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Abstract

Feed-forward 3D reconstruction models have demonstrated strong generalization
under large-scale pre-training, yet they struggle in long-tail scenarios such as
low-light reconstruction, joint human-scene reconstruction, and test-time adapta-
tion. We observe relational attention structure collapse, manifested as the failure
of cross-view correspondences, as a primary cause of these limitations. While
adaptation offers a practical way to bridge this gap, existing parameter-efficient
fine-tuning (PEFT) approaches mainly perform channel-wise feature adjustment
and lack mechanisms to explicitly adapt relational structures, leaving correspon-
dence failures unresolved. In this work, we formulate adaptation of 3D recon-
struction models as a problem of correspondence recovery under domain shift
and propose 3R-Adapter, a PEFT paradigm for long-tail 3D reconstruction sce-
narios. Our method consists of three components: Deformable Retrieval for
task-adaptive relation candidate retrieval, Relational Rewiring for reconstructing
cross-view relational structures, and Consistency Refinement for injecting the
rewired relations into stable predictions. Extensive experiments on low-light recon-
struction, joint human-scene reconstruction, and test-time adaptation demonstrate
that our approach significantly improves robustness over existing PEFT meth-
ods while maintaining efficient lightweight adaptation. Our code is released at
https://github.com/PKU-0V3-LAB/3R-Adapter.

1 Introduction

Recent feed-forward 3D reconstruction models [1, 2, 3, 4, 5] have demonstrated strong generalization
ability under large-scale pre-training. These models leverage large-scale data [0, 7, 8, 9, 10, 11, 12] to
implicitly learn geometric structures through attention-based representations, enabling the estimation
of camera poses, intrinsics, and dense geometry from uncalibrated image collections. Despite these
advances, current models exhibit clear limitations under domain shift. In scenarios such as low-light
environments [13], joint human-scene reconstruction [14, 15, 16], and test-time adaptation [17, 18],
data distributions deviate significantly from pre-training conditions and reliable 3D supervision is
often unavailable, as depicted in Fig. 1. As a result, pre-trained models frequently fail to generalize,
leading to unstable geometric predictions.

We observe that this failure is closely related to the instability of cross-view relational modeling, as
shown in Fig. 2. Specifically, attention patterns that are well-structured in in-domain settings become
diffuse and less informative under domain shift, making it difficult to establish reliable cross-view
correspondences. This suggests that the core challenge lies not in insufficient feature representation,
but in the inability to preserve and adapt relational structures across views.

Addressing this issue requires effective adaptation mechanisms that can restore stable cross-view
relations. Parameter-efficient fine-tuning (PEFT) [19, 20, 21, 22, 23] provides a practical solution
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Figure 1: The data scaling bottleneck in 3D pre-training and our relational adaptation paradigm.
(a) While foundation models thrive on massive data, they struggle to generalize to long-tail 3D
domains due to the high cost of dense 3D ground truth. (b) Conventional PEFT methods (e.g.,
LoRA, Adapter) rely on implicit, channel-wise feature adjustment, which struggle to model the
correspondence relationship in data-scarce scenarios. In contrast, our 3R-Adapter shifts the paradigm
to explicit relational adaptation via Deformable Retrieval, Relational Rewiring, and Consistency
Refinement, effectively establishing robust cross-view correspondences without destroying pre-
trained priors.

by enabling lightweight adaptation of large pre-trained models. However, existing PEFT methods,
such as LoRA [24] and Adapter [25], primarily perform channel-wise feature modulation and lack
mechanisms to explicitly adapt relational structures. Consequently, they rely on implicit adjustments
of attention to capture cross-view dependencies, offering limited control over relational routing and
often failing to recover stable correspondences under domain shift, demonstrated in Fig. 1.

In this work, we argue that effective adaptation for feed-forward 3D reconstruction requires relational
structure recovery. We therefore reformulate model adaptation as a problem of relational adaptation
rather than feature reparameterization. Under this perspective, PEFT is not merely a tool for adjusting
feature distributions, but a mechanism for introducing task-level structural constraints that explicitly
guide cross-view correspondence modeling.

Based on this formulation, we propose 3R-Adapter, a relation-centric PEFT framework for long-
tail adaptation. The proposed method consists of three components. Deformable Retrieval, which
performs task-adaptive relational querying by selecting appropriate anchor tokens and retrieving
candidate cross-view features via deformable sampling. Relational Rewiring, which reconstructs
cross-view relational structures by reorganizing retrieved candidates into consistent associations.
Consistency Refinement, which injects reconstructed relations into the prediction space to enforce
stable and consistent geometric outputs. Together, these modules enable efficient and explicit
adaptation of relational structures while preserving the generalization capability of the pre-trained
backbone.

In summary, our contributions are threefold:

* We identify relational structure collapse as a fundamental failure mode of feed-forward 3D
reconstruction models under domain shift, and show that effective adaptation requires restoring
cross-view relational structures rather than merely adjusting features.

* We propose 3R-Adapter, a relation-centric PEFT framework that enables explicit adaptation of
cross-view associations through retrieval, rewiring, and refinement. To our knowledge, this is the
first work that explores parameter-efficient adaptation specifically designed for feed-forward 3D
reconstruction models.

» Extensive experiments demonstrate that, with minimal parameter overhead, 3R-Adapter signifi-
cantly improves robustness in long-tail scenarios, including joint human-scene reconstruction,
low-light conditions, and test-time adaptation.
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Figure 2: Relational attention structure collapse in long-tail scenarios. (a) In data-rich daytime
scenes, the pre-trained 3D reconstruction model produces concentrated cross-view attention, allowing
a selected query token to attend to consistent physical counterparts across reference views. (b) For
selected low-light queries, the attention distribution becomes diffuse and fragmented, indicating
degraded relational routing and unreliable correspondence modeling. This observation suggests

that long-tail adaptation requires explicitly restoring cross-view relational structures, motivating the
design of 3R-Adapter.

2 Observation and Insight

Feed-forward 3D reconstruction models rely on attention-based relational structures to establish cross-
view correspondences across input images [26]. While such structures are effectively learned from
data-rich pre-training scenarios, their behavior in data-sparse long-tail scenarios remains less reliable.
To better understand this failure mode, we visualize cross-view attention patterns of pre-trained
reconstruction models in standard daytime scenes and challenging low-light scenes.

As shown in Fig. 2, in standard data-rich scenarios, the attention distribution of a selected query token
is concentrated around consistent physical counterparts across reference views. This indicates that
the pre-trained model can form stable relational routes when the input distribution is close to the
pre-training regime. In contrast, for selected queries under extreme low-light conditions, the attention
distribution becomes diffuse and fragmented, making it difficult to maintain reliable cross-view
correspondences. We refer to the degradation of geometrically consistent cross-view associations as
relational attention structure collapse. The quantitative correspondence analysis in Sec. 5.6 measures
this geometric degradation and its recovery after adaptation.

This observation suggests that the degradation of feed-forward 3D reconstruction models in long-tail
scenarios is not merely caused by weakened local feature representations. A key bottleneck lies in
the instability of cross-view relational structures that support correspondence modeling. Therefore,
effective adaptation should not only adjust channel-wise feature distributions, but also explicitly
restore and reorganize cross-view relations. This motivates our 3R-Adapter, which retrieves task-
relevant relational candidates, rewires them into structured cross-view associations, and refines
predictions through consistency-preserving residual updates.

3 Related Work

3.1 3D Reconstruction Model

Traditional 3D reconstruction methods like structure-from-motion (SfM) [27] and multi-view stereo
(MVS) [28] rely on establishing cross-view correspondences through handcrafted or learned local
features, followed by geometrically grounded optimization with strong 3D inductive priors. These
pipelines remain sensitive to weak texture, limited overlap, and viewpoint changes, and are computa-
tionally costly. Neural surface reconstruction also models geometric uncertainty, as in GURecon [29].

Feed-forward 3D reconstruction models [1, 30, 31, 2, 3, 5, 4] provide a promising alternative
by learning geometric reasoning directly from data. Pioneering work DUSt3R [1] reformulates
reconstruction as dense pointmap prediction from uncalibrated image pairs. CUT3R [2] introduces
a persistent-state recurrent formulation, allowing the model to continuously update a shared 3D



state from streaming observations and produce metric-scale pointmaps online. VGGT [3] further
scales feed-forward reconstruction to hundreds of views, directly predicting camera parameters, depth
maps, pomt maps, and point tracks with a unified transformer architecture. More recent approaches
such as 73 [4] remove the reliance on a fixed reference view by adopting permutation-equivariant
visual geometry learning, while Depth Anything 3 [5] investigates a minimal formulation based
on a single transformer and depth-ray representation for joint any-view depth and pose estimation.
These approaches demonstrate that correspondence and geometry can be implicitly learned at scale,
marking a shift from explicit optimization to data-driven geometric reasoning.

Despite this progress, existing feed-forward models are primarily optimized for in-distribution
performance and exhibit limited robustness under domain shift. In scenarios such as low-light
conditions, the learned cross-view correspondences often become unreliable. This highlights the need
for effective adaptation mechanisms that can recover stable cross-view relations under distribution
shifts.

3.2 Parameter-efficient Fine-tuning

With the increasing scale of models, full fine-tuning has become computationally prohibitive for
downstream adaptation. To address this challenge, parameter-efficient fine-tuning (PEFT) meth-
ods [19, 24, 25] have been widely explored in both vision and language domains.

Existing PEFT approaches can be broadly categorized into three families. Prompt-based methods,
such as visual prompt tuning [19], introduce a small set of learnable tokens to steer pretrained models
without modifying backbone parameters. Adapter-based methods [25, 32] insert lightweight bottle-
neck modules into intermediate layers to refine latent feature representations. Reparameterization
methods, including LoRA [24] and its variants such as DoRA [33], approximate weight updates via
low-rank decompositions, enabling efficient adaptation with minimal trainable parameters. Recent
works have extended these paradigms to feed-forward 3D reconstruction. For example, Test3R [17]
and Online3R [18] employ prompt-based adaptation with self-supervised objectives for test-time
adaptation on single scenes, while Gen3R [34] introduces lightweight adapters to bridge represen-
tation gaps across models. Meanwhile, methods such as VIST3A [35] and VGGRPO [36] adopt
LoRA-style reparameterization to enable efficient alignment and adaptation of large geometry models.
These works demonstrate that PEFT techniques provide a practical solution for adapting feed-forward
reconstruction models under limited supervision.

However, despite their effectiveness, existing methods primarily operate through feature-level modu-
lation and rely on implicit updates of attention to capture cross-view dependencies. In multi-view 3D
reconstruction, where geometric reasoning critically depends on structured cross-view relations, such
implicit adaptation provides limited control over relational routing and often fails to maintain stable
correspondences under domain shift. This limitation motivates our work, where we explicitly model
and adapt cross-view relational structures through a relation-centric PEFT framework.

4 Method

In this section, we detail our method for efficiently adapting the pre-trained 3D reconstruction
models, improving the correspondence capturing, thus enhancing the reconstruction quality. To
explicitly guide cross-view correspondence modeling beyond feature shift in original pre-trained
models, we introduce 3R-Adapter with three modules: Deformable Retrieval, Relational Rewiring,
and Consistency Refinement, demonstrated in Fig. 3. Given a pre-trained model, we freeze the
parameters and only update our newly inserted modules.

4.1 Preliminary: Feed-forward 3D Reconstruction

Given a set of input images Z = {I;}Y,, feed-forward 3D reconstruction models first encode them
into patch-level feature tokens. We denote the flattened token set across all views as X = {x; }2L, €
RMx*C where M = N x H x W is the total number of tokens. The core mechanism of these models
is to establish cross-view geometric correspondences by learning a relational function Ry, yielding
contextualized representations:

Z = Ry(X). ey
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Figure 3: The overall pipeline of the proposed 3R-Adapter. To enable efficient adaptation
for complex long-tail scenes, our 3R-Adapter modulates the network via three cohesive modules:
Deformable Retrieval extracts view-specific anchors and estimates spatial offsets alongside routing
weights; Relational Rewiring establishes explicit geometric correspondences across views through
deformable spatial sampling; and Consistency Refinement integrates the relational features back into
the main stream via a learned gating mechanism, effectively enforcing cross-view consistency.

Recent vision foundation models typically instantiate 7Ry through two representative architectural
paradigms:

Global Attention-based Models. Architectures such as VGGT [3] and 73 [4] capture cross-view
interactions via global attention. For a given token x;, its relational output z; is computed by attending
to all context tokens:

z; = Z Softmax(Q;K] )V, )
J

where j € {1,..., M}.

Recurrent State-based Models. Alternatively, models such as CUT3R [2] maintain a shared latent
state to aggregate multi-view information sequentially:

S = ge(stflaxt% 3

where S; encodes accumulated cross-view relations up to time step ¢. Despite their architectural
differences, both paradigms rely on large-scale data to implicitly learn the relational structure Ry.
Under domain shift in long-tail scenarios, this learned structure often becomes unstable, leading
to degraded correspondence estimation. This limitation motivates the need for explicit relational
adaptation.

4.2 Deformable Retrieval

A straightforward way to adapt this relation function is to recompute dense interactions among all
tokens across all views. However, for N views with feature resolution H x W, dense all-to-all
matching introduces quadratic interactions and can also amplify noisy correlations under domain shift.
To this end, we design a lightweight Deformable Retrieval module to query task-relevant relational
candidates.

Firstly, we restrict the relational search space by introducing a structured sliding window over the
view dimension. For a target view ¢, tokens from X = {x! }EW ¢ RHEWXC gerve as self-view

query tokens, while tokens from neighboring views X" are used as reference tokens. Specifically, we
restrict reference views by a sliding window over the view dimension:

N(t) ={v|[v—t| <w}, 4)

where w is the window radius. This reduces the number of view-level interactions from O(N?) to
O(Nw) and provides a coarse locality prior over the relational graph.

For each self-view query token x!, with spatial position p,,, we first project it into a low-dimensional
latent space:

5(2 = (bself(XZ) € Rr’ (5)



where r < C'. From this compact query representation, we predict & deformable offsets and their
corresponding sampling weights:

{APLHD) = va(Xl), {Wihi = du(X)): ©
In parallel, reference tokens are projected into the same low-rank space:
X?) — ¢'ref(X—v) c RHWXT, vE N(t) (7)

Thus, Deformable Retrieval defines a sparse set of candidate relation locations {p*} and weights
{wFk} for each self-view token, while keeping both query and reference features in a lightweight
latent space.

Compared with dense attention, Deformable Retrieval introduces only a small number of trainable
parameters and provides a structured search space for relational adaptation, making it well-suited
for parameter-efficient fine-tuning without disrupting the pre-trained backbone. The sliding window
constrains the view-level relational graph, while the deformable offsets provide fine-grained spatial
flexibility within selected reference views. The resulting sparse candidates are then materialized and
aggregated in the following Relational Rewiring stage.

4.3 Relational Rewiring

Given the offsets and weights predicted by Deformable Retrieval, Relational Rewiring explicitly
constructs sparse cross-view relations through deformable sampling and weighted aggregation. For
each self-view query token x! with spatial position p,, we first obtain K candidate sampling
locations:

Py = Pu + APy, ®)
where ApF is the k-th predicted offset.

With the predicted raw offsets { AP~} in Equation 6, we constrain the search range by applying a
bounded transformation:
Apy; = p- tanh(Apy,), ©)

where p is a radius hyper-parameter controlling the maximum deformable search range. The candidate
sampling location is then computed as:

p* = p. + Apk. (10)

After that, we reshape the projected reference feature map X? € REWX" into a spatial feature grid

Xv e RTXWXr and view it as a continuous feature field via bilinear interpolation, where v € N/ (t)
The candidate relational feature is retrieved by:

£2F = B(XY, p}), (11)

where B(-, -) denotes bilinear sampling on the reference feature grid. The sampled candidates are
then aggregated into a rewired relational representation:

K
=Y > wherh, (12)

veEN (t) k=1

where a” denotes the learned importance weight for the k-th candidate and r, € R" is the relation-
enhanced representation for query token x,.

This process converts the offsets and weights predicted in Deformable Retrieval into explicit cross-
view associations. Instead of relying on unconstrained all-to-all attention, Relational Rewiring
constructs a sparse and task-adaptive relational graph, enabling more stable correspondence modeling
under domain shift.



4.4 Consistency Refinement

After Relational Rewiring, each self-view query token x!, is associated with a rewired relational
representation r!, € R”. Rather than directly modifying the pre-trained backbone features, we
inject this relational information through a lightweight residual branch, which preserves the original
representation while enabling task-specific adaptation.

Specifically, we fuse the self-view latent token X!, and the rewired relational representation rf, in the
adapter space:
t St t
hy=01-0a) %, +a-r,, (13)
where « controls the strength of relational blending. The fused representation is then projected back
to the original feature dimension:

Ax! = pyp(h!) € RE. (14)

Finally, the adapter output is added to the frozen backbone feature through a residual connection:
X, = X, + A, (15)
where 7 denotes the scaling factor. This residual formulation constrains the adaptation to be a

lightweight correction to the pre-trained representation, reducing the risk of disrupting the original
geometric priors while allowing the rewired cross-view relations to refine downstream predictions.

5 Experiments

5.1 Adaptation Tasks

We evaluate 3R-Adapter on three representative adaptation settings: low-light reconstruction, joint
human-scene reconstruction, and test-time adaptation. These tasks cover diverse forms of domain
shift and long-tail scenarios where feed-forward 3D reconstruction models struggle to maintain stable
cross-view relations.

Low-light reconstruction. Under low-light conditions, severe image degradation and distribu-
tion shifts from pre-training data lead to unreliable feature extraction. Consequently, cross-view
correspondences become unstable, making accurate geometric reconstruction challenging.

Joint human-scene reconstruction. This task requires reconstructing both parametric human
geometry (e.g., SMPL [37]) and background scene structure within a unified framework. The
presence of non-rigid motion and cross-entity interactions introduces significant complexity, making
it difficult for pre-trained models to recover consistent geometry and fine-grained human meshes.

Test-time adaptation. In this setting, models must adapt to a single scene without additional
supervision, relying on self-supervised signals or internal consistency at test time. This scenario
is particularly sensitive to errors in cross-view relations, as no external supervision is available to
correct them.

Overall, these tasks share a common challenge: maintaining stable cross-view correspondences under
domain shift, making them suitable benchmarks for evaluating relational adaptation.

5.2 Comparing Methods

Our 3R-Adapter is evaluated across multiple feed-forward 3D reconstruction backbones, including
DUS3R [1], CUT3R [2], and 7 [4], to demonstrate its generality and backbone-agnostic design.

We compare against three categories of methods. First, we include recent feed-forward reconstruction
models across all tasks. Second, we consider task-specific approaches tailored to individual settings.
For low-light reconstruction, we compare with Dark3R [13], which leverages contrastive learning
between low-light and normal images. For joint human-scene reconstruction, we include Josh3R [16],
Human3R [14], and UniSH [15], which incorporate specialized designs for modeling human-scene
interactions. For test-time adaptation, we compare with Test3R [17] and Online3R [18], which refine
predictions via self-supervised objectives on single scenes. Finally, we compare with representative
parameter-efficient fine-tuning (PEFT) methods from NLP [33, 38], 2D vision [32, 39], and 3D
vision [21]. These baselines share the same training protocols and evaluation settings as ours,
enabling a fair comparison of adaptation efficiency and effectiveness.



Table 1: Comparison on the Oxford Day&Night [40] test dataset for camera pose estimation and
multi-view scene reconstruction.

Method Publication Params. Camera Pose Estimation Scene Reconstruction
ATE | RPE-T | RPE-R|  Accuracy | Complete| Chamfer| Normal
DUSt3R [1] CVPR 24 0.57B 0.937 0.729 10.351 0.741 0.598 1.339 0.526
CUT3R [2] CVPR 25 0.79B 0.784 0.542 9.924 0.562 0.639 1.201 0.534
VGGT [3] CVPR 25 1.19B 0.401 0.324 4.236 0.356 0.585 0.941 0.522
Dark3R [13] CVPR 26 0.69B 0.387 0.285 4.019 0.473 0.424 0.897 0.532
™ [4] ICLR 26 0.96B 0.345 0.261 3.657 0.190 0.746 0.936 0.518
Parameter-efficient Fine-tuning on CUT3R [2]
DoRA [33] ICML 24 5.6M 0.565 0.342 6.784 0.439 0.504 0.943 0.541
HydraLoRA [38] NeurIPS 24 10.0M 0.612 0.457 7.719 0.514 0.578 1.092 0.536
GAPrompt [21] ICML 25 52M 0.577 0.410 6.694 0.467 0.484 0.951 0.532
NightAdapter [32] ICCV 25 9.5M 0.489 0310 5.331 0.375 0.416 0.791 0.544
T-LoRA [39] AAAI 26 7.0M 0.516 0.368 5.362 0.350 0.489 0.839 0.538
3R-Adapter This Paper 2.8M 0.416 0.253 4.781 0.254 0.327 0.581 0.550
Parameter-efficient Fine-tuning on 7> [4]

DoRA [33] ICML 24 6.4M 0.376 0.245 3.459 0.198 0.543 0.741 0.524
HydraLoRA [38] NeurlIPS 24 12.0M 0.312 0.260 3.359 0.178 0.624 0.802 0.526
GAPrompt [21] ICML 25 6.2M 0.396 0.291 3.852 0.215 0.589 0.804 0.518
NightAdapter [32] ICCV 25 10.3M 0.297 0.225 3.341 0.182 0.560 0.742 0.531
T-LoRA [39] AAAI 26 7.9M 0.326 0.269 3.340 0.192 0.613 0.805 0.528
3R-Adapter This Paper 32M 0.258 0.199 3.199 0.152 0.481 0.633 0.538

Table 2: Scene reconstruction under test-time adaptation (TTA) on 7-Scenes [41] and NRGBD [42]
datasets. Mean metrics are reported. Additional PEFT baselines are included for comparison.

Method Publication  Params. 7-Scenes [41] NRGBD [42]
Accuracy | Complete | Chamfer | Normal 1 ‘ Accuracy | Complete | Chamfer | Normal 1
DUStR [1] CVPR 24 0.57B 0.146 0.181 0.327 0.736 0.144 0.154 0.299 0.871
MASIt3R [30] CVPR 24 0.63B 0.189 0.211 0.400 0.687 0.085 0.063 0.148 0.794
CUT3R [2] CVPR 25 0.79B 0.126 0.154 0.280 0.727 0.099 0.076 0.175 0.837
Test3R [17] NeurIPS 25 0.8M 0.105 0.136 0.241 0.746 0.083 0.079 0.162 0.870
Online3R [18] CVPR 26 1.2M 0.112 0.145 0.257 0.733 0.084 0.081 0.165 0.829
Parameter-Efficient Fine-Tuning on DUSt3R Backbone

HydraLoRA [38] NeurIPS 24 9.3M 0.114 0.148 0.262 0.730 0.095 0.183 0.318 0.869
GAPrompt [21] ICML 25 4.6M 0.106 0.136 0.242 0.731 0.101 0.179 0.308 0.861
NightAdapter [32] ICCV 25 8.IM 0.120 0.147 0.267 0.729 0.093 0.142 0.235 0.865
T-LoRA [39] AAAI 26 6.4M 0.102 0.135 0.237 0.733 0.089 0.131 0.220 0.872
3R-Adapter This Paper 2.5M 0.094 0.122 0.216 0.738 0.082 0.123 0.205 0.879

5.3 Analysis on Low-light Reconstruction

Table | reports results on the Oxford Day&Night [40] dataset. Low-light scenes severely degrade vi-
sual features and make cross-view matching unreliable, providing a challenging testbed for evaluating
whether adaptation can recover stable relational structures.

3R-Adapter achieves the strongest PEFT performance on both CUT3R and 73 backbones with the
fewest trainable parameters. On CUT3R, it reduces Chamfer distance by about 27% compared
with the strongest PEFT baseline, while using only 2.8M trainable parameters. On the stronger
73 backbone, 3R-Adapter also consistently improves pose estimation and reconstruction quality,
reducing Chamfer distance by about 32% over the original backbone.

These gains indicate that the improvement does not come from increasing adaptation capacity, but
from the proposed relation-centric design. By retrieving sparse relational candidates and rewiring
them into structured cross-view associations, 3R-Adapter more effectively restores correspondence
under low-light degradation than channel-wise feature adjustment.

5.4 Analysis on Test-time Adaptation

Test-time adaptation evaluates whether a model can refine reconstruction for each test scene without
relying on additional supervised training data. This setting is particularly sensitive to unstable cross-
view relations, since correspondence errors must be corrected using only scene-level self-supervised
signals.

As shown in Table 2, 3R-Adapter achieves the best PEFT performance on both 7-Scenes and NRGBD.
It reduces Chamfer distance by about 9% over the strongest PEFT baseline on 7-Scenes and by about
7% on NRGBD, while using only 2.5M trainable parameters. The consistent improvement across
two datasets suggests that our method does not overfit to a single scene distribution.



Compared with specialized TTA methods such as Test3R [17] and Online3R [18], 3R-Adapter
remains competitive while following a lightweight relation-centric adaptation design. Instead of
relying solely on self-supervised refinement at test time, our method explicitly retrieves and rewires
reliable cross-view relations, providing a more structured way to improve scene-level consistency.

These results further support our central claim that effective adaptation for feed-forward 3D recon-
struction should target relational structures, rather than only modulating channel-wise features.

5.5 Analysis on Joint Human-Scene Reconstruction

Joint human-scene reconstruction requires the model to go beyond standard point-level correspon-
dence and capture structured associations between human proxy tokens, body regions, and sur-
rounding scene context. This makes it a particularly suitable benchmark for evaluating whether
relational adaptation can transfer a generic feed-forward reconstruction backbone to more structured
downstream tasks.

As shown in Table 3, 3R-Adapter achieves the strongest overall performance among PEFT baselines
under the same CUT3R backbone, while using the fewest trainable parameters. This indicates that
the improvement does not simply come from larger adaptation capacity, but from explicitly adapting
relational structures through retrieval, rewiring, and refinement. Compared with channel-wise PEFT
methods, our design is better aligned with the human-scene setting, where reconstruction depends on
structured cross-entity relations rather than only local feature adjustment.

3R-Adapter also remains competitive with task-specific joint reconstruction methods, despite op-
erating as a lightweight adaptation module for a generic reconstruction backbone. This suggests
that relation-centric PEFT can effectively extend pre-trained 3D reconstruction models to structured
downstream tasks without requiring a fully specialized architecture. The qualitative results in Fig. 4
further support this observation: our method produces more coherent human meshes and more con-
sistent scene reconstruction under challenging human-scene interactions, indicating that the adapted
relational structures benefit both human and scene modeling.

5.6 Quantitative Cross-View Correspondence Matching Accuracy

We further evaluate the cross-view correspondence matching accuracy of attended or retrieved
reference locations with respect to geometry-consistent ground-truth correspondences. Using 72,
we analyze 204 four-view inputs from 51 Oxford Day&Night [40] sequences, with correspondences
obtained by 3D projection using ground-truth depth and camera geometry. Each 518 x 518 image
contains 1,369 patch tokens on a 37 x 37 grid, using 14 x 14-pixel patches.

Match@1 measures the fraction of valid query/reference pairs whose highest-attention token lies
within a w x w patch window around the projected correspondence. Window size w denotes the
geometric tolerance width in patch tokens; w = 1 requires an exact token match. The widest 7 x 7
window covers at most 49 tokens (3.6% of the grid) and has a grid radius of three tokens (42 pixels per
axis); the default 3 x 3 window covers at most nine tokens (0.66%). These tolerances therefore retain
local geometric constraints. All reported metrics are percentages; adapted Match@ 1 and deformable
offset coverage are averaged over three training seeds.

Table 4(a) shows lower frozen Match@1 at night across all window sizes. At w = 3, it falls from
18.49% by day to 11.14% at night, confirming weaker cross-view matching.

Deformable offset coverage measures whether any reference location sampled by 3R-Adapter’s
learned offsets falls within the same window. Table 4(b) uses four candidates from one layer and 32
across eight layers per query/reference pair, then up to 64 across valid reference views per query. At
w = 3, coverage is 28.72%, 82.00%, and 86.19%, respectively. Pooling candidates thus provides
broader geometric support for rewiring; these coverage rates reflect different budgets and counting
units and do not evaluate learned ranking accuracy.

Table 4(c) further shows higher nighttime Match@1 after adaptation in all four reported blocks,
using w = 3. Block 21 improves from 14.38% to 19.21%, and block 25 from 36.02% to 44.41%.
Block 31 changes from 52.94% to 52.16%, indicating that recovery is layer-dependent. These results
provide direct evidence that 3R-Adapter recovers geometric associations at intermediate decoder
layers, consistent with our relation-centric design.



Table 3: Comparison on the BEDLAM [43] validation dataset for joint human-scene reconstruction.

L Scene Reconstruction Human Mesh Reconstruction
Method Publication  Params.
Accuracy | Complete | Chamfer | PA-PVE| Metric-PVE| PA-MPJPE | Metric-MPJPE |

DUST3R [1] CVPR 24 0.57B 0.237 0.159 0.396

CUT3R [2] CVPR 25 0.79B 0.185 0.096 0.281

VGGT [3] CVPR 25 1.19B 0.092 0.044 0.136

Joint Human-Scene Reconstruction
JOSH3R [16] ICLR 26 0.66B 0.231 0.107 0.338 46.2 245.7 41.5 239.4
Human3R [14] ICLR 26 1.12B 0.157 0.059 0.216 43.8 222.1 372 220.9
UniSH [15] CVPR 26 0.85B 0.124 0.056 0.180 453 231.0 39.6 228.4
Parameter-efficient Fine-tuning on CUT3R [2]

DoRA [33] ICML 24 42.5M 0.184 0.086 0.270 46.1 245.1 39.1 236.9
HydraLoRA [38] NeurIPS 24 48.0M 0.201 0.124 0.325 47.8 258.8 40.5 251.4
NightAdapter [32] ICCV 25 46.7TM 0.167 0.077 0.244 452 231.0 382 222.0
T-LoRA [39] AAAI 26 40.3M 0.159 0.068 0.227 455 227.2 379 2254
3R-Adapter This Paper 36.1IM 0.135 0.052 0.187 444 218.5 37.6 217.2

o 1 B

o

Figure 4: Qualitative results on joint human-scene reconstruction. 3R-Adapter produces more con-
sistent human mesh recovery and cleaner scene geometry under complex human-scene interactions.

Table 4: Cross-view correspondence diagnostics on Oxford Day&Night with 3. (a) Frozen Match@
pooled over blocks 17/19/21/23. (b) Coverage of 3R-Adapter’s deformable retrieval offsets, pooled
over day/night and evaluated within one layer, across all eight adapter layers, or across valid reference
views. (c) Paired nighttime Match@1 with a fixed 3 x 3 tolerance.

(a) Frozen Match@1 (b) Deformable Offset Coverage (c) Night Match@1

Window size Day Night Window size Single layer Alllayers All references Block Frozen Adapted

1 7.56  3.69 1 3.71 24.03 31.27 19 2.86 3.85
3 18.49 11.14 3 28.72 82.00 86.19 21 14.38 19.21
5 2438 16.64 5 62.44 91.55 93.50 23 26.47 33.19
7 29.60 22.22 7 83.26 94.74 96.05 25 36.02 44.41

6 Conclusion

We present 3R-Adapter, a relation-centric parameter-efficient adaptation framework for feed-forward
3D reconstruction models. Motivated by the observation that pre-trained models exhibit relational
attention structure collapse in data-sparse long-tail scenarios, we reformulate adaptation as the
recovery of cross-view relational structures rather than channel-wise feature adjustment. Our method
retrieves task-relevant relational candidates, rewires them into structured cross-view associations,
and refines predictions through consistency-preserving residual updates. Experiments on low-light
reconstruction, joint human-scene reconstruction, and test-time adaptation demonstrate that 3R-
Adapter improves robustness over existing PEFT methods with minimal trainable parameters. These
results suggest that explicitly adapting relational structures is a promising direction for efficient and
reliable adaptation of 3D reconstruction foundation models.
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A Technical appendices and supplementary material

A.1 Analysis and Discussion

Dense attention offers a flexible way to learn cross-view relations during large-scale pre-training, but
it also introduces an unconstrained all-to-all relational search space. In data-sparse long-tail scenarios,
directly adapting such dense relations is inefficient and may amplify noisy correspondences. Our
Deformable Retrieval can be interpreted as a structured sparse approximation to dense cross-view
attention. The sliding window mask provides a weak view-locality prior, while learnable offsets
retain spatial flexibility for task-adaptive correspondence search. This design reduces the difficulty of
relational discovery without imposing hard geometric constraints.

This perspective also distinguishes 3R-Adapter from conventional PEFT methods. Rather than
using trainable parameters only for channel-wise feature adjustment, our method uses them to adapt
how cross-view relations are retrieved, rewired, and injected into predictions. Thus, the parameter
efficiency of 3R-Adapter comes not from a larger adaptation capacity, but from placing lightweight
trainable modules at the relational bottleneck of feed-forward 3D reconstruction.

A.2 Limitation

Although 3R-Adapter effectively alleviates the degradation of feed-forward reconstruction models in
data-sparse long-tail scenarios, it still relies on the representational and geometric priors learned by
the pre-trained backbone. Our method adapts and reorganizes existing cross-view relational structures
rather than learning reconstruction ability from scratch. Thus, when the backbone fails to extract
meaningful visual features or the input distribution lies far outside the pre-training regime, relational
retrieval and rewiring may remain limited. In addition, the current sliding-window design improves
efficiency but may restrict long-range relation modeling in extremely long sequences or scenes with
large viewpoint changes. Future work may explore adaptive view selection and hierarchical relational
memory for more scalable adaptation.

A.3 Details of Datasets and Metrics

Due to the scarcity of high-quality annotations in long-tail scenarios, we evaluate our method on
representative benchmarks that reflect diverse forms of domain shift. We report task-specific metrics
for camera pose estimation, scene reconstruction, and human mesh reconstruction. Unless otherwise
specified, camera trajectory and scene reconstruction errors are measured in meters, while human
reconstruction errors are measured in millimeters.

Low-light reconstruction. We use the Oxford Day&Night [40] dataset, which provides calibrated
camera poses and semi-dense point clouds captured under varying illumination conditions, including
day, dusk, and night. This dataset enables systematic evaluation of reconstruction robustness under
severe appearance degradation. For camera pose estimation, we report Absolute Trajectory Error
(ATE), Relative Pose Error in translation (RPE-T), and Relative Pose Error in rotation (RPE-R).
ATE measures the global trajectory discrepancy after alignment, RPE-T measures relative translation
drift between frames, and RPE-R measures relative rotational error. ATE and RPE-T are reported in
meters, while RPE-R is reported in degrees.

For scene reconstruction, we report Accuracy, Completeness, Chamfer Distance, and Normal Con-
sistency. Accuracy measures the average distance from predicted points to the ground-truth point
cloud, while Completeness measures the average distance from ground-truth points to the prediction.
Chamfer Distance is computed as the sum of the two directional distances:

1 1
D(P,G) = — > min|p - e in g — pll2, 16
(P.9) P pepglelgl\p gll2 + l gEegglelgHg P2 (16)

where P and G denote the predicted and ground-truth point sets. Accuracy, Completeness, and
Chamfer Distance are reported in meters. Normal Consistency measures the cosine similarity between
predicted and ground-truth surface normals, where higher values indicate better local geometric
consistency.

Joint human-scene reconstruction. We adopt the BEDLAM [43] dataset, which provides both 3D
scene geometry and human SMPL parameters as ground truth. The dataset is synthetically generated
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across diverse indoor and outdoor environments, allowing controlled evaluation of human-scene
interaction.

For scene reconstruction, we use the same Accuracy, Completeness, Chamfer Distance, and Normal
Consistency metrics as described above. For human mesh reconstruction, we report PA-PVE, Metric-
PVE, PA-MPJPE, and Metric-MPJPE. PVE measures the mean per-vertex error between predicted
and ground-truth human meshes, while MPJPE measures the mean per-joint position error. The prefix
PA indicates evaluation after Procrustes alignment, which removes global similarity transformation
differences. In contrast, Metric denotes evaluation in the original metric space without alignment, and
therefore reflects absolute human localization and the spatial consistency between the reconstructed
human body and the scene. All human reconstruction metrics are reported in millimeters.

Test-time adaptation. Following the Test3R/CUT3R sparse-view protocol, we sample every 200
frames on 7-Scenes [41] and every 500 frames on NRGBD [42] to simulate test-time adaptation
scenarios. Each sequence therefore contains approximately 3—5 views on 7-Scenes and 2—4 views
on NRGBD, requiring the model to reconstruct geometry under self-supervised conditions without
additional training data. We evaluate scene reconstruction using Accuracy, Completeness, Chamfer
Distance, and Normal Consistency, with distance-based metrics reported in meters.

Cross-view attention diagnostics. GT-valid query/reference pairs are determined by projection
and reprojection with dataset depth and camera geometry, and shared by all models. H, =
- ;D log p;/log N uses the conditional reference distribution over N patch tokens. The frozen
backbone is evaluated once; adapted statistics use three released checkpoints (seeds 1111/1112/1113).
All confidence intervals use 10,000 whole-sequence bootstrap replicates stratified by site and
day/night, preserving input, layer, and model pairing. They describe sequence sampling within
the five observed sites, conditional on the three checkpoints, rather than training-seed population
uncertainty. Passive measurement leaves model outputs unchanged.

Table 5: Ablation of components in 3R-Adapter on the Oxford Day&Night [40] test dataset for
low-light reconstruction.

Deformable Retrieval Relational Rewiring Consistency Refinement ‘ Accuracy | Complete | Chamfer |  Normal 1

- - - 0.562 0.639 1.201 0.534
v - - 0.540 0.612 1.152 0.534

v - 0.397 0.445 0.842 0.542
- - v 0.483 0.529 1.012 0.536
v ' ' 0.254 0.327 0.581 0.550

A.4 Detailed Ablation Study

Ablation on main components. Table 5 studies the contribution of each component in 3R-Adapter
on the Oxford Day&Night dataset using CUT3R as the backbone. The vanilla CUT3R baseline
obtains a Chamfer Distance of 1.201, indicating substantial degradation under low-light conditions.

Adding Deformable Retrieval alone slightly improves the reconstruction results, reducing Chamfer
distance from 1.201 to 1.152. This suggests that sparse candidate querying can reduce noisy dense
interactions, but retrieving candidate locations alone is insufficient to recover stable cross-view
structure. When Relational Rewiring is further introduced, performance improves significantly, with
Chamfer distance reduced to 0.842 and Accuracy improved from 0.540 to 0.397. This confirms that
the key benefit comes from explicitly reorganizing retrieved candidates into structured cross-view
relations.

Consistency Refinement also provides clear gains when used alone, improving Chamfer distance
from 1.201 to 1.012. This shows that lightweight residual correction can stabilize predictions even
without explicit retrieval and rewiring. However, the full 3R-Adapter achieves the best results across
all metrics, reducing Chamfer distance to 0.581 and improving Normal consistency to 0.550. These
results demonstrate the complementary roles of the three components: Deformable Retrieval identifies
reliable candidates, Relational Rewiring reconstructs cross-view associations, and Consistency
Refinement safely injects the adapted relations into the prediction stream.

Ablation on Hyperparameters. We further analyze the sensitivity of 3R-Adapter to four key
hyperparameters: the number of sampling locations K, the search radius p, the relational fusion
factor «, and the residual scaling factor . We report Chamfer Distance on the Oxford Day&Night
dataset, where lower values indicate better reconstruction quality.
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Figure 5: Ablation on the hyperparameters of 3R-Adapter on the Oxford Day&Night [40] test dataset
for scene reconstruction.

As shown in Fig. 5, increasing the number of sampling locations from K = 1 to K = 4 consistently
improves performance, suggesting that multiple candidates provide richer relational evidence for
cross-view reconstruction. However, using more than four samples brings marginal gains and may
introduce redundant or noisy candidates. The search radius p exhibits a similar trend. A moderate
radius improves local relation discovery, with the best performance achieved at p = 0.20, while an
overly large radius tends to include irrelevant distant features.

The relational fusion factor a controls the contribution of rewired cross-view relations. The model
performs best at &« = 0.10, while larger values degrade performance, indicating that excessive
relational injection can disturb the pre-trained feature distribution. The residual scaling factor v
shows a clear balance between adaptation strength and prior preservation, with the best result obtained
at v = 0.30.

Overall, 3R-Adapter achieves the best configuration with K = 4, p = 0.20, a = 0.10, and v = 0.30,
which is used as the default setting in our experiments.

A.5 Implementation Details

We build 3R-Adapter on top of pretrained feed-forward 3D reconstruction backbones, including
DUSt3R [1], CUT3R [2], and 73 [4]. Across all experiments, the pretrained backbone is frozen,
and only the lightweight adapter parameters are updated. This setting allows the model to preserve
geometric priors learned from large-scale pre-training while adapting to data-sparse long-tail sce-
narios with minimal trainable parameters. We optimize the adapter modules using AdamW. The
hyperparameters of 3R-Adapter are set according to the ablation study: the number of deformable
sampling points is K = 4, the search radius is p = 0.20, the relational fusion factor is & = 0.10,
and the residual scaling factor is v = 0.30. All experiments are conducted on 8 NVIDIA RTX 5090
GPUs. For low-light reconstruction and joint human-scene reconstruction, we train the adapters on
the corresponding training splits and report results on the held-out evaluation sets. For test-time adap-
tation, the adapter is optimized independently on each test scene using self-supervised reconstruction
loss [17], without accessing additional training data or ground-truth geometry.

A.6 Training Objectives

We optimize 3R-Adapter using the standard objective of each adaptation task, while keeping the
pre-trained backbone frozen. This ensures that the comparison focuses on the adaptation mechanism
rather than additional supervision.

For low-light reconstruction, we use geometric reconstruction losses on predicted point maps or depth
representations, together with pose supervision when camera trajectories are available:

Elow = Egeo + /\poseﬁpose- (17

For joint human-scene reconstruction, we jointly supervise scene geometry and human body recon-
struction:

»Chs = »Cscene + )\meshﬁmesh + )\joint joint + )\smplcsmpl~ (18)
Following Human3R [14], we incorporate human prior tokens from Multi-HMR [44] and fuse them
with reconstruction tokens to enhance human-aware relational modeling. These tokens provide
body-structure cues that help the model associate human proxy representations with body regions,
while 3R-Adapter adapts the cross-view relational structures of the reconstruction backbone.

16



For test-time adaptation, we follow the self-supervised objective of Test3R [17]. Given sparse
input views, the model predicts pointmaps under different reference-view choices. Since these
predictions correspond to the same underlying scene geometry, we enforce consistency among
pointmaps generated from different references:

Lia = Z HP(Tl) — P(TQ)

r1#£r2

g

where P(") denotes the predicted pointmap when view 7 is selected as the reference view. This
self-supervised loss enables scene-level adaptation without ground-truth geometry.

A.7 Broader Impact

3R-Adapter aims to improve the adaptability and robustness of feed-forward 3D reconstruction
models in data-sparse scenarios, such as low-light environments, joint human-scene reconstruction,
and test-time adaptation. By reducing the number of trainable parameters required for downstream
adaptation, our method may lower the computational and data costs of deploying 3D reconstruction
systems in practical settings, including robotics, augmented reality, digital content creation, and
embodied intelligence.

At the same time, improved 3D reconstruction capabilities may raise privacy and safety concerns
when applied to real-world environments or human-centered scenes. In particular, reconstructing
human geometry or private spaces from visual inputs should be conducted with appropriate consent,
data protection, and usage constraints. Our work focuses on technical improvements for efficient
adaptation and does not introduce new data collection procedures. We encourage future applications
of such systems to follow responsible data governance practices and to carefully consider potential
misuse in surveillance or unauthorized 3D reconstruction.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes].

Justification: The abstract and introduction summarize the proposed 3R-Adapter framework,
its parameter-efficient adaptation setting, and its empirical scope on long-tail 3D reconstruc-
tion scenarios. The claims are supported by the method description and experimental results
in Sections 4 and 5, and we avoid claiming generalization beyond the evaluated backbones,
datasets, and adaptation settings.

Guidelines:

e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes].

Justification: We discuss limitations in Section A.2, including the dependence on pretrained
feed-forward reconstruction backbones, and the scope of tested long-tail domains.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,

model well-specification, asymptotic approximations only holding locally). The authors

should reflect on how these assumptions might be violated in practice and what the

implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A].

Justification: The paper presents a model architecture, task objectives, and empirical evalua-
tions, but does not claim formal theoretical results requiring proofs.

Guidelines:

» The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes].

Justification: Sections 4 and 5 describe the architecture, task objectives, benchmark protocols,
and evaluation metrics. Appendix A.5 provides implementation details, and the released
code includes training and evaluation entrypoints with release configurations for the main
experiments.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes].

Justification: Our code is released at https://github. com/PKU-0V3-LAB/3R-Adapter,
with training and evaluation commands, release configurations, and checkpoint documenta-
tion. The datasets and pretrained backbones are available from their original sources, subject
to their respective access conditions and licenses.

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes].

Justification: Section 5 and Appendix A.5 describe the benchmark splits, input sampling,
optimizer, task objectives, frozen and trainable modules, evaluation protocols, and default
adapter hyperparameters. Detailed training configurations are provided with the released
code.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
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Justification: Table 4 reports means over three seeds for adapted correspondence accuracy
and deformable offset coverage. However, the paper does not report error bars or confidence
intervals for all main reconstruction experiments; a full characterization of variability across
every task is not provided.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:

Justification: Appendix A.5 identifies the use of eight NVIDIA RTX 5090 GPUs, but does
not provide per-experiment memory usage, execution times, or the total compute budget
including preliminary experiments.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes].

Justification: The research uses publicly available datasets and pretrained models under their
respective terms, and the work is conducted for scientific evaluation of 3D reconstruction and
adaptation methods. We do not collect private user data, perform human-subject experiments,
or deploy the system in a real-world decision-making setting.

Guidelines:

e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.
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o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes].

Justification: Appendix A.7 discusses positive impacts such as improving efficient adaptation
for 3D perception in robotics, AR/VR, and digital content creation, as well as potential risks
such as misuse in surveillance, privacy-sensitive reconstruction, or unsafe deployment under
severe domain shifts. We also recommend responsible use with appropriate data consent,
privacy safeguards, and domain-specific validation before deployment.

Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A].

Justification: The paper does not introduce a high-risk pretrained generative model, language
model, or scraped dataset. It presents an adaptation technique for existing 3D reconstruction
backbones; use of the released code and checkpoints remains subject to the terms of the
underlying models and datasets.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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12.

13.

14.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer:
Justification: We cite the original datasets, pretrained backbones, and baseline methods, but

the paper does not explicitly enumerate the license names and terms for every asset. Readers
should consult the original distributions for their applicable terms.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes].

Justification: The released implementation provides installation instructions, task entrypoints,
release configurations, and checkpoint loading documentation. The paper describes the
adapter design and its limitations in Sections 4 and A.2; no new dataset is introduced.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A].

Justification: The paper does not involve crowdsourcing experiments or research with human
subjects. All experiments are conducted on existing public datasets and benchmarks.

Guidelines:
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16.

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A].

Justification: The paper does not involve crowdsourcing or human-subject studies, and
therefore IRB approval or equivalent review is not applicable. The human-related datasets
used in the experiments are existing datasets, and we follow their original terms of use.

Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A].

Justification: The core method does not use LLMs as an important, original, or non-standard
component. Any use of LLM-based tools, if any, was limited to writing, editing, or
formatting assistance and did not affect the methodology, experiments, scientific claims, or
originality of the research.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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