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Figure 1: Fin3R consistently improves the reconstructed geometry quality in DUSt3R, MASt3R,
CUT3R, and VGGT, recovering finer details and producing sharper boundaries.
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Abstract

We present Fin3R, a simple, effective, and general fine-tuning method for feed-
forward 3D reconstruction models. The family of feed-forward reconstruction
model regresses pointmap of all input images to a reference frame coordinate
system, along with other auxiliary outputs, in a single forward pass. However, we
find that current models struggle with fine geometry and robustness due to (i) the
scarcity of high-fidelity depth and pose supervision and (ii) the inherent geometric
misalignment from multi-view pointmap regression. Fin3R jointly tackles two
issues with an extra lightweight fine-tuning step. We freeze the decoder, which
handles view matching, and fine-tune only the image encoder—the component
dedicated to feature extraction. The encoder is enriched with fine geometric details
distilled from a strong monocular teacher model on large, unlabeled datasets, using
a custom, lightweight LoRA adapter. We validate our method on a wide range of
models, including DUSt3R, MASt3R, CUT3R, and VGGT. The fine-tuned models
consistently deliver sharper boundaries, recover complex structures, and achieve
higher geometric accuracy in both single- and multi-view settings, while adding
only the tiny LoRA weights, which leave test-time memory and latency virtually
unchanged. Project page: https://visual-ai.github.io/fin3r

1 Introduction

Recently, neural feed-forward 3D reconstruction models [68, 28, 64, 61, 75, 55, 87, 60] have demon-
strated advantages in certain aspects compared to the traditional Structure from Motion (SfM)
pipeline [48, 41]. These methods can transform a single image—or even hundreds of images—into
pointmaps defined in the reference frame within a single forward pass, thereby eliminating the need
for hand-crafted features and time-consuming iterative optimization. At their core, these architectures
share a common structure: a shared encoder extracts features from input images, followed by a de-
coder correlating these features across views. Subsequent task-specific heads then regress pointmaps
while optionally simultaneously estimating auxiliary outputs like camera parameters and depth.

Despite their efficiency and flexibility, these models still lag behind state-of-the-art monocular
geometry estimation approaches [77, 66, 23, 43] in capturing fine geometric detail and robustness.
While architectures such as CUT3R [65] leverage large-scale data supervision and VGGT [61]
integrates gradient-based losses to capture fine details, the resulting depth and pointmap outputs
remain coarse. Fine structures are frequently over-smoothed, object boundaries become blurred,
and transparent or glossy surfaces are reconstructed with significant inaccuracies, yielding point
clouds that lack crisp geometry. This persistent gap in performance raises a crucial question: why do
these feed-forward models consistently struggle to capture high-fidelity geometry? To answer this,
we identify two primary factors that limit the geometric fidelity of these models: (1) Data quality
constraints: Current real-world datasets providing accurate camera poses and high-fidelity depth
remain limited. Existing non-synthetic depth labels are noisy [77] and predominantly biased toward
indoor environments. (2) Long-sequence pointmap degradation: Inherent ambiguities in multi-view
pointmap regression impede the network’s ability to capture fine details over long sequences.

Motivated by these challenges, we investigate whether extensive unlabelled single-view data can
be used to fine-tune pre-trained models to improve fine geometry recovery and robustness without
sacrificing multi-view performance. This approach relaxes the constraint of high-quality data and
long-sequence degradation. Recalling the common structure of recent feed-forward reconstruction
models, we distill a state-of-the-art monocular geometry estimator (MoGe [66]) into the encoder using
the diverse SA-1B dataset [25], while freezing the decoder to preserve its multi-view performance.

However, we observe that naive encoder-only distillation, though beneficial for single-frame accuracy,
leads to an increase in encoder feature norms. This drift pushes the features outside the range expected
by the frozen decoder and undermines multi-view capability. To counteract this, we initially combined
LoRA [20] with multi-view data replay, but the shift persisted. We therefore embed customized
re-normalization layers within each LoRA block to dynamically correct this drift. Our solution
achieves crisp depth predictions for single images while maintaining multi-view performance, all
without the need for additional decoder fine-tuning.


http://visual-ai.github.io/fin3r

To summarize, we propose a simple, effective, and general ne-tuning approach. By freezing
the decoder and integrating a customized re-normalization LORA adapter into the encoder, we
distill the model from a high- delity monocular teacher using a diverse dataset. Remarkably,
the same implementation is applied to four baselines—DUSt3sairwise prediction with
relative depth, MASt3R's 48] pairwise prediction with metric depth, CUT3R'§4] recurrent
network, and VGGT's §1] parallel transformer—yielding crisper and more robust single-view
depth, while preserving or even slightly improving multi-view performance. Our contributions are
threefold: {) a general encoder-only distillation strategy that enhances local geometric detail and
overall robustness in feed-forward 3D reconstruction modig)sa feature shift mitigation approach
combining customized re-normalization LoRA with multi-view data replay to reduce distribution
shifts over long sequences; aniil)(a comprehensive evaluation on DUSt3R, MASt3R, CUT3R, and
VGGT, demonstrating improved depth delity and correspondence accuracy while preserving global
multi-view performance.

2 Related Work

Optimization-based Multi-view Reconstruction For over two decades, mainstream 3D recon-
struction methodsl[9, 39] treated reconstruction as a large-scale optimization problem. The standard
work ow [ 53, 1, 14] starts with exhaustive matching, triangulation, and bundle adjustms&nticture-
from-motion(SfM)—implemented in toolkits such as COLMARY]. SfM yields a sparse, metrically
consistent point cloud that is densi ed by photo-consistantti-view stereqMVS). Early MVS

relied on hand-crafted heuristicsd, 17]; recent variants adopt learned cost volumé&s [L8, 37]

or neural-implicit global optimisatior3g, 15]. Deep learning has also upgraded SfM components:
keypoints B2, 12], matchers 47, 31], even the full loop via differentiable Bundle Adjustment
(BA) [57, 62]. Yet these optimization-heavy pipelines remain calibration-sensitive and slow.

Feed-forward 3D Reconstruction Models Recent work removes explicit optimisation loops and
predicts scene geometry in a single network pass. DUS88Rpioneers this trend: from two
uncalibrated images it produces a deRsintMapanchored in the rst view, from which pose,
depth, and correspondences are recovered through post-processing. MAt#Rajns the same
backbone but adds feature heads for matching. To extend beyond pairs, methods diverge into (i)
recurrent architectures that process frames sequentially, e.g., CBEB&d Span3Rg0], and (ii)

fully parallel attention across all views, e.g., MV-DUSt3R-56], FLARE [87], Fast3R [ €], and

VGGT [61]. Despite their strong implicit multi-view correspondence capability, these feed-forward
models still struggle to capture sharp local geometry and reconstruct complex surfaces. Recent
ne-tuning works [35, 86] rely on test-time optimization, requiring per-scene netuning for each new
instance. In contrast, our method involves a single, universal netuning phase to create one model
that generalizes to new scenes in a zero-shot manner.

Monocular Priors for Multi-view Geometry  Leveraging monocular cues to assist multi-view
problems has a long history. Dense monocular depth, surface normals and semantics have been used
to assist SLAM b6, 9, 33, 32, 89, to Il in gaps in dense reconstructiontfl, 36, 72, 85], and to

guide novel view synthesi$fl, 74]. Other works explore monocular priors for relative po$eg],
PnPRANSAC on depth maps32], and monocular-assisted SfMJ]. More recently, signi cant
progress in monocular depth [77, 43, 23, 66] and normal estimation [83, 73, 3] has positioned these
methods as strong priors for a variety of tasks.

Recently, monocular priors have also been injected into the new trend of feed-forward 3D reconstruc-
tion networks. Align3R 34], Pow3R R1], and Mono3R P9 inject single-image depth (or sparse
depth hints) to improve the pointmap prediction of DUSt3R-style models. However, they either (i)
rely on an external geometric estimator or (ii) assume sparse, high-quality depth inputs. In contrast,
our approach keeps the feed-forward pipeluléy self-containedwe do not introduce any extra
heavy inference modules, or runtime overhead. Instead, we focus on training a stronger encoder that
yields markedly more robust multi-view geometry without compromising speed.



(a) Scale Uncertainty lllustration (b) Error metrics.

Figure 2: Analysis of scale uncertainty and error metrics. (a) Two views of a red cube are
connected by a blue epipolar line. Gaussian distributions overlaid on a foreground point (green)
and a background point (yellow) illustrate their respective scale uncertainties, with the foreground
exhibiting notably larger epipolar dispersion after projection. (b) Reprojection error and Euclidean
distance loss are computed for 10 inputs processed by VG&@Tvjith 1,000 samples drawn from
Hypersim.

3 Method

3.1 Observations and Challenges

Our analysis reveals two main challenges in existing datasets and long sequence scenarios that
critically affect training of geometry regression heads:

Data Scarcity. Existing datasets suffer from depth7] and pose noise, and the limited availability
of multi-view data further restricts the model's ability to generalize. These noisy and insuf cient
labels hinder the model's capacity to capture ne details and to robustly adapt to diverse scenarios.

Long-Sequence Degradation. Long sequences introduce additional issues for pointmap regression:
(1) Coupled PredictionAlthough DUSt3R $8]'s multi-view pointmap regression has enabled feed-
forward 3D reconstruction, it inherently couples pose and depth estimation in pointmap regression,
injecting pose regression error into the geometry headPrift) As the views progressively move
further away from the initial reference frame, progressive drift becomes inevitable. This drift results
in increasing errors on non-reference views and negatively affects the preservation of ne structural
details. (3)Scale UncertaintyDuring training, both predicted and ground-truth pointmap require
normalization to ensure scale consistehcilowever, this scale uncertainty tends to erode ne
foreground boundary along the epipolar line in views beyond the rst frame. This phenomenon is
illustrated in Figure 2a and mathematically validated in the appendix.

Consequently, pointmap regression introduces substantial errors in non-reference views, as evidenced
by the pronounced reprojection error in Figure 2b. Although CUT@R [everages extensive depth
supervision and VGGT1] employs gradient-based loss to re ne local geometry—with both methods
incorporating dedicated self-view pointmap or depth estimation heads—the resulting outputs remain
relatively coarse. We suspect that the multi-view pointmap regression undermines the performance of
these self-view estimation heads, thereby limiting the model's ability to capture ne-grained details.

These observations not only underscore the necessity for high-quality supervision from diverse
datasets but also highlight the inherent challenges associated with multi-view pointmap regression.

3.2 Fin3R

2Although VGGT [p1] circumvents an explicit normalization step by implicitly inferring the prediction scale,
it does not entirely resolve the inherent scale uncertainty in SfM.



(&) Input Image (b) VGGT (c) LoRAOnly  (d) LoRA+Replay (e) Full
Avg: 9.61 Avg: 10.53 Avg: 10.34 Avg: 9.73

Figure 3: Heatmaps show spatial variations inL, norms of encoder patch tokens across
con gurations. “Avg” is the average norm of the feature map, and (e) Full indicates the full model
with re-normalization LoORA and multi-view data replay.

Based on these observations, we introduce
Fin3R—our solution that integrates a lightweight
ne-tuning stage to simultaneously address both
challenges by monocular knowledge distillation.

3.2.1 Encoder-only Distillation

We aim to enhance our model's capability to cap-
ture ne details and complex surface geometrlqﬁgure 4: Pipeline of our method. Green

while preserving its multi-view performance. Re : . L
call that feed-forward 3D reconstruction modeldaShed lines denote pointmap supervision; pur

typically consist of a shared encoder, which eé[e dashed lines indicate distillation supervision.
tracts features from input images, followed by a decoder that correlates these features across views.
We contend that the limitations in detail recovery primarily originate from the encoder. Therefore, we
enrich the encoder using a robust monocular tead @y dlistilled on a large and diverse datased||

This strategy is designed to improve local geometric detail recovery without compromising the
decoder's proven matching capabilities.

3.2.2 Monocular Finetuning Needs Feature Re-normalization

An initial exploration into naive encoder distillation—through full parameter ne-tuning—showed
that while the single-view geometric details were signi cantly improved, the ne-tuning adversely
affected the multi-view matching capability even when we froze the decoder. Our early attempts to
alleviate this issue involved leveraging LORA and multi-view data replay. However, these strategies
only partially mitigated the problem, as the degradation in multi-view performance persisted.

A closer examination of the model revealed a key culprit: single-view distillation led to a continuous
increase in feature norms, as shown in Figure 3. This norm shift pushed the feature beyond the range
expected by the frozen decoder, thereby impairing multi-view matching. To directly address this
challenge, we propose a re ned integration of LORA with a re-normalization strategy speci cally
designed to constrain feature norm drift. Concretely, given an original weight nvetrad its
corresponding LORA updateW, we re-normalize the combined weight after each update as follows:

o_ W+ W) kWk;

w kW + Wk2

Here,k k. denotes the L2 norm. This operation ensures that the updated WéRynaintains the
original normkW ks, thereby preserving the distribution of feature activations that the frozen decoder
expects. As a result, we retain the crucial multi-view matching capability while still obtaining the
bene ts of enhanced local geometry recovery from self-view distillation. Although this method is not
necessarily suf cient to address all feature shifts, we found it generally effective in most cases.

3.3 Training

We optimize two loss functions computed over images indexedibyhe training set. For each
image, the monocular distillation loss re nes single-view details by aligning the predicted Bepth

with the high- delity pseudo-label; provided by a monocular teacher, weighted by the aleatoric

uncertainty P;itisdenedasL{), = PkD; Bk log P. The pointmap regression loss



enforces robust multi-view matching while mitigating potential feature shift; to ensure this loss is
applied only to multi-view samples, we introduce an indicator functigy(i) that equals 1 if the

i-th image belongs to the multi-view dataset and O otherwise, and de ne the chégi,%ap =
1n(i) FkP PETK3 log P . The overall training objective is the average loss oveNalll

images, givenby = & 1, Lgiltill + ijio)intmap , with the uncertainty terms modeled as in [24].

4 Experiment

Implementation Details. We use MoGe €] as the teacher model for pseudo-label generation.
Since the depth predicted by MoGe is af ne-invariant, we subtract the shift ia-t@mponent
and then apply the normalization used in DUSt3R. For DUSI3®, jwe use 2-view data with
distillation supervision applied exclusively to the view-1 pointmap head for distillation loss. In
contrast, CUT3R{5] and VGGT [1] utilize 2—8 views, with supervision on either the self-view
head or the depth head. During each epoch, we sample 20,000 images from 38}; 1BJ00 from
Hypersim }6], and 1,000 from TartainAirg9]. Training runs for 10 epochs on four NVIDIA L20
GPUs over a single day. Further implementation details are provided in the appendix.

Evaluation Protocol. We evaluate our approach across three settings: single-view, two-view, and
multi-view. In the single-view setting, we focus on monocular depth estimation. The two-view
con guration evaluates relative pose estimation, where we extract pairwise correspondences using
DUSt3R [B8]'s matching method for VGGT. In the multi-view setting, we perform multi-view depth
estimation, pointmap estimation, and pose estimation. Since CU#3Rs[designed for long
sequences and unsuitable for pairwise correspondences, we remove it in the two-view evaluation.

Table 1:Quantitative results for monocular depth estimation."+Ours" denotes the integration of
our ne-tuning, and MoGe is the teacher model. Best results in each session are highlighdddl in

Scale-invariant relative depth
Method NYUv2 | KITTI | ETH3D iBims-; DDAD | DIODE |[HAMMER| Average
Rel# , |Rel# , |Rel# , |Rel# | |Rel# , |Rel# , |Rel# | |Rel#
DUSt3R [68] | 3.83 97.77.64 91.15.35 95.93.97 96.517.34 75.56.85 92.44.23 96.9 7.03 92.3
DUSt3R+Ourg 3.68 97.86.02 94.74.41 96.83.47 97.413.11 83.14.70 95.33.66 98.71 5.58 94.8
CUT3R [65] [3.73 97.97.20 91.74.69 96.44.06 96.415.62 76.95.93 93.24.01 98.2 6.46 92.9
CUT3R+Ours| 3.68 97.95.93 94.74.67 96.6 3.46 97.713.12 82.835.08 94.83.20 99.3 5.59 94.7
VGGT [61] 3.14 98.35.83 94.13.64 97.53.61 96.813.74 81.35.24 94.55.18 95.25.77 94.0
VGGT+Ours | 3.10 98.34.59 97.23.07 98.72.73 98.210.65 88.13.59 96.72.31 99.5 4.29 96.7
MoGe [66] 3.02 98.54.39 97.42.96 98.92.65 98.29.64 90.03.23 97.43.09 98.4 4.14 96.9

Metric depth
MASt3R [28] [10.79 89.655.11 10.946.91 21.318.65 61.562.90 4.355.34 18.397.62 5.6(49.62 30.2
MASt3R+0urs11.71 88.410.69 89.126.30 56.011.29 86.826.50 55.522.84 50.183.89 24.527.60 64.3
MoGe-2 [67] | 6.92 96.716.72 70.110.92 88.214.08 81.115.82 74.115.97 71.323.30 68.514.82 78.6

4.1 Monocular Depth Estimation

We follow the evaluation oMoGe [66] to evaluate our methoqbusing standard metrics: relative
1 N jdi djj

absolute differencer¢l) and the ; score. Specicallyrel = § 2, =5, whered; andd,
denote the predicted and ground truth depths, respectively, whilepresents the percentage of
di . d;

predictions satisfyingnax g-; & <125 Table 1 presents quantitative results for af ne-invariant

depth evaluation. The table shows that our integrated models consistently achieve lower relative
depth error and higher, scores. Figure 5 shows the qualitative comparison between baselines
and the results from our ne-tuning method. After ne-tuning, our method improves the model's
ability to capture ne details and complex surfaces such as transparent ones. Fine-tuned VGGT
performs almost as well as the state-of-the-art expert model, MoGe. Interestingly, we observe that
although DUSt3R's depth estimates rank last among the evaluated models, they exhibit the sharpest
boundaries compared with the other two baseline models. This is likely because CUT3R and VGGT
are trained on long sequences and are consequently more affected by the long-sequence degradation
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