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NLF-GS: A Mixed Mesh-Gaussian Representation for Generalizable and
Drivable Human Avatars

Jiayi He
TU Delft

Figure 1. Teaser for our NLF-GS avatar. Our framework is trained on a group of subjects (left) and generalizes to previously unseen
identities in a zero-shot manner (middle). The reconstructed avatars can also be driven at real-time speed (right).

Abstract

Immersive telepresence requires avatar representations that
preserve a person’s identity and appearance while remain-
ing responsive to changes in pose under practical deploy-
ment constraints such as low latency, compact transmis-
sion, and efficient rendering. Existing high-fidelity avatar
methods often rely on person-specific optimization, while
generalizable methods may struggle to maintain drivabil-
ity under novel poses. To address this challenge, we
present NLF-GS, a structured multi-view avatar reconstruc-
tion framework for learning generalizable and drivable
mixed mesh-Gaussian avatars, inspired by Neural Local-
izer Fields (NLF). The core design of NLF-GS is to anchor
Gaussian primitives to the faces of an SMPL-X body model
and treat each Gaussian as a localized reconstruction query
that predicts its geometry and appearance attributes in a

feed-forward manner. This design combines the structural
control of parametric human models with the rendering ef-
ficiency and local appearance flexibility of Gaussian primi-
tives. Experiments show that NLF-GS achieves competitive
reconstruction quality against representative generalizable
baselines, while maintaining a compact representation and
supporting novel-pose animation. The model generates new
avatars at nearly 10 FPS and drives existing avatars at ap-
proximately 196 FPS on a RTX 4070 GPU. These results
suggest that our mixed mesh-Gaussian representations pro-
vide a practical representation-level step toward scalable
telepresence avatars.

1. Introduction
Immersive telepresence is a technique that recreates the
sensation of being physically present in a different loca-



tion [33]. It aims to make remote communication feel closer
to physical co-presence by allowing users to interact respon-
sively [5]. Thus, an avatar in the telepresence system should
not only preserve the user’s identity and appearance, but
also remain responsive to pose changes under practical run-
time constraints [41]. This makes the task more demand-
ing than static 3D human reconstruction, as the representa-
tion must balance visual fidelity, generalization to unseen
identities, pose drivability, and deployment efficiency. In
this context, deployment efficiency includes not only ren-
dering speed, but also inference latency, input-view require-
ments, representation compactness, and potential transmis-
sion costs.

Despite the rapid progress in this area, the requirements
mentioned above remain difficult to satisfy simultaneously.
Many high-fidelity avatar methods, including implicit neu-
ral field based avatars [24, 31, 43] and Gaussian-based
avatars [35, 51], often require dense capture data, long train-
ing time, or a separate optimization process for each new
subject. While such methods can produce more convinc-
ing visual quality, they limit scalability in practical telep-
resence scenarios, where new users need to be reconstructed
quickly. Conversely, some generalizable methods improve
scalability by learning across multiple identities, but they
often struggle to preserve fine appearance details or main-
tain stable animation under novel poses [8, 18, 28, 49, 52].
This creates a central challenge: an avatar representation
must be expressive enough to model subject-specific ap-
pearance, but structured enough to support reliable pose
drivability and compact enough for practical deployment.
This leads to the main research question of this thesis: How
can we design a human avatar representation that supports
visual fidelity, generalization to unseen identities, pose driv-
ability, and deployment efficiency for telepresence-oriented
applications?

To explore this direction, we propose NLF-GS, a mixed
mesh-Gaussian representation for generalizable and driv-
able human avatars. The name combines Neural Local-
izer Fields (NLF) [39], which inspires our localized query
design, with 3D Gaussian Splatting (GS) primitives used
for explicit appearance modeling. The key idea is to orga-
nize Gaussian primitives on an SMPL-X body scaffold, so
that the avatar retains an explicit human structure for pose-
driven animation while using Gaussian primitives for effi-
cient rendering and local appearance modeling. Instead of
optimizing a separate representation for each subject, NLF-
GS predicts subject-specific Gaussian attributes in a feed-
forward manner from sparse multi-view observations. Fol-
lowing the localized prediction philosophy of NLF, each
Gaussian is treated as a local reconstruction query that gath-
ers visual evidence from the input views.

Experiments on THuman2.0 dataset [45] show that NLF-
GS achieves strong reconstruction quality when compared

to representative generalizable baselines, with competitive
pixel-level scores and similar visual quality. We further
demonstrate that the reconstructed avatars can be driven by
novel poses, supporting the proposed representation’s po-
tential for pose-drivable telepresence avatars. The code and
models for NLF-GS are publicly available.1

In summary, this thesis makes the following contribu-
tions:
• We propose NLF-GS, a structured mesh-anchored Gaus-

sian representation for telepresence-oriented avatar re-
construction. The representation combines the pose driv-
ability of SMPL-X with the rendering efficiency and local
appearance flexibility of 3D Gaussian primitives.

• We introduce a localized pipeline in which each Gaus-
sian primitive acts as a reconstruction query. By project-
ing mesh-anchored Gaussians into sparse input views, the
model predicts subject-specific Gaussian attributes in a
feed-forward manner.

• We evaluate the proposed representation on the THu-
man2.0 dataset in terms of visual fidelity, generaliza-
tion to unseen identities, pose drivability, and deploy-
ment efficiency. Experimental results show that NLF-
GS achieves reconstruction accuracy and deployment
speed while maintaining competitive perceptual quality
and compact representation size.

2. Related Work
Person-specific Human Avatar Representations. Hu-
man avatar models can be broadly grouped into paramet-
ric, implicit, and explicit representations. Parametric body
models such as SMPL [25] and SMPL-X [29] provide com-
pact and articulated human priors, making them widely
used as geometric proxies for pose control, animation, and
cross-subject alignment. However, a parametric mesh alone
cannot faithfully represent subject-specific appearance or
visual details. To address this limitation, implicit repre-
sentations combine geometry and appearance with continu-
ous fields. For example, Neural Body [31] attaches struc-
tured latent codes to a deformable SMPL mesh and de-
codes them into a neural radiance field for sparse-view ren-
dering, showing strong reconstruction fidelity for dynamic
humans. Besides human neural rendering with radiance
fields [3, 21, 24, 43], other studies also explore signed
distance fields [7, 14], and occupancy-based implicit sur-
faces [37, 38]. Nevertheless, these methods are often com-
putationally expensive, while pose-driven control can re-
main indirect, since pose changes must be mediated through
learned latent or deformation fields.

Recently, 3D Gaussian Splatting [15] has shifted avatar
modeling towards explicit primitives. These methods usu-
ally represent humans as canonical Gaussian sets with pose-

1https://github.com/tapri-lab/NLF-GS



Method Family Examples Fidelity Generalization
Pose

Drivability
Deployment
Efficiency

Parametric model SMPL [25], SMPL-X [29] ↓ ↑ ↑ ↑
Person-specific implicit avatar Neural Body [31] ↑ ↓ → ↓
Person-specific Gaussian avatar 3DGS-Avatar [35] ↑ ↓ ↑ →
Generalizable implicit avatar SHERF [12], MPS-NeRF [8] → ↑ → ↓
Generalizable Gaussian avatar GHG [18], GIGA [52] ↗ ↑ ↓ ↗
NLF-GS (ours) Mixed mesh-Gaussian ↗ ↑ ↑ ↗

Table 1. Qualitative comparison of representative avatar generation methods under the four requirements of telepresence-oriented avatar
reconstruction. (↑ High, ↗ Medium-High, → Medium, ↓ Low/Limited)

dependent deformation. For example, 3DGS-Avatar [35]
generates the avatar by optimizing a set of 3D Gaussians in
canonical space with deformation signals. Similar Gaussian
formulations have been explored for monocular avatars,
multi-view human rendering, head avatars, and human-
scene compositions by [16, 19, 22, 27, 34, 51]. Moreover,
some works have bridged the gap between implicit and ex-
plicit modeling to leverage the strengths of different repre-
sentations. GAvatar [46], for example, uses neural implicit
fields to predict Gaussian attributes, while HeadGaS [6]
extends 3DGS with learnable latent features blended with
parametric head controls. These methods demonstrate
the fidelity that avatar representations can reach, but their
dependence on per-subject optimization limits scalability.
This thesis instead targets feed-forward reconstruction for
unseen identities while keeping an explicit body structure
for pose drivability.

Generalizable Avatar Representation. While the above
works demonstrate a convincing visual quality of avatar
representation, many of them rely on person-specific op-
timization, limiting their scalability in telepresence. Gen-
eralizable human avatar representations, however, can alle-
viate this limitation by training across identities and being
used to generate unseen subjects. Early works in this di-
rection mainly build on implicit representations by condi-
tioning the radiance field on image features or body pri-
ors [8, 12, 17, 28]. For example, MPS-NeRF [8] com-
bines multi-view image features with a canonical human
NeRF and body-guided deformation for zero-shot render-
ing. Although effective, these approaches incur the heavy
cost of volume rendering. Later, other research predict 3D
Gaussian parameters from sparse views, UV-space features,
or template-aligned representations to achieve feed-forward
reconstruction and efficient novel-view rendering for un-
seen humans [18, 30, 49, 52]. In particular, GHG [18]
regresses human Gaussians in the UV space of a template
over multiple layers, while GIGA [52] uses a texture-space
formulation to aggregate sparse-view image evidence, body
shape, and Gaussian parameters. Compared with previ-

ous methods, these approaches better match the deployment
requirements of interactive avatars, especially in terms of
feed-forward inference and efficient rendering. While ex-
isting generalizable methods improve scalability, they of-
ten separate appearance inference from pose-drivable struc-
ture. NLF-GS addresses this gap by predicting Gaussian
attributes directly on a shared SMPL-X scaffold.

Drivable Avatar Representation. Unlike generalizable
avatar reconstruction, which emphasizes zero-shot infer-
ence, drivable avatar reconstruction focuses on motion-
conditioned control of a specific identity. Early neural ren-
dering methods achieve this by defining avatars in canoni-
cal space and mapping between canonical and posed spaces
using body-model-guided or skeleton-conditioned deforma-
tion fields [3, 21, 24, 31, 43]. For example, Neural Ac-
tor [24] uses a coarse body model to canonicalize posed
observations and learns pose-dependent residual informa-
tion for controllable novel-pose rendering. A more struc-
tured direction attaches Gaussian primitives to explicit de-
formation carriers. Namely, D3GA [51] uses tetrahedral
cages as a geometrically coherent motion carrier to embed
the Gaussian primitives inside. SplattingAvatar [40] instead
embeds Gaussians on a triangle mesh using barycentric co-
ordinates and local displacements, letting the mesh describe
low-frequency body motion while Gaussians capture high-
frequency appearance details. Other mesh-guided Gaussian
avatars further extend this idea to expressive body, hand,
and face control, such as [11, 26, 32]. These works sug-
gest that drivability benefits from attaching visual primi-
tives to explicit human structure. These mesh-guided Gaus-
sian avatars show the value of explicit motion carriers, but
most are still optimized for a specific person or sequence.
This motivates bringing the structural idea into a generaliz-
able setting by using SMPL-X as a shared anchor for feed-
forward Gaussian prediction.

The discussion above suggests that different avatar repre-
sentation families satisfy different parts of the telepresence
requirement set. Table 1 summarizes these trade-offs.



Dataset Type Data Form

THuman [50] Static 3D scans
THuman2.0 [45] Static 3D scans + SMPL-X
RenderPeople [36] Static Textured scans
PeopleSnapshot [1] Dynamic Monocular video
ZJU-MoCap [31] Dynamic Multi-view video
DNA-Rendering [4] Large-scale Multi-view sequences
HuMMan [2] Large-scale Multi-modal sequences
GeneBody [17] Large-scale Multi-view sequences
ActorsHQ [13] Large-scale High-quality sequences

Table 2. Comparison of representative human avatar datasets.
THuman2.0 is selected in this thesis because it provides high-
quality clothed human scans with fitted SMPL-X parameters, mak-
ing it suitable for controlled sparse-view avatar reconstruction.

Human Avatar Datasets. Existing human avatar datasets
can be divided into three categories based on whether
they emphasize static geometry, movement, or large-scale
generalization, as seen in Table 2. Static scan datasets
such as THuman [50], THuman2.0 [45], and RenderPeo-
ple [36] provide high-quality clothed human geometry and
texture and are widely used for image-based human re-
construction. Dynamic datasets PeopleSnapShot [1] and
ZJU-MoCap [31] offer monocular or multi-view videos
of people under different motions, making them suitable
for person-specific optimization or novel pose synthesis.
Large-scale datasets including DNA-Rendering [4], HuM-
Man [2], GeneBody [17] and ActorsHQ [13] further in-
crease identity diversity, motion variation, and annotation
richness. Among them, THuman2.0 best matches our
sparse-view reconstruction setting. It contains hundreds of
different identities with clothing textures and fitted SMPL-
X parameters, which allows us to render multi-view obser-
vations while keeping a consistent body alignment.

3. Method
3.1. Problem Setting
This thesis focuses on the representation layer of
telepresence-oriented avatar reconstruction. Given sparse
multi-view RGB observations, camera parameters, and cor-
responding SMPL-X body parameters, the goal is to recon-
struct a subject-specific avatar representation that can be
rendered from free viewpoints and remains drivable with
novel poses.

3.2. Design Principles
To address the requirements discussed in section 1, we
adopt a mixed mesh-Gaussian representation. We choose
this instead of relying on a purely implicit field (like NeRF-
based methods) or an unconstrained Gaussian set, which are
both discussed in section 2. In our design, the SMPL-X

mesh template provides a shared human scaffold with a con-
sistent body structure, while Gaussian primitives provide
efficient rendering and local appearance flexibility. There-
fore, the template is not treated as the final reconstructed
geometry, but as an organizing structure for the Gaussian
attributes.

The second principle is to predict avatar attributes from
localized multi-view evidence instead of relying on subject-
specific optimization. Inspired by the query-based philoso-
phy of NLF [39], each Gaussian acts as a local reconstruc-
tion query: it projects into the sparse input views, samples
image features at its corresponding locations, and predicts
its own attributes through a shared decoder. This design
connects the mixed representation directly to the four re-
quirements: structure supports pose drivability, local fea-
ture prediction supports visual fidelity, feed-forward infer-
ence supports generalization, and compact Gaussian render-
ing supports deployment efficiency.

3.3. Overview
The overall framework of our proposed method is illustrated
in Fig. 2. Our goal is to learn a generalizable encoder-
decoder-based model that reconstructs a subject-specific
Gaussian avatar from sparse multi-view images. During
training, the model is optimized over many subjects so that
it can infer a structured avatar for unseen identities in a feed-
forward manner at test time.

In this framework, we build the representation on a
canonical mesh-anchored Gaussian template, where each
Gaussian serves as a query point for appearance reconstruc-
tion. Given the input views of a subject, we first extract
dense per-view image features using a Feature Pyramid
Network[23] composed of ResNet50[9] as the backbone.
The 3D Gaussian primitives are then projected into each
view using the corresponding camera parameters, and local
features are sampled at the projected image locations. Since
the sampled features are not equally reliable across views,
we compute per-view weights based on geometric cues to
obtain an aggregated feature for each Gaussian, which is
then passed through a shared MLP decoder to predict at-
tributes. Finally, the predicted Gaussians are rendered with
a differentiable Gaussian renderer, and the entire framework
is trained end-to-end using composite losses.

3.4. Mesh-anchored Gaussian Representation
SMPL-X parametric model. SMPL-X [29] is a para-
metric human body model with fully articulated hands and
facial expressions, whereas SMPL only covers the body.
SMPL-X uses standard vertex-based linear blend skin-
ning [20] with N = 10475 vertices and K = 54 joints. It is
defined by a function M(θ, β, ψ), where θ denotes pose pa-
rameters, β denotes shape parameters and ψ denotes facial
expression parameters.



Figure 2. Overview of the proposed pipeline. Using a SMPL-X template for spatial anchoring, our framework processes sparse multi-view
images through a ResNet-FPN encoder to generate dense feature maps. We then project each Gaussian into all views to sample local
features, fusing them via a geometry-aware weighting to generate a unified descriptor. The unified descriptor is decoded into Gaussian
attributes by a shared MLP, and the predicted Gaussian avatar is rendered with differentiable Gaussian splatting.

Figure 3. Illustration of the Mesh-anchored canonical Gaussian
template. The scaled part demonstrates how Gaussian primitives
(the white spheres) are attached to the SMPL-X surface.

Canonical template. We use a canonical SMPL-X mesh
in T-pose as a shared structural scaffold for the avatar repre-
sentation. This template is not the final reconstructed avatar
itself; instead, it provides a consistent reference frame that
organizes Gaussian primitives over the human body surface.

Mesh-anchored Gaussian parameterization. Let ff =
(vf,1,vf,2,vf,3) denote the f -th face of the canonical
mesh. We associate each face with a fixed set of K Gaus-
sian primitives, as seen in Figure 3. The k-th Gaussian on
face f is defined as

gf,k =
{
xcan
f,k , rf,k, sf,k, αf,k, c

SH
f,k,pf,k

}
,

where xcan
f,k ∈ R3 is its positional center, rf,k ∈ R4 is

the rotation quaternion, sf,k ∈ R3 is the anisotropic scale,
αf,k ∈ R is the opacity, cSHf,k denotes the spherical har-
monics coefficients and pf,k refers to the parent face index

to preserve the connection between the Gaussians and the
mesh. In our representation, we fix K = 4 for a simple, but
robust structure.

The positional center is parameterized relative to the as-
sociated mesh face:

xcan
f,k =

3∑
j=1

βf,k,jvf,j +∆xf,k, (1)

where βf,k,j are fixed barycentric weights and ∆xf,k is
a predicted local offset. This parameterization preserves
mesh-based spatial organization while allowing local geo-
metric adaptation.

The Gaussian attributes for the target subject relative to
this canonical scaffold are predicted by our model. In this
way, the template defines the structure of the representa-
tion, while the decoded Gaussian parameters instantiate a
subject-specific avatar.

3.5. Feature Encoding and Query

Per-view feature encoding. Given sparse multi-view in-
put images, we extract dense feature maps independently
for each view using a ResNet50-FPN encoder. The encoder
provides multi-scale image features while preserving spa-
tial correspondence, which is necessary for the subsequent
Gaussian-level feature query. Since the encoder architecture
follows a standard Feature Pyramid Network (FPN) design,
we only include its role here. For implementation details,
please refer to Appendix A.



Template-guided Gaussian feature query. To associate
each Gaussian primitive with visual evidence, we query the
per-view feature maps at the projected image location of
the Gaussian center. This design is inspired by NLF [39],
whose pose reconstruction is driven by the features sampled
at spatially grounded query locations. In our case, the query
locations are provided by the structured Gaussian anchors
defined on the canonical SMPL-X template.

Let xf,k ∈ R3 denote the 3D center of the k-th Gaus-
sian attached to face f . For view v, with camera intrinsics
Kv and extrinsics (Rv, tv), the Gaussian center is projected
into the image plane as

ũ v
f,k = Kv (Rvxf,k + tv) , (2)

where ũ v
f,k is the homogeneous image coordinate.

We then convert this image-space coordinate to the
feature-space normalized coordinate u v

f,k and use bilinear
grid sampling to obtain the per-view Gaussian feature for
each feature map Fv:

q v
f,k = GridSample

(
Fv,u

v
f,k

)
∈ RC . (3)

Here, q v
f,k denotes the feature of Gaussian (f, k) observed

from view v. Since the sampled descriptor is tied to the pro-
jected position of an individual Gaussian, the model can re-
cover spatially varying appearance cues in a localized man-
ner. The per-view queried features are then passed to the
subsequent cross-view fusion module to obtain a unified
Gaussian-level descriptor.

3.6. Cross-View Fusion and Gaussian Prediction
Geometry-aware weighting. A significant challenge in
multi-view reconstruction is the aggregation of features
from disparate viewpoints. To address this, we implement a
visibility-aware fusion mechanism that calculates a contri-
bution weight wnv for each Gaussian-view pair. The final
aggregated feature f̄n is computed as a weighted sum of the
features from all visible views.

The weighting strategy is twofold, incorporating both
orientation (Figure 4a) and occlusion (Figure 4b). First, we
calculate an orientation-based weight using the dot product
between the Gaussian’s surface normal nnv and the viewing
direction dv from the camera:

wori = max(0,nnv · dv) (4)

This ensures that views facing the Gaussian contribute most
significantly, while those viewing it from a rear angle are at-
tenuated. Second, we perform an occlusion test by compar-
ing the depth of the Gaussian center against a pre-computed
depth map. A binary visibility mask is assigned, where
wocc = 1 if the Gaussian is not occluded and wocc = 0
otherwise. The final fusion weight is the product of these
two components: w = wori · wocc. This mechanism helps
the aggregated features to represent the actual visible ap-
pearance of the subject.

(a) Orientation-based weight (b) Occlusion-based weight

Figure 4. Geometry-aware weighting

Gaussian Prediction. The fused feature of each Gaus-
sian is finally passed to a shared MLP decoder that pre-
dicts its subject-specific attributes defined in subsection 3.4.
Since the decoder operates independently on each Gaussian,
the prediction process remains parallel and lightweight.
To ensure numerical stability, the predicted parameters are
mapped to valid ranges through standard output parameter-
izations, such as normalization for rotation and bounded ac-
tivations for scale and opacity.

3.7. Training Objectives
Differentiable rendering. The predicted Gaussian repre-
sentation is rendered into the target views using a differen-
tiable Gaussian splatting renderer gsplat [44]. This enables
gradients from image-space supervision to be propagated
back to the Gaussian attributes and the upstream feature
backbone.

Loss Functions. The model is trained with a composite
objective

Ltotal = λrecLrec + λsilLsil + λregLreg (5)

where the λ terms control the relative contribution of each
loss component.
• Reconstruction loss. We supervise the rendered image Î

against the ground-truth image I using an L1 loss L1 and
an SSIM loss Lssim [42]. The L1 term enforces pixel-
level appearance consistency, while SSIM encourages the
preservation of local structure and contrast. In addition,
we apply a perceptual loss Lperc on image intensity and
gradient features to better preserve visual details near the
edges. The final reconstruction term is defined as:

Lrec = λl1L1 + λssimLssim + λpercLperc (6)

• Silhouette loss. To improve foreground shape alignment,
we include a silhouette loss Lsil between the rendered
mask and the ground-truth mask. This term helps con-
strain the spatial extent of the reconstructed avatar and
reduces boundary artifacts.

• Regularization loss. We apply structural regularization
Lreg to keep the predicted Gaussians well-behaved with
respect to the mesh-anchored template. In particular, we



regularize the Gaussian scales (Lscale), positional offsets
(L∆x), and opacity (Lα). The scale and offset terms are
penalized to discourage over-expanded Gaussians and ex-
cessive deviation from their mesh anchors. For opacity,
we apply a prior that encourages solid foreground cover-
age. The overall regularization loss is defined as:

Lreg = λscaleLscale + λ∆xL∆x + λαLα (7)

Specifically, reconstruction loss is the main loss, with the
other two serving as the auxiliary losses.

4. Experiments
4.1. Experiment Settings
Baselines. We compare our method with two representa-
tive categories of generalizable human avatar reconstruction
methods: the implicit NeRF-based baseline SHERF [12]
and the explicit Gaussian-based baseline GHG [18]. These
baselines allow us to position our method with respect to
both implicit and explicit generalizable avatar representa-
tions.

Dataset. We evaluate our method on the THuman2.0
dataset, which contains 526 high-quality 3D human scans
together with corresponding SMPL-X parameters. Follow-
ing GHG’s experimental protocol, we use the first 426 sub-
jects for training and the remaining 100 subjects for testing.

Evaluation metrics. The experiments evaluate NLF-GS
from three aspects: zero-shot reconstruction fidelity, de-
ployment efficiency, and pose drivability. For zero-shot re-
construction fidelity generalization in Section 4.2, we report
standard image-quality metrics, including Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index Measure
(SSIM) [42], and LPIPS [48]. PSNR and SSIM measure
pixel-level and structural reconstruction accuracy, while
LPIPS provides a perceptual similarity measure that better
reflects perceived visual quality.

For pose drivability in Section 4.3, we mainly provide
qualitative results since ground-truth images of the same
identities under the target novel poses are not available. The
evaluation focuses on whether the reconstructed avatar fol-
lows the target motion while preserving identity and appear-
ance consistency.

For deployment efficiency in Section 4.4, we compare
avatar generation speed, avatar driving speed, number of re-
quired input views, and representation size. These factors
are relevant to telepresence-oriented applications because
they affect runtime latency, capture complexity, and poten-
tial transmission cost.

Finally, the controlled studies in Sections 4.5–4.8 use
PSNR, SSIM, and LPIPS under the same evaluation proto-
col to analyze the effect of input-view number, architecture

choices, and auxiliary loss terms. For these experiments,
we calculate the metrics using the training views rather than
novel views.

4.2. Zero-shot Reconstruction Fidelity
To evaluate zero-shot reconstruction fidelity, we test NLF-
GS on unseen THuman2.0 subjects without subject-specific
optimization. All avatars are normalized to a height of 1.8m
and rendered at 1024 × 1024 resolution to reduce the ef-
fect of scale and framing differences on image-space met-
rics. We report PSNR, SSIM, and LPIPS, and compare with
SHERF and GHG as representative implicit and Gaussian-
based generalizable baselines.

Table 3 reports the quantitative generalization results on
test subjects for novel views (60°, 180°, and 300°). These
views fall exactly halfway between the training views (0°,
120°, and 240°), thoroughly testing the model’s ability to
render unseen angles 1. Our method gets much better PSNR
and SSIM scores than SHERF. Compared to GHG, our
method has a slightly better SSIM (0.950 vs 0.948) but a
lower PSNR (27.146 vs 29.267). In terms of LPIPS, our
results outperform SHERF while close to GHG, suggesting
that the model preserves perceptual similarity and identity-
specific details at a similar level. Taken together, these re-
sults indicate that our representation strikes a balance be-
tween precise reconstruction and identity preservation.

Figure 5 provides qualitative comparisons that further
support these observations. Compared with SHERF, our
method shows clearer and more consistent visual improve-
ments, which agrees with the quantitative results in Table 3.
When compared to GHG, our method produces sharper and
more coherent textures, particularly for fine-grained pat-
terns (e.g., the patterns on the first row). A likely reason
is that GHG relies on an inpainting-based strategy to es-
timate unseen regions, which can introduce smoothing arti-
facts. However, GHG outperforms our method in edge areas
like hands and feet. This limitation in our method mainly
stems from its reliance on SMPL-X parameters for pose
alignment. Since these parameters are estimated and inher-
ently imperfect, small misalignment between the SMPL-X
human body template and the actual human geometry can
lead to artifacts, especially in high-frequency or articulated
regions. In contrast, GHG benefits from its multi-scaffold
design, where the human surface is dilated into multiple lay-
ers, allowing it to better capture fine geometric details in
such areas.

4.3. Drivability Demonstration
To examine pose drivability, we reconstruct avatars from
the default sparse-view input (3 views) and animate them

1Due to computational constraints, we employ the official SHERF
checkpoint pre-trained on the THuman dataset for evaluation on THu-
man2.0 without further fine-tuning.



Figure 5. Qualitative generalization results on reconstruction quality. We compare our method against SHERF and GHG on the
THuman2.0 dataset [45]. SHERF uses 24 views for training but only requires single view for testing, GHG and our method use 3 views
for training and testing.

Method PSNR ↑ SSIM ↑ LPIPS ↓

SHERF 21.603 0.826 0.230
GHG 29.267 0.948 0.060
NLF-GS (ours) 27.146 0.950 0.071

Table 3. Quantitative comparison on reconstruction quality.
We evaluate generalization to unseen identities, where SHERF
uses 24 views for training but only requires a single view for test-
ing, GHG and our method use 3 views for training and testing. See
Figure 5 for qualitative results.

using novel SMPL-X pose sequences. Since ground-truth
images of the same identities under these target poses are
not available, this part is evaluated qualitatively. The focus

is whether the reconstructed avatar follows the target mo-
tion while preserving identity and appearance consistency.
We provide qualitative drivability results in Figure 6 with
sequential SMPL-X parameters provided by [10]. These re-
sults support our design motivation of using a mixed rep-
resentation to balance controllable body structure and ap-
pearance details, as this combination allows the avatar to
be reposed without requiring a separate optimization pro-
cess for each target motion. At the same time, the visible
artifacts (see the second row) show that stronger deforma-
tion modeling, temporal consistency, and pose-dependent
appearance prediction are necessary for future telepresence-
ready avatars.



Figure 6. Qualitative drivability results. From left to right, we show the ground-truth image, a rendered novel view, several pose-driven
animation results under unseen target poses, and a canonical T-pose rendering.

4.4. Deployment Efficiency
Beyond reconstruction quality, telepresence-oriented avatar
representations must remain practical under runtime
and transmission constraints. Therefore, we compare
deployment-related characteristics, including avatar gener-
ation speed, avatar driving speed, input-view requirement,
and representation compactness. Avatar generation speed
measures how fast a method reconstructs a new avatar for an
unseen subject from sparse observations, while avatar driv-
ing speed measures how fast an already generated avatar
can be animated under novel SMPL-X poses. The former
reflects the cost of onboarding a new user, whereas the latter
is more directly related to real-time telepresence interaction.

As shown in Table 4, NLF-GS achieves 9.57 FPS on
a RTX 4070 GPU for generating a new avatar, outper-
forming SHERF and GHG in feed-forward reconstruction
speed. More importantly, once the avatar has been gener-
ated, NLF-GS reaches 196.21 FPS for pose-driven anima-
tion. This is substantially faster than SHERF, which sup-
ports driving but still performs rendering through a neural-
field-based pipeline. This result also highlights the bene-
fit of separating avatar generation from avatar driving: the
relatively more expensive reconstruction stage only needs
to be performed when creating a new avatar, while sub-
sequent pose-driven use can be executed at much higher
speed. In terms of capture requirements, our method re-

Method Gen. FPS ↑ Drive FPS ↑ # Views ↓ # Gaussians ↓

SHERF 2.02 2.02 1 N/A
GHG 3.26 N/A 3 1–5M
NLF-GS 9.57 196.21 3 ≈80k

Table 4. Comparison of deployment-related efficiency. Gen.
FPS measures the speed of reconstructing a new avatar from sparse
input views. Drive FPS measures the speed of driving an existing
avatar under novel SMPL-X poses. This value is not reported for
GHG because pose-driven animation is not supported. # Views
denotes the number of input images required for avatar generation.
# Gaussians denotes the number of Gaussian primitives per avatar.
This value is not applicable to SHERF because it is an implicit
method.

quires three input views, matching GHG and requiring more
views than SHERF. This reflects a trade-off between cap-
ture simplicity and reconstruction quality. However, NLF-
GS uses substantially fewer Gaussian primitives per avatar
than GHG, with approximately 80k Gaussians compared
with 1–5M. This compact representation reduces potential
storage and transmission overhead, which is important for
practical telepresence deployment.



Figure 7. Experiment on the number of input views for train-
ing. We train models with 1, 2, 3, and 4 input views and evalu-
ate them on novel views. Increasing the number of input views
improves reconstruction quality, but the improvement from 3 to
4 views is relatively small, indicating that three views provide a
practical trade-off between quality and capture cost.

4.5. Input-view Requirement for Free-view Recon-
struction

A practical telepresence avatar should be reconstructed
from as few input views as possible while the results re-
main reliable from any viewpoint. We therefore study how
the number of input views affects free-view reconstruction
quality. Each model is evaluated on novel views that are not
used as input. We choose evenly distributed input views: for
one view, we use the front view; for two views, we use the
front and back; and for three views, we use cameras spaced
120 degrees apart; for four views, we use cameras spaced 90
degrees apart. As shown in Figure 7, increasing the num-
ber of input views consistently improves novel-view recon-
struction quality. The one-view and two-view settings suffer
from insufficient spatial coverage, leading to stronger ambi-
guity in occluded or unseen body regions. In contrast, using
three input views provides substantially better coverage of
the full body and captures most of the available geometric
and appearance information. Adding a fourth view further
improves the metrics, but the gain is relatively small com-
pared with the additional capture cost. Based on this trade-
off, we use three input views as the default setting in the
main experiments. This choice provides a practical balance
between reconstruction quality and input-view requirement,
which is important for deployment-oriented avatar recon-
struction.

4.6. Effect of Feature Encoder
We first analyze the effect of the feature encoder while
keeping the rest fixed. This experiment asks whether multi-
scale image features are important for predicting Gaussian
attributes. All variants use the same evaluation protocol as
before, and the only difference lies in how per-view image
features are extracted.

As shown in Table 5, the full model with a finetuned
ResNet-FPN encoder achieves the best performance. Com-
pared with the frozen ResNet-FPN variant, joint finetuning

Encoder PSNR ↑ SSIM ↑ LPIPS ↓

Single-scale ResNet 25.326 0.941 0.084
Frozen ResNet-FPN 27.745 0.953 0.072
Finetuned ResNet-FPN 29.245 0.963 0.064

Table 5. Effect of feature encoder. We compare different fea-
ture extraction designs while keeping the fusion module, decoder,
losses, and training protocol fixed.

improves all metrics, indicating that the encoder benefits
from adapting to the avatar reconstruction objective rather
than relying only on generic image features. Compared with
the single-scale ResNet encoder, the FPN-based model also
performs better, showing that multi-scale features are useful
for Gaussian attribute prediction. This is expected because
human appearance contains both local details, such as hands
or faces, and larger body-level context, such as clothing and
global appearance.

4.7. Effect of Cross-View Fusion
We then study the effect of the cross-view fusion mecha-
nism while keeping the feature encoder fixed as the fine-
tuned ResNet-FPN encoder. This experiment shows how
different fusion strategies affect sparse-view avatar re-
construction. Specifically, we compare average fusion,
occlusion-only fusion, orientation-only fusion, and the full
geometry-aware fusion that combines both orientation and
occlusion cues.

As shown in Table 6, average fusion performs the worst
across all metrics, confirming that treating all input views
equally is suboptimal in sparse multi-view reconstruction.
Occlusion-only fusion significantly improves PSNR and
SSIM over average fusion, suggesting that removing invisi-
ble or blocked observations helps pixel-level reconstruction.
However, its LPIPS remains unchanged, indicating that oc-
clusion reasoning alone is insufficient to improve perceptual
quality.

Orientation-only fusion achieves the highest PSNR and
matches the best SSIM, showing that viewing direction is
the most influential cue for selecting useful local evidence.
This is reasonable because a Gaussian is usually best recon-
structed from views where its associated surface is directly
facing the camera. However, orientation alone cannot han-
dle cases where a front-facing region is still occluded by
another body part or clothing surface.

The full fusion strategy combines both cues and achieves
the best LPIPS, while maintaining similar PSNR and SSIM
to orientation-only fusion. Although its PSNR is slightly
lower than orientation-only fusion, the improved LPIPS
suggests that occlusion reasoning provides complementary
perceptual benefits once reliable orientation-based view se-
lection is already established. These results indicate that



orientation is the dominant factor for cross-view feature ag-
gregation, while occlusion acts as a useful complementary
cue for improving perceptual consistency.

Fusion Strategy PSNR ↑ SSIM ↑ LPIPS ↓

Average fusion 25.786 0.945 0.079
Occlusion-only fusion 28.236 0.956 0.079
Orientation-only fusion 29.481 0.963 0.068
Full fusion 29.245 0.963 0.064

Table 6. Effect of cross-view fusion. We compare different view
aggregation strategies while keeping the feature encoder, decoder,
losses, and training protocol fixed.

4.8. Ablation Studies
We evaluate the auxiliary supervision terms by removing
one loss component at a time from the full objective. Since
the reconstruction loss is essential for training, we keep this
part fixed and ablate only the silhouette and regularization
terms. All variants use the same architecture, three-view
input setting, training split, and 40-epoch training schedule.

Table 7 shows that removing any single loss term has
only a minor impact on PSNR and SSIM, but consistently
worsens LPIPS. This suggests that while these auxiliary
losses do not significantly affect pixel-level accuracy, they
play a more important role in preserving perceptual quality.

One reason for this behavior may be the relatively small
weights assigned to these terms (e.g., wopacity = 0.005,
wscale = 0.01, woffset = 0.01, wsihouette = 0.1, compared
to wL1 = 0.5), which limits their influence on overall op-
timization. In addition, some parameters, such as opacity,
are already indirectly supervised by the photometric recon-
struction loss, as they directly affect the rendered image
through differentiable Gaussian splatting. As a result, ex-
plicitly constraining these parameters provides limited ad-
ditional benefit in terms of reconstruction accuracy.

Nevertheless, the consistent increase in LPIPS when
these terms are removed indicates that these regularization
terms contribute to better perceptual consistency and help
stabilize the learning of Gaussian attributes.

Method PSNR ↑ SSIM ↑ LPIPS ↓

w/o Opacity Loss 29.338 0.964 0.068
w/o Offset Loss 29.245 0.963 0.068
w/o Scale Loss 29.321 0.963 0.068
w/o Silhouette Loss 29.253 0.963 0.069
Full loss 29.245 0.963 0.064

Table 7. Ablation study of different regularization compo-
nents. All models are trained for 40 epochs.

5. Discussion

5.1. Summary
This thesis investigates how a human avatar representation
can maintain visual fidelity, generalize to unseen identities,
realize pose drivability, and achieve deployment efficiency
for telepresence-oriented applications. The proposed NLF-
GS framework addresses this question by combining an ex-
plicit SMPL-X scaffold with Gaussian primitives, where
the scaffold provides a consistent human structure and the
Gaussian primitives provide efficient rendering and local
appearance flexibility.

The experimental results suggest that this mixed repre-
sentation is a practical direction within the current scope.
Quantitative reconstruction results show that the model can
generalize to unseen THuman2.0 subjects without subject-
specific optimization. The drivability demonstrations fur-
ther show that the reconstructed avatars can be animated
using novel SMPL-X poses. Finally, the compact represen-
tation size and real-time driving speed indicate a path to-
ward deployment-oriented avatar representations, although
the current system is not yet a full telepresence solution.

5.2. Limitations and Future Directions
Feature alignment and SMPL-X dependency. Despite
the proposed progress toward generalizable and drivable
avatar reconstruction, several limitations remain. First, the
visual fidelity of the reconstructed avatars still lags behind
recent Gaussian-avatar methods that optimize a represen-
tation for a single subject. This is partly a consequence
of our generalizable design: NLF-GS predicts Gaussian at-
tributes from locally sampled image features in latent space.
The reconstruction quality is sensitive to the accuracy of the
estimated SMPL-X parameters, since errors in body local-
ization directly affect where features are sampled. In ad-
dition, projecting 3D Gaussian locations onto 2D feature
maps introduces potential discretization and alignment er-
rors between image coordinates and feature coordinates.
This could be improved by replacing the current image-
feature sampling strategy with a more stable texture-based
representation. For example, mapping Gaussian primitives
to a UV texture space may provide more accurate and con-
sistent feature localization than directly projecting Gaus-
sian centers onto image feature maps. Such a design could
reduce errors caused by image-feature misalignment, but
texture-space mapping is also more computationally expen-
sive and may require additional foreground extraction or
post-processing to avoid allocating representation capacity
to background regions. Therefore, its efficiency and de-
ployment costs must be considered for telepresence appli-
cations.

In addition, the current pipeline still depends on SMPL-
X parameters as input. In a practical telepresence scenario,



these parameters must be estimated from incoming images
or video streams, introducing additional computational cost
and another possible source of error. Since many existing
SMPL-X estimators, such as PyMAF-X [47], already infer
body parameters from image features, a natural extension
is to integrate SMPL-X estimation directly into the avatar
reconstruction pipeline. This would enable an end-to-end
system that maps captured images or videos to a structured
Gaussian avatar without relying on externally pre-computed
body parameters. At the same time, joint optimization of
body estimation and Gaussian reconstruction could reduce
error propagation between the localization and anchoring.

Uniform Gaussian allocation. Currently, the use of a rel-
atively compact set of Gaussian primitives further limits the
model’s ability to capture high-frequency details. This uni-
form allocation is simple and structured, but it does not
reflect the uneven distribution of visual complexity across
the human body. Future work could adopt an adaptive
Gaussian allocation strategy, assigning more primitives to
detail-sensitive regions such as the face, hands, hair, and
clothing boundaries, while maintaining fewer primitives on
smoother or less deformable regions such as limbs and large
clothing surfaces. Such a design could improve fine-detail
reconstruction without unnecessarily increasing the total
number of Gaussians, thereby limiting additional storage
and transmission cost.

Occlusion and unobserved regions. The method re-
mains limited in its ability to infer severely occluded or
unobserved body regions. As shown in the second row
of Figure 6, when the hands are hidden inside the pock-
ets, the model cannot reliably reconstruct plausible hand
geometry or appearance. Although we expect the model
to learn a generic prior that hands should resemble skin-like
regions, the current local sampling mechanism mainly relies
on nearby visible evidence. This limitation directly affects
the perceived realism of articulated avatars, especially for
hands and faces. This remains an open challenge. One pos-
sible direction is to train on larger-scale datasets so that the
model can learn stronger human priors, as discussed below.

Identity Metadata and Temporal consistency. Finally,
the current training data does not include identity metadata
or video sequences. The current dataset has different scans
of the same subject, but without the metadata information,
they are regarded as different subjects in the model’s view.
Thus, identity metadata would provide stronger priors for
idenitity preservation. Moreover, the model is trained from
static multi-view observations, so it does not explicitly learn
temporal consistency across poses. This limits its ability to
produce animated results. Training with video sequences
could help the model learn motion-dependent appearance

changes and support more stable reconstruction under con-
tinuous driving. This would move the current static recon-
struction framework closer to a full 4D avatar representation
suitable for immersive telepresence.

5.3. Research Reflection
From telepresence to the representation layer. Al-
though immersive telepresence remains the long-term mo-
tivation of this thesis, a complete telepresence system in-
volves many interconnected components, including human
capture, pose estimation, avatar reconstruction, compres-
sion, data streaming, and real-time rendering. This thesis
focuses on the representation layer as a technically bounded
but essential step toward the larger goal. Rather than at-
tempting to build a full communication system, the work
investigates how an avatar representation can support visual
fidelity, generalization to unseen identities, pose drivability,
and deployment efficiency within a unified framework.

From hybrid ideas to mixed representation. As dis-
cussed in section 2, different avatar representation fami-
lies provide different strengths. This motivates the use of
mixed representations that combine complementary proper-
ties from different families. There are several possible ways
to construct such mixed representations. One direction is a
part-wise hybrid design, where different body regions are
represented by different primitives, for example using an
implicit representation for detailed regions such as the head
and explicit primitives for coarser regions such as clothing
or the torso. Such designs may offer strong local quality,
but integrating different rendering and deformation mecha-
nisms into a single coherent pipeline remains challenging.
This thesis instead explores a more unified mixed represen-
tation, where the parametric body model provides spatial
organization and pose-driven structure, while the Gaussian
primitives provide efficient rendering and local appearance
flexibility. The hybrid part-wise representation remains a
valuable direction to explore in the future.

The Shift Toward Scalable Explicit Representations.
Placing this work within the broader context of computer
vision, the field is currently experiencing a major shift
from implicit neural representations (like NeRFs) to ex-
plicit primitives (like 3D Gaussian Splatting). While ex-
plicit methods have solved the rendering speed bottleneck,
the field still struggles with scalability. Most current high-
fidelity Gaussian avatars require long, per-subject optimiza-
tion, which contradicts the real-time demands of telepres-
ence. By framing avatar generation as a feed-forward pre-
diction task on a shared SMPL-X scaffold, NLF-GS con-
nects to the broader Computer Science trend of building
generalizable models. It demonstrates that we do not have



to sacrifice pose drivability to achieve zero-shot generaliza-
tion, offering a scalable path forward for interactive 3D vi-
sion systems.

Dataset choice and the need for better benchmarks.
The dataset choice reflects a trade-off between relevance
and feasibility. THuman2.0 provides high-quality clothed
scans and pre-fitted SMPL-X parameters, making it suitable
for controlled avatar reconstruction. However, it is still lim-
ited in evaluating long-term pose drivability and temporal
stability. Future telepresence-oriented research would ben-
efit from datasets that combine identity diversity, accurate
body parameters, dynamic motion sequences, and multi-
view appearance observations.

Evaluation trade-off. The evaluation strategy also re-
flects the difficulty of assessing avatar representations
through purely objective metrics. Reconstruction fidelity
can be measured with standard image-based metrics such
as PSNR, SSIM, and LPIPS, but other aspects such as pose
drivability, identity preservation during animation, and per-
ceived interaction quality are harder to summarize with a
single score. These aspects often require qualitative inspec-
tion or user-centered evaluation.

Therefore, this thesis combines quantitative reconstruc-
tion metrics, deployment-related factors, and qualitative
drivability demonstrations. This broader evaluation reflects
the motivation of telepresence-oriented avatar reconstruc-
tion, where the most useful representation is not necessar-
ily the one with the highest visual score alone, but the one
that balances visual fidelity, generalization, pose drivability,
and deployment efficiency. Future work would benefit from
more objective and reproducible metrics for the aspects dis-
cussed above. A user study could further strengthen the
evaluation by assessing perceptual realism and interactive
quality.

5.4. Societal Context and Stakeholder Implications
This thesis explores a possible path toward telepresence-
oriented avatar generation, which carries distinct implica-
tions for various stakeholders.

For daily users, the accessibility of digital communica-
tion is a primary concern. Because NLF-GS requires only
three sparse input views to generate an avatar, it removes
the barrier of needing multi-camera capture studios, allow-
ing users to participate in virtual workspaces or remote ed-
ucation using standard consumer cameras.

For industry developers, deployment efficiency is criti-
cal. The compact nature of our representation with approx-
imately 80k Gaussians, compared to the millions required
by other methods, significantly reduces data storage and
transmission costs. Furthermore, driving the avatar at 196
FPS on consumer-grade hardware ensures it can support

smooth, real-time interaction. On a larger scale, shifting
away from computationally heavy volume rendering to effi-
cient explicit primitives could reduce the energy consump-
tion and carbon footprint.

However, from a societal security perspective, realistic
and generalizable avatar generation introduces severe risks.
Because NLF-GS can reconstruct unseen identities in a
feed-forward manner without subject-specific optimization,
the barrier to creating unauthorized deepfake avatars is dras-
tically lowered. Malicious actors could potentially animate
a realistic person using just a few photos sourced from the
internet. To mitigate this, future telepresence systems must
build in technical safeguards, such as cryptographic water-
marking of AI-generated content and strict verification pro-
tocols before the model is called to generate an avatar.

6. Conclusion
We present NLF-GS, a feed-forward framework that en-
ables the zero-shot reconstruction of unseen identities,
while remaining compatible with novel-view rendering,
pose-driven animation, and deployment-efficient inference.
Experiments show that our method can generate high-
quality avatar representations with fast avatar generation
and real-time pose-driven animation. Although several is-
sues, including occlusion and temporal consistency, re-
main, we believe our proposed model provides a practical
representation-level step toward telepresence scenarios and
could benefit future research.
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Figure 8. ResNet-FPN feature encoder used to extract multi-scale
dense features from each input view.

A. Backbone Architecture
This section describes how the ResNet-based FPN is used
as the feature extractor. Specifically, for each input im-
age Iv , we extract multi-scale backbone features from
stages {Cv

2,C
v
3,C

v
4,C

v
5} and transform them into pyramid

features {Pv
2,P

v
3,P

v
4,P

v
5} through the standard top-down

FPN pathway with lateral connections:

{Pv
2,P

v
3,P

v
4,P

v
5} = FPN(Cv

2,C
v
3,C

v
4,C

v
5). (8)

For each view v, we upsample all pyramid levels to a
common spatial resolution and concatenate them along the
channel dimension to obtain a unified dense feature map Fv ,
which serves as the per-view appearance representation for
Gaussian feature querying.

We use FPN to adapt to different levels of detail. Hu-
man appearance contains structures at very different spa-
tial scales, ranging from fine details such as facial regions
or hands, to coarser body-level context over the torso and
limbs. A multi-scale feature pyramid therefore provides a
more suitable representation than a single-resolution fea-
ture map: shallow features retain greater spatial detail,
while deeper features provide stronger semantic context
with larger receptive fields. By combining them, each Gaus-
sian can be conditioned not only on its local projected ap-
pearance but also on the surrounding neighborhood at mul-
tiple scales.

B. AI Usage Statement
During the preparation of this thesis, artificial intelligence
tools, including ChatGPT, Gemini and Claude, were used
to support the research and writing process in the following
ways:
• Brainstorming: AI was used to identify relevant litera-

ture and outline complex concepts during the early stages

of research. It also assisted in iteratively refining the over-
all structure of the framework.

• Coding Assistance: AI was used to assist with debug-
ging errors, writing analysis scripts, and refining the code
implementation.

• Writing: AI tools were utilized to correct grammatical
errors, improve sentence clarity, and most importantly,
ensure a consistent academic style throughout the doc-
ument.
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