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Abstract

With the emergence of 3D foundation models, there is grow-
ing interest in fine-tuning them for downstream tasks, where
LoRA is the dominant fine-tuning paradigm. As 3D datasets
exhibit distinct variations in texture, geometry, camera mo-
tion, and lighting, there are interesting fundamental ques-
tions: 1) Are there LoRA subspaces associated with each
type of variation? 2) Are these subspaces disentangled
(i.e., orthogonal to each other)? 3) How do we compute
them effectively? This paper provides answers to all these
questions. We introduce a robust approach that generates
synthetic datasets with controlled variations, fine-tunes a
LoRA adapter on each dataset, and extracts a LoRA sub-
space associated with each type of variation. We show that
these subspaces are approximately disentangled. Integrat-
ing them leads to a reduced LoRA subspace that enables
efficient LoRA fine-tuning with improved prediction accu-
racy for downstream tasks. In particular, we show that such
a reduced LoRA subspace, despite being derived entirely
from synthetic data, generalizes to real datasets. An abla-
tion study validates the effectiveness of the choices in our
approach.

1. Introduction

Foundation Models [2], pretrained on large-scale datasets
with large compute, serve as powerful foundations for solv-
ing various downstream tasks via suitable fine-tuning. A
popular fine-tuning approach is LoRA [13] and its variants,
which constrain the number of trainable parameters to miti-
gate the problems of limited labeled data and overfitting. In
this paper, we study efficient fine-tuning strategies for 3D
foundation models.

To adopt LoRA for 3D vision tasks, we argue that we
need to understand how 3D data differ from other domains,
and we provide two perspectives. First, in many cases, it
remains costly to obtain even a small amount of real-wold
3D data. One such example is to differentiate real 3D face
images and 2D face (printed) images from micro-baseline
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Figure 1. Our approach pre-computes LoRA subspaces associated
with each type of 3D dataset variation in geometry, texture, cam-
era, and lighting via curated synthetic datasets. These subspaces
are integrated into a reduced LoRA basis for efficient fine-tuning.

multi-view images. This task has important forensics ap-
plications such as anti-spoofing, and yet collecting micro-
baseline video data is laborious with privacy issues. Sec-
ond, 3D data supports 3D vision tasks that usually focus on
low-level visual attributes, such as texture, geometry, cam-
era motions, and lighting. Therefore, we ask a fundamen-
tal question: can we create large-scale synthetic data that
has a different data distribution from real 3D data, while
leveraging LoRA components to discover the underlying
patterns of different visual properties that are transferable
and can be used for improving fine-tuning performance?

In this paper, we provide positive answers to both
questions. We show how to craft synthetic datasets
with controlled variations of visual attributes to fine-tune
VGGT [26]. We then develop an algorithm that, for each
type of variation, extracts a shared subspace from the re-
sulting LoRA adapters. Concatenating these shared spaces
together yields a concise LoRA basis. We show the ef-
fectiveness of this basis across various downstream tasks,
in which we improve both in-distribution tasks and out-of-
distribution tasks. To compute the shared space of each at-
tribute, we create synthetic datasets that hold all other at-
tributes relatively fixed while varying the attribute of inter-
est. Specifically, we create multiple data splits and apply
LoRA-based fine-tuning on each of them. Each resulting
LoRA displacement includes 1) a component shared across
all LoRAs tuned for the specific attribute, which is also
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the component that we aim to extract to represent the at-
tribute, and 2) the components represent data-specific fea-
tures, which shall be discarded. We formulate the extraction
of the shared component as a generalized least squares op-
timization problem. Moreover, we assess the orthogonality
between LoRA subspaces computed for different attributes
and find that they are disentangled. Finally, we extract the
principal component from the subspaces computed for all
attributes, serving as the basis for fine-tuning on new data.

We evaluate our approach on the task of 3D face re-
construction from micro-baseline videos, 3D human recon-
struction from a wide-baseline image setup, and transpar-
ent object reconstruction. Experimental results show that
the subspaces discovered from our generated synthetic data
are transferrable to real data, improving both efficiency and
quality of fine-tuning results.

2. Related Work

3D foundation models. The 3D foundation models, e.g.,
DUSt3R [27], VGGT [26], and RayZer [14, 16, 39], have
recently achieved strong performance in various 3D vision
tasks. This has created two lines of follow-up work. The
first line develops variants [3, 4, 29, 32, 33, 39] with ex-
panded capabilities. Another line focuses on fine-tuning
3D foundation models (VGGT in particular) for various
tasks [5, 18, 21, 30, 37], in which LoRA [13] is a widely
used strategy. Due to the effectiveness of LoRAs for fine-
tuning VGGT and the fact that 3D datasets exhibit disentan-
gled variations in geometry, texture, camera, and lighting,
this paper studies the connection between these variations
and LoRA.

LoRA merging in generative models. Learning LoRA
subspaces for distinct 3D variation factors and integrating
them is closely related to rich prior work in image and
video generation, which seeks to combine style LoRAs and
content LoRAs. Early work, including BLoRA [11], Zi-
pLoRA [23], and LoRA rar [24], develops efficient training
strategies to combine LoRAs. Specifically, BLoRA [11]
identifies the transformer blocks responsible for style and
content by curating the input conditions and learns to com-
bine LoRAs from a single image. ZipLoRA [23] introduces
column-specific weights to combine two separately trained
LoRAs. LoRA rar [24] trains a hypernetwork on LoRA cor-
pus to predict column-wise coefficients, which are then used
to fuse content and style LoRAs. More recent methods ex-
plore training-free approaches. K-LoRA [20] adaptively se-
lects LoRAs based on the analysis of layer-wise LoRA el-
ements. EST-LoRAs [34] presents a training-free approach
to combine style and content LoRAs driven by a matrix-
energy criterion. LIONLoRA [36] introduces a parameter-
efficient LoRA fusion framework for video diffusion mod-
els, using three key insights: the orthogonality of camera
control LoRAs, normalization of LoRA outputs, and the in-

tegration of scaling tokens into the attention mechanism for
linear control over camera movement and motion strength.

Our approach differs from this line of work in two ways.
First, rather than developing algorithms to combine two Lo-
RAs, we investigate whether datasets for each type of vari-
ation can be encoded using a shared LoRA subspace and
how to compute each subspace from synthetic data. Sec-
ond, we show that the resulting subspaces corresponding to
different variation types are approximately orthogonal and
that they can be integrated into a shared LoRA basis for
efficient training. Although this shared LoRA subspace is
derived from synthetic data, it generalizes well to real data.
LoRA training strategies. Prior work has proposed sev-
eral LoRA training strategies that explicitly or implicitly
control the low-rank subspace in which updates reside.
AdalLoRA [35] introduces trainable incremental matrices
with dynamic ranks and replaces computationally expen-
sive SVD with a penalty orthogonality loss. However,
they did not explore in depth whether dynamically adjust-
ing the rank is task-dependent or influenced by the spe-
cific attributes of the task. PiSSA [19] opts to use princi-
pal singular values and vectors to initialize LORA matrices
for faster convergence, rather than the usual random initial-
ization while keeping the original weights frozen. LoRA-
GA [28] initializes the LoRA matrices by applying SVD
to the gradient matrices, thus approximating the direction
of fully fine-tuning. GaLore [38] projects gradients into
low-rank approximations, thereby updating within a sub-
space for memory-efficient optimization, while effectively
mimicking the trajectory of fully fine-tuning. In contrast to
these methods, we introduce precomputed LoRA subspaces
for efficient training, with precomputation aligned to dis-
tinct variations in 3D attributes. In particular, we show how
to derive these LoRA subspaces from synthetic data.

3. Shared LoRA Subspaces

This section presents our algorithm for extracting the shared
subspace from multiple LoRAs adapters, which are ob-
tained by fine-tuning a 3D foundation model on controlled
synthetic data. In this work, we focus on VGGT [26], a
representative 3D foundation model, which incorporates 48
sets of self-attention and linear layers. Specifically, each
self-attention layer has two matrix parameters (QKV and
attention projection), and each linear layer also has two ma-
trix parameters.

Preliminary. When applying vanilla LoRA to fine-tune
a transformer-based foundation model, it enforces the dis-
placement dW € R™*™ of each weight matrix W to be of
low-rank dW = ABT, where A € R"*", B € R™*", and
the rank r satisfies < min(m,n).

LoRA Subspace. We further introduce a specific LoRA
subspace parameterization defined by a pair of matrices A €
R™*4 and B € R™*4, When performing LoRA fine-tuning
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Figure 2. Singular values of C' computed from QKV and projec-
tion matrices of the 17-th global self-attention layer of 10 LoRAs
with respect to geometry variations. Note that the singular values
are reported in log-scale.
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Figure 3. Examples of synthetic datasets for each type of varia-

tions. We empirically push the variation in each type to the ex-

treme while maintaining small variations among other types. Note

that these images are very different from real-world images.

within this subspace, the weight update dWW is parameter-

ized as dW = AM ET, where the matrix M € R%*? ig the
only trainable parameter. This formulation reduces the total
number of variables optimized during fine-tuning.

Shared LoRA Subspace. Finally, we address the problem
of computing a shared LoRA subspace from an ensemble
of k pairs of LoRA weight matrices {A; € R"*"}1<;<k
and {B; € R™*"}1<;<k. Our goal is to find a pair of
A € R and B € R™*? for some pre-defined d’,
such that ABT optimally approximates all individual up-
dates A; BY'. This objective is formalized through the fol-
lowing optimization problem:

k
. T T
mind [ ABT — AiBT 5. )
i=1
Here, || - || denotes the matrix Frobenius norm, and the

parameter « is introduced to mitigate the influence of po-
tential LoRA outliers in A; B, which may result from the
construction of the datasets.

Note that Eq. (1) does not admit closed-form expressions
when a # 2. To solve it effectively, we employ an itera-
tively reweighted least squares formulation by introducing

a weight in front of each term:

k
: ) T _ A.BT2
%%;wZHAB A;BT|%. 2)

Starting from w; = 1,1 < ¢ < k, we solve Eq. (1) by
alternating between solving Eq. (2) with fixed w; and fixing
A and B to update w;. When w; are fixed, it is easy to see
that Eq. (2) is equivalent to

k k
i T 2 - A.BT .
min lAB* —C| %, C= ;wlAlBi /;wl. 3)

Let C = UXVT be the singular value decomposition of C'
where the diagonal of ¥ = diag(o;) encodes the singular
values o; in decreasing order. It is well-known that optimal
solutions of A and B are given by A = Ud/Zd/% and B =
Vd/Ed/% where X4 = diag(oy,--- ,04) and Uy and Vy
encode the corresponding singular vectors. When A and B
are fixed, we update w; as

w; =1/(e* + |ABT — A;BT||2) =",

Evidence for the Existence of Subspaces. Fig. 2 illus-
trates the singular values of C' among the self-attention ma-
trices of the 17-th layer of VGGT when fine-tuned on a syn-
thetic dataset with texture variations, where d = 16 for each
LoRA. We can see that there is indeed a significant drop be-
tween the 17-th singular value and the 16-th singular value
of C, indicating the shared LoRA subspace. However, we
also observed that this spectral gap varies between differ-
ent layers and with respect to different variations. We will
discuss such phenomena in Sec. 4.

Leveraging Subspaces for Fine-tuning. After obtaining
the extracted subspaces for all attributes {A;B] };ca, we
can incorporate them after orthogonalization into our sub-
space LoRA fine-tuning:

AMB = (|lieads) - (lliea{B:})".
4. Subspaces of VGGT

This section details the procedure for extracting LoRA sub-
spaces with respect to different types of variation. We be-
gin with the generation of the controlled datasets. We then
present analysis of subspaces with respect to each type of
variation by applying the approach in Sec. 3. Finally, we
analyze the correlations between these different subspaces.

4.1. Controlled Dataset Generation

Our datasets were constructed using MegaSynth [15],
which allows control over variations in texture, geometry,
camera, and lighting. To extract LoRA subspaces that cor-
respond to different types of variation, we generated mul-
tiple specialized datasets. As shown in Fig. 3, we generate
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Figure 4. There are four spectral patterns of matrix C' across some layers with respect to different dataset variations. They are colored in
red, green, blue, and black. ’tex-g-atten-gkv-1’ indicates the QKV matrix in the first global attention layer fine-tuned on texture variations.
Note that we have applied a log scale to the singular values. It is clear that there is a significant drop in these curves, which indicates the

existence of shared subspaces.

each dataset in each type by varying the corresponding at-
tribute while fixing the remaining attribute types. For differ-
ent datasets of the same type, the remaining fixed attributes
are randomized. The motivation is that we can decompose
the corresponding LoRA into two components, where the
first component is shared (the attribute of interest) and the
second component is random noise (remaining attributes).
We can then apply the approach described in Sec. 3 to ex-
tract the first component, which is desired.

Motivated by the principles of domain randomiza-
tion [25], we maximize the variations of each target type
to the extreme. The core motivation here is to ensure that
the variations are larger than the real-synthetic domain gap.
By doing so, we aim to learn more robust subspaces that
exhibit generalization capabilities to real-world data. The
detailed procedures for generating these synthetic datasets
are deferred to the supp. material.

4.2. Interpreting Individual LoRA Sub-Spaces

In the following, we analyze the resulting shared LoRA sub-
spaces, focusing on their behaviors across different layers of
each type of variation and their properties across different
types of variation.

As illustrated in Fig. 4, there are four types of spectral
behavior of the LoRA subspace C' among different matrices
in different layers, which are colored black, blue, red, and
green. Similarly to Fig. 2, the black curves correspond to
the layers in which there is a drop at r, which is the rank of
individual LoRA. We observe that these layers correspond
to deep attention layers in VGGT or fully connected lay-
ers. This is expected as deep attention or fully connected
layers of VGGT focus on global patterns in the input of
one attribute and are insensitive to differences across the
inputs introduced by relatively small variations with respect
to other attributes.

The blue curves correspond to the layers in which we still
observe a drop in singular values, but the transition point is
larger than d. Those layers are typically early layers (e.g.,
4-7 in VGGT). This can be understood as the fact that these

layers tend to capture more local patterns in the collection
of synthetic datasets, which also include patterns that do not
belong to the attribute of interest. The red curves show two
transitions in singular values. They correspond to the lay-
ers between those of the blue curves and those of the black
curves (e.g., 12-17 in VGGT). In contrast, the black curves
show no transitions in singular values. We observe that they
correspond to the first 1-3 layers in VGGT. This is expected
as they record all local patterns in the synthetic datasets,
whose size grows as the number of datasets increases.

We then analyze the relative spectral properties between
different types of variations. Although their spectral proper-
ties are different, the matrix C' is still considered low-rank
as 024(C)/omax(C) < 1073. Fig. 5 plots the maximum
singular values of the QKV, projection, and MLP matrices
in different layers. We observe three behaviors. First, the
magnitudes of the attention matrices drop for deep layers.
In other words, global patterns in pre-trained models are
generalizable to data variations including synthetic data. In
contrast, early layers require significant adjustments in re-
sponse to local patterns in synthetic datasets. Second, the
magnitudes of the matrices in MLP are relatively stable.
This again can be understood as the fact that they encode
relational pre-trained patterns that are generalizable across
real and synthetic datasets.

Moreover, the relative magnitudes between different
variations change drastically, particularly among the MLP
layers. This means that it is important to extract an individ-
ual subspace for each type variation, as extracting a shared
subspace from all types may discard useful subspaces.

4.3. Do Subspaces Disentangle? Yes!

We proceed to study the relation between the extracted sub-
spaces that correspond to different variations. The subspace
of each variation type in each layer is encoded as S = ABT.
Therefore, we first introduce the distance between two sub-
spaces S and S’. This is non-trivial in our context for two
reasons. First, ABT is invariant if we transform A — AX
and B — BX _1T. In other words, we cannot compare
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Figure 5. Maximum singular values of each shared LoRA subspace. Linear layers, QKV, and projection matrices of global self-attention
and local self-attention are plotted in the top and bottom rows, respectively. We show four curves in each plot, which correspond to texture,

geometry, camera, lighting variations.

A and A’ or B and B’ directly. We address this issue by
enforcing that A = UY? and B = VZ%, where U, V, X
come from SVD of ABT = UXVT. Second, S = ABT
encodes the same subspace under scaling a.S. Note that
although scaling each column of S encodes the same lin-
ear space, it changes the absolute strength of each column,
which is useful for characterizing the orthogonality between
two subspaces. To address this issue, we define the angle
between two matrices S and S’ as

— min JS.=8)@s)]?

N |Sz—S"x'||?
d(8,5") = min N 1 iag (5,5 ) @) 2

o 15zP+]s7=

“4)

It is clear that if = and «’ is an optimal solution
to d(5,5’), then  and 1S’ are an optimal solution to
d(S,aS’). Therefore, d(S,S’) is invariant when scaling S
and S’. Tt is easy to see that the optimal solution to Eq. (4)
is given by the smallest generalized eigen-vector problem:

sTs 0

(5% ws )(2) (%0 5 )(2)

Fig. 6 shows the eigvenvalues in Eq. 5 for typical layers
between six pairs of subspaces (.5,.5). In general, most of
the smallest eigenvalues are above 0.5, indicating that the
learned subspaces are disentangled (1 means that they are
orthogonal). Moreover, both the geometry and texture sub-
spaces show strong orthogonality with the camera subspace.

Although images and corresponding learned features
shall be a complex non-linear function of attribution vari-
ations, recent results in deep learning theory, neural tangent
kernels [9] and diffusion generalization [10], have shown
that this non-linear function can be approximated by a lin-
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ear function defined by the Jacobian of the network. In-
tuitively, this linear relationship promotes disentanglement
while high-order residuals characterize correlations. We
will leave a rigorous analysis of this matter for future work.

5. Experimental Evaluation

We adopt VGGT [26] as our base model. We first conducted
2D face anti-spoofing experiments to validate the effective-
ness of the extracted subspaces. To evaluate generalization,
we further conducted clothed human reconstruction exper-
iments, demonstrating that subspaces extracted from syn-
thetic data can generalize to real-world data. Finally, we
evaluated our method on transparent object reconstruction,
showing that the learned subspaces remain effective even
under challenging settings with complex materials and lim-
ited training data.

Baselines. We compare our subspace-based fine-tuning
strategy with full fine-tuning, and several representative
PEFT methods, including LoRA [13] and PiSSA [19]. For
prediction, we use the depth head instead of the point head.
During fine-tuning, we freeze the DINO encoder and main-
tain the same number of training steps across all experi-
ments, employing a two-stage learning rate scheduler that
combines linear and cosine decay.

5.1. 2D Face Anti-Spoofing

For the subspaces, we apply the texture and geometry sub-
spaces extracted on our created synthetic data under micro-
baseline settings. Each subspace is derived from five LoORA
adapters with a rank of 16.
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Figure 6. We show overlap ratios between six pairs of four subspaces that correspond to variations in geometry, texture, camera, and
lighting. We show three representative layers of the global QKV attention. This metric, akin to reprojection error, reveals that each pair
of subspaces is approximately orthogonal. Notably, the orthogonality is most significant between texture and camera, as well as between

geometry and camera.

Datasets. We fine-tune on data of indoor scenes created by
MegaSynth [15] and rendered under micro-baseline cam-
eras, following the protocol in Sec. 4.1. The test set of hu-
man face consists of two parts: one part consists of face im-
ages collected from the internet, which are used to render
micro-baseline videos. The other part includes real-world
face data captured with an iPhone equipped with LiDAR
hardware to estimate the depth of printed images [6, 7]. All
test image sequences consist of 42 images, with one im-
age selected every six frames for the synthetic evaluation,
and one image selected every two frames for the real-world
evaluation.

Metrics. For the synthetic face dataset, we evaluate the
quality of the point cloud using the Chamfer Distance
(x1073) and the normal consistency. For Chamfer Dis-
tance, we report its two directional components: Accuracy
and Completeness. Additionally, we first use SAM 2 [22]
to extract the face mask from the video, and the metrics are
calculated based on this mask. The predicted point maps
are first aligned with the ground truth using the Kabsch-
Umeyama algorithm [17] for an initial Sim(3) alignment,
followed by refinement using the Iterative Closest Point
(ICP) algorithm [1]. For the real-world face dataset, we
evaluate the quality of depth estimation using the Abso-
lute Relative Error (x10~2) and the prediction accuracy at
a threshold of § < 1.25. These metrics are evaluated under
joint scale and 3D translation alignment.

As presented in Table 1, our proposed subspace-based
fine-tuning method significantly outperforms other fine-
tuning methods on the synthetic face test set. Our method
achieves comparable results on the real-world data set,
while utilizing fewer trainable parameters. In contrast,
LoRA lacks interpretability, and PiSSA exhibits overfitting.

Qualitative visual results of point cloud reconstruction
on the synthetic test dataset are shown in Fig. 7. The orig-
inal VGGT model is heavily tricked by its visual semantic
priors learned on normal real-world 3D face data, leading to
scattered artifacts in the reconstructed faces. All fine-tuning
strategies alleviate these issues to some degree by consum-
ing micro-baseline data for fine-tuning, while our method

Synthetic Face Dataset Real Face Dataset

# Trainabl
Method Param. Acc] Compl) NCT AbsRel|l §<1.2571
VGGT - 9.006  4.965  80.74 2.651 98.59
Full 853.6 M 5585 3531 8577 2.203 98.85
LoRA (rank=16) 163 M 5767 3385 8478 2.115 98.92
LoRA (rank=32) 327M 6.251 3.841  84.64 2.159 98.93
LoRA (rank=64) 65.3M 6393 3971  84.59 2.157 98.94
LoRA (rank=128) 130.7M 6.590 4.242  84.92 2.162 98.95
PiSSA (rank=16) 163 M 5729 3532 8530 2433 98.81
PiSSA (rank=32) 327M 6.488  4.198  84.64 3.185 98.41
PiSSA (rank=64) 653 M 6.526 4407 84.84 3.106 98.60
PiSSA (rank=128) 130.7M 6.890 4706  84.77 4.020 98.32
Ours (d=8) 3.8M 5921 1966 76.77 2.774 98.26
Ours (d=16) 40M 3.831 2.037 86.65 2.170 98.92
Ours (d=32) 47M 4287 2395 8643 2.151 98.94

Table 1. Evaluation on Synthetic and Real-World Human Face
Datasets under Micro-Baseline Settings. The synthetic dataset
contains 50 face images, which are used to render videos from
nine different viewpoints. The real-world dataset consists of 50
printed images, each captured in one long-burst bundle. Bold:
best; underline: second best.

produces the most accurate and robust reconstructions with
noticeably fewer artifacts, showing the transferability of our
method to out-of-distribution data.

5.2. Clothed Human Reconstruction

Datasets. Following the approach in HART [5], we select
2,345 human scans from the THuman 2.1 dataset [31] as
our fine-tuning dataset. The subjects are rendered from 96
distinct viewpoints along a 360-degree azimuthal trajectory.
We used two datasets for testing. One is the THuman 2.1
test split, which contains 100 subjects for in-domain evalu-
ation. The second is the test set from the 2K2K dataset [12],
which is used for cross-domain evaluation and offers greater
age diversity. All comparisons with baselines are conducted
using a fixed setting of § input views. We apply all four ex-
tracted subspaces derived in the object-centering settings.
Each subspace is computed from a bundle of ten LoRA
adapters, each having a rank of r = 16.

The point cloud reconstruction evaluation results are
shown in Tab. 2. We observe that all fine-tuning methods
can, under certain configurations, degrade the performance
of the original base model. For LoRA, a low rank (r) is in-
sufficient to capture the new variations present in the target
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Figure 7. Qualitative Comparison of 2D Face Anti-Spoofing
Tasks. Compared to other fine-tune strategies, our method pro-
duces more accurate and robust reconstruction with fewer artifacts.

THuman (In-domain) 2K2K (Cross-domain)

# Trainabl
Method Param.  Acc/ Compl NCt Accl Comp) NCt
VGGT - 2816 1911 9151 3.03 2122 9281
Full 853.6M 3053 1932 9117 3.655 2213 9225
LoRA (rank=16) 163M  3.195 2089 9163 2717 1829 9273
LoRA (rank=32) 327M 2849 1922 9185 2633 1773 93.00
LoRA (rank=64) 653M 2791 1902 9212 3017 1968 93.18
LoRA (rank=128)  130.7M  3.188 2507 9248 2986 1959  93.86
LoRA (rank=256)  261.4M  3.521 4978 9181 2517 1769 93.99
PiSSA (rank=16) 163M 3009 1921 9081 2791 1.866 92.92
PiSSA (rank=32) 327M 3228 2028 9059 2991 1972 92.59
PiSSA (rank=64) 653M 3931 2351 8942 3730 2328 O9LI3
PiSSA (rank=128)  130.7M  4.052 2416 90.10 3745 2250 9152
PiSSA (rank=256)  261.4M 4292 36890 90.19 4.122 2288 9138
Ours (d=16) 47M 3392 2138 9091 3019 1.887 9170
Ours (d=32) 76M 3332 2220 9156 2825 1878  93.00
Ours (d=64) 193M 2745 1882 9182 2513 1754 9336

Table 2. Evaluation of Clothed Human Reconstruction: Point
Map Estimation on THuman 2.1 [31] and 2K2K [12]. Our
method achieves the best performance across nearly all metrics.

data. In contrast, when the rank is increased, LoRA tends
to overfit the training data. PiSSA, which initializes LORA
using principal components derived from SVD, also shows
a degradation as the rank increases.

Our proposed method, while achieving sub-optimal per-
formance when the subspace dimension d is small, shows
a significant trend: as d increases, the extracted subspace
becomes increasingly robust. This robustness stabilizes
the fine-tuning process and leads to superior generalization
performance, ultimately achieving superior results across
nearly all metrics with fewer parameters.

Fig. 8 shows qualitative results. The VGGT base model
produces noticeable artifacts in the presence of new vari-
ations, stemming from incorrect visual matching, particu-
larly along object edges. After fine-tuning, the model’s abil-

ity to handle these problems improves, but noise remains
significant in detailed regions, such as the hands. On the
2K2K dataset, our approach shows the best generalization
over all other methods.

5.3. Transparent Object Reconstruction

We also evaluate on ClearPose [8], a challenging real-
world dataset designed for transparent object reconstruc-
tion. ClearPose comprises 51 real-world scenes, captured
using Intel RealSense L515. They include 63 transparent
objects (e.g., bottles and cups). We select 32 scenes for
training and use the remaining scenes as the test set. The
results, with both Accuracy and Completeness reported in
units of 1072, are presented in Table 3. We can see that
with a similar number of trainable parameters, i.e., 16.3M,
our approach outperforms all baselines. Note that this is
achieved without introducing any sampling of transparent
textures when learning subspaces. To achieve similar per-
formance, LoRA and Adal.oRA [35] require a much more
number of parameters.

Method # Trainable In-domain
¢etho Param. Acc| Comp| NC*
VGGT 3.123 3271 6777

853.6 M 1.653 2559  74.18

163M  1.808 2522 7374
327M 1811 2562  73.76
65.3M 1787 2.580 73.81
130.7M 1753 2571  73.80

15.0M 1.859 2479  72.67
299 M 1.832 2464  72.89
AdaLoRA (rank=64) 59.7TM 1.826 2453  73.07
AdaLoRA (rank=128) 1194 M 1.836 2465 73.20

Ours 16.3 M 1.764 2462 73.86

Fully fine-tuned

LoRA (rank=16)
LoRA (rank=32)
LoRA (rank=64)
LoRA (rank=128)

AdaLoRA (rank=16)
AdalL.oRA (rank=32)

Table 3. Evaluation of Transparent Object Reconstruction:
Point Map Estimation on ClearPose [8]. Our method achieves
comparable performance across all metrics.

5.4. Ablation Study

Effectiveness of extracted subspaces. In the first experi-
ment, We can replace A and B in the LoRA parametriza-
tion dW = AM B with the principal singular vectors of the
original model’s weights. As shown in Tab. 4, our approach
shows a clear advantage over this alternative when using the
same rank.

Rank of LoRA Pairs. In this experiment, we fix the di-
mension d of the shared sub-space while changing the rank
r of the input LoRA pairs. As shown in Tab. 5, the per-
formance trends of the two subspaces are generally similar
when varying d with fixed r are similar. The difference may
stem from the number of LoRA pairs and the quality of the
dataset used to extract the subspaces. This also highlights
the importance of increasing the variance and diversity of
synthetic datasets.
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Figure 8. Visual Results of Clothed Human Reconstruction Tasks. Each input consists of eight different viewpoints. The first row is
selected from the THuman 2.1 test split, while the second row is chosen from the 2K2K test set. Our model produces fewer artifacts on the
object, but its performance on more detailed regions, such as the hands, is less ideal.

THuman (In-domain) 2K2K (Cross-domain)

Acc] Compl| NC?T Accl Compl NCT

PSV (d=32) 5605 3.086 89.58 6.844 4523 89.27
PSV (d=64)  4.066 2423  90.65 3.805 2202 90.84
PSV (d=128) 3.709 2394 91.10 3290 2.128 9250
PSV (d=256) 2.785 1.904 91.76 2.542 1.762  93.42

Ours (d=8) 5839 3363 89.33 5712 2602 89.98
Ours (d=16) 3392 2.138 9091 3.019 1.887 9170
Ours (d=32) 3332 2220 9156 2.825 1.878  93.00
Ours (d=64)  2.745 1.882  91.82 2513 1.754  93.56

Method

Table 4. Computing A and B using our approach is superior to
using the leading singular vectors of the original weight matrix.

THuman (In-domain) 2K2K (Cross-domain)

Acc| Compl NC?T Accl] Compl NCT

r=64 (d=8)  6.621  3.092 8876 6.070 3299  838.94
r=64 (d=16) 4.030 2343 89.94 4813 3.031 8993
r=64 (d=32) 3.797 2482 9131 3246 2.094 9243
r=64 (d=64) 2.783 1.871 9141 2.563 1.756  93.19

r=16 (d=8) 5.839 3363 89.33 5712 2602 89.98
r=16 (d=16) 3.392 2138 9091 3.019 1.887  91.70
r=16 (d=32) 3332 2220 91.56 2.825 1.878  93.00
r=16 (d=64) 2.745 1.882  91.82 2513 1.754  93.56

Method

Table 5. Comparison of Subspaces Extracted from LoRAs with
Different Ranks. Ablation study to validate our shared space hy-
pothesis.

6. Conclusions and Future Work

In this paper, we introduce the problem of extracting sub-
spaces of a transformer-based 3D foundation model for
LoRA-based fine-tuning. We show that such subspaces that
correspond to variations in geometry, texture, camera mo-
tion, and lighting do exist, and they are approximately dis-
entangled. We present an algorithm that computes them
from synthetic datasets generated in a controlled manner.
A striking message is that these subspaces lead to efficient
fine-tuning procedures for downstream tasks, achieving bet-
ter predictive accuracy than state-of-the-art approaches.

We hope that our work inspires exploration into the un-
derstanding of 3D foundation models. There are ample op-
portunities for future research. First of all, we study only
static scenes. An obvious extension is to add motion varia-
tions to understand recent 4D foundation models. Another
direction is to study common and differences across differ-
ent 3D foundation models. Finally, this paper focuses on the
use of synthetic data for fine-tuning, and it is interesting to
study how to combine large-scale synthetic and small-scale
real datasets to enhance fine-tuning performance.
Acknowledgments. This project was supported by NSF-
2047677, 2413161, 2504906, 2515626, GIFTs from Adobe
and Google, and computing support on the Vista GPU Clus-
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Mining Attribute Subspaces for Efficient Fine-tuning of 3D Foundation Models

Supplementary Material

1. Implementation Details

During subspace extraction and fine-tuning for downstream
applications, we fine-tune the model from the pretrained
VGGT-1B checkpoint and freeze the DINO encoder to save
memory. For the aggregator, depth head, and camera head,
we use a cosine learning rate schedule with warm-up. Dur-
ing the warm-up phase, the learning rate linearly increases
from 1x 1078 to 1 x 10~° over the first 5% of the total train-
ing steps. Following the warm-up, the learning rate then
decays following a cosine schedule, dropping to 1 x 1078
over the remaining training steps. To stabilize training, we
apply gradient norm clipping at 0.5.

During the fine-tuning phase, we randomly sample 4-16
views per scene. The network is trained for a total of 24,000
steps, with each step processing 32 images as input. The en-
tire training process requires approximately 20 hours using
a single NVIDIA H200 GPU.

The dataset used for subspace extraction consists of 200
generated scenes, each rendered as a sequence of 100 im-
ages.

2. Additional Results
2.1. Qualitative Results

We present additional qualitative results of point cloud re-
construction on the synthetic test dataset in Figure 1, which
further demonstrate the robustness of our method across dif-
ferent scenes. Our method produces the most accurate re-
constructions with noticeably fewer artifacts, showing its
transferability to out-of-distribution data.

We present more visualizations of clothed human recon-
struction in Figure 2. The first two rows are from the THu-
man dataset [4], and the last two rows are from the 2K2K
dataset [1]. The comparison shows that our method exhibits
strong robustness.

2.2. Different Rank Allocation Strategies

Table 1. Comparison Between Different Rank Allocation
Strategies. The overall trend is the same, with minimal
performance differences.

THuman (In-domain) 2K2K (Cross-domain)
Acc] Comp| NCtT Accl Compl NC1?T
Uniform (d=16) 3392 2.138 9091 3.019 1.887  91.70

Uniform (d=32) 3332 2220 9156 2.825 1.878  93.00
Uniform (d=64) 2745  1.882 91.82 2513 1754  93.56

Importance (d=16) 4.088  3.783  88.81 3.822 5900 90.29
Importance (d=32) 3.778 2444  91.23 3.165 2.041 92.41
Importance (d=64) 2.766 ~ 1.912  92.03 2481 1762 93.54

Method

In the Experiment section, we report the results of the
method that applied the same d to different layers. Another
popular importance rank allocation strategy is based on the
effective rank. The effective rank of a matrix W is defined
using its Frobenius and spectral norms as:

2
EffectiveRank(W) = (||||VMV/|]:) .
2

Therefore, the target subspace dimension d for each layer
can be dynamically allocated based on this measure. Specif-
ically, the layer-wise subspace size d; is determined by:
&= d EffectiveRank (1)
e AverageEffectiveRank |’

where d is the global budget for the subspace size.

We present the performance comparison between Uni-
form and Importance allocation strategies in Table 1. Uni-
form refers to the allocation strategy reported in the main
text, while Importance is based on effective rank-based im-
portance allocation. We observe that the overall trend is the
same, and the performance differences are negligible.

3. Details on Synthetic Dataset Generation

In this section, we first briefly introduce the previous work,
Megasynth [2], and then describe the generation process of
our synthetic datasets.

Megasynth is a pipeline designed for generating syn-
thetic non-semantic datasets. Using scalability and control-
lability, we can synthesize datasets tailored to exhibit target
3D attribute variations. The generation process begins with
creating the layout of indoor scenes by filling the space with
boxes of varying sizes. Next, it generates the scene geom-
etry and samples the textures. The geometry is constructed
from primitives (such as ellipsoids, cubes, and cylinders)
instantiated within each box. To maximize geometric vari-
ation, a height field is randomly assigned to each surface.
Textures are sampled from the MatSynth texture dataset [3].
During the rendering phase, the light sources are random-
ized, followed by a random sampling of both the camera
distribution and the intrinsic camera parameters.

For the first experiment, 2D Face Anti-Spoofing, we
utilized two distinct subspaces: texture and geometry.
Each subspace was extracted from five different LoRA
adapters. These ten datasets (for subspace extraction) and
the datasets employed for fine-tuning were rendered under
micro-baseline settings.

The micro-baseline setting emphasizes that camera
movements were minimal. This was achieved by interpo-
lating the camera’s translation and rotation across control



InPUt EB

-8t 1)
g 1)
-@( 3
-1 3
-@/ 1.

Figure 1. More visual comparison of 2D Face Anti-Spoofing Tasks.

points. By ensuring that both the translational displacement
and the angular differences between these control points re-
mained within a predefined range, the overall movement of
the camera trajectory was kept minimal.

In the second experiment, Clothed Human Reconstruc-
tion, we used four subspaces: texture, geometry, camera
motion, and lighting. Each of these four subspaces was ex-
tracted from ten different LoRA adapters. These datasets
were object-centered. To achieve this, we made slight mod-
ifications to the standard layout sampling strategy: we re-
moved the walls, ceiling, and floor of the room, leaving only
the synthetic boxes centrally arranged.

Next, we explain how we customized the dataset gen-
eration with respect to these four specific variations. For
texture variation, we minimized geometry changes: the
scene file was fixed entirely (in the first experiment), or the
number of boxes and primitives was limited to introduce
only slight geometry variance (in the second experiment),
while textures were sampled broadly from the entire texture
dataset. For geometry variation, we allowed texture sam-
pling to repeatedly use a subset of the full texture dataset,
with different subsets used across different datasets, while
varying the box and primitive counts to maximize geome-
try diversity. To isolate camera movement, we uniformly
sampled camera azimuths and elevations on a sphere and
randomized distances to define control points. Then, spline
interpolation was performed between these points to gen-
erate the camera’s movement trajectory; different datasets
used varying ranges for these orientation targets and dis-
tances. Finally, for the lighting variation, we place some
sunlight sources in the Blender environment and randomly

assign their color and strength for each instance. All im-
ages were rendered at a resolution of 518 x 518 to align
with DINO2’s patchify process.

4. Singular Values of Matrix C'

In this section, we will present the distribution of the singu-
lar values of the matrices C' during the first iteration of the
subspace extraction process. Note that a logarithmic scale
has been applied. The significant drop in these curves indi-
cates the existence of shared subspaces.
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4.1. Texture Subspace
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attention layer with respect to texture variations.
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4.2. Geometry Subspace
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Figure 11. Singular values of the QKV matrix in the global
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Figure 13. Singular values of the projection matrix in
attention layer with respect to geometry variations.
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Figure 14. Singular values of the projection matrix in the frame
attention layer with respect to geometry variations.
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Figure 16. Singular values of the first fully connected matrix in
the frame attention layer with respect to geometry variations.

:
. 3

1

ot
\

2 a1

T a a
2 a1
2

g

\ng: mi
/
’
g e
r
. \ng:‘(c)i
7
-

log(o,

S

log(o,

. \UQ:NC):
F
r
. \og:q(c)i
. \ng:r‘(c)i
r
r

g

o
10g(7,(©))
10g(7,(©)
log(e(C))

-4

8 F

12 h\ e
1

e

g

Iag:r ):
//
Ing: , (C)i
//
Iog:‘(c)l
f/
Iag:‘(c)l
/,/
mg: (C)i
/J

12

1
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in the global attention layer with respect to geometry variations.
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4.3. Camera Motion Subspace
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Figure 19. Singular values of the QKV matrix in the global
attention layer with respect to camera variations.

2 a1

109(7,(©))
0g(7,(©))

10g((C)
109(7,(©))
10g(7(©)

2 a

0g(r(©))
10g(e,(©)

og(#(©)

//
Iag: zc)l
/,/
Iagin‘(ci
/,/
Ing:‘(cz
/J
Iaq:r zc)l
///

1 a1 ar 1 2 a1 1 a1 a1 2 a

Figure 20. Singular values of the QKV matrix in the frame
attention layer with respect to camera variations.
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Figure 21. Singular values of the projection matrix in
attention layer with respect to camera variations.
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Figure 22. Singular values of the projection matrix in the frame
attention layer with respect to camera variations.
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the global attention layer with respect to camera variations.
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the frame attention layer with respect to camera variations.
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Figure 25. Singular values of the second fully connected matrix
in the global attention layer with respect to camera variations.
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4.4. Lighting Subspace
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Figure 27. Singular values of the QKV matrix in the global
attention layer with respect to lighting variations.
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Figure 28. Singular values of the QKV matrix in the frame
attention layer with respect to lighting variations.
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Figure 29. Singular values of the projection matrix in the global
attention layer with respect to lighting variations.
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Figure 30. Singular values of the projection matrix in the frame
attention layer with respect to lighting variations.
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Figure 32. Singular values of the first fully connected matrix in
the frame attention layer with respect to lighting variations.
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in the global attention layer with respect to lighting variations.
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5. Subspace Orthogonality Analysis

In this section, we present the distribution of the generalized
eigenvalues A used in our subspace orthogonality analysis.
Results are shown for all six pairs of subspaces. The eigen-
value acts as a reprojection error, where values closer to 1
indicate greater orthogonality between two subspaces. The
curves show that these six pairs of subspaces are approxi-
mately orthogonal to each other.



5.1. Geometry vs Texture
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Figure 35. The overlap ratio between subspaces that correspond to variations in geometry and texture.
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Figure 36. The overlap ratio between subspaces that correspond to variations in geometry and camera motion.
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Figure 37. The overlap ratio between subspaces that correspond to variations in geometry and lighting.
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Figure 38. The overlap ratio between subspaces that correspond to variations in texture and camera motion.
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Figure 39. The overlap ratio between subspaces that correspond to variations in texture and lighting.



5.6. Camera vs Lighting
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Figure 40. The overlap ratio between subspaces that correspond to variations in camera motion and lighting.
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