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Abstract

Cross-view spatial reasoning remains a weak
spot for vision-language models (VLMs): they
reason in language and discard the fine-grained
geometry the task requires. Thinking with im-
ages aims to fix this by generating an interme-
diate thinking-image, but recent work shows
the visual evidence in these traces is largely
ignored. We therefore ask how to make visual
thinking matter, and what kind of visual think-
ing works best. We ask these questions for uni-
fied multimodal models (UMMs) that natively
support interleaved image–text generation. For
the how, we propose View Dropout (VDrop),
a training-time intervention that hides parts of
one input view from the answer span while
leaving it visible to the thinking-image tokens.
This incentivizes the model to make use of the
thinking-image when answering, rather than
answering based on the input views only. With
the thinking-image now being used in answer
prediction, we ask which kind of visual think-
ing works best. We frame this as a Learn-
ability–Informativeness (L–I) tradeoff and
compare three thinking-image variants: top-
down, panoramic, and point-matching render-
ings. Trained on synthetic scenes and evaluated
on five real-world out-of-domain benchmarks,
panoramic visual thinking with VDrop is the
only configuration that is simultaneously in-
formative and learnable, and achieves the best
out-of-domain generalization.1

1 Introduction

Cross-view spatial reasoning requires inferring
scene layout, object placement, and geometry from
images taken at different viewpoints. It under-
lies a range of vision-language model (VLM) ap-
plications, from embodied agents navigating a
room (Wang et al., 2025; Han et al., 2025) to video
VLMs integrating temporally distant frames (Wu

*Equal Contribution.
1Code is available at https://github.com/

MyLittleChange/VDrop.

et al., 2026), all of which reduce to the same prob-
lem: maintaining a consistent scene representation
across viewpoints that share only partial visual con-
tent. We study this capability in its basic form:
given two partially overlapping views and a ques-
tion, a VLM must reason across views to answer
correctly, the format adopted by recent multi-view
benchmarks (Yang et al., 2026a; Jia et al., 2026;
Wang et al., 2026). Despite strong single-image per-
formance, the strongest VLMs perform marginally
above chance at cross-view spatial reasoning (Yang
et al., 2026a; Jia et al., 2026). We argue this stems
from a representational mismatch: cross-view rea-
soning is inherently visual, yet VLMs reason only
through language, verbalizing observations into in-
termediates that discard the fine-grained geometry
the task demands. Humans, in contrast, reason spa-
tially in the visual domain by mentally constructing
internal layouts (Tversky, 2003; Levinson, 2003;
Garrod and Anderson, 1987), suggesting that let-
ting models think visually, by using visual interme-
diates as part of the reasoning chain, is key to clos-
ing this gap. Existing think-with-image approaches
realize this by generating or invoking intermediate
visual representations, such as 3D reconstructions,
depth maps, or predicted camera trajectories (Yang
et al., 2026b; Zhang et al., 2026b; Chen et al., 2026).
Yet, recent work questions whether these interme-
diates do real perceptual work: under controlled in-
terventions, model predictions barely change when
the visual content of the intermediate is altered, in-
dicating that visual evidence is largely ignored (Liu
et al., 2025).

Our experiments corroborate that visual evi-
dence is under-used: with standard supervised
fine-tuning (SFT), dropping the generated thinking-
image at inference barely changes accuracy (Fig-
ure 3, “Visual Thinking w/o VDrop”). SFT teaches
the model to generate a plausible thinking-image
but not to use it when answering: the thinking-
image becomes a decorative by-product of training,
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Question: From the second 
view, in which direction is  the 
window with beige curtains?

A) behind-right B) front-right

C) behind-lef D) front-lef

The answer is 
 B) front-right 

View Dropout

Think in Images before Answering High Learnability
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Figure 1: Visual thinking for cross-view spatial reasoning. Given two input views and a cross-view spatial
question (left), a UMM can generate one of three intermediate thinking-image types (middle) before answering:
panorama, point matching, or top-down. Right: without View Dropout, the answer pathway takes a shortcut through
the input views, leaving the generated thinking-image unused; with View Dropout, part of one input view is masked,
forcing the answer to route through the thinking-image and making visual thinking causally load-bearing.

present in form but not in function. This under-use
motivates our first research question: (1) how to
make visual thinking matter during learning. Once
the thinking-image is genuinely used, a second
question arises: (2) which kind of thinking-image
is most effective for cross-view spatial reasoning,
among natural candidates such as panoramic views,
top-down layouts, and point-matching overlays
that explicitly connect the two views. To study
these questions, we use unified multimodal mod-
els (UMMs), which natively generate the thinking-
image, enabling end-to-end learning of visual think-
ing and controlled comparison across intermediate
representations within a single model.

To make visual thinking matter during learn-
ing, we propose View Dropout (VDrop) (Figure 1
Right), a training-time intervention that masks part
of one input view from the answer span, so the
only remaining path for that spatial evidence runs
through the generated thinking-image. VDrop
requires no architectural change and is agnostic
to which thinking-image is generated. Across
every thinking-image variant we test, it consis-
tently improves cross-view spatial reasoning. With
VDrop in place, candidate thinking-image repre-
sentations become meaningfully comparable, and
we ask which works best. The different thinking-
image variants trade off along two axes that prior
work has not cleanly separated: informativeness
(how much spatial structure the thinking-image
variant unveils) and learnability (how reliably the
UMM can produce that variant). We formalize this
as a Learnability–Informativeness (L–I) tradeoff:
a thinking-image type benefits spatial reasoning
only if it is both spatially informative and learn-
able from data alone, and neither axis is suffi-
cient on its own. We instantiate this study with
synthetic scenes from Infinigen Indoors, testing

on BAGEL (Deng et al., 2025) and SenseNova-
U1 (Diao et al., 2026), and evaluating on one in-
domain synthetic benchmark and five real-world
out-of-domain benchmarks. Experiments show that
visual thinking improves cross-view spatial reason-
ing both in- and out-of-domain, and that VDrop
makes the generated thinking-image causally load-
bearing, consistently improving OOD performance
on both UMMs. Trained on only 8K synthetic sam-
ples, our best configuration achieves a 6.7-point
OOD gain over vanilla BAGEL and surpasses all
prior methods we compare against, including meth-
ods trained on at least 3× more data. Once visual
thinking is forced to matter, the choice of repre-
sentation also matters: top-down views, though
informative, are not directly learnable by current
UMMs, leaving panoramic visual thinking as the
only candidate that scores high on both L–I axes
and the only one that consistently beats prior meth-
ods on OOD generalization.

Our contributions are as follows:
• Method. We identify under-use as a pervasive
failure mode of visual thinking and propose View
Dropout, a training-time intervention that requires
no architectural change, is agnostic to the thinking-
image type, and consistently improves OOD cross-
view spatial reasoning across all three thinking-
image variants and across two architecturally dis-
tinct UMMs.
• Framework. We frame the choice of visual think-
ing as a Learnability–Informativeness tradeoff, dis-
entangling two axes that prior work has conflated:
a representation may fail either because it does
not encode sufficient information or because it is
difficult to learn.
• Empirical analysis. On one in-domain synthetic
benchmark and five real-world OOD benchmarks,
we show that the thinking-image becomes causally
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used only after VDrop training, and that panoramic
visual thinking is the most informative and learn-
able representation. With only 8K training samples,
it outperforms prior BAGEL-based visual-thinking
methods trained on at least 3× more data.

2 Related Work
Cross-View Spatial Reasoning. Cross-view spa-
tial reasoning, the task of reasoning about object
positions, distances, depth ordering, and viewpoint
relationships across multiple views, has emerged
as a documented weakness of current VLMs (Yang
et al., 2026a; Jia et al., 2026; Li et al., 2026b; Fu
et al., 2024; Zhang et al., 2026a), with even strong
open-source VLMs scoring only marginally above
chance. Existing remedies primarily target the lan-
guage pathway: spatial instruction tuning (Chen
et al., 2024; Cai et al., 2026) and curated reasoning-
trace fine-tuning train VLMs to verbalise spatial
structure into text. Other approaches add archi-
tectural components, injecting spatial priors via
depth or 3D-aware encoders (Thai et al., 2025),
but still rely on language for the reasoning itself.
Across both lines, the reasoning remains linguis-
tic: the scene is verbalised into text, discarding
the fine-grained geometry the task requires. Our
work investigates a different axis, whether mod-
els can be trained to reason visually by generating
intermediate visual representations of the scene.
Think with Images. Recent works show that mod-
els can “think in images” by sketching annotations
on inputs or composing reasoning chains from gen-
erated images (Hu et al., 2024; Cheng et al., 2026;
Xu et al., 2026). A parallel line introduces 3D-
derived intermediates, such as depth maps, Gaus-
sian splats, or 3D reconstructions (Zhang et al.,
2026b; Chen et al., 2026), while others predict
camera trajectories to mentally simulate unseen
viewpoints (Yang et al., 2026b; Yu et al., 2026).
However, the visual content in these intermediates
is often ignored by the answer pathway (Liu et al.,
2025), questioning whether the generated image is
doing real perceptual work. Our work takes this
critique as a starting point and asks two questions
prior work leaves open: how to train models so
that the thinking-image is causally used, and which
kind of thinking-image is most effective once it is.
Our fix can be seen as shortcut removal (Geirhos
et al., 2020): VDrop blocks the input-view short-
cut during training, while keeping the masked ev-
idence reachable through the model’s own gener-
ated thinking-image. Closest to ours, Markovian

training forces the answer to route through a textual
CoT (Viteri et al., 2026); VDrop enforces the same
dependence on a visual intermediate.
Unified Multimodal Models. Unified multimodal
models (UMMs) extend the single-encoder/decoder
paradigm of standard VLMs to support interleaved
image–text generation within one architecture (Xie
et al., 2025; Wu et al., 2025; Chen et al., 2025;
Deng et al., 2025; Liu et al., 2026b,a; Diao et al.,
2026). Designs differ in how they reconcile
the conflicting representational needs of under-
standing and generation: Janus (Wu et al., 2025;
Chen et al., 2025) decouples visual encoding into
two specialised pathways feeding a shared trans-
former; BAGEL (Deng et al., 2025) couples a mul-
timodal understanding encoder with a diffusion-
based image generator via a unified token inter-
face; SenseNova-U1 (Diao et al., 2026) instead
removes pretrained visual encoders altogether, con-
suming raw pixels directly and generating images
via pixel flow matching rather than a VAE-based
diffusion head. Recent work already uses UMMs
as backbones for interleaved visual reasoning, train-
ing them to generate intermediate images during
decoding (Gu et al., 2026; Li et al., 2026a). This
native generation capability makes UMMs a natu-
ral testbed for our study: a single model can pro-
duce and reason over thinking-images end-to-end,
enabling controlled comparison across thinking-
image types without external tools. Following
ThinkMorph (Gu et al., 2026), we conduct our ex-
periments on BAGEL and further validate cross-
architecture transfer on SenseNova-U1.

3 Method
3.1 Unified Multimodal Models

Given two input views V1, V2 and a textual ques-
tion q, a UMM generates an output sequence o =
(o1, o2, . . . , oT ) where each ot is either a text token
or an image token drawn from a shared vocabulary
space. This allows the model to produce an interme-
diate visual representation Ivt (the thinking-image;
the subscript denotes “visual thinking”) as part of
its reasoning before producing the final textual an-
swer a. We refer to the full process as visual think-
ing, and to a single sequence (V1, V2, q)→ Ivt →
a as a visual-thinking trace. Given a dataset of
such traces D = {(V (i)

1 , V
(i)
2 , q(i), I

(i)
vt , a

(i))}Ni=1,
supervised fine-tuning trains the UMM to gener-
ate the interleaved sequence end-to-end: first the
thinking-image Ivt conditioned on the inputs, then
the answer a conditioned on the inputs and the
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generated thinking-image.

3.2 View Dropout

Motivation. Standard SFT supervises both the
thinking-image and the answer, but does not en-
force that the answer tokens depend on Ivt when
reasoning. Thus, the model can successfully min-
imise the thinking-image generation loss and the
answer loss without actually making use of the
thinking-image while answering, leaving the gen-
erated thinking-image as a decorative side-product.
Recent analyses (Liu et al., 2025) report that pre-
dictions remain nearly unchanged under visual in-
tervention, indicating that the visual evidence in
the thinking-image is largely ignored.
Method overview. To force the thinking-image
to be a load-bearing component of reasoning, we
introduce View Dropout (VDrop), a training-time
intervention that hides a randomly selected con-
tiguous region of one input view2 from the answer
tokens, while leaving the thinking-image tokens
fully visible (Figure 2). Under standard SFT, the
layout information needed to answer is fully avail-
able across the two input views, so the model is not
compelled to rely on the thinking-image. VDrop
removes this shortcut: with part of one view hid-
den from the answer tokens, the complete layout is
recoverable only from the thinking-image, so the
answer pathway must attend to it.
Attention mask construction. Let M denote the
standard per-sample attention mask, with Mqk = 0
permitting attention from query q to key k and
Mqk = −∞ blocking it, and let Qa denote the
query positions of the answer span. We sample
a primary view v ∈ {V1, V2} uniformly and a
contiguous subset Dv of its patch-token positions,
and edit the mask so the answer cannot read Dv:
Mqk ← −∞ for all q ∈ Qa and k ∈ Dv. For
thinking-image queries, the mask entries to V1 and
V2 are unchanged, so Ivt generation continues to
attend fully to both input views (see Figure 2).
Region selection. We sample Dv as a contigu-
ous axis-aligned rectangle of patch positions on
the chosen view v. By hiding a coherent chunk
of the scene rather than scattered patches, the an-
swer pathway cannot interpolate the missing region
from nearby patches and must recover it from the
thinking-image. In BAGEL, each input view is en-
coded into two parallel token streams: ViT tokens,

2We mask only one of the two views; masking both re-
moves too much spatial evidence and performs worse in our
ablations (Appx. C.2).

V1 V2 q VT answer

Qvt

Qa

part of V1 masked

Figure 2: VDrop attention mask. Answer queries Qa

cannot attend to the masked region (red hatched), while
thinking-image queries Qvt retain full access to all.

which carry semantic content for understanding,
and VAE tokens, which carry pixel-level detail for
generation. A masked region must therefore be
hidden in both streams; masking only one would
let the answer recover the region through the other.
We thus mask the ViT and VAE tokens covering
Dv jointly. Dv covers a fixed fraction ρ of patch
positions on view v.3

Training curriculum. Applying the mask from the
first step collapses learning: the model is asked to
route evidence through Ivt before SFT has shaped
what Ivt should encode. We therefore anneal the
masking probability pmask(s) over training steps
s: pmask = 0 for s < sw (warmup), pmask =
(s− sw)/sa for sw ≤ s < sw + sa (linear anneal),
and pmask = 1 thereafter. Warmup lets the model
first learn to generate and use Ivt alongside the full
input; annealing then introduces VDrop pressure
gradually, so a working Ivt → a route is in place
by the time the input views are fully masked.4

Compatibility. VDrop modifies only the answer-
side attention mask and leaves the SFT objective
unchanged. The thinking-image is generated from
the full input views and supervised toward its
ground-truth render, as under standard SFT; VDrop
changes only whether the answer is forced to use
the thinking-image, not how it is generated. It is
compatible with any thinking-image strategy.

3.3 Visual Thinking Strategies

To study which type of thinking-image is most
effective for cross-view spatial reasoning, we con-
sider three visual-thinking variants, each capturing
a distinct strategy for bridging the two input views
(Figure 1). Panoramic view: a wide-angle render-
ing from the observer’s pose, reconstructs the full

3We set ρ = 0.5 in all main experiments. We sweep over
ρ and compare contiguous-region masking against random-
patch masking in Appx. C.2; contiguous-region masking at
ρ = 0.5 gives the best OOD accuracy.

4We use sw = 500 and sa = 1500; Appx. C.2 ablates
these values.
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Type Task description Example question

Anchor Identify an object vis-
ible in both views.

“Which object appears
in both views?”

Counting Count total instances
of a given object
across views.

“How many chairs are in
the scene?”

Relative Distance Identify the closest or
farthest object from a
reference.

“Which object is closest
to the desk?”

Relative Direction Identify the direction
of an object relative
to a reference.

“Which side of the sofa
is the lamp on?”

Table 1: The four cross-view question types in our 8K
Infinigen training set.

scene so that V1 and V2 become sub-regions of one
unified visual field. Top-down view: a high-angle
rendering from a top corner of the room, lifts to
a shared external frame that exposes the global
layout while still revealing object sides and depth.
Point matching: the two input views shown side
by side with coloured markers on corresponding
objects, makes cross-view correspondences explicit
without changing the camera frame.
Together, these variants span a natural design space:
panorama unifies the views into one scene, top-
down reprojects them into a shared external frame,
and point matching annotates the views in place
with cross-view identity. We deliberately avoid
intermediates that require auxiliary modules, such
as depth maps or 3D reconstructions, to isolate the
contribution of the thinking-image itself rather than
the supervision signal of an external tool.

3.4 Training Data: Infinigen Indoors

To obtain clean training signal for each visual-
thinking strategy, we construct training data from
Infinigen Indoors (Raistrick et al., 2024), whose
procedural 3D annotations yield unambiguous
ground-truth answers and ground-truth thinking-
images. Each scene provides two egocentric views
with overlapping fields of view, along with the
corresponding top-down, panoramic, and point-
matching renderings used as ground-truth Ivt. Fol-
lowing the COSMIC benchmark (Sikarwar et al.,
2026), we construct four cross-view question types
(Table 1) that require integrating spatial informa-
tion from both views. The full training set con-
tains 7,921 QA pairs across 1,584 unique scenes;
per-type descriptions, scene-generation details, and
trace construction are in Appx. B.

4 Experiments
4.1 Experimental Setup

Model and baselines. Our main experiments fine-
tune BAGEL (Deng et al., 2025), a SOTA open-
source UMM built on a Mixture-of-Transformers

architecture (14B total parameters, 7B active per
token); for cross-architecture validation (§4.2) we
additionally fine-tune SenseNova-U1 (Diao et al.,
2026), an encoder-free 8B UMM natively trained
for interleaved vision–language generation. We
compare four categories of baselines against our
visual-thinking variants. First, vanilla BAGEL with-
out fine-tuning, measuring the gain attributable
to visual-thinking SFT. Second, two non-visual-
thinking baselines fine-tuned on the same 8K syn-
thetic Infinigen data as our visual-thinking variants:
No-Think, which answers directly from V1, V2 and
the question, and Text CoT, which produces a tex-
tual CoT instead of an image, annotated by prompt-
ing a strong off-the-shelf VLM with the input views
and the ground-truth answer (details in Appx. B.1).
These isolate the contribution of generating an in-
termediate image from fine-tuning alone or a tex-
tual intermediate. Third, two BAGEL-based visual-
thinking methods that fine-tune BAGEL without
VDrop: ThinkMorph (Gu et al., 2026), which con-
tinues training BAGEL on ∼24K interleaved rea-
soning traces, and BAGEL-Zebra-CoT (Li et al.,
2026a), which fine-tunes BAGEL on 182K inter-
leaved text-image reasoning traces. Fourth, Qwen3-
VL (Bai et al., 2025), a strong understanding-only
VLM, to contextualise the gap between standard
VLMs and visual-thinking-trained UMMs. All
baselines use the same multiple-choice prompt and
answer-extraction protocol.
Training hyperparameters. We apply LoRA fine-
tuning on BAGEL with rank 32 and alpha 64, train-
ing for 7,000 steps on 4×H100 GPUs. We use the
Adam optimizer with a learning rate of 1 × 10−5

and a cosine-decay schedule, and weight the cross-
entropy and MSE losses equally (1.0 each). The
maximum context length is 35,000 tokens for text-
only training (No-Think and Text CoT) and 20,000
tokens for visual-thinking training (panoramic, top-
down, and point-matching, each with and without
VDrop). For SenseNova-U1, whose framework
lacks LoRA support, we instead unfreeze the top
six LLM layers, training for 490 steps with learning
rate 5× 10−5 and a 14,336-token context.
VDrop hyperparameters. View Dropout is con-
trolled by three hyperparameters: the warmup
length sw, the anneal length sa, and the drop frac-
tion ρ = |Dv|/|Vv| that determines the propor-
tion of the chosen view’s patch tokens hidden from
the answer span. Unless stated otherwise, we use
sw = 500, sa = 1500, and ρ = 0.5, with the
contiguous region masking strategy as the default
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Model VDrop COSMIC (in-domain) Avg. MMSI MindCube OmniSpatial STARE BLINK Avg.

Anchor Count. Rel-Dist. Rel-Dir. ID Overall Overall CL PT Persp. MultiView OOD

Qwen3-VL-4B ✗ 62.8 44.4 40.4 22.4 42.5 27.4 29.0 28.6 40.1 29.2 48.9 33.8Understanding
VLMs Qwen3-VL-8B ✗ 64.8 54.4 40.8 26.8 46.7 28.0 34.4 25.4 45.5 31.6 55.6 37.0

BAGEL ✗ 18.0 42.1 24.4 21.2 26.4 26.9 31.7 31.1 38.9 28.0 45.1 33.3
BAGEL-Zebra-CoT (182K) ✗ 8.8 24.4 28.4 24.8 21.6 23.2 21.7 29.0 43.0 28.4 24.8 26.8BAGEL-based

prior work
ThinkMorph (24K) ✗ 49.6 43.6 32.0 30.0 38.8 26.5 39.2 33.7 44.6 28.8 52.6 37.2

No-Think ✗ 86.8 82.4 67.6 85.6 80.6 27.4 41.1 30.2 44.0 24.8 45.1 35.1BAGEL w/ 8K
non-visual Text CoT ✗ 56.0 60.4 44.4 40.8 50.4 24.6 25.3 29.4 35.8 26.0 54.9 32.7

Panoramic
✗ 93.6 83.6 76.4 87.2 85.2 24.9 36.9 32.9 43.9 32.4 55.6 37.6

✓ 89.2 78.8 74.8 93.2 84.0 26.0 34.1 38.9 45.3 35.6 62.4 40.0 (+2.4)

Point Matching
✗ 92.8 81.2 73.2 94.4 85.4 27.8 35.2 31.0 41.7 24.0 52.6 35.2

✓ 92.8 78.8 78.0 91.6 85.3 28.3 34.1 33.7 43.3 34.4 45.1 36.1 (+0.9)

Top-down
✗ 93.6 83.2 68.4 92.0 84.3 28.8 35.2 31.4 39.8 28.0 58.7 37.3

BAGEL w/ 8K
visual thinking

✓ 94.4 76.8 72.0 89.2 83.1 32.0 36.5 32.5 44.2 26.0 57.1 38.0 (+0.7)

Table 2: Comparison with baselines and VDrop ablation across thinking-image types. The two blue Avg.
columns report the in-domain mean over the four COSMIC subtasks and the out-of-domain mean over five real-
world benchmarks. Per column, the best and second-best accuracy are highlighted.

selection rule. The primary view v is sampled uni-
formly from V1 and V2 at each training step. On
SenseNova-U1, we keep the same masking strategy
and ρ, and scale the curriculum to its shorter run
(sw = 50, sa = 100), so both models train under
full masking for ≈70% of their steps.
Evaluation Benchmarks. We evaluate on one
ID benchmark, COSMIC (Sikarwar et al., 2026),
built on Infinigen scenes from our training domain,
and five real-world OOD benchmarks covering di-
verse cross-view spatial reasoning skills. MMSI-
Bench (Yang et al., 2026a) poses expert-authored
questions requiring spatial reasoning across mul-
tiple images of a scene (overall split). Mind-
Cube (Wang et al., 2026) tests building a coher-
ent spatial mental model from partial, incremen-
tally revealed views (MindCube-Tiny, 1,050 sam-
ples). OmniSpatial (Jia et al., 2026) covers higher-
order relational reasoning and non-egocentric view-
points (Complex Logic and Perspective Taking sub-
sets, averaged). STARE-Perspective (Li et al.,
2026b) requires reasoning about object relations
from a viewpoint other than the camera’s. BLINK-
MultiView (Fu et al., 2024) tests integrating evi-
dence across multiple images of one scene. Per-
benchmark details are in Appx. A.

4.2 How to Imagine? Does View Dropout
Make Visual Thinking Matter?

We now test whether VDrop converts the generated
thinking-image into a load-bearing component of
reasoning, as designed in §3.2.
Impact of view dropout and visual thinking.
Table 2 contrasts three visual-thinking strategies
trained under standard SFT (§3.1) against the same
strategies trained with VDrop.5 (1) VDrop con-

5OmniSpatial reports two splits (CL and PT); we average
them into a single score that contributes equally with the other

sistently improves OOD cross-view spatial reason-
ing across all three thinking-image types: Adding
VDrop raises the OOD average for every strat-
egy: panoramic 37.6 → 40.0 (+2.4; significant
under a paired bootstrap, p = 0.018, Appx. C.1),
top-down 37.3 → 38.0 (+0.7), and point match-
ing 35.2 → 36.1 (+0.9). The effect is positive
across all three, with panoramic benefiting most.
With VDrop, panoramic visual thinking reaches
an OOD average of 40.0%, a 6.7-point gain over
vanilla BAGEL (33.3%) and above Qwen3-VL-
8B (37.0%), a strong general-purpose VLM. (2)
With only 8K training samples, VDrop outperforms
prior methods trained on far more data: Panoramic
visual thinking with VDrop (40.0% OOD, 8K
samples) outperforms prior BAGEL-based visual-
thinking methods despite their much larger fine-
tuning sets: ThinkMorph (37.2%, 3× the samples)
and BAGEL-Zebra-CoT (26.8%, 23× the samples).
Since these methods fine-tune the same BAGEL
backbone, the results show that having the right
intermediate representation and the training recipe
(VDrop) matters more than the scale of fine-tuning
data. (3) Visual intermediates outperform non-
visual baselines on both in- and out-of-domain:
All three visual-thinking variants with VDrop beat
both non-visual baselines on the ID and OOD av-
erages. The OOD gains are substantial: relative to
No-Think (35.1%), panoramic gains +4.9 points
(p < 0.001, paired bootstrap; Appx. C.1), top-
down +2.9, and point matching +1.0, with larger
gains over Text CoT (+7.3, +5.3, +3.4, respec-
tively). On ID, the margin is smaller, as fine-tuning
BAGEL on our 8K set already reaches 80.6% with-
out visual thinking (No-Think) and visual thinking
lifts this only to 83–85%: the ID task is largely

four benchmarks to the out-of-domain mean.
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Setting COSMIC (in-domain) Avg. MMSI MindCube OmniSpatial STARE BLINK Avg.

Anchor Count. Rel-Dist. Rel-Dir. ID Overall Overall CL PT Persp. MultiView OOD

SenseNova-U1 (no FT) 68.8 31.2 44.8 30.8 43.9 29.0 44.8 27.0 33.5 33.2 38.4 35.1
Panoramic SFT 72.8 48.4 48.8 50.0 55.0 28.6 40.6 26.2 42.4 30.0 37.6 34.2

+ VDrop 66.8 45.6 49.2 52.4 53.5 31.0 42.3 29.4 45.1 31.6 41.4 36.7 (+2.5)

Table 3: Cross-architecture validation on SenseNova-U1. Panoramic visual thinking trained with standard SFT
vs. with VDrop. The two blue Avg. columns report the in-domain mean over the four COSMIC subtasks and the
out-of-domain mean over five real-world benchmarks. Best per column in bold.

Setting MMSI MindCube OmniSpatial STARE Avg.

Overall Overall CL PT Persp. OOD

SenseNova-U1 (no FT) 29.0 44.8 27.0 33.5 33.2 34.3
No-Think 32.0 42.2 26.2 50.5 27.6 35.0
Panoramic SFT 28.6 40.6 26.2 42.4 30.0 33.4

+ VDrop 31.0 42.3 29.4 45.1 31.6 35.5

Table 4: No-Think control on SenseNova-U1 (OOD,
BLINK excluded). Best per column in bold.

solved by fine-tuning alone, so we treat the OOD
average, far from saturated, as the primary met-
ric. Notably, Text CoT performs worse than No-
Think: a textual CoT hurts rather than helps. We
attribute this to inconsistent textual supervision,
as the same 3D scene admits many valid descrip-
tions, making the generated traces often imprecise
(Appx. B.1). The VDrop hyperparameter ablation
is in Appx. C.2.
Does VDrop transfer to other UMM architec-
tures? On SenseNova-U1, fine-tuned on the same
spatial training data and evaluated on the same
benchmarks, the headline finding mirrors BAGEL:
VDrop again delivers the best OOD generaliza-
tion (Table 3). However, Panoramic SFT alone
brings no OOD gain here (34.2% vs. 35.1% for
the untrained model): SenseNova-U1 starts from
a stronger base, and, as the underuse thesis pre-
dicts, SFT teaches the model to draw the panorama
but not to read it. VDrop closes this gap, raising
the OOD average to 36.7% (+2.5 over Panoramic
SFT), with ID gains concentrated on the two rela-
tional subtypes that most require cross-view rea-
soning (Rel-Dir and Rel-Dist). VDrop also outper-
forms a No-Think control trained on the same data
with the thinking-image removed (35.5 vs. 35.0 on
the OOD average excluding BLINK; Table 4).6

Generate-then-Blind: Is the impact of thinking-
image causal? Performance gains alone do not
imply that the answer causally depends on the gen-
erated thinking-image: the model could produce a
decorative image whose only effect is regularisa-
tion. To test whether the thinking-image causally

6BLINK is excluded because the No-Think checkpoint
collapses to a constant predictor there; see Appx. C.3 for
detailed analysis.
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Figure 3: Generate-then-blind probe across 4 OOD
benchmarks. Accuracy drop when the generated
thinking-image is blinded at answer time; a larger drop
means more dependence on the thinking-image. VDrop-
trained models show larger drops on three benchmarks.

affects answer prediction, we introduce a generate-
then-blind intervention at inference. For each test
item, the model first generates the thinking-image
as in normal inference; before answer decoding
begins, we then mask the answer span’s attention
to the thinking-image tokens. The answer span
still attends to V1, V2, and the question, but can
no longer read the thinking-image: the model still
“thinks” by producing the image, yet answers with-
out consulting it. A model that genuinely uses the
thinking-image should lose accuracy under blind-
ing; one that ignores it should be unaffected.

We apply this probe to two panoramic-trained
variants, standard visual-thinking SFT and SFT
with VDrop (Figure 3; full setup in Appx. C.4).
The VDrop variant shows substantial accuracy
drops under blinding on most OOD benchmarks
while standard SFT is largely invariant, confirming
that VDrop makes the thinking-image load-bearing
rather than decorative. A per-category breakdown
on MMSI (Figure 5 in Appx. C.4) shows VDrop’s
blinding effect concentrates on questions answer-
able by visually aligning the two views, confirming
its causal dependence on the thinking-image ap-
pears where visual reasoning helps.
Mechanism check: Does VDrop increase
answer-token attention to the thinking-image?
We measure how the answer tokens divide their at-
tention among the visual inputs during answer gen-
eration. At each decoder layer, we compute how
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Figure 4: Mean answer-token attention on thinking-
image tokens across decoder layers (BLINK). VDrop-
trained model places more attention on the generated
thinking-image than standard SFT model, especially in
early and mid layers. Shaded bands show the interquar-
tile range across samples (middle 50%).

much the answer attends to the generated thinking-
image as a fraction of its total attention to all visual
content, i.e. the thinking-image plus the two input
views V1, V2. A higher fraction means the answer
relies more on the thinking-image than on the in-
put views (full setup in Appx. C.5).7 Averaging
across all BLINK samples and decoder layers (Fig-
ure 4), the thinking-image’s share of the answer
span’s visual attention rises across the three mod-
els: 55.3% for vanilla BAGEL, 63.6% for standard
SFT, and 65.2% with VDrop. The gap widens in
early and mid decoder layers, where VDrop attends
3.9 percentage points more to the thinking-image
than standard SFT.8 We observe the same early-to-
mid-layer pattern on STARE (Appx. C.5).

Finding 1. Visual thinking improves cross-
view spatial reasoning: generating an interme-
diate thinking-image outperforms non-visual
baselines on both ID and OOD benchmarks.

Finding 2. VDrop consistently improves
cross-view spatial reasoning across all three
thinking-image types and across two architec-
turally distinct UMMs (BAGEL and SenseN-
ova U1), increasing the answer span’s attention
to the thinking-image and making it a load-
bearing component of reasoning.

4.3 What to Imagine? A Learnability –
Informativeness Tradeoff

With VDrop ensuring the thinking-image is gen-
uinely used, we now ask which thinking-image

7Vanilla BAGEL does not reliably emit a thinking-image;
we force one by injecting the image-generation token, giving
all three models a comparable thinking-image span.

8The three shares average over all decoder layers; the 3.9-
point figure averages over the first 14 layers, where the effect
concentrates.

type yields the largest gains. We formalise the
end-to-end benefit of a type T along two axes.
• Informativeness I(T ): how much a perfect in-
stance of T would reduce the model’s reasoning
burden on the target task. A panorama exposes the
joint scene directly and a top-down view exposes
the global layout, whereas point matching only
marks correspondences within the original views
and adds no new viewpoint.
• Learnability L(T ): how reliably a UMM can be
trained to produce faithful instances of T from the
available data. A panorama is a single coherent
rendering the model can generate directly, whereas
a faithful top-down view requires synthesising an
unseen viewpoint, and precise point markers must
be placed exactly on small target objects.

We hypothesise that the benefit of visual think-
ing is bounded by these two axes: a thinking-image
type helps only if it is both informative and learn-
able, with neither alone sufficient. This choice
of axes is grounded in imitation learning: visual-
thinking SFT trains the model to reproduce a target
thinking-image, i.e., behavioural cloning of the tar-
get (Stiennon et al., 2020; Ouyang et al., 2022),
whose theory bounds the cloned policy by two in-
dependent error terms: (i) the value of the imitated
target, since cloning is at best as good as the target
it imitates (Rajaraman et al., 2020), and (ii) the
realizability of that target under the learner, since
a target the model class cannot represent leaves an
irreducible misspecification error (Espinosa Dice
et al., 2025). These correspond exactly to I(T )
and L(T ) (details in Appx. C.6). We measure each
axis in isolation on a paired subset of the COS-
MIC test set9 by controlling which thinking-image
the answerer sees: ground-truth renders isolate the
target’s value from generation quality, while gen-
erated images expose how much of that value the
model realises; any gap between the two measure-
ments is the model failing to realise the target.
Informativeness: oracle measurement. We feed
ground-truth renders of each thinking-image type
as a third image to two off-the-shelf VLMs, Qwen3-
VL-32B and Qwen3-VL-235B (Table 5). The in-
formativeness ranking, panorama > top-down >
point matching, is consistent across both VLMs.
Panorama delivers the largest uplift, concentrated
on the relative-distance and relative-direction sub-

9The L–I analysis uses the paired subset of n=720 COS-
MIC test examples for which ground-truth thinking-images
of all strategies could be rendered (requiring complete source-
mesh data); the subset spans the four subtypes near-uniformly.
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Condition Anchor Counting Rel-Dist Rel-Dir Overall

Qwen3-VL-32B-Instruct

Input views only 83.33 73.22 56.32 39.66 62.78
Tpano (∆) −5.95 +1.64 +12.63 +25.14 +8.61

Ttopdown (∆) −5.36 +3.83 +5.26 +13.97 +4.58

Tpointmat. (∆) +2.98 −10.38 −0.53 +2.23 −1.53

Qwen3-VL-235B-A22B-Instruct

Input views only 73.21 66.12 49.47 39.11 56.67
Tpano (∆) +0.60 +9.84 +15.26 +16.76 +10.83

Ttopdown (∆) −6.54 −1.09 +10.00 +8.38 +2.92

Tpointmat. (∆) 0.00 −9.29 0.00 +6.15 −0.83

Table 5: Oracle measurement of I(T ) on COSMIC.
For each VLM block, the Input views only row reports
accuracy (%) given just V1 and V2; subsequent rows
report uplift ∆ over that baseline when a third image of
type T is supplied.

types whose answers require a viewpoint neither
input view provides. Top-down yields a smaller but
consistently positive uplift, exposing global spatial
relations through an allocentric view. Point match-
ing is flat-to-negative on both: its annotations stay
in the original viewpoint and add little geometric
structure beyond the input views. Anchor moves
little under any intermediate: it is already near-
saturated from the input views alone (the Qwen3-
VL-32B answerer reaches 83.33 on Anchor with
just V1 and V2), leaving little headroom for a third
image, whereas the other subtypes start far lower
and gain much more. This dip is a property of the
probe, not of the trained UMM: end-to-end, the
panoramic variants still beat direct answering on
Anchor (93.6/89.2 vs. 86.8; Table 2).
Learnability: generation quality. We assess
whether BAGEL can produce faithful instances of
each type, using two measurements computed on
the same set of BAGEL-generated thinking-images,
so generation fidelity and functional usefulness are
evaluated on identical images. Directly, we com-
pute SigLIP cosine similarity between BAGEL-
generated thinking-images and their ground-truth
renders. Panorama and top-down generations are
the most faithful, with near-identical similarity
(0.950 and 0.948), both above point matching
(0.928). But SigLIP captures whole-image appear-
ance, not geometric fidelity: a generated top-down
view can resemble its target room while misplac-
ing objects or distorting depth (see Appendix C.7
for qualitative examples). We therefore treat it
as a necessary but insufficient signal, and turn to
a functional measurement. Indirectly, we feed
BAGEL’s generated thinking-image to a frozen
VLM (Qwen3-VL-235B) and measure whether it
still helps answer cross-view questions (Table 6):
a learnable strategy should yield images the VLM

Condition Anchor Counting Rel-Dist Rel-Dir Overall

Input views only 73.21 66.12 49.47 39.11 56.67
Tpano_gen (∆) −13.69 +3.28 +2.63 +6.70 0.00

Ttd_gen (∆) −13.10 −2.19 +8.42 +2.79 −0.69

Tpointmat._gen (∆) −0.60 −2.19 −3.68 −0.56 −1.81

Table 6: Generated-image measurement of L(T )
on COSMIC. The Input views only row reports accu-
racy (%) given V1 and V2 on Qwen3-VL-235B-A22B-
Instruct; subsequent rows report the uplift ∆ from sup-
plying a thinking-image of type T , generated by BAGEL
after VDrop training, as a third image.

can use as spatial evidence. Generated panoramas
remain net-positive on all three spatial subtypes
(Counting, Rel-Dist, Rel-Dir), showing BAGEL
transfers their spatial structure even from generated
images; the lone regression is on Anchor, which
benefits little even at the oracle level. Generated
top-down images help on two spatial subtypes but
regress on the others, leaving overall accuracy be-
low baseline, so BAGEL captures the top-down lay-
out only partially. Point matching is flat-to-negative
throughout, consistent with its low oracle informa-
tiveness rather than a generation failure.

Finding 3. On the L–I framework, top-down is
informative but only partially learnable, while
point matching is limited mainly by low in-
formativeness and only moderately learnable,
as its fine markers are hard to place precisely.
Panorama alone is strong on both axes.

5 Conclusion

We studied how to make visual thinking matter
for cross-view spatial reasoning in UMMs, and
which kind of visual thinking is most effective. We
identified under-use as a pervasive failure of cur-
rent visual-thinking pipelines and proposed View
Dropout (VDrop), a training-time intervention that
forces the generated thinking-image to become a
load-bearing component of reasoning. With visual
thinking made load-bearing, we framed the choice
of intermediate as a Learnability–Informativeness
tradeoff and identified panoramic visual thinking
with VDrop as the only configuration that is simul-
taneously informative, learnable, and used. Trained
on only 8K samples, it achieves the best out-of-
distribution generalization, outperforming prior
methods on the same backbone trained on at least
3× more data. The bottleneck for visual thinking
is not data scale, but a training signal that forces
the thinking-image to be used.
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Limitations

First, our study focuses on a single task family,
cross-view spatial reasoning, where text-based rea-
soning demonstrably fails and visual imagination
is inherently required; whether VDrop and the
Learnability–Informativeness framework extend to
other visual-thinking tasks remains to be tested.
Second, VDrop makes the thinking-image causally
load-bearing, but it does not by itself improve the
quality of the generated thinking-image: when the
generated image is low-fidelity or not genuinely
useful for the question, forcing the answer to route
through it provides little benefit. VDrop is there-
fore complementary to, not a substitute for, supervi-
sion that improves thinking-image generation itself;
combining VDrop with higher-fidelity thinking-
image targets is a natural direction for future work.
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Appendix
Appendix Overview

A Evaluation Benchmarks
B Training Data
C Experiments

A Evaluation Benchmarks

We evaluate on one in-domain (ID) benchmark and
five real-world out-of-domain (OOD) benchmarks
covering diverse cross-view spatial reasoning skills.
All benchmarks use multiple-choice questions, and
we report accuracy. Unless otherwise specified, we
parse each model output to extract the predicted an-
swer token and apply exact-match scoring against
the ground-truth answer. 10

ID Benchmark. COSMIC (Sikarwar et al.,
2026) is a cross-view spatial reasoning benchmark
built on Infinigen-generated scenes, making it in-
domain with respect to our training data. COSMIC
covers two levels of spatial reasoning. Object-level
tasks include anchor recognition (identifying ob-
jects shared across views) and global counting (ag-
gregating object instances across views while cor-
rectly disambiguating shared and unique instances).
Relation-level tasks include relative distance (in-
ferring which object is closest or farthest from a
target distributed across views) and relative direc-
tion (inferring the egocentric direction of a target
object absent from the answerer’s view, requiring
cross-view perspective transformation). Each sub-
task contains 250 samples, with no scene overlap
between the evaluation set and our training sam-
ples.

OOD Benchmarks. We evaluate OOD generali-
sation on five benchmarks covering real-world en-
vironments and diverse spatial reasoning skills.

MMSI-Bench (Yang et al., 2026a) is a multi-
image spatial intelligence benchmark containing
1,000 challenging multiple-choice questions, each
meticulously crafted by six 3D-vision researchers
and paired with carefully designed distractors and a
stepwise reasoning process. MMSI-Bench is highly
challenging: the strongest open-source models
achieve roughly 30% accuracy and GPT-5 reaches

10The artifacts used in this work, including the base model
and associated resources, are released under the Apache-2.0
license. Our use is limited to research on cross-view spatial
reasoning and follows the artifacts’ stated terms and intended
use.

41.9%, while humans score 97.2%. We report the
Overall accuracy across all MMSI question types
as the headline MMSI score. Following the official
recommendation, we use Gemini-3.0-Flash to ex-
tract the predicted answer from each model output,
and then apply exact-match scoring between the
extracted answer and the ground-truth answer for
each multiple-choice question.

MindCube (Wang et al., 2026) tests whether
models can build spatial mental models from par-
tial observations. It evaluates three core spatial
settings: Rotation (interpreting multiple orthogo-
nal views from a static observation point, requiring
holistic understanding despite incremental visibil-
ity shifts), Around (leveraging occlusion to test
object permanence and the ability to convert lat-
eral relations in frontal views into depth cues in
side views), and Among (maintaining spatial con-
sistency across views captured around a central
object, requiring models to deduce overall spatial
arrangement when not all elements are simultane-
ously visible). We evaluate on MindCube-Tiny, a
stratified subset of 1,050 samples balanced across
the three settings.

OmniSpatial (Jia et al., 2026) is a comprehen-
sive spatial reasoning benchmark for VLMs cov-
ering a broad set of spatial skills. We evaluate on
two subsets relevant to cross-view spatial reason-
ing: Complex Logic (CL), which involves higher-
order reasoning about relations, transformations,
and geometric structure; and Perspective Taking
(PT), which probes the ability to reason about a
scene from a non-egocentric viewpoint. We report
each subset individually in the main results table
and an unweighted average of the two as the Om-
niSpatial headline score.

STARE-Perspective (Li et al., 2026b) is the
perspective-taking split of the STARE benchmark,
which evaluates a model’s ability to reason about
object positions and relations relative to a non-
egocentric viewpoint specified in the question.

BLINK-MultiView (Fu et al., 2024) is the multi-
view split of BLINK, which tests visual reasoning
that requires integrating evidence across multiple
images of the same scene rather than from a single
image alone.

B Training Data Details

The synthetic Infinigen source is chosen for two
reasons: (i) procedural rendering provides ground-
truth thinking-images for every variant in §3.3
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(top-down maps, panoramic stitches, and point-
matching overlays) free of real-world rendering
noise, and (ii) full access to object-level 3D an-
notations (positions, bounding boxes, categories)
lets us automatically construct cross-view spatial
questions whose answers are unambiguous.

Scene generation. Infinigen Indoors (Raistrick
et al., 2024) generates diverse photorealistic indoor
scenes, each populated with a structured layout
of furniture, architectural elements, and everyday
objects. For every scene we render two egocen-
tric views with deliberately overlapping fields of
view: the two camera poses are sampled such that
a portion of the scene is co-visible across views,
ensuring that shared objects or shared regions an-
chor the two viewpoints and make a layout con-
nection between them feasible. Alongside each
view pair, we render the top-down bird’s-eye-views,
stitched panoramic views, and point-matching over-
lays used as ground-truth Ivt for the variants in
§3.3.

Question types. We automatically generate four
types of cross-view spatial questions, each target-
ing a distinct spatial skill:

• Anchor. Given two cross-view images, iden-
tify the common object(s). This tests cross-
view correspondence: the model must match
object identity despite viewpoint-induced ap-
pearance changes such as occlusion, scale,
and aspect-ratio shifts.

• Counting. Given two cross-view images,
count the total number of instances of a speci-
fied object category. This requires both cross-
view correspondence and enumeration: the
model must count instances in each view and
resolve which are shared to avoid double-
counting.

• Relative Distance. Given two cross-view im-
ages and a set of target objects, determine
which object is farthest from a reference ob-
ject. This requires 3D metric layout recovery,
estimating inter-object distances from 2D pro-
jections.

• Relative Direction. Given two cross-view im-
ages, determine the direction of an object visi-
ble in one image relative to the viewpoint of
the other. This requires reference-frame trans-
formation: localising an object in 3D from

Question Type Samples Unique Scenes

Anchor 730 455
Counting 1,191 854
Relative Distance 3,000 192
Relative Direction 3,000 893

Total 7,921 1,584

Table 7: Training data distribution by question type.
All training samples are procedurally rendered from
Infinigen Indoors (Raistrick et al., 2024); no external
real-world data is used.

one view and projecting its direction into the
other view’s coordinate frame.

Training data distribution. Table 7 reports the
per-type sample and unique-scene counts for the
8K Infinigen training set. We deliberately allocate
fewer samples to Anchor and Counting than to the
relative-distance and relative-direction types. An-
chor recognition is implicitly exercised whenever
the model answers any cross-view question, and
Counting concerns objects largely visible within
the overlapping region of the two views rather than
genuine cross-view spatial relations. Both are re-
flected in the higher zero-shot accuracy of off-the-
shelf VLMs on Anchor and Counting than on the
relational subtypes (Table 5). We therefore real-
locate sample budget toward relative distance and
relative direction, the harder subtypes, while retain-
ing sufficient accuracy on Anchor and Counting at
the reduced counts.

B.1 Text Chain-of-Thought Annotation
Each training sample comes with a ground-truth
multiple-choice answer derived from the underly-
ing 3D scene, but no natural-language rationale. To
produce one, we prompt an off-the-shelf large mul-
timodal model, Qwen3-VL-235B-A22B-Instruct,
conditioning it on the two camera images and a
category-specific textual prompt. The prompt has
three parts: a short instruction block specifying
the reasoning shape for that question category, one
curated in-context example, and a scene-metadata
block synthesised from the QA row (the per-scene
list of visible objects with short descriptions, and
the two camera poses).

A central design choice is an oracle–trace sep-
aration. The raw numeric quantities used to con-
struct the question (angles, distances, exact object
counts, and the gold answer letter) are passed to
the annotator as a tagged private “cheat sheet”, so
that it lands on the correct option with high proba-
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bility; the system prompt, however, forbids citing
these quantities in the rationale. The trace must in-
stead argue from visual cues a student model could
verify from the images alone: qualitative place-
ments (e.g. mid-centre-right), foreground/back-
ground contrasts, direction words, and, for view-
dependent categories, shared landmarks together
with a relative-camera-pose hint that lets the trace
argue which side an off-screen target lies on.

We use an open-source model rather than a pro-
prietary one such as Gemini for two reasons. Each
of the 8K samples requires conditioning on two
input images and a long oracle-information con-
text, so annotating the full set with a proprietary
API would be costly; an open-source annotator also
keeps the pipeline fully reproducible. Despite the
oracle-conditioning protocol, the synthesised text
traces are not consistently high-quality: produc-
ing a linguistically consistent description of a 3D
scene is difficult, since the same spatial configura-
tion admits many equally valid descriptions, yield-
ing surface-form inconsistency across training sam-
ples. Visual thinking sidesteps this: a ground-truth
panoramic or top-down rendering is a deterministic
function of the scene, so the supervision is con-
sistent by construction. This may partially explain
why Text CoT underperforms even No-Think in our
end-to-end results (§4.2). Designing higher-quality
interleaved reasoning supervision that combines
visual and textual chains-of-thought is a promising
direction for future work.

C Experiments

C.1 Confidence Intervals and Significance
Tests

We assess the robustness of the cross-strategy rank-
ing in Table 2 with bootstrap resampling over test
items.

Paired significance tests. For each pair of con-
ditions, we run a paired bootstrap over per-item
accuracy differences: within each benchmark we
resample its questions with replacement and re-
compute the accuracy difference between the two
conditions on the same resampled items, then av-
erage the five benchmark-level differences with
equal weight, following the OOD protocol of Ta-
ble 2 (OmniSpatial’s CL and PT splits are first com-
bined into a single OmniSpatial score). Both key
comparisons are significant: Panoramic + VDrop
beats No-Think on the OOD average by +4.9
points (95% CI [+2.5,+7.1], p < 0.001), and

beats Panoramic without VDrop by +2.4 points
(95% CI [+0.5,+4.7], p = 0.018). The pairing
removes item-level variance shared between condi-
tions, which is appropriate here because all condi-
tions are evaluated on identical test items.

Per-condition confidence intervals. Table 8 re-
ports per-condition 95% percentile-bootstrap con-
fidence intervals (10,000 resamples, resampling
items) for every in-domain subtype and OOD
benchmark. The VDrop interval on the OOD
average, [38.1, 42.4], does not overlap the No-
Think interval [33.0, 37.2] and only marginally
overlaps the Panoramic-without-VDrop interval
[35.5, 39.9]; the paired tests above, which account
for the shared items, confirm both gaps are signifi-
cant.

C.2 VDrop Mask Design Ablation

Having established in §4.2 that VDrop helps across
thinking-image types, we ablate which axis of
the mask is responsible for the gain. Holding
the thinking-image type (Panoramic) and training
recipe (LoRA SFT, 8K samples) fixed, we vary
three axes of VDrop: the patch-selection Strat-
egy, Region (a contiguous bounding-box of the
chosen view’s patches) versus Random (an i.i.d.
random subset at the same drop ratio); the masked
Scope, One view (a single primary view sampled
uniformly from {V1, V2}) versus Two views (both
input views masked together); and the drop ratio.
A no-mask reference (Panoramic without VDrop)
and a no-warmup ablation (masking from step 0,
no anneal) are reported for comparison. Table 9
reports aggregate ID and OOD accuracy for each
variant. The default configuration used through-
out the paper, Region masking on a single view
at 50% drop with the warmup–anneal curriculum,
achieves the best OOD accuracy (40.0). Four find-
ings stand out. (i) Region beats Random: replac-
ing the contiguous region with random patches at
the same drop ratio costs 4.4 OOD points, indicat-
ing that spatially coherent occlusion is what forces
the thinking-image to encode localised structure.
(ii) One view beats two: masking both views si-
multaneously costs 3.2 OOD points, suggesting
that retaining one full view as an anchor is neces-
sary for the model to learn what content needs rout-
ing through Ivt. (iii) An intermediate drop ratio
is best: 50% outperforms both 30% (+7.4 OOD)
and 80% (+3.5 OOD); too little masking leaves the
input-view shortcut intact, while too much removes
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Condition COSMIC (in-domain) MMSI MindCube OmniSpatial STARE BLINK Avg.

Anchor Count. Rel-Dist. Rel-Dir. Overall Overall CL PT Persp. MultiView OOD

No-Think 86.8 [82.4, 90.8] 82.4 [77.6, 86.8] 67.6 [61.6, 73.6] 85.6 [81.2, 89.6] 27.4 [24.7, 30.2] 41.1 [38.1, 44.0] 30.2 [24.6, 36.1] 44.0 [39.9, 48.1] 24.8 [19.6, 30.4] 45.1 [36.8, 53.4] 35.1 [33.0, 37.2]

Text CoT 56.0 [49.6, 62.0] 60.4 [54.4, 66.4] 44.4 [38.4, 50.4] 40.8 [34.8, 47.2] 24.6 [22.0, 27.3] 25.3 [22.8, 28.0] 29.4 [23.8, 34.9] 35.8 [31.9, 39.9] 26.0 [20.8, 31.6] 54.9 [46.6, 63.2] 32.7 [30.4, 34.7]

Panoramic View 93.6 [90.4, 96.4] 83.6 [78.8, 88.0] 76.4 [71.2, 81.6] 87.2 [83.2, 91.2] 24.9 [22.3, 27.6] 36.9 [33.9, 39.8] 32.9 [27.4, 38.9] 43.9 [39.8, 48.0] 32.4 [26.8, 38.4] 55.6 [47.4, 63.9] 37.6 [35.5, 39.9]

+ VDrop 89.2 [85.2, 92.8] 78.8 [73.6, 83.6] 74.8 [69.2, 80.0] 93.2 [90.0, 96.0] 26.0 [23.3, 28.7] 34.1 [31.2, 37.0] 38.9 [32.9, 45.2] 45.3 [41.2, 49.4] 35.6 [29.6, 41.6] 62.4 [54.1, 70.7] 40.0 [38.1, 42.4]

Table 8: Per-condition 95% bootstrap confidence intervals (10,000 resamples, resampling items within each
benchmark or subtype). The OOD Avg. is the equal-weight mean over the five OOD benchmarks; OmniSpatial’s
CL and PT splits are first combined into a single OmniSpatial score, so the average is over benchmarks, not over the
displayed columns. All four conditions fine-tune the same BAGEL backbone on the identical 8K training set and
differ only in the thinking strategy.

Strategy Scope Drop ρ % ID OOD

No VDrop (reference)
None n/a 0 85.2 37.6

+ VDrop (mask variants)
Region One view 30 85.2 32.6
Region One view 50 84.0 40.0
Region One view 80 85.9 36.5
Region Two views 50 83.8 36.8
Random One view 50 83.1 35.6

+ VDrop, no warmup
Region One view 30 81.9 32.2
Region One view 50 81.6 33.7

Table 9: VDrop ablation on Panoramic visual thinking.
ID is the mean over the four COSMIC subtasks; OOD
is the out-of-domain mean defined in §4.1. Bold marks
the best per column.

spatial evidence the model needs. (iv) Warmup
is essential: applying full masking from step 0
without the warmup–anneal schedule drops OOD
accuracy by 6.3 points at the same drop ratio, con-
sistent with the curriculum motivation in §3.2: the
model must first learn what to put in Ivt before
being forced to depend on it.

C.3 No-Think Ablation on SenseNova-U1

As a further control for the cross-architecture val-
idation (§4.2), we train a No-Think SenseNova-
U1 checkpoint on the same spatial data with the
thinking-image removed from the target sequence
(direct answering), using the same partial-unfreeze
recipe as the other SenseNova-U1 variants (§4.1).
Table 4 compares it against the untrained model,
Panoramic SFT, and Panoramic SFT with VDrop
on the OOD benchmarks.

We exclude BLINK from this comparison be-
cause the No-Think checkpoint’s BLINK score
does not measure multi-view reasoning: the check-
point collapses to a constant predictor, answering
“B” for every question regardless of its content. The
collapse persists under temperature sampling at two
seeds, and when we randomly swap the A/B option

contents per question, the checkpoint still answers
“B” on nearly all items and its accuracy falls to
chance. This collapse occurs only for the No-Think
checkpoint; no visual-thinking checkpoint exhibits
it. On the remaining four benchmarks, VDrop is
the strongest setting (35.5), above No-Think (35.0),
the untrained model (34.3), and Panoramic SFT
(33.4). Moreover, VDrop improves over Panoramic
SFT on every individual benchmark.

C.4 Generate-then-Blind Probe: Setup and
Details

The generate-then-blind probe in §4.2 asks a causal
question about the role of the generated thinking-
image at inference: does the answer pathway gen-
uinely depend on it, or does it attend primarily
to the original input views regardless of what the
thinking-image contains? We compare two models
that differ only in their SFT objective: (i) Stan-
dard SFT, the visual-thinking SFT pipeline with
no VDrop, where the thinking-image tokens con-
tribute to the generation loss so the model is trained
both to produce the image and to answer condi-
tioned on it; (ii) VDrop SFT, the same data and
recipe with VDrop applied during training, so the
answer span must route masked spatial evidence
through the generated thinking-image. Both mod-
els start from the same BAGEL initialisation and
are fine-tuned on the same 8K Infinigen training
set (§3.4).

Intervention procedure. For each test item we
(a) generate the thinking-image autoregressively
as in normal inference, letting its tokens enter the
KV cache, and (b) before answer decoding begins,
set the attention weights from answer queries to
thinking-image positions to −∞ before softmax.
The answer span therefore attends only to V1, V2,
and the question, so the model still “thinks” by
producing the image but cannot read it back when
answering.
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Figure 5: Generate-then-blind probe on MMSI, by
question evidence category. Accuracy drop when the
generated thinking-image is blinded at answer time; a
larger positive value means more dependence on the
thinking-image. The VDrop-trained model shows a
large drop only on Measurement, whose questions are
answered by visually aligning the two input views, while
standard SFT is unaffected throughout.

Evaluation. We compare each blinded run
against the same model’s unblinded baseline on
four OOD benchmarks (Figure 3). In-distribution
accuracy on COSMIC is largely saturated by visual-
thinking SFT and is therefore an insensitive test of
causal dependence; the OOD benchmarks, where
models still have substantial headroom, provide a
cleaner signal for whether the thinking-image is
genuinely load-bearing.

MMSI breakdown. MMSI’s questions ask for
spatially heterogeneous evidence, so a single
overall accuracy obscures whether the generated
thinking-image helps. We re-partition the 1,000
MMSI questions into six disjoint categories by
the kind of evidence each requires. Measure-
ment questions need visual comparison (“which
is wider”, “how many”), exactly the operation en-
abled by aligning V1 and V2 in one panorama. Ego-
centric questions ask for viewer-relative direction,
which a wider-field-of-view panorama makes visi-
ble. Named-region and Cardinal questions depend
on symbolic information a panorama cannot en-
code: room labels (“kitchen”) and absolute com-
pass frames (“north of the desk”). Motion questions
concern camera or object movement, and Other
covers the remainder, mostly non-spatial counting.
Each question is assigned to the first matching cate-
gory in the order Motion, Named-region, Cardinal,
Measurement, Egocentric, Other.

Figure 5 reports the blinding-induced accuracy
drop per category. Standard SFT is unaffected
in every category (within ±2 pp of zero, max

|z| = 0.611), confirming the thinking-image is inert
without VDrop. The VDrop-trained model shows a
large, significant drop on Measurement (+10.1 pp,
z = 2.24, p = 0.025), the category answered by
visually aligning the two views; on Named-region
and Cardinal, whose answers a panorama cannot
encode, blinding has no positive effect. VDrop thus
teaches the model to genuinely use the thinking-
image, and this reliance surfaces precisely on ques-
tions that call for visual reasoning, while standard
training leaves it largely ignored.

C.5 Answer-Token Attention Probe: Setup
and Details

The attention probe in §4.2 asks where the an-
swer span’s visual attention is directed during an-
swer generation, and whether VDrop measurably
increases the share directed to the model’s own
generated thinking-image.

Models compared. We extract attention weights
from the answer-generation step across all de-
coder layers and compare Standard SFT (visual-
thinking SFT without VDrop) and VDrop SFT
(visual-thinking SFT with VDrop), both trained
on the same data. We additionally include vanilla
BAGEL as a reference. Vanilla BAGEL is not
trained for visual thinking and does not reliably
emit a thinking-image before answering; to obtain
a comparable thinking-image span, we force gen-
eration by injecting the image-generation token
into the decoding stream, after which it produces
a thinking-image and then an answer. This makes
the thinking-image span well-defined for all three
models, so the share metric below is computed iden-
tically across them. We note that vanilla BAGEL’s
forced thinking-image is not optimised for the task
and serves only as an untrained reference point.

Probe metric. To focus on visual evidence specif-
ically, we normalise attention over the named vi-
sual spans only: the two input views V1 and V2,
plus the generated thinking-image visual tokens
VT. For each decoder layer ℓ and each evaluation
example, the quantity of interest is the per-layer
thinking-image share among visual evidence:

ρvt,ℓ =
attnℓ(VT)

attnℓ(V1) + attnℓ(V2) + attnℓ(VT)

11We test each category’s blinding effect against zero with
a paired test over per-question accuracy deltas; z is the effect
divided by its standard error, and |z| ≳ 2 corresponds to
p < 0.05.
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Figure 6: Mean answer-token attention on thinking-
image tokens across decoder layers (STARE). The
VDrop-trained model places more attention on the gen-
erated thinking-image than the standard SFT model, es-
pecially in early and mid layers, indicating that VDrop
shifts the answer pathway toward the thinking-image.

where attnℓ(·) is the answer-token attention mass
on the named visual span at layer ℓ, averaged across
all answer-token positions and attention heads. By
construction ρvt,ℓ ∈ [0, 1], with higher values in-
dicating that the answer query relies more on the
generated thinking-image than on the input views
at layer ℓ. We report the mean of ρvt,ℓ across all
evaluation examples.

STARE-Perspective: per-layer attention share.
Figure 6 reproduces the ρvt,ℓ measurement on
250 STARE-Perspective examples. The pattern
matches BLINK in the early and middle layers:
averaged over the first 14 layers of the decoder,
VDrop places +3.5 pp more attention on the
thinking-image than standard SFT. Over all layers
the gain is smaller (+0.9 pp over standard SFT), as
the effect is concentrated early, with the two mod-
els converging in the late decoder layers. VDrop’s
increased engagement with the thinking-image is
therefore localised to the early-to-middle layers
rather than spread uniformly across the network,
and this localisation is consistent across BLINK
and STARE.

C.6 Theoretical Grounding of the L–I
Framework

This section expands the imitation-learning view
of the Learnability–Informativeness framework in-
troduced in §4.3.

Visual-thinking SFT is behavioural cloning of
the target intermediate. SFT trains the UMM to
reproduce a target thinking-image from the inputs
and then answer conditioned on it, i.e., it clones a
demonstrated intermediate rather than discovering
one, exactly as instruction tuning clones demon-

strated responses (Stiennon et al., 2020; Ouyang
et al., 2022). Imitation-learning theory bounds the
value of a cloned policy by two independent error
terms. First, cloning cannot exceed the demon-
strator it imitates: the learned policy’s value is
bounded by the value of the imitated target, up to
terms that vanish as imitation becomes exact (Ra-
jaraman et al., 2020). Second, when the target is
not realizable by the learner’s model class, an ir-
reducible misspecification error remains no matter
how much data is used (Espinosa Dice et al., 2025).

The two bounds are the two axes. Informative-
ness I(T ) instantiates the first term: it measures
the value of a perfect instance of type T for the
downstream answer, which upper-bounds what any
model cloning T can gain. We isolate it by feeding
ground-truth renders to a frozen VLM answerer
(Table 5), removing the UMM’s generation quality
from the measurement entirely. Learnability L(T )
instantiates the second term: it measures how much
of that target the UMM actually realises. We isolate
it by feeding the UMM’s generated images to the
same frozen answerer (Table 6); any drop from the
ground-truth to the generated measurement is reali-
sation error, not a deficiency of the representation
itself.

The framework is falsifiable and practical. The
imitation-learning view yields a testable prediction:
a thinking-image type helps end-to-end only if both
terms are favourable, and the two probes, which
are cheap to run before any end-to-end training,
should predict the end-to-end ranking. Our results
confirm this: top-down is informative but only par-
tially learnable, point matching is learnable but
uninformative, and only panorama scores on both
axes, matching the end-to-end ordering in Table 2.
When a strategy underperforms, the probes also
pinpoint which axis is the bottleneck, indicating
whether to improve the target representation or the
model’s ability to generate it.

C.7 Qualitative Analysis
Figure 7 shows the thinking-image our VDrop-
trained model generates under each of the three
strategies (Panoramic, Point Matching, Top-down)
on one example per subtask, together with the ques-
tion and four options (gold option in green). Be-
low each thinking-image we mark the predicted
answer and whether it matches the gold label. The
examples illustrate both axes of the L–I analysis
(§4.3). On informativeness: panoramic and top-
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down thinking-images render the scene from a gen-
uinely new viewpoint, directly revealing the joint
spatial layout that relative-distance and relative-
direction questions require. Point matching instead
keeps both input views in their original perspective
and overlays correspondence markers; it still helps,
by linking objects across the two views, but it con-
veys cross-view geometry only indirectly rather
than exposing the full scene directly. On learn-
ability: the point-matching examples also reveal a
failure specific to this strategy. The correspondence
markers are only a few pixels wide, far smaller than
the large-area object relationships that panoramic
and top-down images convey, and are correspond-
ingly harder to generate reliably. In the Anchor
and Relative-Distance examples, the model places
a marker on an object in one view but omits the
matching marker in the other, breaking the cor-
respondence the strategy depends on. Together
this matches the aggregate trend in §4.2, where
panoramic visual thinking yields the largest out-of-
domain gains.
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Question & options Input View 1 Input View 2 Panoramic Point Matching Top-down View

Anchor. Which of the following
objects is visible from both views of
the room?
A) cabinet near a brown bed
B) cabinet near a white desk
C) lamp next to a gray plant
D) cabinet next to a purple lamp ✓

pred: D ✓ pred: D ✓ pred: D ✓

Counting. What is the total number
of cabinets in the room?
A) 5 ✓
B) 6
C) 1
D) 7

pred: A ✓ pred: A ✓ pred: A ✓

Relative Distance. Which of the
following objects is the farthest from
the dark brown cabinet?
A) blue cabinet near a purple bed
B) green cabinet near a black desk ✓
C) lamp next to a blue cabinet
D) brown door next to a beige lamp

pred: B ✓ pred: C ✗ pred: C ✗

Relative Direction. Relative to you,
in which direction is the white desk
from the viewpoint of the second
image?
A) right
B) front
C) left ✓
D) behind pred: C ✓ pred: A ✗ pred: A ✗

Figure 7: Qualitative examples of visual thinking across strategies. Four samples, one per subtask (Anchor,
Counting, Relative Distance, Relative Direction). Each row shows the question and four options (gold option in
green), followed by the two input camera views and the generated thinking-image under each strategy (Panoramic,
Point Matching, Top-down View). The predicted answer letter and correctness (✓ / ✗) are shown below each
thinking-image.
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