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Abstract

Embodied agents require metric spatial self-localization
to act effectively, yet vision-language models (VLMs)—
increasingly used as foundation models for such agents—
consistently struggle with metric camera geometry. We
present EgoReasoner, a two-stage framework that trains
VLMs to estimate camera pose trajectories via geomet-
ric chain-of-thought reasoning, combining supervised fine-
tuning with GRPO reinforcement learning on geometry-
grounded rewards.  Trained on 684,455 frames from
RealEstatel0K, our model achieves 3.2x and 1.7x higher
structured output parse rates over a base 8B VLM and Gem-
ini 3.1 Pro, and surpasses Gemini in translation accuracy
by over 6 x. These results demonstrate that structured train-
ing can instill metric geometric reasoning in VLMs, advanc-
ing them toward spatially-aware foundation models for em-
bodied agents.

1. Introduction

Embodied agents must localize themselves spatially to act
purposefully—a prerequisite for long-horizon interaction,
navigation, and object manipulation in the physical world.
Vision-language models (VLMs) have become a dominant
backbone for embodied agent perception [1, 10], yet they
consistently fail at metric camera geometry: existing VLMs
cannot reliably infer rotation magnitudes, translation scales,
or trajectory consistency from image sequences. Traditional
pose estimation pipelines [11, 13, 14] fill this role in isola-
tion, but remain specialized modules disconnected from the
semantic reasoning layers central to modern agent systems.
Closing this gap—enabling a single VLM to jointly reason
about scene semantics and its own metric motion—is a key
step toward foundation models for spatially-aware embod-
ied agents.

We present EgoReasoner, to our knowledge the first
framework to train a VLM to estimate metric camera pose
trajectories as an explicit reasoning task. EgoReasoner
employs a two-stage pipeline: (1) supervised fine-tuning
(SFT) on structured five-step geometric chain-of-thought

chains that decompose pose estimation into epipolar rea-
soning, depth estimation, 3D triangulation, and relative
pose integration; followed by (2) GRPO [12] reinforce-
ment learning with geometry-grounded reward signals to
further refine metric accuracy without degrading output for-
mat reliability. Trained on 684,455 frames from two non-
overlapping RealEstate 10K splits, the pipeline yields con-
sistent, parseable trajectory outputs and strong pose accu-
racy across all evaluation metrics.

On a 200-sequence holdout, EgoReasoner (SFT+RL)
achieves 3.2x higher structured output parse reliability
than an unmodified 8B VLM and 1.7x higher than Gem-
ini 3.1 Pro [5], while surpassing Gemini in translation accu-
racy by over 6x. These results demonstrate that metric ge-
ometric reasoning is learnable within VLMs through struc-
tured training, with direct implications for building founda-
tion models capable of unified spatial and semantic percep-
tion for embodied agents.

Contributions:

* Novel direction. To our knowledge, EgoReasoner is the
first work to formulate metric camera pose trajectory es-
timation as an explicit VLM reasoning task, bridging
language-grounded perception and metric spatial self-
localization for embodied agents.

* Method. A two-stage SFT+RL training pipeline com-
bining five-step geometric chain-of-thought supervision
with GRPO geometry-grounded rewards, enabling reli-
able structured output and progressive metric accuracy
improvement.

* Results. EgoReasoner surpasses Gemini 3.1 Pro in trans-
lation accuracy by over 6 X (RTE median 0.028 vs. 0.190)
and achieves 3.2x and 1.7x higher output parse reliabil-
ity than a base 8B VLM and Gemini 3.1 Pro respectively,
with RRE median 1.21° on the full 200-sequence evalua-
tion set.

2. Related Work

Camera Pose Estimation and 3D Reconstruction.
Structure-from-Motion systems such as COLMAP [11] re-
cover camera poses and sparse 3D structure from fea-

CVPR
raren

038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053
054
055
056

057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072

073

074
075
076



CVPR
gprenen

077
078
079
080
081
082
083
084
085

086
087
088
089
090
091
092
093
094
095

096
097
098
099
100
101
102
103
104

105

106

107
108
109
110
111
112
113
114
115
116
117
118
119
120
121

122

123
124

CVPR 2026 Submission #*****, CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

ture correspondences via bundle adjustment. Recent feed-
forward methods including DUSt3R [14], MASt3R [9],
VGGT [13], and 72 [15] estimate camera geometry directly
in a single forward pass, providing strong learned priors for
multi-view reconstruction. However, these methods treat
pose estimation as direct geometric regression without in-
terpretable reasoning. EgoReasoner instead studies metric
camera trajectory estimation as a language-mediated geo-
metric reasoning problem within a VLM.

Vision-Language Models for Spatial Reasoning. Large
VLMs such as LLaVA [10], InternVL [4], and Qwen-
VL [1] have shown strong capabilities in visual question
answering, captioning, and general visual reasoning. Re-
cent works extend VLMs toward 3D spatial understanding,
including Spatial VLM [3] for spatial relation reasoning and
3D-LLM [7] for 3D scene understanding. EgoReasoner tar-
gets the less-explored setting of metric camera pose trajec-
tory inference through explicit step-by-step geometric rea-
soning.

Reasoning via Supervised and Reinforcement Learn-
ing. Chain-of-thought prompting [16] and RL with veri-
fiable rewards (DeepSeek-R1 [6]) show that structured su-
pervision and ground-truth signals can elicit complex rea-
soning in LLMs beyond what fine-tuning alone achieves.
EgoReasoner adapts this to geometric reasoning: ground-
truth camera poses serve as a natural verifiable reward, en-
abling VLMs to improve both final trajectory accuracy and
the consistency of intermediate geometric reasoning steps.

3. Method

3.1. Problem Formulation

Given a sequence of N consecutive RGB images
{I,I5,...,In} captured by a moving camera, EgoRe-
asoner aims to predict the camera pose trajectory
{T,To,..., Ty}, where each T; € SE(3) represents
the camera-to-world transformation at frame . Following
standard practice, poses are represented as rotation matri-
ces R; € SO(3) and translation vectors t; € R>.

Unlike conventional regression-based approaches,
EgoReasoner formulates this as a reasoning task: the VLM
is asked to produce a structured natural language chain of
thought that explains how it arrives at the pose estimates,
before outputting the final numerical trajectory. This
formulation enables the model to leverage its pre-trained
visual and language understanding to decompose the
problem into interpretable sub-steps.

3.2. Geometric Reasoning Chain Construction

A key design principle is that all mathematical steps are
computed by a deterministic program, while the VLM sup-

plies logical inter-step reasoning insights and linguistically
diverse natural language descriptions—populating a varied
prompt pool and preventing the training data from degener-
ating into formulaic concatenations of numerical outputs.
Synthetic correspondence generation. Rather than rely-
ing on a feature matcher, we generate pixel correspondences
purely by geometric projection using GT poses and depth
maps from Depth Anything V3 [17] (applied jointly to 5
frames). For each sequence, 5 reference points {(u;,v;)}
are sampled in Frame 0. Each point is back-projected to 3D
as X; = dj - K [uj,v;,1]T, transformed to Frame i via
the GT relative pose: X; = RX; + t, and re-projected to
get the corresponding pixel [u}, vi] = K(X/X] ) along
with its depth. This yields exact 2D-3D correspondences
across all frames with no feature matching required.
Chain-of-thought assembly. Each training sample con-
sists of a user query (5 RGB frames + K -+ instruction)
paired with a five-step assistant response: (1) point se-
lection and matching description—VLM-generated natural
language; (2) depth estimation at selected points—VLM-
generated; (3) 3D back-projection—program-filled exact
arithmetic; (4) Procrustes pose estimation via SVD on 3D
correspondences to solve (R, t)—program-filled; (5) tra-
jectory summary—VLM-generated. The final numerical
pose sequence is delimited by regex-parseable tokens, en-
abling automatic evaluation of both intermediate step qual-
ity and end-to-end trajectory accuracy.

3.3. Supervised Fine-Tuning

EgoReasoner is initialized from Qwen3-VL-8B-
Instruct [2], a state-of-the-art open-source VLM capable of
multi-image input. The model is fine-tuned using LoRA [8]
applied to all attention projection layers (q, k,v,0) and
MLP projection layers (gate, up, down), with rank
r = 16, scaling factor « = 32, and dropout rate 0.05.
The model is trained on the geometric reasoning chain
dataset using standard next-token prediction loss. Special
formatting tokens demarcate the chain-of-thought segment
from the final numerical output.

Training is performed for 1 epoch over 62,834
RealEstate 10K sequences (from 30,702 source videos), us-
ing a cosine learning rate of 1 x 10~% with 10% warmup
and an effective batch size of 24 across 3 GPUs. Training
completes in 7,062 steps (72.8 hours), reaching a final eval
loss of 0.2238.

3.4. Reinforcement Learning with Geometry Re-
wards

To further improve numerical accuracy beyond SFT, we ap-
ply GRPO with geometry-grounded reward signals, build-
ing on the SFT-initialized model.

The reward function iS 7 = gy + Tval + TAR + TAts
where 7y, (weight 0.2) rewards well-formed output struc-
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1. Geometric Reasoning Chain Construction
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Figure 1. EgoReasoner pipeline overview. Given a sequence of consecutive RGB frames, the model produces a five-step geometric chain-
of-thought—covering epipolar reasoning, depth estimation, 3D triangulation, relative pose estimation, and trajectory integration—before
outputting the final numerical pose trajectory. The base VLM is first fine-tuned via SFT on synthesized geometric reasoning chains, then
further refined by GRPO reinforcement learning with geometry-grounded reward signals.

ture, ry,1 (weight 0.1) rewards a valid rotation matrix, rar
(weight 0.35) rewards rotation accuracy, and ra; (weight
0.35) rewards translation accuracy. A strong parse fail-
ure penalty of —1.0 is applied when the output cannot be
parsed, ensuring that the RL stage does not degrade the
structured reasoning format established by SFT.

The RL training loop proceeds as follows: given 5 con-
secutive frames and intrinsic matrix K, the model generates
n=4 candidate responses per prompt; a regex-based parser
extracts R and t; the reward function scores each candidate;
and GRPO updates the policy from relative reward differ-
ences. Training uses a learning rate of 1 x 10~%, KL coeffi-
cient 0.01, temperature 0.7, and runs on 492 sequences for
1 epoch.

4. Experimental Evaluation

4.1. Dataset

EgoReasoner is trained on two non-overlapping splits of the
RealEstate10K dataset, a large-scale collection of indoor
video sequences with ground-truth camera poses. The SFT
split comprises 62,834 five-frame sequences from 30,702
source videos; the SFT model is trained on the training por-
tion of this split, and 60 held-out sequences are reserved
for step-by-step chain-of-thought evaluation. The RL split
comprises 74,027 usable five-frame sequences from 13,532
source videos, with zero video overlap with the SFT split;
492 sequences are used for RL training, and a 200-sequence
holdout is reserved for the main comparative evaluation on
which all four methods are assessed. Together the two splits
cover 684,455 frames in total.

Metric Base Gemini Ours Ours
Qwen3 3.1Pro’ (SFT) (SFT+RL)

Parse Rate (%) 31.0 59.0 100.0 100.0
ATE median™ N/A  0.0113 0.0086  0.0082
RRE median (°) || 4.87 2.72 1.35 1.21

RRE mean (°) | 6.32 291 1.79 1.71

RTE median | 0.2607 0.1895 0.0308  0.0283
TDE median (°) || 80.33 18.76 1645 15.47
TDE mean (°) | | 69.63 37.33 25.25 23.69
TDE <15° (%) 1| 8.1 432 459 48.6

Table 1. Camera pose estimation on the 200-seq RealEstate10K
holdout. Bold: best per metric. TGemini prompted with geo-
metric hints. “Base Qwen3 ATE unavailable: model outputs only
1 image-pair pose (2 frames) vs. the required 5-frame trajectory,
causing frame-count mismatch.

4.2. Baselines and Metrics

We compare against two baselines: Base Qwen3-VL-8B-
Instruct [2] (the unmodified base VLM, no geometric fine-
tuning) and Gemini 3.1 Pro [5] prompted with explicit ge-
ometric reasoning hints. Pose accuracy is evaluated with
four metrics: Relative Rotation Error (RRE, degrees), Rel-
ative Translation Error (RTE, normalized magnitude), Ab-
solute Trajectory Error (ATE, RMSE after rigid alignment),
and Translation Direction Error (TDE, degrees). For CoT
evaluation we additionally report parse rate, epipolar er-
ror, depth relative error, and 3D triangulation error at each
reasoning step.

4.3. Comparative Evaluation

Three findings stand out from Table 1, where pose metrics
are computed on the commonly parsed subset. First, the
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Figure 2. Error distributions on the commonly parsed evaluation subset (200-sequence holdout). EgoReasoner (SFT+RL) achieves
consistently tighter distributions across all four metrics. Base Qwen3 ATE is absent due to frame-count mismatch (Table 1).

Base Gemini

Step Metric Qwen3 3.1 Pro Ours
S1 Parse (%) 85.0 83.3 68.3
Epipolar  Epipolar (px) | | 6.34 2.30 2.22
S2 Parse (%) 76.7 5.0 96.7
Depth  Depth Err | 3261 1779 0.760
S3 Parse (%) 70.0 1.7 81.7
3DTri. 3DErr| 7.430 59.436 1.044
S4 Parse (%) 51.7 0.0 86.7
Rel. Pose RTE mean | 0.7616 N/A  0.0741
S5 Parse (%) 76.7 33 60.0
Final RRE med. (°) || 3.32 399 221
Traj. RTE med. | 0.1013  0.1344 0.0596

Table 2. Step-by-step CoT evaluation on the 60-seq SFT holdout.
Each step is evaluated independently. Bold: best per metric.

base model’s TDE median of 80.33° reveals near-random
translation direction estimation, confirming that metric ge-
ometric reasoning does not emerge naturally in VLMs with-
out geometric supervision—despite a reasonable parse rate.
Second, Gemini 3.1 Pro, despite being a much larger model
prompted with explicit geometric hints, parses only 59%
of sequences and still yields poor translation estimation
(RTE median 0.190), demonstrating that prompt engineer-
ing alone cannot substitute for geometric training. Third,
EgoReasoner (SFT) achieves full parse reliability and sur-
passes Gemini by 6.1x in RTE, confirming that geometric
chain-of-thought supervision instills both structured output
behavior and substantially improved metric reasoning; error
distributions are shown in Figure 2.

4.4. Chain-of-Thought Step-by-Step Evaluation

To assess whether EgoReasoner learns genuine interme-
diate geometric reasoning rather than learning to produce
superficially formatted outputs, we evaluate each step of
the reasoning chain independently on the 60-sequence SFT
evaluation set. Table 2 reports parse rates and accuracy met-
rics at each of the five reasoning steps.

The step-by-step results reveal a key structural finding:
Gemini’s parse rate collapses to near zero at Steps 2—4, in-
dicating its occasional successful final outputs in Table |

are heuristic guesses rather than the product of structured
geometric reasoning. In contrast, EgoReasoner maintains
high parse rates across all intermediate steps and achieves
substantial accuracy gains at each stage. The largest im-
provements occur at depth estimation (4.3 x over the base
model) and 3D triangulation (7.1 ), which are the geomet-
ric foundations that the final trajectory estimate depends
on—explaining why intermediate CoT supervision trans-
lates directly into better end-to-end pose accuracy.

4.5. Effect of Reinforcement Learning

The GRPO RL stage yields consistent gains across all
metrics (Table 1), with translation-related metrics improv-
ing more than rotation—RTE improves by 8.1% versus
10.4% for RRE—consistent with the reward function’s
equal weighting of rotation and translation accuracy and
RL’s capacity to exploit reward gradients that SFT supervi-
sion alone cannot provide. The distribution plots in Figure 2
corroborate this: the SFT+RL curves shift most noticeably
in RTE and TDE tails, indicating RL corrects the harder-
to-learn translation direction errors. Importantly, parse re-
liability is fully preserved across all evaluation sequences,
confirming that the parse failure penalty effectively prevents
the RL stage from sacrificing output format for score.

5. Conclusion

We presented EgoReasoner, an SFT+RL framework that
trains VLMs to estimate camera pose trajectories via a five-
step geometric chain-of-thought reasoning process. On a
200-sequence holdout set, EgoReasoner achieves a median
RRE of 1.21°, a median RTE of 0.028, and TDE <15° for
48.6% of samples—surpassing Gemini 3.1 Pro in transla-
tion accuracy by over 6x and achieving 3.2x higher parse
reliability than an unmodified 8B VLM—demonstrating
that metric geometric reasoning can be effectively instilled
in VLMs through structured training. This capability is
foundational for embodied agents in long-horizon interac-
tion tasks, where a single VLM backbone must jointly han-
dle semantic scene understanding and precise metric spatial
self-localization.
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