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Figure 1: Latent Bundle Adjustment refines camera poses and dense geometry of feed-forward
reconstruction models by optimising intermediate latent representations via reprojection error. Red
lines represent the distance between the estimated and GT camera pose.

ABSTRACT

We present a method for dense bundle adjustment of 3D scenes by optimis-
ing the latent representations of feed-forward reconstruction models, such as
VGGT-Omega and 73. These learned models can be more robust than traditional
Structure-from-Motion (SfM) pipelines, particularly on challenging scenes. How-
ever, combining their robustness with the accuracy of explicit bundle adjustment
remains challenging and is typically limited to poses and sparse points or patches.
We propose a novel parametrisation of the bundle adjustment problem by opti-
mising a set of tokens within a feed-forward reconstruction model. Specifically,
we solve for latent updates that minimise reprojection error given a set of sparse
correspondences between the input frames. Latents jointly encode the dense scene
structure and camera poses, and the change in representation provides implicit reg-
ularisation during optimisation, allowing for refinement of dense geometry from
sparse matches. We evaluate our approach on 3D reconstruction and camera pose
estimation tasks across different datasets, demonstrating state-of-the-art perfor-
mance. We further analyse parametrisations, both qualitatively and quantitatively.

1 INTRODUCTION

Reaching consensus on the state of the world from distinct viewpoints is fundamental to how humans
perceive, navigate, and act. In computer vision, 3D reconstruction from 2D images involves un-
derstanding scene geometry from finite-resolution projections. Traditionally, structure-from-motion
(SfM) has relied on multi-view geometry. After finding pixel correspondences and initialising points
and camera poses, bundle adjustment (BA) iteratively optimises predicted projections against mea-
surements. Explicit parametrisation of poses and points yields a simple projection model, but points
lack direct correlation, which is evident in degenerate configurations such as unconstrained depth
without translation. BA lacks a prior on the distribution of natural scenes and observers.

Generalisable priors over geometry can be learned via data-driven models. Monocular depth pre-
diction and relative pose estimation can add robustness to BA via initialisation or a direct prior over
their values. However, these priors provide a single estimate given limited information and ambi-
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Figure 2: Reprojection error basin for latent representation optimisation of 73. “Token proj” is
the latent before projection to pixel space while “k = 3” adds three inter-frame attention blocks.
Axes span two directions of latent space and colour corresponds to an improvement multiplier over
the feed-forward result. Gradient descent finds solutions with improved accuracy despite latent
representations containing unnatural solutions with lower reprojection error. Deeper layers show a
wider receptive field and achieve both improved depth and pose accuracy.

guity, which biases SfM. Predicting distributions over depth captures the space of viewer-centric
geometry, but not its correlation across views or with camera parameters.

Feed-forward reconstruction models predict camera poses, intrinsics, and per-pixel 3D geometry di-
rectly from images. This can be viewed as amortised inference, where initialisation, correspondence,
triangulation, and refinement are implicitly handled by a neural network trained offline. While this
achieves robust estimation, precision lags that of optimisation, which reasons at pixel-level rather
than token-level, does not limit the number of computational steps, and can incorporate additional
information such as intrinsics. The outputs of feed-forward reconstruction models directly corre-
spond to the parametrisation of BA and are often used as initialisations or the centre of a prior.
However, this single estimate discards the joint prior implicitly learned by the network. BA can be
performed on sparse matches to achieve accurate poses, but without these correlations, it inherits the
same inclination to unnatural geometry and requires a second stage to refine dense geometry.

Just as natural images are hypothesised to lie on a low-dimensional manifold, so may the space of
geometric scenes and observers. Feed-forward reconstruction models have learned rich structure
about the world, including 3D consistency, auto-calibration, and the distribution of camera poses.
The network outputs are an image-conditioned point estimate of geometry and poses, while the
network itself encodes the prior that produced it. To retain this knowledge, we propose a change
in parametrisation and optimise the latent representations of feed-forward reconstruction models.
Due to the connectivity of such networks, this provides a coupling of poses and geometry, while the
weights learned on data offline provides general knowledge for guiding the optimisation landscape.

Even when feed-forward initialisation is far from 3D-consistent, optimising via gradient descent
can achieve globally consistent results as seen in Figure[I] Local optimisation of overparameterised
latent representations can find solutions with consistent 3D geometry, despite unnatural solutions
achieving lower reprojection error, as illustrated in Figure[2] The implicit prior combined with error
from sparse matches alone enables joint refinement of dense geometry and poses in a single stage.

In summary, we propose a bundle adjustment framework that uses latent representations of feed-
forward reconstruction models as a parametrisation to achieve an implicit, joint prior over poses
and geometry. Along the way, we provide intuitions and comparisons of the implicit regularisa-
tion of feed-forward reconstruction models across architectures, representation depth, and test-time



parametrisations. Lastly, we show that a straightforward system with sparse reprojection error can
achieve state-of-the-art performance on pose estimation and dense geometry estimation.

2 RELATED WORK

Structure-from-motion (SfM) recovers camera motion and 3D geometry given images. SfM
pipelines solve for poses and sparse 3D points by comparing expected projections with measure-
ments derived from pixel matching [Snavely et al.| (2006); Agarwal et al.[(2011). Bundle adjustment
(BA) [Triggs et al| (1999) jointly refines these variables via iterative optimisation and remains the
most precise method to estimate camera poses at scale [Schonberger & Frahm| (2016); [Pan et al.
(2024). However, its scalability rests on ignoring correlations among 3D points, so noise, non-
discriminative pixels, and low parallax result in unnatural reconstructions. Data-driven priors can
improve robustness on the measurement side by learning correspondence |[DeTone et al.| (2018]); |Sar-
lin et al.| (2020); Teed & Deng|(2021); |Lindenberger et al.|(2023); |[Edstedt et al.| (2024), while depth
prediction from a single image |Yin et al.|(2023)); Yang et al.| (2024)); |Piccinelli et al.| (2024) sidesteps
ambiguity in scale and the need for parallax. Modern SfM systems leverage these pretrained corre-
spondence and depth priors|Li et al.[(2025); Huang et al.| (2025)); Pataki et al.| (2025} |2026)) to provide
robustness where traditional SfM systems fail, including wide baselines, pure rotation, and low tex-
ture. However, predicting geometry from a single view is ambiguous and committing to a single
estimate contributes bias, so alternatives predict the space of depths via distributions |Bloesch et al.
(2018); IDexheimer & Davison| (2023) or basis functions [Tang & Tan| (2019); (Graham & Novotny
(2020); [Leroy et al.| (2026). Regardless, per-view depth ignores correlations across frames, poses,
and intrinsics, while joint priors may better model the space of scenes.

Feed-forward reconstruction models are neural networks that directly predict per-pixel scene ge-
ometry and camera parameters. Pioneered by DUSt3R Wang et al.|(2024)), two-view models implic-
itly solve correspondence, triangulation, relative pose estimation, and camera calibration. MASt3R
Leroy et al.| (2024) shows that pixel-level matching improves pose accuracy. Multi-view transform-
ers Wang et al.| (2025b}; [2026b); Keetha et al.| (2026)); Lin et al.| (2026); |Wang et al.| (2026al); Burzio
et al.| (2026) predict for all images simultaneously, yielding greater robustness. However, precision
lags that of optimisation, so their outputs are used to initialise BA or provide direct priors|Duisterhof
et al.| (2025);|Wang et al.[(2025b)); D’ Urso et al.| (2026); Pan et al.| (2026)). For example, VGGT uses
its point tracking and variable initialisation with BA to improve pose accuracy. This avoids poor lo-
cal minima, but the BA parametrisation discards the joint prior and can produce unnatural geometry.
In this work, we optimise the network’s latent representations to retain an implicit, coupled prior.

Test-time optimisation adapts a model to a new example at inference. Efficient ways to fine-tune
neural networks include prompt tuning |Li & Liang| (2021)); Jia et al,| (2022), low-rank adaptation
of weights (LoRA) [Hu et al.| (2022)), and hidden-state interventions [Wu et al.| (2024). Both Test3R
Yuan et al.| (2025) and LoRA3D [Lu et al.| (2025)) adapt DUSt3R with prompt tuning and LoRA,
respectively. TTT3R |Chen et al.|(2026) views recurrent updates of a fixed-size state as test-time op-
timisation. Self-Geometry |Youn et al.[(2026) finds that reprojection error alone is insufficient when
applying LoRA to feed-forward reconstruction models. In contrast, we show that optimising latent
representations instead of weights is advantageous, and that reprojection error alone is sufficient.

Implicit regularisation describes how optimisation, architecture, and weight initialisation bias
overparameterised networks toward particular solutions Neyshabur et al.| (2015)); |Gunasekar et al.
(2018); Jacot et al.| (2018)); |[Ulyanov et al.| (2018)). Probing feed-forward reconstruction models re-
veals emergent epipolar geometry, correspondence, and sparse computation Bratuli¢ et al.| (2026));
Ziliotto Filippo & Campari (2026)); Wang et al.|(2025a)). In this work, we explore how the represen-
tation optimised by gradient descent through feed-forward reconstruction models biases the solution
space, and the implications for pose and geometry estimation.

3 METHOD

Given a set of N unordered RGB images I,, € RE*W>3 n ¢ {1 .. N}, a scene can be re-
constructed via a feed-forward reconstruction model Fzza¢(I) producing per frame camera poses
T,, € SE(3) in a unified coordinate frame and depth maps D,, € RZ*W,
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Figure 3: Given a set of images, we run a feed-forward reconstruction model to get an initial recon-
struction that is used to extract co-visible pairs that are used for matching 2D-2D correspondences.
We formulate a BA objective given these 2D measurements and optimise the reprojection residual
using our latent parametrisation that implicitly couples dense geometry and camera poses.

Our objective is to refine the initial reconstruction to obtain more accurate poses and dense geometry
(T*,D*). We propose optimising a latent representation Z — (T, D) that encodes geometry and
camera poses. Given a set of sparse 2D-2D correspondences across frames and camera intrinsics
K, we minimise reprojection error with respect to Z* and obtain (T*,D*). This achieves dense
refinement from sparse measurements. As shown in Figure [3] our pipeline starts by extracting a
co-visibility set O, followed by matching and pruning the co-visible pairs. Finally, we perform
Latent-BA to refine dense geometry and camera poses.

3.1 PRELIMINARY ON FEED-FORWARD RECONSTRUCTION MODELS

In this work, we are concerned with the class of models that ingest a set of images in a single forward
pass. These models are parameterised by weights 6, are composed of three main components: an
encoder &, a set of transformer blocks G, and decoding heads H.

The image encoder processes the images individually producing a tokenized representation of input
images £(I) = Zp, where Z; € RY**X¢ and ¢t is the number of tokens per frame and c is the
embedding size. We denote k, with 0 < k < L, as the number of decoder layers counted from
the output of G, which allows us to express different frontends of different lengths L in a common
convention. For simplicity of notation, we assume that per-frame tokens include additional register
and camera tokens. Tokens are processed through the network via a series of L attention layers that
alternate between inter- and intra-frame self-attention, forming a stack of attention blocks G.

Lastly, geometry and camera poses, optionally intrinsics [Wang et al.| (2026a)), are obtained via the
decoding heads H(Zo) = (T, D). While there exist different parametrisations of geometry, all can
be expressed as depth maps with an associated K under a pinhole camera assumption. If the network
predicts point-maps Wang et al| (2026b) X,, € RZ*Wx3 K is recovered using the Weiszfeld
algorithm Plastria| (2011), while depth indexes the z-axis component of X,,.

3.2 BUNDLE ADJUSTMENT

Bundle adjustment minimises the reprojection error 7, or the difference between a point observed
in the image plane and its modelled projection. We adopt a depth map formulation where geometry is
hosted per frame. Depth D;(x;) is sampled from at a 2D point z;, backprojected to 3D, transformed
from frame ¢ to frame j, and projected onto the image plane. The error is then measured to the

matched 2D point x;:
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The optimisation objective R is defined as the sum of all costs p, such as Huber or Cauchy, over all
the corresponding frames in O and their matches M:

R(T,D)= > > p(rj(Ti, Ty, Dyaf,a)). @
(1,7) €0 meM,;
Alternatively, this minimisation can be viewed as Maximum A Posteriori (MAP) estimation,

(T*,D*) = arg max P(T,D)(llop(xj | Ti, T;,D;), (3)
2,]

Prior Reprojection Likelihood

where we maximise the posterior consisting of the prior and likelihood over (T, D), where the prod-
uct over matches is omitted for simplicity. In explicit BA, only a set of sparse depths d C D with
measurements and camera poses T are recovered. Providing a well-specified prior is challenging
beyond centring around outputs from a network, which lacks correlations across variables.

3.3 LATENT BA

To inject the learned network prior into BA, we modify the explicit BA parametrisation of explicit
T and D into an implicit one such that our parametrisation Zj, jointly encodes the scene geometry
and camera pose via Z — (T, D). Using the layer notation introduced previously, this is defined as:

Zi =®(1) =Gr_ro- oG o&(I), @)
(T7D) = lIj(Zk) :HOgLO"'OgLfk‘Fl(ZkL (5)

where Frrar = ¥ o @. The network is split at Gz, with k providing different inductive biases
for BA across layers and models. The remainder of the network W is treated as function that can
decode the implicit latent into explicit geometry.

The general Latent-BA MAP problem is described in Equation (6), which can be contrasted with
the explicit BA MAP in Equation (3). In our method we the networks weights are frozen and not
optimised, hence the prior term P(Z;, | Z,(CO)), where Z,(CO) = ®(I), only provides an initialisation for
for Zy,. Since the geometry and camera poses are recoverable via the latent, we define our likelihood
of the x; to be given Z;, and the implicit regularisation provided by the gradients flowing through
the frozen suffix W. In our experiments we find the small gradient steps and the smoothness of the
optimisation manifold defined by ¥ provide sufficient regularisation for our MAP problem.

Zj = argmax P(Zy) [[ Plz;| ¥(Zk)), (6)
Zy
(4,7)€0
(T*,d*) = argmin R(T,d) — Zj =argminR(¥(Zy)). (7
T,d Zy,

Given the Latent-BA MAP formulation, we reformulate the explicit BA reprojection residuals over
poses and geometry to a function of latents in Equation (7). Unlike the explicit formulation, poses
and depth are coupled via the parametrisation, and dense dense depth D* can be refined from sparse
measurements. Given the initialisation from the feed-forward pass, gradient descent can be used to
update Zg, which couples geometry and poses, and find a local minima Z7, and the refined poses
and geometry (T*,D*) = ¥(Z}). Compared to the explicit BA parametrisation, where camera
poses and sparse geometry are coupled only through the reprojection residuals, Latent-BA explicitly
couples poses and geometry through various levels: tokenisers connect pixels at the patch level,
frame-wise attention communicates at the image level, and global self-attention provides a receptive
field across all frames. We visualise how the choice of representation & in Figure d]impacts coupling
of log-depth across frames, showing larger k& provides a more global view, while retaining local
granularity. More k experiments are presented in Figure [6]
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Figure 4: Visualisation of linearised coupling between a change in the selected pixel’s log-depth
and all log-depths y for different latent representation layers of 72 at the feed-forward initialisation.
Formally, this is one row of the kernel K = JJT of gradient similarities, with Jacobian J =

0y /0Zy, normalised within a column and shown on a square-root scale. For larger k, the receptive
field becomes more global while still retaining well-defined responses locally.

3.4 CO-VISIBILITY GRAPH CONSTRUCTION AND MATCHING

Similar to EPO [D’Urso et al.| (2026)), we leverage our reconstruction prior to build a co-visibility
graph between image pairs. Given an initial reconstruction of the scene, we exhaustively check
if each frame’s geometry projects inside other frame’s view frustum. Pairs are chosen when they
symmetrically satisfy a minimum thresholds for number of points in front and inside the 2D image
plane. This creates an initial set of candidate pairs, with the co-visibility set refined after matching.
Under the assumption that feed-forward reconstruction model can produce locally robust camera
pose and geometry estimates, we obtain a sufficient set of candidates to match.

To minimise our geometric objective function, we require a set of correspondences between im-
ages. We opt for sparse feature matches since salient points provide more reliable measurements
for bundle adjustment. Given the initial graph pairs, we run an matcher F 4 over candidate pairs
(i,7) € O, which produces a set of sparse matches M. Pairs are then pruned via fitting a relative
pose between the pair using a RANSAC loop. Given the matched 2D points and the 3D points from
the initial reconstruction, a pose is fitted with Umeyama algorithm [Umeyamal (1991) between can-
didate pairs. An inlier ratio threshold is then used to prune pairs with low consensus on the 3D point
error between them. This keeps pairs that agree on their corresponding geometry.

4 EXPERIMENTS

We provide qualitative and quantitative evaluations of our method on camera pose estimation and
depth estimation. In addition, we provide an analysis of our parametrisation, demonstrating the
effects of different design decisions. In our experiments, we use RoMav2 [Edstedt et al.| (2026) for
image matching. We optimise for 100 iterations with Adam [Kingma & Ba| (2015)), with a cosine
annealed learning rate schedule. Unless stated otherwise we run our experiments as well as our
baseline with the dataset GT provided intrinsics. We use a Cauchy loss for our robust estimator p.
In the appendix, we provide additional results of our method in a calibration free setting. Unless
mentioned otherwise, we use & = 14 for our experiments.

Baselines We evaluate Latent-BA with different feed-forward reconstruction models including 73,
VGGT-(2, Déja View and Depth Anything 3. Our core evaluation steams around how much refine-
ment can Latent-BA achieve over the initial reconstructions. We also compare against an explicit
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Figure 5: Qualitative results on 72. Top-down views of Oxford Spires (top row) and SMERF (bottom
row). Red lines indicate the distance between the estimated and GT camera poses.

BA baseline that we implement with GTSAM |Dellaert & Contributors|(2022). For fair comparison,
we give it the same initial reconstruction and match set that we use in Latent-BA. We also compare
against EPO, BLASt3R and MP-SfM, and create an EPO* variant that we feed our matches to setup
a reprojection loss, while we run MP-SfM with SuperPoint and RoMav2.

Datasets We run our evaluations on the full ETH3D MVS [Schops et al.[(2017) dataset, as well as
Oxford Spires|Tao et al|(2025)) on 18 scenes with COLMAP GT on our test-split which we created to
have long sequences without significant overlap, capping the sequence lengths at 110. In addition,
we run on the synthetic NRGBD dataset Azinovi¢ et al|(2022) on the 72 test split. Finally, we
evaluate on the SMERF Duckworth et al.|(2024)) test splits from MP-SfM.

4.1 CAMERA POSE AND GEOMETRY EVALUATION

Our camera pose estimation results are provided in Table [I]and video depth evaluation is provided
in Table 2] We highlight four main comparisons from these results.

Latent-BA vs feed-forward reconstruction. We show a significant boost over the initial recon-
struction output of VGGT-Q and 73 in both camera pose and dense depth estimation. This demon-
strates the effectiveness of our proposed method in jointly refining the outputs of these models. We
also show improvements across all other frontends in Figure 6| Qualitative results are provided on
challenging scenes in Figure[5] Calibration free pose evaluations can be found in Figure [T0}

Latent-BA vs explicit BA. Given the same initialisation but expressed in different forms, latent vs
explicit, ours provide more accurate poses. These results showcase the advantage of our regularised
optimisation and tight coupling of geometry and camera poses in the representation space.

Latent-BA vs other implicit BA. We outperform EPO and EPO* on pose estimation accuracy, high-
lighting the effectiveness of our latent representation compared to their decoupled sparse geometry
and MLP refined camera poses.

Latent-BA vs SfM with learned priors. We also outperform BLASt3R on both evaluations, show-
ing that leveraging large off-the-shelf models provide a stronger learned prior when accuracy is key
requirement. However, BLASt3R is less demanding computationally compared to ours. Finally our
comparison with MP-SfM demonstrates the competitiveness of our proposed approach compared to
a full SFM pipeline. we outperform MP-SfM on dense geometry refinement. Our simple approach
to establish frame pairs outperforms MP-SfM on ETH3D, NRGBD and SMERF. However on Ox-



Method Init ETH3D NRGBD Oxford Spires SMERF
AUC@1/5201T AUC@1/5/201 AUC@1/5/201  AUC@1/5/20 1
Feed-forward w3 11.7/50.3/79.4 25.5/78.4/94.2 0.0/8.7/53.4 0.2/14.1/49.3
Feed-forward VGGT-2 28.6/75.9/93.2 39.6/85.0/96.1 0.0/7.2/54.3 1.3/36.6/78.5
EPO w3 45.6/78.5/91.9 45.1/85.5/95.4 9.7/36.1/62.8 0.5/15.4/49.9
BLASt3R - 65.0/89.9/97.1 66.9/91.1/96.9 9.5/30.6/54.7 4.2/29.4/51.5
EPO* T 76.0/91.8/97.0 60.9/90.6/97.6 37.8/60.1/74.9 16.4/36.7/60.1
Explicit BA 3 82.9/95.4/98.8 64.7/88.7/95.5 46.0/66.2/79.8 36.5/63.4/75.0
MP-SfM - 84.0/93.7/96.1 62.8/90.1/97.2 69.3/83.9/89.8 22.6/58.8/717.5
Latent BA (ours)  VGGT-Q2 85.2/96.7/99.2 72.2/92.6/98.0 30.5/60.4/80.7 31.8/74.0/92.8
Latent BA (ours) 7 84.5/96.2/99.0 73.1/93.1/98.1 55.6/82.7/91.3 46.3/76.2/87.1
Table 1: Camera pose AUC at 1/5/20° (%).
Method ETH3D NRGBD Oxford Spires
AbsRel J, 51,01 T AbsRel \L 51‘01 T AbsRel \L 51,01 T
BLASt3R 0.0377 0.370 0.0311 0.478 0.9316 0.035
MP-SftM 0.0326 0.372 0.0203 0.528 0.1148 0.130
3 0.0221 0.408 0.0135 0.673 0.0986 0.108
VGGT-2 0.0112 0.660 0.0096 0.778 0.1101 0.097
Latent BA + VGGT-2 (ours) 0.0059 0.899 0.0086 0.815 0.0954 0.148
Latent BA + 7> (ours) 0.0065 0.883 0.0113 0.820 0.0831 0.233

Table 2: Video depth estimation results.

ford Spires, the two methods are comparable on AUC at 5/20, but ours slightly lag behind on the
tighter AUC@1 tolerance, in effect due to failure of the reconstruction models on initialisation to
provide adequate set of pairs to match.
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Figure 6: On the left, geometry and pose accuracy of different feed-forward methods on ETH3D
for £ = 14. We analyse the effect of using different &£ with different feed-forward reconstruction
models, showing the impact of using deeper layers for the refinement of poses and geometry, run on
subsampled set of frames of ETH3D.

4.2 DOES COUPLING REALLY HELP?

We run an ablation to evaluate the claim that coupling between geometry and poses under a joint
representation is better than a decoupled representation. We modify Latent-BA, such that the geom-
etry is parametrised by depth maps that is only initialised by the initial geometry and is independent
of the Zj,. During optimisation they only interact with with the poses, that are a function of Zj
via the reprojection residuals. Under this setup, Z; only gets gradient updates via the camera pose
decoder head only, unlike our full setup where gradient also flows back via the geometry head. As
we show in Table [3] the pose estimation accuracy drops when using a decoupled parametrisation,
and shows that an implicitly coupled representation matters for accuracy.



7 init Decoupled: free depth maps  Coupled: latent BA

AUC@1/5201  16.3/62.0/87.5 76.2/94.7/98.7 84.1/96.6/99.1
ATE (cm) | 9.02 4.03 0.97
Depth AbsRel | 0.0196 0.0187 0.0066

Table 3: Coupling ablation on a subset of the ETH3D MVS dataset.

4.3 DIFFERENT PARAMETRISATIONS

We compare different parametrisations of 73’s prior: weight space (LoRA), prompt tuning with per-
layer tokens, and a latent shared across frames. For LoRA, we fine-tune all linear layers, all except
frame heads, or all QKV projections as in Self-Geometry |Youn et al.|(2026)). Latent BA achieves
both the best pose and depth performance in Section £.3] The shared latent is competitive with
LoRA methods, illustrating the benefit of a local parametrisation over global weight space. This
local property is visible in both the lower depth changes during optimisation and lower errors near
matches in Section[d.3] This aligns with the observation in Figure[dthat nearby pixels show stronger
coupling. While LoRA shows improved depth at larger distances, these pixels are infrequent.
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Figure 7: Comparison of parametrisations at k=3 using 3 on 10-frame splits of ETH3D MVS using
an {7 loss. The scatter plot compares methods under pose and depth thresholds. The remaining plots
show depth change, depth error, and accumulated depth error for a given distance of pixels to the
nearest match. The background histogram is the frequency of pixels for a given distance.

5 LIMITATIONS

Backpropagation through feed-forward reconstruction models requires significant memory which
limits scalability to large scenes, as analysed in Figure [9] In the future, learning linear subspaces
alongside the output of feed-forward reconstruction models, similar to depth estimation literature,
may provide a balance between expressiveness and efficiency. Compared to full SfM pipelines, our
straightforward frontend can be improved with more robust graph construction and chaining corre-
spondence across views. Lastly, the use of an external matcher provides pixel-level precision, but
leveraging the implicit priors from feed-forward reconstruction models to extract matches Nord-
strom et al.|(2026) may unify the whole system around a single model.

6 CONCLUSION AND FUTURE WORK

We presented Latent Bundle Adjustment, a method for dense refinement of 3D scenes by optimis-
ing the latent representation of feed-forward reconstruction models. The change in representation
provides coupling of poses and dense geometry, such that sparse reprojection error achieves both
accurate poses and globally-consistent dense geometry. As this improves precision across feed-
forward reconstruction models, it may be valuable for challenging scenarios with sparse data, as
well as for self-supervision. Beyond performance, we studied effects across architectures, layers,
and parametrisations. Architectures show qualitatively different characteristics based on connectiv-
ity and head design, and we hope this insight inspires designing future architectures of models that
are more conducive to scalable and efficient test-time optimisation.
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Al USE STATEMENT

In this work, we used generative Al tools for proposing or refining hypotheses, designing or provid-
ing feedback on research methodology or experiments, implementing methods, cleaning and refor-
matting dataset, supporting qualitative and thematic data analysis, and interpreting results. We have
not used generative Al tools for generating synthetic data sets, helping develop theoretical models or
conceptual frameworks, formulating mathematical claims, providing critical ingredients for proving
mathematical claims, assisting in the writing of proofs, assisting with translation. Additionally, we
used generative Al tools for creating or modifying scientific figures or images, suggesting experi-
mental parameters, creating or editing software code, summarizing or analysing existing literature,
and brainstorming. We have reviewed all Al-assisted work, including verification of code for cor-
rectness by two authors. We take responsibility for the final content of this work, including text,
claims or artifacts produced with the aid of generative Al
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A APPENDIX

A.1 CONVERGENCE BASIN EXAMPLE WITH DEPTH SUPERVISION

In addition to the basin visualisation in Figure[2] we show an example beyond reprojection error in
Figure 8] Given a ground-truth map, we can optimise that frame’s depth alone via Latent BA and
observe the response. This situation can find many unnatural configurations, as only the one depth
map is constrained, while the other depths and all poses are not. Once again, while there exist other
solutions with lower depth loss that achieve degraded depth and or poses, our method finds solutions
that generalise. This demonstrates the implicit regularisation when using the feed-forward pass as
initialisation combined with gradient descent at test-time. The difference in solutions based on the
latent representation used is also visible, with the representation before the projection to pixel space
only showing local changes at the supervised depth map.

Token Proj K=3
Depth supervision Depth AbsRel Camera ATE Depth supervision Depth AbsRel Camera ATE
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Figure 8: Convergence basin when optimizing latent representations of 3 before the projection to
pixel space and before the final three inter-frame attention blocks against depth supervision to a
single frame. Colormaps show the improvement multiplier across the error and evaluation metrics.
The axes show two directions of high-dimensional latent space.

A.2 COMPUTATION ANALYSIS

We show an analysis of iteration time and peak GPU memory across k of 7% in Figure EI Iteration
time shows a quadratic due to the nature of global self-attention, while memory is linear as the latent
representations scale with the number of patches. Memory can further be reduced at the expense of
iteration time via gradient checkpointing.

A.3 CALIBRATION FREE RESULTS

As feed-forward reconstruction models also predict camera intrinsics per-frame, either implicitly or
explicitly, we analyse the effect of using estimated intrinsics. For a given sequence, we assume cam-
era intrinsics are shared across frames by averaging the predicted estimates output either from the
camera head directly or after recovery from pointmaps. Results for ETH3D are shown in Figure [T0}
We show even this one-step estimation of intrinsics followed by optimisation still significantly im-
proves over the feed-forward estimate, while using ground-truth intrinsics adds additional accuracy,
particularly at the most precise thresholds.
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A.4 ADDITIONAL KERNEL VISUALISATIONS

We show addltlonal visualisations of the log-depth kernel, inspired by Jacot et al.| (2018), presented
in FlgureEfor . As noted previously, latent representations Zj, further from output space demon-
strate greater global receptive field. Here, we also contrast with other representations, such as LoORA
which parametrises variables on weight space. In Figure[T1] we visualise the response maps but af-
ter optimisation instead of at the feed-forward initialisation. The colour normalisation is performed
from the initial response prior at a selected pixel prior to optimisation. A similar trend of receptive
field is seen for Latent BA, while LoRA shows the inability to retain sharp responses on edges due
to the global parametrisation of weight space. Patch artifacts can be removed by omitting adaption
of the heads, but the degradation of local response in Figure[ITa]is visible.
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Figure 11: Visualisation of linearised coupling between a change in the selected pixel’s log-depth
and all log-depths for different parametrisations on the ETH3D dataset. Linearisation is performed
after 100 iterations of gradient descent using Adam.
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