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Abstract

Pose estimation remains challenging under sparse views,
especially when visual overlap across images is extremely
limited. Recent advances in video generation models of-
fer a promising solution by enabling keyframe interpola-
tion, which can enrich contextual cues and improve pose
estimation performance. However, existing video genera-
tion models often lack 3D consistency, producing tempo-
rally plausible but spatially inconsistent frames that de-
grade downstream pose estimation. In this paper, we pro-
pose a framework ExPose that directly addresses 3D in-
consistency when applying video generation to pose esti-
mation in extreme-view settings. Specifically, we fine-tune
a video generation model using Group Relative Prefer-
ence Optimization (GRPO), aligning its outputs with 3D-
consistent supervisory signals derived from pose estimation
objectives. Our approach not only enhances the quality of
temporal interpolation, but also ensures spatial coherence
across views, significantly improving pose estimation accu-
racy. Extensive experiments demonstrate that our method
outperforms state-of-the-art baselines, highlighting the po-
tential of preference-optimized video generation as a pow-
erful tool for pose estimation in extreme-view scenarios.
Code is available at https://github.com/yh-yoon/ExPose.

1. Introduction

Pose estimation is a fundamental building block for
robotics, AR/VR, autonomous driving, 3D reconstruction
and even emerging tasks such as video generation. Previ-
ously, It has been tackled through iterative non-linear opti-
mization of re-projection errors derived from visual feature
correspondences, as in structure-from-motion (SfM) [32].
Such methods achieve remarkable accuracy when the in-
put imagery provides sufficient geometric overlap, allowing
robust triangulation and global consistency. However, in
scenarios with sparse or weakly overlapping views, these
conventional optimization-based methods often fail catas-
trophically, unable to recover meaningful scene geometry.

*Work done during an internship at NAVER LABS.
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Figure 1. Overview. We introduce ExPose, a novel extreme
pose estimation framework via off-the-shelf 3D foundation mod-
els with an aid of pose-rewarded reinforcement learning of video
generation models. Compared to directly using the original video
generation model, ExPose achieves state-of-the-art performance
in extreme baseline pose estimation by synthesizing intermediate
frames that more faithfully capture underlying 3D structure. Here,
blue, red, and yellow denote the reference pose, the estimated tar-
get pose, and the ground-truth (GT) target pose, respectively.

Recent progress in 3D foundation models [18, 39, 40, 42]
has demonstrated that meaningful pose estimation is pos-
sible even under minimal viewpoint overlap. These mod-
els suggest that data-driven priors can complement or even
replace purely geometric constraints. However, current
3D foundation models remain limited by their reliance on
point-wise supervisory signals, which fail to capture the
contextual knowledge inherent in real-world 3D environ-
ments. In contrast, humans can readily infer plausible scene
layouts from only a few disjoint views, leveraging prior
experience of spatial organization and object relationships.
Motivated by this observation, recent research [3, 53, 55]
has begun to leverage generative models trained on large-
scale visual data, thereby embedding higher-level contex-
tual understanding into the reconstruction process.

https://github.com/yh-yoon/ExPose


Trained on large-scale video datasets, video generation
models [17, 29, 30, 38, 49] implicitly capture how objects,
lighting, and viewpoints change in a physically and se-
mantically consistent manner, enabling them to synthesize
temporally coherent and visually realistic frame sequences
that interpolate plausible transitions even between distant or
sparsely related views. These capabilities make them espe-
cially well-suited for bridging the gaps between sparse input
images and providing richer observations that support 3D
reasoning. However, since their training objectives primar-
ily emphasize visual realism and temporal smoothness, they
lack explicit awareness of underlying 3D geometry, often
producing interpolated frames that are temporally consis-
tent yet geometrically implausible or spatially distorted. As
a result, geometry-sensitive tasks such as pose estimation
depend heavily on the randomness of generative videos, re-
quiring repeated sampling and careful selection of outputs
that happen to exhibit geometry-consistent behavior.

In this paper, we introduce ExPose, a framework de-
signed to enhance pose estimation for 3D foundation mod-
els under extreme-view input conditions. As shown in
Fig. 1, we leverage video generation models to synthe-
size auxiliary intermediate frames between widely sepa-
rated input views, thereby enriching the contextual knowl-
edge. To achieve this goal, we first construct a pseudo video
dataset by incorporating geometrically consistent interme-
diate frames between sparse input images and use it for su-
pervised fine-tuning, enabling the model to gain an initial
understanding of physically plausible spatial and temporal
consistency. We then further refine the model through rein-
forcement learning, where the pose estimation model serves
as a geometry aware reward provider. Also, we adopt Group
Relative Policy Optimization (GRPO) [34] to optimize the
video generation model using pose-based reward signals de-
rived from the 3D foundation model. During this process,
we introduce a regularization term to promote smooth and
natural transitions, and employ point-tracking based explo-
ration to ensure diverse trajectory generation, thereby pre-
venting overfitting to limited trajectories of camera poses.

This training paradigm enables the video generation
model to learn 3D consistent motion and structure priors
without requiring explicit ground-truth supervision. Once
fine-tuned, the model produces intermediate frames that
faithfully preserve scene geometry even under highly sparse
input conditions. These generated frames are then fed
into the pose estimation model, which leverages the en-
riched observations to perform more accurate and stable
camera pose estimation. Through this synergistic integra-
tion of video generation model, ExPose bridges the gap be-
tween visual realism and spatial consistency, significantly
improving pose estimation performance under challenging
extreme-view scenarios.

2. Related Works
Pose Estimation Conventional structure-from-motion
(SfM) [32] and visual SLAM [27, 35] jointly optimize
3D structure and camera poses from dense pixel corre-
spondences. To further exploit reconstructed 3D scenes,
neural representations [16, 26] are used to recover the
scene structure and camera poses jointly [7, 47]. However,
these methods are highly sensitive to photometric errors
and require sufficient view overlap. To handle sparse
views robustly, 3D foundation models [14, 39, 40, 42]
employ feed-forward networks trained on densely an-
notated datasets to directly predict scene geometry and
camera poses. While such models reduce the reliance
on explicit optimization, their dependence on supervised
data constrains scalability and generalization in extreme
view scenarios. To mitigate the supervision bottleneck,
recent approaches [3, 53, 55] estimate camera poses
using intermediate frames generated by video generation
models [17, 29, 30, 38, 49] trained on diverse large-scale
video datasets. However, the generated videos often
exhibit geometric inconsistencies due to the lack of explicit
3D structure, which in turn degrades pose estimation
accuracy. Our method fine-tunes video generation models
within a reinforcement learning framework guided by 3D
foundation models to enforce pose and scene consistency,
yielding structurally coherent videos that better support
pose estimation under extreme views.
Video Generation Models Recent advances in video gen-
eration have been improved by large-scale diffusion trans-
formers [29, 30, 38, 49], high-capacity VAEs [6, 17, 20, 54],
and improved video captioning systems [1, 11, 51], result-
ing in higher visual fidelity and temporal coherence. In par-
allel, keyframe-conditioned approaches [4, 9, 50, 52] fur-
ther demonstrate that external cues, such as reference poses
or images, can guide video trajectories. Beyond these ar-
chitectural developments, recent work shows that genera-
tive video models exhibit Chain-of-Frame (CoF) reason-
ing [8, 44], analogous to Chain-of-Thought in language
models [43], enabling zero-shot spatiotemporal inference.
Although video models exhibit CoF reasoning, guiding
them toward a user-defined scenario remains challenging.
Specifically, missing intermediate 3D information makes
pose-transition videos geometrically inconsistent. To gener-
ate 3D consistent videos, we adopt a keyframe-conditioned
video model [9] and introduce an RL-based fine-tuning
strategy that encourages pose-aligned video generation sup-
ported by 3D foundation models. The resulting videos ex-
hibit more coherent 3D structure, allowing 3D foundation
models to estimate camera poses more reliably.
Reinforcement Learning To align large language mod-
els with human preferences, reinforcement learning has be-
come a central approach [28, 33, 36, 56]. Preference-
based objectives such as direct preference optimiza-



Iref ItargetNoise

Pseudo video generation

Video generation model❄

Iref Itarget

Pose group relative policy optimization

Noise

Explore group relative policy optimization

Pseudo video supervised finetuning (SFT)

Pose reward input

Diversity reward input

Pseudo supervised input

Video 
generation 

model

🔥

Pose 
reward

Diversity 
reward

𝑁	videos

𝑁	videos

𝑅!"
⋮
𝑅#"

𝑅!$
⋮
𝑅#$

Iref ItargetIaux

Iref ItargetNoise

Video

+

Figure 2. Pipeline overview. During training, an auxiliary frame Iaux is selected between Iref and Itarget to provide pseudo-video supervision.
Then, the video generator is optimized using three components: supervised finetuning with the pseudo generated video (Sec. 3.1), an online
RL strategy that employs GRPO guided by pose scores from a pretrained 3D estimation model (Sec. 3.2), and a trajectory-exploration
diversity reward using only the reference frame (Sec. 3.3). During inference, the model only takes {Iref, Itarget} as input.

tion (DPO) [31] and group relative policy optimization
(GRPO) [34] further demonstrate the effectiveness of learn-
ing from pairwise or group-wise preference signals. This
paradigm has expanded into generative models [2, 21, 37,
48], where video generation models incorporate reinforce-
ment learning to enhance perceptual quality and temporal
coherence [24, 25, 41, 45]. Recent work also extends GRPO
training strategy to flow-matching models by reformulating
deterministic flows into stochastic trajectories, enabling on-
line policy updates in the flow space [10, 19, 23]. How-
ever, existing approaches mainly target visual or semantic
preferences and lack structured geometric supervision. Our
work addresses this gap by applying a GRPO-based online
RL framework to a flow-matching video model, using re-
wards derived from 3D vision foundation models to pro-
duce videos that better preserve 3D structure and improve
pose estimation under extreme view conditions.

3. Methods

In this section, we present ExPose, a framework for estimat-
ing relative camera pose under extreme-baseline conditions
using only a reference–target image pair. ExPose lever-
ages a video generator to synthesize geometry-consistent
intermediate frames, enabling more reliable pose estimation
where direct two-view pose inference often fails.

Our approach combines three complementary training
components, and an overview of the pipeline is provided
in Fig. 2. First, we incorporate supervised finetuning
(Sec. 3.1) using pseudo videos generated with an auxil-
iary frame. This stabilizes training and helps the model re-
tain scene structure while operating from two images. Sec-
ond, we introduce pose-guided online reinforcement learn-
ing (Sec. 3.2), where GRPO updates are driven by rewards
computed from pretrained 3D foundation models, encour-
aging geometrically consistent synthesis without requiring

3D supervision. Lastly, we add a trajectory-diversification
objective based on point tracking (Sec. 3.3), encouraging
the generator to explore plausible camera paths and produce
diverse motion patterns.

3.1. Supervised Finetuing with Pseudo Videos
Given a reference–target input image pair {Iref, Itarget}, the
pose estimator Fθ outputs the target relative pose (R̂, t̂):

(R̂, t̂) = Fθ(Iref, Itarget) . (1)

During training, we augment supervision by selecting an
intermediate view Iaux between the pair and using it solely
as an auxiliary frame for data construction. This yields a
triplet {Iref, Iaux, Itarget} that conditions pseudo-video gen-
eration and provides geometry- and video-consistency sig-
nals. At inference, only {Iref, Itarget} are used.

To strengthen supervision under extreme baselines,
we construct training triplets {Iref, Iaux, Itarget} from the
DL3DV dataset [22], where Iaux has meaningful overlap
with both endpoints. We select Iaux among candidate frames
between Iref and Itarget by subsampling a small set and re-
taining the one that consistently yields better downstream
pose estimation performance in validation. The choice is
guided by observed gains in pose estimation accuracy from
a 3D vision foundation model. This auxiliary view anchors
the in-between content and mitigates implausible scene syn-
thesis when conditioning a video generator on sparse inputs.

Given the triplet, a multi-frame conditioned video gener-
ator produces a N -frame pseudo video

V(Iref, Iaux, Itarget) =
{
V (n)(Iref, Iaux, Itarget)

}N

n=1
, (2)

where V (n)(·) denotes the n-th frame in the pseudo video
generated by pretrained video generation model. In parallel,
our video generation model Gϕ predicts a video sequence
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Figure 3. Pose Rewards for Flow-GRPO [23]. Given a refer-
ence–target image pair, multiple candidate videos are generated
and evaluated with a pose estimator. Samples in each group with
predicted poses closer to the ground truth receive higher rewards.

from only the reference and target pair:{
V̂ (n)(Iref, Itarget)

}N

n=1
= Gϕ(Iref, Itarget) (3)

Compared to conditioning on only two frames, incorpo-
rating Iaux suppresses discontinuities and unrealistic world
changes that would otherwise harm pose estimation.

We adopt a single video reconstruction loss that com-
pares with the pseudo video on a per-frame basis:

LSFT =
1

N

N∑
n=1

∥∥V̂ (n)(Iref, Itarget)−V (n)(Iref, Iaux, Itarget)
∥∥
1

(4)
Here, V̂ (n) denotes the output of the video model aligned to
the n-th pseudo video frame V (n).

3.2. Pose-guided Online Reinforcement Learning
We introduce our online RL pipeline that adapts the video
generator Gϕ to synthesize auxiliary in-between content tai-
lored for extreme pose estimation. We use VGGT [39] to
calculate the reward score of candidate pseudo videos with
a pose error and optimize Gϕ via group relative policy op-
timization (GRPO). We first describe how multiple candi-
dates are produced by stochastic sampling from the Video
Rectified-Flow (RF) model, then detail how VGGT-based
rewards drive Flow-GRPO [23] pipeline, and finally discuss
a pose interpolation constraint used for trajectory regular-
ization.
Stochastic Sampling for Video RF model We use LTX-
Video [9], a Rectified-Flow (RF) based video generation
model. RF sampling is inherently deterministic—solving
an ODE yields a single outcome for a given condition—so
stochastic sampling is required to enable exploration in on-
line RL and to produce multiple candidates for GRPO.
Therefore, we convert the original ODE into an SDE that
preserves the same marginal distribution at every time t.
The deterministic RF update is

dxt = vϕ(xt, t) dt (5)

where vϕ(xt, t) denotes the network-parameterized velocity
field. We replace with the following SDE-style update to
sample stochastic candidates:

Dϕ(xt, t) := vϕ(xt, t) +
σ2
t

2t

(
xt + (1− t) vϕ(xt, t)

)
,
(6a)

xt+∆t = xt +Dϕ(xt, t)∆t+ σt

√
∆t ε (6b)

where Dϕ(xt, t) is the drift term from (6a), and σt controls
the exploration strength; setting σt = 0 recovers the origi-
nal deterministic RF sampling. With this ODE→SDE con-
version, we can generate diverse video candidates under the
same reference-target conditioning, which are then used for
GRPO in the next phase.
Flow-GRPO with Pose Estimation Rewards We now
guide the video generator Gϕ toward in-between content
that benefits relative pose accuracy. As shown in Fig. 3,
we introduce a pose-derived score as feedback and update
the policy with group relative policy optimization. Rather
than relying only on visual plausibility, this pipeline aligns
supervision with the inference goal since the generator is
encouraged to produce candidates that are helpful for the
downstream pose estimator Fθ.

For each conditioning on the same reference and target
frames, we generate a group of K video candidates {Vi}Ki=1

by stochastic sampling from the Video RF model. For su-
pervision, we obtain the ground-truth relative pose between
the reference and target frames, represented by the rotation
R⋆ and the unit translation direction u⋆. Let (R̂i, t̂i) be the
pose predicted from {Iref, Itarget} under candidate i, and de-
fine the normalized translation direction t̃i = t̂i/∥t̂i∥2. We
compute a compact pose estimation reward that is invariant
to scale and balances rotation and translation direction:

rpose,i = −λrot dSO(3)(R̂i,R
⋆)− arccos

(
t̃⊤i u

⋆)
where dSO(3) is the geodesic rotation distance and the angu-
lar term measures unit translation direction mismatch. λrot

is the scale factor of the rotation term. The reward can be
averaged over multiple evaluation passes if stochastic pose
estimates are used, which stabilizes training. Within each
group we normalize rewards with r̄ = 1

K

∑K
k=1 rk and set

si = ri − r̄. Policy updates prefer higher scored samples
inside the same group using a relative objective

LGRPO = −
∑

groups

∑
(i≻j)

log σ
(
β (si − sj)

)
+ LKL (7)

where σ is the logistic function and β is a temperature. An
optional regularizer keeps the updated policy close to the
pretrained generator to mitigate mode shrinkage:

LKL = λKL KL
(
πϕ(V | c) ∥πϕ0

(V | c)
)
,

where c = (Iref, Itarget) denotes the conditioning pair and ϕ0

is the pretrained initialization. Here, πϕ(V | c) represents



the distribution over generated video trajectories V under
the current generator parameters. We apply the preference
loss and the regularizer to update only the video generator
Gϕ while the pose estimator remains fixed. This procedure
repeats online for each batch. Given a fixed pair of refer-
ence and target images we sample candidates, score them
with the pose estimation reward, compute relative prefer-
ences inside the group, and update the generator.
Pose Interpolation Constraint We complement the pose
estimation reward with a simple constraint that encourages
camera poses inferred from each video candidate to follow a
one-take video with a continuous camera trajectories. From
per-frame pose estimates we extract camera centers {ct}Tt=1

in R3. Let c1 and cT be the centers of the reference and tar-
get frames and let cm denote the center of a middle frame.
We measure how close the middle center is to being equidis-
tant from the endpoints, and use the deviation as a penalty
so that jump cuts and fragmented trajectories receive low
scores. Define d(a,b) = ∥a − b∥2 and D = d(cT , c1).
Then, the pose interpolation constraint reward is

rpic = −λpic ·
∣∣ d(cm, c1)− d(cT , cm)

∣∣
D + ε

,

with a small ε > 0 to avoid division by zero. This scale-
normalized reward favors videos whose inferred camera
centers vary smoothly between the endpoints and penalizes
multi-take or discontinuous motion.

3.3. Exploration with Diversity Reward
For RL to be effective, the policy must explore multiple
candidates per input and discover directions with higher re-
wards. Pure noise injection often collapses to similar tra-
jectories. We therefore introduce an additional diversity
reward that quantifies the spread of camera paths, so the
model actively explores different motions.

As shown in Fig. 4, we condition only on the reference
frame and encourage the generator to open diverse early tra-
jectories. By removing the target frame from the condition-
ing set, the generator is free to expand into multiple plau-
sible motions, enabling broader exploration of the motion
space. For each generated video, we track a grid of points
in the early segment with CoTracker [13] and define the per-
video relative displacement from the first frame coordinate
p
(b)
1 (n) to the last frame in the early segment p(b)

L (n) as

r(b)(n) = p
(b)
L (n)− p

(b)
1 (n).

Let v(b)(n) ∈ {0, 1} denote visibility at the last frame. For
a pair of videos (i, j), define the common visible set Sij =
{n | v(i)(n) = 1 ∧ v(j)(n) = 1 }. The pairwise diversity
is the average L2 distance between relative displacements
over Sij :

Dij =
1

max
(
1, |Sij |

) ∑
n∈Sij

∥∥r(i)(n)− r(j)(n)
∥∥
2
,

Figure 4. Diversity reward. Given the reference frame, we track
points across generated trajectories and reward samples that ex-
hibit larger motion diversity. This encourages our model to ex-
plore a wider range of camera paths in the early stage.

and we set Dij = 0 if |Sij | = 0. The per-video diversity
reward is the off-diagonal row mean

rdiv(i) = λdiv · 1

B − 1

∑
j ̸=i

Dij

where B denotes the number of generated video samples
for a same input. This reward directly measures the spread
of early trajectories. In practice, we subsample a short early
window to reduce cost and use the last-frame visibility mask
to aggregate points robustly.
Training Loss We train Gϕ with a composite objective that
combines supervised signals and geometry-aware prefer-
ences:

L = LGRPO + λSFT LSFT, (8)

where LSFT supervises rotation and translation with pseudo-
video–induced cues (Eq. (4)), and LGRPO encodes relative
preferences guided by geometric rewards (Eq. (7)). For
details about the training protocol and hyperparameter set-
tings, please refer to the supplemental document.

4. Experiments
4.1. Experiment Settings
Dataset We evaluate extreme-baseline relative pose estima-
tion on four datasets. Cambridge Landmarks [15] contains
outdoor, scene-scale videos of streets and building facades
in Cambridge. The motions are rotation-dominant, yielding
low-overlap reference-target pairs that are particularly chal-
lenging for pose estimation. ScanNet [5] provides indoor,
scene-scale videos of diverse environments with cluttered
geometry and repeated textures, making extreme-viewpoint
pairs difficult to align. NAVI [12] is an object-centric col-
lection of videos and multiview images captured under var-
ious devices and conditions. It offers consistent object ap-
pearance across viewpoints that is beneficial for pose esti-
mation. DL3DV [22] is a large-scale collection of scene-
scale, center-facing videos captured across many points of
interest, featuring complex background and camera motion



Table 1. Quantitative comparison on the DL3DV, NAVI, and ScanNet datasets using VGGT. We evaluate the camera pose estimates
from VGGT based on images generated by each video generation model. The intermediate images produced by generative models lead to
more accurate pose estimation in extreme-view scenarios, highlighting the value of high-quality generative priors. Our method performs
well across most metrics on all datasets and achieves state-of-the-art results on every metric of the DL3DV dataset.

Dataset Method MRE ↓ MTE ↓ 5◦ 15◦ 30◦

Racc ↑ Tacc ↑ Racc ↑ Tacc ↑ Racc ↑ Tacc ↑ AUC ↑

DL3DV [22]

VGGT [39] 54.28 29.08 50.00 27.33 60.00 46.33 61.67 62.33 39.79
DynamiCrafter [46] 46.71 26.74 48.00 31.00 63.00 49.00 67.00 64.67 41.59
Aether [55] 43.05 25.44 47.33 32.33 65.00 51.00 69.67 65.00 42.63
LTX-Video [9] 44.13 24.32 54.33 37.00 66.33 53.00 68.67 69.00 46.88
InterPose [3] 45.22 23.51 56.33 37.00 66.67 54.67 68.33 69.00 48.13

ExPose (Ours) 33.78 20.50 60.67 42.67 73.67 59.67 75.67 74.00 53.64

NAVI [12]

VGGT [39] 27.29 14.97 43.67 52.67 76.00 79.67 79.67 83.00 63.27
DynamiCrafter [46] 17.83 9.97 42.67 62.00 84.00 84.67 88.00 91.00 69.31
Aether [55] 13.60 9.36 46.67 47.67 89.00 86.67 92.67 93.67 70.44
LTX-Video [9] 18.85 10.19 47.00 62.67 81.00 86.33 88.33 89.67 69.03
InterPose [3] 17.30 9.48 50.67 67.33 85.00 87.00 88.33 89.33 72.14

ExPose (Ours) 13.10 7.75 53.00 73.00 89.33 91.33 91.67 93.00 75.37

ScanNet [5]

VGGT [39] 45.36 30.81 37.33 19.00 54.33 39.00 60.33 58.00 30.83
DynamiCrafter [46] 42.92 31.44 32.67 13.33 54.00 27.67 51.67 46.33 19.89
Aether [55] 40.31 30.10 31.67 16.67 56.33 38.33 64.67 60.67 30.93
LTX-Video [9] 43.21 30.20 33.67 20.00 53.33 36.67 61.00 56.67 30.42
InterPose [3] 37.72 28.87 40.33 17.67 62.67 40.67 67.00 61.67 34.11

ExPose (Ours) 36.94 27.04 41.67 17.67 61.00 42.00 67.33 66.00 34.73

Table 2. Quantitative comparison on the Cambridge Land-
marks dataset using VGGT. Our method achieves state-of-the-
art performance across all rotation error metrics.

Cambridge Landmarks [15]

Method MRE ↓ Racc ↑ AUC ↑
5◦ 15◦ 30◦ 30◦

VGGT [39] 17.97 59.67 78.33 82.33 71.09
DynamiCrafter [46] 20.17 56.00 75.67 80.67 68.43
Aether [55] 19.28 60.00 79.00 84.33 68.00
LTX-Video [9] 15.40 62.67 81.67 87.00 74.60
InterPose [3] 15.36 66.33 80.00 86.67 74.51

ExPose (Ours) 11.48 72.00 86.00 90.00 79.44

that enable rigorous extreme-baseline evaluation. For each
dataset, we form evaluation pairs by selecting reference
and target images with small visual overlap and significant
viewpoint change. The selected pairs will be released for
reproducibility.
Pose Estimation Models We assess downstream effec-
tiveness using two pose estimators. VGGT [39] is a
transformer-based 3D foundation model for multi-view ge-
ometry. MapAnything [14] is a geometry-aware estimator
that predicts relative rotation and translation direction.
Video Generation Models We compare our generator
against four video generation models. DynamiCrafter [46]
is a diffusion-based video model for dynamic content.
Aether [55] is a high-fidelity video model. LTX-Video [9],
which we adopt as our backbone, is a rectified-flow video
generator. InterPose [3] proposes a test-time scaling strat-

egy that improves pose estimation by generating multiple
video candidates and selecting samples that yield consistent
relative poses. For a fair comparison, we reimplement In-
terPose [3] with LTX-Video and follow the original setting
by producing four scaled samples at test time.
Evaluation Metrics We report mean rotation error (MRE)
and mean translation direction error (MTE), along with per-
centage rotation (Racc) and translation (Tacc) errors within
the 5◦/15◦/30◦ thresholds. We also include the area under
the accuracy curve (AUC) up to 30◦. All metrics are com-
puted on the same set of image pairs for each dataset.

4.2. Quantitative Analysis
We evaluate how different video generators influence
extreme-baseline pose estimation by fixing the pose estima-
tor (VGGT [39] or MapAnything [14]) and comparing the
intermediate frames produced under identical reference–
target conditioning and computational budgets.

With VGGT as the estimator (Tabs. 1 and 2), our method
yields the best performance across all benchmarks. On
DL3DV, NAVI, and ScanNet, where viewpoint shifts are
large and overlap is low, our generated frames consistently
improve both rotation accuracy and translation-direction
metrics over all baselines and over VGGT without gen-
erated frames. Even on the rotation-dominant Cambridge
Landmarks dataset, our method remains superior, indicating
that the proposed training stages enhance geometric consis-
tency between the input views.



Table 3. Quantitative comparison on the DL3DV, NAVI, and ScanNet using MapAnything. We evaluate camera pose estimations
from MapAnything using images generated by different video generation models, where intermediate frames help improve accuracy in
extreme-view settings. Our method further achieves state-of-the-art performance across all metrics on the NAVI and ScanNet datasets.

Dataset Method MRE ↓ MTE ↓ 5◦ 15◦ 30◦

Racc ↑ Tacc ↑ Racc ↑ Tacc ↑ Racc ↑ Tacc ↑ AUC ↑

DL3DV [22]

MapAnything [14] 35.59 25.62 55.00 36.33 71.00 50.33 73.67 65.67 43.60
DynamiCrafter [46] 36.88 25.54 53.00 35.67 67.33 51.33 72.00 65.33 41.66
Aether [55] 36.19 25.23 53.33 35.67 68.33 54.00 72.33 67.00 44.04
LTX-Video [9] 35.30 24.50 56.33 39.00 68.67 52.00 73.33 65.67 45.42
InterPose [3] 35.25 24.85 58.67 40.33 71.00 55.67 74.67 65.33 46.07

ExPose (Ours) 34.83 23.68 58.67 41.00 70.33 55.67 75.00 68.33 46.81

NAVI [12]

MapAnything [14] 27.16 12.85 27.00 46.67 69.33 78.67 81.67 86.00 57.61
DynamiCrafter [46] 26.37 12.96 22.00 42.33 67.00 78.33 81.00 87.67 55.67
Aether [55] 24.36 12.73 23.33 43.00 71.00 79.33 82.67 88.33 57.49
LTX-Video [9] 26.51 12.65 25.33 44.33 66.33 79.00 80.00 86.67 56.02
InterPose [3] 24.37 12.09 27.00 45.67 71.33 81.00 83.67 87.67 59.00

ExPose (Ours) 21.99 11.05 27.00 47.33 74.67 82.33 86.00 89.33 60.87

ScanNet [5]

MapAnything [14] 58.55 37.00 29.33 10.33 48.00 30.00 52.67 47.67 21.29
DynamiCrafter [46] 59.49 37.02 23.33 6.33 46.00 27.67 51.67 46.33 19.89
Aether [55] 57.35 36.78 20.33 6.33 47.00 30.33 52.67 45.33 20.03
LTX-Video [9] 54.71 35.29 26.67 10.00 48.00 32.00 56.00 49.00 22.79
InterPose [3] 57.37 34.42 28.67 12.00 51.00 33.33 55.00 51.00 23.33

ExPose (Ours) 52.31 33.28 29.33 13.67 51.00 35.33 57.00 51.00 25.21

Table 4. Quantitative comparison on the Cambridge Land-
marks dataset using MapAnything. Our method improves
downstream pose estimator performance across other video gener-
ation models by producing more geometrically consistent videos.

Cambridge Landmarks [15]

Method MRE ↓ Racc ↑ AUC ↑
5◦ 15◦ 30◦ 30◦

MapAnything [14] 21.46 62.00 81.00 83.67 73.32
DynamiCrafter [46] 22.48 58.00 78.33 81.33 70.14
Aether [55] 20.32 60.00 79.00 84.33 72.20
LTX-Video [9] 18.96 67.33 82.33 85.00 75.08
InterPose [3] 19.51 61.67 81.67 84.67 74.51

ExPose (Ours) 16.08 63.00 84.67 87.67 76.52

Using MapAnything (Tabs. 3 and 4) shows the same
trend. Across all datasets, our method yields more reliable
supervision than existing video models, and the improve-
ments persist across all relative pose metrics. The agree-
ment between the two distinct pose estimators indicates that
the gains stem from the geometric quality of our generated
frames rather than properties of any pose estimator.

4.3. Qualitative Comparison and Analysis

We present qualitative comparisons on the Cambridge
Landmarks, ScanNet, DL3DV-10K, and NAVI datasets,
evaluating the original VGGT without video supervision,
VGGT enhanced with LTX-Video, and our method (Fig. 5).
When the reference and target views share minimal ge-
ometric overlap, as common in both indoor and outdoor

scenes, existing models struggle to reliably regress the tar-
get camera pose. In particular, VGGT often produces ge-
ometrically inconsistent predictions under large viewpoint
changes, and the LTX-Video–augmented variant shows par-
tial improvement but still fails to maintain accurate align-
ment. In contrast, our method consistently estimates the
most accurate and geometrically coherent poses, even in
scenarios with extremely sparse view overlap. These quali-
tative results demonstrate that our approach provides strong
robustness and generalization across diverse environments,
outperforming all baselines in challenging viewpoint con-
figurations.

4.4. Ablation Studies
Effect of Model Components Table 5 summarizes the
quantitative ablation results for the four key components of
our framework: supervised finetuning (SFT), group relative
policy optimization (GRPO), pose interpolation constraint
(PIC), and diversity reward (Div). Adding SFT to the video-
only baseline significantly reduces MRE and improves ac-
curacy across all thresholds, showing that basic supervised
learning on generated videos is essential. Incorporating
GRPO further boosts both rotational and translational accu-
racy, particularly at the 15° threshold, by directly optimiz-
ing pose-based rewards. Introducing PIC enhances trajec-
tory consistency and leads to additional reductions in MTE.
Finally, our full model with the diversity reward achieves
the best performance on all metrics, demonstrating that en-
couraging diverse viewpoint generation further strengthens
overall pose estimation accuracy.



Table 5. Quantitative ablation study. We evaluate four key components of our method: supervised finetuning (SFT), group relative
policy optimization (GRPO), pose interpolation constraint (PIC), and diversity reward (Div). The evaluation uses the DL3DV dataset, with
LTX-Video for video generation and VGGT for pose estimation.

Variant MRE ↓ MTE ↓ 5◦ 15◦ 30◦

Racc ↑ Tacc ↑ Racc ↑ Tacc ↑ Racc ↑ Tacc ↑ AUC ↑
Video only 44.13 24.32 54.33 37.00 66.33 53.00 68.67 69.00 46.88
SFT 35.48 21.67 59.00 41.00 72.67 59.67 75.33 71.67 51.84
SFT+GRPO 34.41 21.35 59.67 43.33 73.67 60.00 75.00 72.67 52.84
SFT+GRPO+PIC 35.51 20.72 60.33 44.00 73.00 60.67 75.67 73.67 53.31

SFT+GRPO+PIC+Div (Ours) 33.78 20.50 60.67 42.67 73.67 59.67 75.67 74.00 53.64

Target image VGGT VGGT with LTX-Video ExPose (Ours)
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Figure 5. Qualitative comparisons. We show the input image pair in the first two columns: blue denotes reference image and pose, and
red denotes target image and its estimated pose. In the third column we show the VGGT predicted point maps and camera poses, using
the input image pair. Here, yellow denotes ground-truth (GT) target pose. In the 4th and 5th columns are shown LTX-Video generated
intermediate frames and VGGT results with the additional image frames. The final two columns show corresponding results from ExPose.
For the Cambridge dataset, GT poses are not visualized because only rotation ground truth is available. Note that for visualization, the
scale of the GT pose is normalized by matching its distance to the reference frame to that of the predicted target frame.

Figure 6. Ablation study of the number of intermediate frame.
Mean pose errors (MRE and MTE) decrease with an increasing
number of intermediate frames and converge beyond seven frames.

The Number of Intermediate Frames. We demonstrate
the effect of the number of intermediate frames on pose es-
timation in Fig. 6. Both the mean rotation error (MRE) and
mean translation error (MTE) consistently decrease as more
intermediate frames are included, indicating that additional
temporal cues help stabilize pose regression under large
viewpoint differences. The performance improvements sat-
urate beyond seven frames, suggesting that our method ef-
fectively leverages temporal information without requiring
densely sampled trajectories.

5. Conclusion

We introduced ExPose, a novel framework that aligns video
generation with extreme-baseline pose estimation. ExPose
integrates pseudo-video supervised finetuning with online
reinforcement learning guided by pose-derived rewards. By
sampling multiple candidate sequences per input and re-
fining the generator with GRPO, the method achieves ef-
fective exploration, while a pose-interpolation constraint
and a point-tracking–based diversity reward deliver smooth,
geometry-consistent intermediate views and prevent degen-
erate trajectory collapse. Collectively, these components
enable ExPose to effectively integrate generative video rea-
soning with geometric constraints. Across four datasets and
two pose estimators, ExPose achieves consistent gains in
both rotation and translation accuracy, demonstrating strong
robustness to severe viewpoint gaps and highlighting its po-
tential to reshape how video generation models contribute
to geometry-aware 3D vision tasks. We believe our work
opens a promising direction for future works addressing the
integration of generative modeling and 3D geometry.
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