is performed
on the concatenated features of the RGB and normal to-
kens, encouraging cross-domain correlation. At the cross-
attention layers, the features are split back into the sepa-
rate RGB and normal streams, which then interact indepen-
dently with the corresponding global contexts.

This cross-modal alignment mechanism provides
strongly coupled supervision signals necessary for gen-
erating intrinsically coherent 3D entities, -effectively
eliminating reconstruction artifacts from unaligned multi-
view guidance and improving appearance quality.
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Figure 3. Illustration of model architecture. (a) Dual-stream diffu-
sion transformer. (b) Cross-modal DiT block.

Progressive training scheme. We implement a two-
stage training strategy to balance multimodal specialization
and alignment. Initially, the model is trained with only
modality-specific attention to build a strong foundation in
modeling the distribution of each stream and establishing
3D consistency across views. In the second stage, we incor-
porate cross-modal attention modules for better alignment.
To prevent potential quality degradation from excessive in-
formation fusion between the two branches, we randomly
deactivate the cross-modal attention with a probability of
30% during training. This progressive approach allows the
model to first develop high-quality unimodal representa-
tions for RGB and normal map generation with 3D aware-
ness, and then achieve rapid convergence in cross-modal
alignment during the subsequent stage.

3.2. Dynamic 3D Human Carving

While our dual-branch video model achieves joint genera-
tion of RGB and normal images with approximately accu-
rate multi-view consistency, its training relies solely on 2D
pixel-level supervision, lacking explicit 3D structural con-
straints. Consequently, slight color perturbations, pose jit-
ter, or 3D spatial misalignments can result in noticeable sur-
face artifacts under naive 3D reconstruction.

Inspired by recent advances in dynamic scene recon-
struction [33, 61, 75, 84], we propose a novel 4D remesh-
ing module that flexibly establishes vertex-level correspon-
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dence across viewpoints for fine-grained geometry carving.
This module decouples the learning of the static canonical
mesh and view-dependent geometric variations. By track-
ing the coordinate offsets of canonical mesh vertices across
all perspectives, we maintain a consistent topology of the
deformed meshes from different viewpoints, which further
enables the learning of a unified UV representation to effec-
tively integrate appearance attributes shared across views.

3.2.1. 4D Remeshing

This module consists of two components: (1) a canoni-
cal mesh that encodes geometric structures shared across
temporal viewpoints and spatial coordinates, and (2) a dy-
namic deformation field that captures view-dependent tran-
sient surface details. The two components are jointly opti-
mized in a coordinated manner to reconstruct geometrically
accurate meshes from inconsistent multi-view guidance.
Canonical mesh optimization. The canonical mesh is up-
dated with continuous explicit 3D remeshing [40], which
optimizes the learnable positions of mesh vertices via dif-
ferentiable rendering under normal map supervision. To en-
sure the correctness of mesh topology and alleviate potential
geometric defects, a series of surface remeshing techniques
is applied, including edge splitting, collapsing, and flipping.
An estimated optimal edge length is introduced for adaptive
vertex density control, enabling fine-scale 3D mesh recon-
struction.

View-dependent dynamic deformation. The dynamic
deformation module tracks the movement of each vertex on
the canonical mesh across multi-view inconsistent normal
frames to align with the geometric details of each perspec-
tive. It employs an MLP network W, that takes as input
the canonical vertex coordinates x. and a viewpoint embed-
ding, and outputs the corresponding vertex offset 4 under
the given view v, formulated as:

oy = \I/d(7($0)77(i))7 2

where () denotes the positional encoding, ¢ is the index
of viewpoint v; ranging from 0 (front view) to T'. The ver-
tex coordinates x. are detached before being fed into the
MLP network, ensuring the deformation module focuses
exclusively on learning view-dependent temporal deforma-
tions, without interfering with the optimization of the global
canonical geometry.

Joint optimization. We first initialize the canonical
mesh through static 3D remeshing with multi-view normals.
Then, during the 4D remeshing phase, we iteratively up-
date both the canonical vertex positions and the deforma-
tion field in a joint optimization cycle. In each iteration
under view v;, we compute the deformed vertex positions
as:

xfi = 2.+ 0x;. 3)

By rendering the deformed mesh with differentiable raster-
ization [27] under the current view v;, we obtain the result-
ing normal map N; and object mask S;. The reconstruction
supervision is enforced by computing the distance between
the rendered normal N; and the generated normal frame
Ferm, as well as the distance between the rendered sil-
houette S’l and the extracted foreground mask S;:

Lyee = |[Ni = FPo™ |1 + ||Si = Sill1.- 4

Besides, we apply the Laplacian loss on both canonical and
deformed mesh surfaces for smoother shape regularization:

1 — 1
Ligp = — l|oil|2, 00 = @3 — = x5, (5)
= N >

i=1 JEN(i)

where n is the number of mesh vertices, and N (i) is the
set of one-ring neighbors for vertex x;. We omit the sub-
scripts denoting canonical and deformed vertices for sim-
plicity. An ARAP (as-rigid-as-possible) loss [53] is also
applied between pairs of deformed vertices from two ran-
domly selected viewpoints, constraining the deformation
network W, to learn near-rigid dynamics and prevent ge-
ometric distortions under single-view normal guidance:

n
Larap =Y Y |l — xjll2 — [Jaf — 252

i=1 jEN(4)

)

where z and 2’ are the vertex positions under view v and v'.
The overall training objective can be formulated as:

Lgeo = Lrec + Alaleup + AarapLarap- (7)

The above-mentioned design enables explicit disentan-
gled learning of the static canonical mesh and dynamic de-
formations. The canonical remeshing module learns glob-
ally shared spatial features, representing the minimal ge-
ometric intersection across all viewpoints; while the de-
formation network models view-specific offsets and fine-
grained dynamics under the current guidance, and simul-
taneously maintains a global awareness of similar surface
characteristics among different views. Once effectively
learned, this module enables the inference of plausible geo-
metric details on both visible and occluded regions.

3.2.2. Unified UV Representation

Similar to the normal branch, the RGB images also exhibit
multi-view inconsistencies, primarily manifested as 3D spa-
tial misalignment and subtle color variations. Considering
that the deformed mesh for each viewpoint is obtained by
applying position offsets to the canonical mesh, they inher-
ently share the same topology. This property further en-
ables the learning of a unified UV representation to fuse
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Table 1. Quantitative comparison on arbitrary-pose reconstruction from single images. We compare our method with SOTA methods on
the 2K2K and Sizer datasets. Our method surpasses all the baselines on both geometry and appearance metrics. Note that the training sets
of Human3Diffusion include 2K2K data. 1 and | denote if higher or lower is better, respectively.

Method CD (cm) | P2S (cm) | NC 1t PSNR 1 SSIM 1 LPIPS |
2K2K  Sizer | 2K2K  Sizer | 2K2K  Sizer | 2K2K  Sizer | 2K2K  Sizer | 2K2K  Sizer
SIFU [86] 2251 1.997 | 2.159 2.005 | 0.712 0.721 | 21.40 18.63 | 0.888 0.908 | 0.143 0.127
SiTH [12] 1.702  2.379 | 1.571 2224 | 0.752 0.713 | 21.61 17.87 | 0.899 0909 | 0.124 0.133
Human3Diffusion [71] 1.052 1.331 | 1.198 1.348 | 0.774 0.727 | 23.35 19.57 | 0.909 0.919 | 0.104 0.104
PSHuman [29] 1.133  1.570 | 1.062 1.462 | 0.828 0.753 | 23.03 19.61 | 0.906 0917 | 0.105 0.107
Ours 0.817 1.243 | 0.778 1.161 | 0.858 0.768 | 24.49 20.38 | 0.917 0.926 | 0.086 0.089

visible texture features across all generated RGB frames.
We optimize the texture map 7 from a randomly initial-
ized noise map using the differentiable rasterizer R. Specif-
ically, for view v;, we utilize the deformed mesh M, as the
underlying geometry and obtain the rendered color image
C; = R(M;, T,v;) and the corresponding silhouette S;.
This rendering, tightly aligned with the view-dependent ge-
ometric deformations, is supervised by the pixel-level loss
against the corresponding RGB frame F 7 b formulated as:

Lrgb:wi|‘éi'si_f;gb'si”2, (®)

where we assign the view-specific weights w; to empha-
size primary viewpoints (e.g., front and back views). This
process leverages the alignment between the normal and
RGB channels, and utilizes the existing geometric defor-
mation priors to effectively alleviate texture artifacts caused
by RGB inconsistencies. Additionally, we apply a total-
variation loss Ly, to smooth the optimized texture map. The
final training loss for the texture optimization is:

Lier = Lrgb + )\tthvy (9)

where A, is set to 0.5 by default.

4. Experimental Results

4.1. Implementation Details

Our 3D-aware dual-stream video generator is trained on the
public 3D human dataset THuman2.1 [79], from which we
filter out 1559 scans with high-quality geometric surfaces.
We render 25 views at 480p resolution of both RGB and
normal images evenly distributed around each 3D scan as
training frames. The video model is trained on 2 A100
GPUs using the AdamW [38] optimizer with a learning
rate of le-4. For the 4D remeshing module, we set the
loss weights {Ajap, Aarap | t0 {0.4,0.03}. We first initialize
the 3D avatar using only canonical mesh reconstruction for
300 iterations, then introduce the dynamic deformation field
for joint optimization over another 200 iterations. The de-
formed meshes undergo UV unwrapping using Xatlas [78],
followed by unified texture optimization for 500 iterations.

We extract the deformed mesh corresponding to the front
view as the final result. The inference of the 3D-aware
video model, the optimization of 4D remeshing and uni-
fied texture representation take 5 minutes, 2 minutes, and
10 seconds on a single A6000 GPU, respectively.

4.2. Comparisons

Baselines. We compare our method with state-of-the-art
approaches on two aspects: (1) arbitrary-pose 3D human re-
construction which focuses on the generalization capability
to handle diverse and complicated poses, and (2) canonical-
pose 3D human reconstruction that emphasizes the genera-
tion fidelity under simplified standard-pose scenarios. For
arbitrary-pose reconstruction, we evaluate against mesh-
based methods (SIFU [86], SiTH [12], PSHuman [29])
and a 3DGS-based approach (Human3Diffusion [71]). For
canonical-pose reconstruction, we additionally compare
with StdGen [1 1] and Hunyuan3D 2.0 [87], representing the
SOTA performance in 3D avatar and versatile object gener-
ation, respectively. StdGen intrinsically supports arbitrary-
pose to A-pose conversion. Other static image-based recon-
struction methods are evaluated using our reposed images
for fair comparison under standardized pose settings.
Evaluation dataset. For quantitative comparison, we ran-
domly select 100 and 50 testing subjects from two public
3D human datasets, 2K2K [9] and Sizer [56], respectively.
For qualitative comparison, we prepare a selection of in-the-
wild images from the SHHQ dataset [8] and diverse self-
collected data to test the generalization ability in real-world
scenarios.

Arbitrary-pose reconstruction.  Quantitative Compar-
ison. We evaluate geometric quality using Chamfer Dis-
tance (CD), Point-to-Surface (P2S) distance, and Normal
Consistency (NC). For appearance assessment, we em-
ploy Peak Signal-to-Noise Ratio (PSNR), Structural Simi-
larity Index (SSIM), and Perceptual Similarity (LPIPS). As
shown in Tab. 1, our method outperforms other baselines
across all metrics, demonstrating its advantages in recon-
structing high-fidelity 3D humans with accurate geometry
and fine-grained appearance.

Qualitative Comparison. As shown in Fig. 4(a), SIFU

42770



i iik%i Mhaﬁhnl&*m Q.ﬁ?ﬁ
Tt 1 i e i e ey

Input SIFU SITH Human3Diffusion PSHuman

K ?’M'M ’tf\’ﬁ/ﬁ\h’l\ﬁ/ﬂ\h/'
Mttt hhd i

Input StdGen

Hunyuan3D 2.0 +Our Cano. Img  Human3Diffusion + Our Cano. Img ~ PSHuman + our Cano. img

Figure 4. Visual comparison with SOTA methods on both arbitrary-pose and canonical-pose 3D human reconstruction. Given in-the-wild

inputs, our method outperforms baselines in generating (1) plausible novel views with reasonable poses, and (2) fine-grained geometry and
photorealistic appearance akin to real-world individuals. Please zoom in for better inspection.
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Figure 5. Comparison with PSHuman on challenging cases in-
cluding human-object interactions and rare back-view poses.

and SiTH generate implausible novel-view appearances and
noisy surfaces. PSHuman exhibits noticeable artifacts due
to its reliance on sparse and inconsistent multi-view guid-
ance. These methods also produce unreasonable human
poses resulting from inaccurate monocular SMPL estima-
tion. Human3Diffusion suffers from low output resolution,
leading to coarse renderings and distorted meshes. In con-
trast, our method outperforms all baselines in terms of geo-
metric quality, pose plausibility, and texture realism.

Challenging Cases. Fig. 5 further compares our method
with PSHuman on challenging scenarios involving human-
object occlusion and uncommon poses. PSHuman fails
to correctly interpret human-object interactions and back-
view observations, resulting in geometric distortions in the
chest and leg regions. In contrast, our method leverages a

Table 2. Ablation study on cross-modal alignment and 4D remesh-
ing. Results verify the effectiveness of the proposed modules.

Method PSNR 1 SSIM{ LPIPS |
w/o CMA 23.14 0.9064 0.1015
w/o 4DR 23.87 0.9142 0.0970
Full model 24.49 0.9173 0.0858

fine-tuned video diffusion model enriched with 3D aware-
ness and strong prior knowledge to generate coherent novel
views, providing dense and geometrically consistent guid-
ance for 4D remeshing.

Canonical-pose reconstruction. We present qualitative
comparisons for canonical-pose reconstruction in Fig. 4(b).
StdGen and Hunyuan3D 2.0 generate smooth, high-poly
meshes, but fail to preserve human identities from the refer-
ence image, hindering their generalization to real-world in-
dividuals. Human3Diffusion and PSHuman exhibit notice-
able geometric defects around the face and blurred textures.
On the contrary, our method yields significant improve-
ments in both appearance realism and geometric sharpness,
achieving lifelike 3D human reconstruction. More results
are included in the supplementary.

4.3. Ablation Study

3D-aware dual-stream video generation. As illustrated
in Fig. 6, we demonstrate the necessity of two key designs
of the video generator: 3D-aware finetuning (3DFT) and
cross-modal alignment (CMA). Without specialization on
3D consistent multi-view renderings, the generated frames
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Figure 6. Ablation on 3D-aware finetuning and cross-modal align-
ment.
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of the base model exhibit floating dynamics (e.g., hair and
clothing) and the lack of structural consistency of the human
anatomy. Meanwhile, the variant without explicit cross-
modal alignment suffers from inconsistent outlines and mis-
aligned details (e.g., clothing wrinkles) between the corre-
sponding RGB and normal frames, which further lead to de-
graded reconstruction quality as shown in Tab. 2. Our full
model achieves consistent 3D awareness and precise align-
ment between the two modalities in terms of both global
layout and fine-scale structure. This provides spatially con-
sistent and strongly coupled multi-view guidance, which is
essential for generating intrinsically accordant 3D avatars.
Progressive training scheme (PT). As shown in Fig. 7,
naively combining the training for joint dual-stream adap-
tation and cross-modal alignment in the video generation
model results in degraded quality for both modalities, lead-
ing to noisy appearances in unseen regions and less-detailed
normal maps. In contrast, our two-stage training strategy
enables the model to progressively learn the distributions of
both RGB and normal data, along with multimodal align-
ment capabilities. This approach achieves significant im-
provements in generating photorealistic novel views and
high-frequency surface details (e.g., facial features, hair-
lines, and necklace geometry).

4D remeshing (4DR). During the dynamic human carving,
the 4D remeshing module effectively disentangles the learn-
ing of the static canonical mesh from view-dependent geo-
metric variations. We demonstrate its importance in Fig. 8
by comparing against a variant trained solely with static 3D
remeshing. The variant produces results with severe sur-
face cracks under exaggerated poses, failures in reconstruct-
ing complex topology, and coarse facial details, caused by
3D spatial misalignment and fine-scale inconsistencies of
the multi-view guided frames. The 4D remeshing module
offers a flexible approach for integrating view-dependent
dynamics, enabling the generation of detailed avatars with
spatially coherent geometry. In cooperation with the uni-
fied UV representation, it further enhances the overall re-
construction quality, as shown in Tab. 2.

)Q "‘ "t
V\
it

Input w/o PT w/ PT w/o PT w/ PT
Figure 7. Ablation on the two-stage progressive training scheme.

ar

Input w/o 4DR w/ 4DR Input w/o 4DR w/ 4DR
Figure 8. Ablation on the proposed 4D remeshing module.

4.4. Applications

Animation. As shown in Fig. 1, our method enables
canonical-pose 3D human reconstruction from the reference
image, which can be directly rigged and animated using
standard pipelines, supporting effortless motion sequence
generation.

3D editing. Our method facilitates intuitive 3D avatar edit-
ing through direct 2D pixel-level modifications on the refer-
ence image. Fig. | illustrates examples of 3D virtual try-on
using the edited image with desired clothing as the model
input. More results can be found in the supplementary.

5. Conclusion

In this paper, we presented FISHuman, a novel pipeline for
reconstructing 3D humans with fine-grained geometry and
photorealistic appearance from a single-view image. We
adapted a 3D-aware dual-stream video generation model
to synthesize multi-view, cross-modally aligned RGB and
normal guidance. We demonstrated that naive 3D recon-
struction from inconsistent frames results in surface distor-
tion and texture blurring, and addressed this with a novel
4D remeshing module for fine-grained human mesh recon-
struction. This module explicitly decouples the learning of
a globally consistent canonical mesh from view-dependent
per-vertex deformations. It further enables the optimization
of a unified UV texture for photorealistic appearance inte-
gration. Experimental results validated the effectiveness of
our method in generating lifelike 3D humans, and show-
cased its practical utility for animation and 3D editing.
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