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Abstract

Interleaved reasoning paradigms enhance Mul-
timodal Large Language Models (MLLMs)
with visual feedback but are hindered by the
prohibitive computational cost of re-encoding
pixel-dense images. A promising alternative,
latent visual reasoning, circumvents this bot-
tleneck yet faces limitations: methods either
fail to capture intermediate state evolution
due to single-step, non-interleaved structures,
or sacrifice precise perceptual modeling by
over-compressing features. We introduce In-
terleaved Latent Visual Reasoning (ILVR), a
framework that unifies dynamic state evolution
with precise perceptual modeling. ILVR in-
terleaves textual generation with latent visual
representations that act as specific, evolving
cues for subsequent reasoning. Specifically,
we employ a self-supervision strategy where a
momentum teacher model selectively distills
relevant features from ground-truth interme-
diate images into sparse supervision targets.
This adaptive selection mechanism guides the
model to autonomously generate context-aware
visual signals. Extensive experiments on multi-
modal reasoning benchmarks demonstrate that
ILVR outperforms existing approaches, effec-
tively bridging the gap between fine-grained
perception and sequential multimodal reason-
ing. The code is available at https://github.
com/XD111ds/ILVR.

1 Introduction

Multimodal Large Language Models (MLLMs) (Li
et al., 2024; Bai et al., 2025a; Wang et al., 2025c;
Li et al., 2025c; Wang et al., 2025a, 2026b) have
demonstrated remarkable capabilities in bridging
the gap between vision and language. Capitaliz-
ing on the reasoning prowess of Large Language
Models (LLMs) (Chen et al., 2025b,a; Wang et al.,
2026a; Zhao et al., 2025; Xu et al., 2026; Feng et al.,
2025), recent works have successfully adapted
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Chain-of-Thought (CoT) methodologies to the mul-
timodal domain (Zhang et al., 2023; Bai et al.,
2025b; Huang et al., 2025a; Wei et al., 2022; Zhu
et al., 2025, 2026; Chen et al., 2026). This enables
models to decompose complex visual tasks into se-
quential intermediate steps, achieving sophisticated
reasoning grounded in visual content.

Recent work explores interleaved image-text
reasoning by injecting intermediate visual images
within textual CoTs to enhance multimodal under-
standing and planning (Shao et al., 2024b). These
approaches generally fall into two paradigms. The
first uses external tools to statically manipulate the
input image, e.g., highlighting key regions (Fu
et al., 2025), drawing auxiliary lines (Hu et al.,
2024), or shifting image styles (Liu et al., 2025), to
improve fine-grained perception. While relying
on a single visual state, it cannot model evolv-
ing scenarios or simulate action outcomes cru-
cial for sequential tasks (Li et al., 2025a). The
second paradigm addresses this employing a uni-
fied model to dynamically visualizing imagined
intermediate or future states (Chern et al., 2024;
Deng et al., 2025). However, integrating visual
generation and reasoning into a unified model of-
ten degrades reasoning performance. More crit-
ically, both paradigms incur high computational
cost from iteratively re-encoding pixel-dense im-
ages, severely hindering multi-step reasoning.

Inspired by latent reasoning in LLMs (Shen et al.,
2025; Hao et al., 2024), the latent visual reason-
ing paradigm replaces explicit images with latent
representations to avoid costly pixel-level process-
ing. However, current methods face two major
limitations. First, most adopt a single-step, non-
interleaved design. For instance, LVR (Li et al.,
2025b) and Mirage (Yang et al., 2025) generate
latent representations only once, either for a region
of the static input image or the final state after all
actions, and cannot model intermediate and evolv-
ing states during reasoning. In the chess puzzle in
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What is the best move for Black 
to play?

A: Ra5      B: Ra4       C: Rxa3      D: Rc6

(a) Single-step Latent Visual Reasoning

Answer: Ra5.

<| latent start |>

<| latent end|>

STEP1:… Consider 
option A,…

<| latent start |>

<| latent end |>

(c) Interleaved Latent Visual Reasoning (ILVR)

STEP2:… Consider 
option B,…

<| latent start |>

<| latent end |>

Answer: 
Ra4.…

Can you ascertain the quantity of 
people captured in the image?

(b) Compressed Latent Visual Reasoning 

<| latent start |>

<| latent end|>
Answer: 22.

STEP1:… identification of 
10 individuals …

<| latent start |>

<| latent end |>

(c) Interleaved Latent Visual Reasoning (ILVR)

STEP2:… discovered a 
group of …

<| latent start |>

<| latent end |>

Answer: 
43.…

Zoom In
<| latent start |>

<| latent end|>

Final State

Zoom In

Figure 1: Comparison of ILVR with prior latent visual reasoning methods. In the chess puzzle (top row),
single-step approaches (a) either capture static initial details (e.g., a zoomed-in rook) or jump to a predicted final
state, failing to model the hypothetical states needed to evaluate move options. In the dense counting task (bottom
row), methods relying on heavily compressed latent representations (b) lose fine-grained details, resulting in a
hallucinated count. In contrast, our ILVR (c) succeeds by interleaving textual reasoning with dynamically updated
latent states. Each latent representation provides essential visual cues for subsequent reasoning steps (highlighted in
red boxes), unifying dynamic state evolution with precise perceptual modeling to reach the correct answer.

Fig. 1(a), relying on a static zoom-in or a predicted
final state is insufficient, as it bypasses step-by-
step verification of move legality (e.g., path ob-
structions), often leading to erroneous predictions.
Second, methods like Mirage (Yang et al., 2025)
derive latent representations by heavily compress-
ing dense visual features from the entire image into
limited latent tokens. As the counting task shown in
Fig. 1(b), such over-compression discards crucial
perceptual details and leads to hallucination.

To this end, we propose Interleaved Latent Vi-
sual Reasoning (ILVR) framework to integrate dy-
namic latent visual reasoning with selective per-
ceptual modeling. ILVR interleaves reasoning be-
tween explicit textual generation and latent visual
representations that are continuously updated to
capture the most relevant visual cues at each rea-
soning step. We train the model to learn this in-
terleaved paradigm by approximating ground-truth
interleaved image-text trajectories, with textual out-
puts supervised using cross-entropy loss while la-
tent representations are aligned with selectively
extracted features from their corresponding images,
which we refer to as helper images. Specifically,
we employ a momentum teacher model (He et al.,
2019), a temporally smoothed copy of the trained
model, to selectively extract the most relevant fea-
tures from helper images by aggregating highly
attended patches conditioned on the ongoing rea-

soning process. By internalizing this capability,
ILVR effectively unifies precise perceptual model-
ing with dynamic evolution of latent visual states.

In summary, our contributions are threefold:

• We propose Interleaved Latent Visual Reason-
ing (ILVR), a framework that interleaves explicit
token generation with updated latent visual rep-
resentations, enabling dynamic state evolution.

• We introduce an adaptive selection mechanism
that distills the most relevant visual signals from
the helper image into latent representations at
every reasoning step, using a self-supervised
strategy guided by a momentum teacher model
without requiring external supervision.

• Through extensive experiments on fine-grained
visual perception and sequential planning tasks,
we demonstrate ILVR’s robust generalization in
both in-domain and out-of-distribution (OOD)
settings. By operating entirely in latent space, it
achieves up to 18× inference speedup over meth-
ods requiring costly explicit image generation.

2 Related Work

2.1 Interleaved Image-Text Reasoning

Interleaved image-text reasoning refers to the ca-
pability of models to generate intermediate visual
feedback (Chern et al., 2024; Li et al., 2025a; Deng
et al., 2025), either directly or via external tools (Hu
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et al., 2024; Shao et al., 2024b; Su et al., 2025),
to enhance their reasoning abilities. Early meth-
ods used external tools for static image edits, such
as cropping or OCR (Huang et al., 2025b; Zhang
et al., 2025a; Wang et al., 2025b), but struggled to
model evolving visual states. Recent generative ap-
proaches enable models to synthesize intermediate-
state images (Chern et al., 2024; Deng et al., 2025),
yet they often face a trade-off between generative
fidelity and reasoning performance. Crucially, both
tool-based and generative paradigms suffer from
high computational overhead due to repeated pixel-
level encoding of dense visual data.

2.2 Latent Reasoning

To bypass discrete token constraints, latent reason-
ing performs multi-step inference in continuous
hidden space (Shen et al., 2025; Hao et al., 2024;
Cheng and Durme, 2024). In the multimodal do-
main, Mirage (Yang et al., 2025) precedes textual
reasoning with a latent representation formed by
encoding a problem-specific helper image and ag-
gressively pooling its patch embeddings into highly
compressed vectors. LVR (Li et al., 2025b) adopts
a similar strategy but isolates key visual cues within
a bounding box, generating latent representations
of only that targeted region. Contemporaneous
with our work, Sketchpad (Zhang et al., 2025b)
also explores generating visual latents to elicit rea-
soning. However, a fundamental limitation plagues
these approaches. In their paradigm, a model gen-
erates latent representations of a helper image once,
and all subsequent steps are confined to pure tex-
tual reasoning. This non-interleaved structure in-
herently renders the visual information static and
detached from the evolving reasoning trajectory.

3 Method

In this section, we present Interleaved Latent Visual
Reasoning (ILVR) framework that performs reason-
ing by interleaving explicit textual generation with
latent visual representations, as shown in Fig. 2.
We first outline the interleaved generation paradigm
(Sec. 3.1). We then detail how we construct la-
tent supervision targets by selecting key features
from intermediate images (“helper images”) within
ground-truth interleaved image-text trajectories us-
ing a momentum teacher model (Sec. 3.2). Finally,
we describe the two-stage training strategy to instill
this interleaved latent reasoning ability (Sec. 3.3).

3.1 Interleaved Text-Latent Paradigm
Our framework operates in an interleaved reason-
ing paradigm where the model autoregressively
generates both text tokens and latent visual repre-
sentations. The reasoning process is structured as a
unified sequence S that alternates between textual
tokens and latent segments:

S = [t1,1, . . . , t1,M , <|latent_start|>,

z1,1, . . . , z1,K , <|latent_end|>,

t2,1, . . . , t2,N , <|latent_start|>,

z2,1, . . . , z2,K , <|latent_end|>, . . . ]

(1)

where ti,j denotes discrete text tokens and zi,k rep-
resents continuous latent embeddings at reasoning
step i. The special tokens <|latent_start|> and
<|latent_end|> explicitly delimit the boundaries
of latent visual reasoning phases.

During inference, the model generates text to-
kens as usual. When the model produces a
<|latent_start|> token, it switches to a latent
generation mode for a fixed length K. In this
mode, instead of projecting the hidden state to
the vocabulary size to sample a discrete token,
the hidden state from the previous timestep ht is
fed directly as the input embedding for the cur-
rent timestep, effectively bypassing the discrete
embedding lookup et+1 = ht. The sequence of
K hidden states produced in this loop constitutes
the model’s self-generated latent representations.
After completing K latent generation, the model
generates <|latent_end|> and resumes explicit
textual reasoning, utilizing the accumulated latent
information as context.

To train the model with this paradigm,
we utilize pre-constructed interleaved trajecto-
ries formatted as “reasoning text→helper
image→reasoning text→helper image . . . ”.
We convert each trajectory into a unified su-
pervision sequence by replacing each helper
image Ii at reasoning step i with a latent
segment: a <|latent_start|> followed by
K <|latent_pad|> tokens, and terminated by
<|latent_end|>. The <|latent_pad|> act as
placeholders for the critical visual signals extracted
from Ii. Thus, the core of our method is to se-
lect which visual features from Ii should serve as
regression targets to supervise the hidden states
generated at these pad positions.

3.2 Interleaved Supervision Construction
To enable the model to generate meaningful latent
representations, we employ a teacher model to con-
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Figure 2: The Interleaved Latent Visual Reasoning (ILVR) framework. The model performs multi-step reasoning
by interleaving textual generation with dynamically evolving latent visual representations. The momentum teacher
model (bottom) utilizes the multimodal inputs and the text-latent history up to reasoning step i to form a contextual
query (qi), which selectively extracts the most relevant visual features (yellow blocks) from the helper image.
Simultaneously, the trained model (top) generates a sequence of latent representations (pink blocks) interleaved
with reasoning text. These latents are supervised via a next-step latent alignment objective that encourages them to
match the teacher-selected visual features.

struct high-quality supervision targets for the latent
segments. Given the same reasoning context as
the model being trained, the teacher processes the
helper image Ii at reasoning step i and extracts
the most relevant visual features as ground-truth
latent supervision. Meanwhile, the textual parts are
trained using standard explicit text supervision.

Momentum Teacher Model We adopt a self-
supervised strategy where the teacher is a momen-
tum model, a temporally smoothed version of the
model being trained (the student model). This de-
sign keeps the supervision signal stable and well-
aligned with the evolving representation space of
the student model. The parameters of the momen-
tum model θm are updated as an Exponential Mov-
ing Average (EMA) of the student parameters θ
with a decay factor τ : θm ← τθm + (1− τ)θ.

Candidate Visual Feature Generation The goal
of the momentum teacher model is to selectively
distill the pixel-dense helper image into a sparse set
of K feature vectors most relevant to the current
reasoning step. The teacher first encodes a helper
image Ii using its frozen vision encoder fvis to
obtain a dense pool of patch features:

Ci = fvis(Ii) = {ci,j ∈ RH}Pi
j=1, (2)

where H is the hidden dimension and Pi is the
number of patches.

However, raw patch features often suffer from
varying information density depending on the im-
age resolution. In high-resolution images, individ-
ual patches may capture only local textures rather
than semantic concepts. To address this, we intro-
duce a spatial aggregation step to adapt the feature
density. Specifically, we set a threshold L: if the
number of raw patches Pi ≥ L, we pool features
over local spatial windows to form a refined can-
didate pool C′

i; otherwise, we retain the original
fine-grained features. Formally,

C′
i =

{
GroupMean(Ci, L), if Pi ≥ L

Ci, if Pi < L
(3)

where GroupMean aggregates the Pi patch se-
quence into L semantic units, ensuring that the
subsequent selection operates on robust features
regardless of input resolution.

Teacher-Guided Selective Perceptual Modeling
The teacher model then identifies the most relevant
candidate features from C′

i as supervision. It con-
structs a context-aware query qi using the same
context as the student model, including the multi-
modal inputs and the reasoning history up to step
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i. By computing cosine similarity between qi and
each feature in C′

i, the teacher selects the top-K
features to form the supervision set Zi.

To construct the query qi, we do not apply naive
average pooling over the entire context that would
weaken critical signals. Instead, we separately pro-
cess the input text, input image, and reasoning
history, with the first two forming a global intent
vector and the last providing local reasoning con-
text. For dense input text, we apply mean pooling
over their final-layer hidden states to obtain rtxt.
For sparse input images, we compute text-guided
attention over image to selectively emphasize in-
formative regions, yielding rimg. The global intent
vector is obtained by averaging the representation
of input text and image as u = 1

2(rtxt + rimg).
To capture evolving reasoning dynamics, we in-

corporate the reasoning history up to step i by av-
eraging the final-layer hidden states of all textual
rationales from step 1 to step i as qtext

[1,i] and all latent
rationales from step 1 to step i− 1 as z̄[1,i−1]. The
final query qi is constructed by fusing the global
intent, the current textual rationale, and, when avail-
able, the previous latent state as:

qi = Average
(
u,qtext

[1,i], I[i > 1] · z̄[1,i−1]

)
. (4)

Finally, the teacher computes cosine similarities
between qi and each candidate feature in the re-
fined pool C′

i, and selects the top-K most relevant
features to form the supervision set Zi.

3.3 Two-stage Learning

We train the model using a two-stage pipeline that
progressively instills interleaved latent reasoning
capabilities using constructed supervision.

Stage 1: Interleaved Text-Latent Joint Supervi-
sion In the first stage, we enforce precise percep-
tual modeling. The teacher-selected features Zi are
used as teacher-forced inputs and supervision for
the K <|latent_pad|> tokens at reasoning step i.
The model is optimized with a joint loss: a standard
cross-entropy loss LCE for text tokens, and a latent
alignment loss that forces the student’s hidden state
ht−1 to match the teacher’s selected feature zt.

LS1 = LCE(Xtext)+

λsim ·
1∑
iK

∑

i

∑

t∈Ti

(
1− cos

(
ht−1, zt

))
,

(5)

where Ti is the indices of the latent tokens at rea-
soning step i, Xtext represents all textual tokens,
and λsim balances the two objectives.

Stage 2: Text-Only Supervision with Latent Re-
laxation In the second stage, we relax the strict
alignment constraint to allow the model to freely
explore the latent reasoning process and use la-
tent states as internal priors for subsequent tokens.
We remove the latent alignment loss and feed self-
generated hidden state as the input for the next
latent position, optimizing only the textual part.

LS2 = LCE(Xtext), (6)

4 Experiments

4.1 Experimental Setup
Datasets We evaluate ILVR under both in-
distribution (IID) and out-of-distribution (OOD)
settings. IID evaluation follows the standard splits
of COMT (Cheng et al., 2024) and VSP (Wu et al.,
2024). For OOD evaluation, models are trained on
a 10k subset of Zebra-CoT (Li et al., 2025a) span-
ning scientific, visual logic, and 3D reasoning tasks,
then evaluated on EMMA BENCH (Hao et al.,
2025), VisuLogic (Xu et al., 2025), and held-out
Zebra-CoT 2D visual reasoning tasks. The OOD
setting is characterized by task-type mismatch:
Zebra-CoT science focuses on physics and graph
problems, whereas EMMA BENCH additionally
covers mathematics, chemistry, and coding; Zebra-
CoT visual logic centers on maze- and game-like
tasks, while VisuLogic targets positional, quanti-
tative, and stylistic reasoning. Controlled com-
parisons are conducted on both Qwen2.5-VL-7B
and Qwen3-VL-8B (Bai et al., 2025a) backbones to
demonstrate generalization.

Baselines We compare ILVR against three cate-
gories of baselines: (1) Standard baselines, includ-
ing Zero-shot, direct answer fine-tuning (Direct-
FT) and CoT fine-tuning (CoT-FT). (2) Single-step
latent reasoning methods, i.e., Mirage (Yang et al.,
2025) and LVR (Li et al., 2025b). We report Mi-
rage as the representative baseline in main tables,
as LVR operates on pre-defined bounding boxes
and models only static visual states, making it in-
compatible with dynamically evolving reasoning
scenarios in our benchmarks.

We report additional experiments against LVR
on bounding-box–annotated data in Appendix A.
(3) SOTA reasoning models (OOD only) with
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Methods Paradigm COMT VSP COMT VSP
Creation Deletion Selection Update Avg. Creation Deletion Selection Update Avg.

Backbones Qwen2.5-VL-7B Qwen3-VL-8B

Standard Baselines
Zero-shot Direct Ans. 68.0 38.0 35.0 14.0 38.8 6.0 89.0 28.0 10.0 21.0 37.0 19.0
Direct-FT Direct Ans. 52.0 60.0 51.0 49.0 53.0 72.0 89.0 67.0 49.0 53.0 64.5 60.8
CoT-FT Text CoT 80.0 52.0 45.0 46.0 55.8 47.0 83.0 62.0 49.0 44.0 59.8 61.8

Latent Reasoning
Stage 1: Latent Alignment

Mirage Single-step 53.0 54.0 45.0 42.0 48.5 65.8 81.0 58.0 43.0 50.0 58.0 71.3
ILVR (Ours) Interleaved 69.0 66.0 46.0 47.0 57.0 77.3 84.0 63.0 57.0 55.0 64.8 75.0

Stage 2: Latent Relaxation
Mirage Single-step 65.0 62.0 47.0 50.0 56.0 76.0 84.0 66.0 54.0 57.0 65.3 78.3
ILVR (Ours) Interleaved 71.0 68.0 53.0 51.0 60.8 81.5 87.0 73.0 60.0 62.0 70.5 82.8

Table 1: IID performance comparison on COMT and VSP. Creation, Deletion, Selection, and Update denote
COMT subtasks. Backbone differences are explicitly indicated in the Standard Baselines header row, while latent
reasoning methods are evaluated under the same column layout. “Direct Ans.” and “Text CoT” denote direct answer
generation and text-only CoT, respectively. Bold indicates the best result. Accuracy (%) is reported.

extensive reinforcement learning (RL), including
VisionR1 (Huang et al., 2025a) and PixelRea-
soner (Su et al., 2025). We also compare against
Bagel-Zebra (Li et al., 2025a), a Bagel (Deng et al.,
2025) variant fine-tuned on the complete 180k
Zebra-CoT dataset to enhance reasoning capabil-
ities. We use official checkpoints for specialized
models and fine-tune all others on the same datasets
as ILVR with identical implementation settings for
both backbones. Notably, we omit Bagel-Zebra
from Zebra-CoT OOD evaluation because it was
trained on the full dataset, making the test set in-
distribution and unsuitable for OOD comparison.

Implementation Details. We optimize all mod-
els using AdamW with a learning rate of 1e-5, a
cosine learning-rate scheduler, and a fixed random
seed of 42. For IID tasks (COMT and VSP), train-
ing is conducted for 15 epochs. In the OOD setting,
models are fine-tuned on the 10k Zebra-CoT sub-
set for 2 epochs with a target group size L = 784
for adaptive feature grouping. Across all experi-
ments, we set the latent token size to K = 8, the
alignment weight λsim = 1, and the EMA decay to
τ = 0.999. Qwen2.5-VL-72B serves as the judge
model for open-ended evaluations.

4.2 Main Results

Table 1 reports in-distribution results on COMT
and VSP. ILVR consistently outperforms standard
baselines, including Zero-shot, Direct-FT, CoT-FT,
and the single-step latent method Mirage across
both backbones. With the Qwen2.5-VL-7B back-
bone, ILVR achieves 60.8% accuracy on COMT
and 81.5% on VSP, surpassing Mirage by 4.8% and

5.5%, respectively. When scaling to the stronger
Qwen3-VL-8B, ILVR maintains this significant ad-
vantage, reaching 70.5% on COMT (+5.2%) and
82.8% on VSP (+4.5%). These results confirm that
interleaved text–latent reasoning yields consistent
and backbone-agnostic benefits, leading to stronger
overall performance.

Table 2 shows that these gains transfer to OOD
evaluation where ILVR consistently outperforms
standard baseline and the latent method Mirage
across all benchmarks, achieving an average im-
provement of 3.2% over Mirage. ILVR also sur-
passes recent state-of-the-art multimodal reasoning
models VisionR1 and PixelReasoner despite their
use of more stochastic reinforcement learning. In
terms of average accuracy, ILVR exceeds VisionR1
by 8.0% and PixelReasoner by 5.9%. We further
compare ILVR with Bagel-Zebra trained on the full
Zebra-CoT dataset with 180k samples. ILVR is
trained on only a 10k subset yet still outperforms
Bagel-Zebra on EMMA BENCH and VisuLogic.
Results on Zebra-CoT OOD are omitted for Bagel-
Zebra, as its test split becomes in-distribution.

4.3 Ablation Study

We conduct ablations based on Stage 1 training and
OOD benchmarks to investigate the contribution
of interleaved reasoning and selective perception
in our ILVR, and analyze the impact of different
latent sizes K and the alignment weights λsim.

Interleaved & Selective Design. Table 3 shows
that replacing mean pooling with teacher-guided
selective perceptual modeling improves the overall
accuracy from 31.5% to 32.4%. Adding the inter-
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Model Paradigm EMMA BENCH VisuLogic Zebra-CoT (OOD) Total
Chem. Code Math Phys. Avg. Pos. Quant. Style Avg. Jigsaw Search Avg.

SOTA Reasoning Models (Official Checkpoints - No Task-specific Fine-tuning)
VisionR1 Reasoning 15.0 30.0 32.0 20.0 24.3 18.0 13.0 14.0 15.2 25.0 65.0 45.0 29.5
PixelReasoner Tool-use 19.0 22.0 26.0 27.0 23.5 18.0 16.0 29.0 23.4 18.0 73.0 45.5 31.6
Bagel-Zebra Unified 23.0 28.0 29.0 32.0 28.0 28.0 39.0 21.0 28.9 - - - -

Standard Baselines (Fine-tuned on Zebra-CoT 10k subset)
Zero-shot Direct Ans. 18.0 25.0 28.0 33.0 26.0 29.0 24.0 27.0 26.6 23.0 65.0 44.0 32.8
Direct-FT Direct Ans. 16.0 27.0 28.0 32.0 25.8 25.0 23.0 23.0 23.8 17.0 73.0 45.0 32.3
CoT-FT Text CoT 21.0 26.0 33.0 31.0 27.8 27.0 23.0 28.0 25.9 21.5 68.5 45.0 33.6

Latent Reasoning (Fine-tuned on Zebra-CoT 10k subset)
Stage 1: Latent Alignment

Mirage Single-step 13.0 21.0 30.0 37.0 25.3 25.0 24.0 21.0 23.4 16.0 71.0 43.5 31.5
ILVR (Ours) Interleaved 23.0 26.0 34.0 35.0 29.5 26.0 23.0 24.0 24.5 20.5 74.5 47.5 34.8

Stage 2: Latent Relaxation
Mirage Single-step 15.0 25.0 35.0 33.0 27.0 24.0 26.0 30.0 26.6 20.0 74.5 47.3 34.3
ILVR (Ours) Interleaved 31.0 35.0 34.0 33.0 33.3 27.0 30.0 31.0 29.3 22.5 73.0 47.8 37.5

Table 2: Generalization evaluation on three OOD benchmarks: EMMA BENCH, VisuLogic, and Zebra-CoT.
The table compares state-of-the-art RL-based reasoning models using official checkpoints, standard baselines
fine-tuned on Zebra-CoT (10k subset), and our ILVR. Bold indicates the best result within each column. As
Bagel-Zebra is trained on the full Zebra-CoT dataset (180k), making the Zebra-CoT test set in-distribution for this
model. We thus omit its score in the OOD Zebra-CoT column to ensure a fair comparison. Accuracy (%) is reported.

Reasoning
Paradigm

Perception
Mechanism

Accuracy

VisLog EMMA Zebra Total

Single-step Mean Pooling (Mirage) 23.4 25.3 43.5 31.5
Single-step Selective / 24.1 26.3 44.5 32.4
Interleaved Selective (ILVR) 24.5 29.5 47.5 34.8

Table 3: Ablation of interleaved paradigm and selec-
tion perception mechanism against mean pooling and
single-step setup (Mirage). Accuracy (%) is reported.

Figure 3: Impact of latent size K. Performance trends
across VisuLogic, EMMA, and Zebra-CoT, as well as
the overall average, as the number of latent tokens K
varies. λsim is fixed at 1.0. K = 8 yields the most robust
performance across benchmarks.

leaved reasoning paradigm yields further gains to
34.8%. These results suggest that selective percep-
tion improves the quality of latent supervision, and
interleaved latent updates boost performance by
explicitly modeling evolving reasoning states.

λsim
Accuracy

VisLog EMMA Zebra Total

0.1 23.4 25.8 44.0 31.8
0.5 20.0 30.5 45.8 33.3
1 (ILVR) 24.5 29.5 47.5 34.8
2 21.7 27.8 42.5 31.6
10 21.4 27.5 48.5 33.6

Table 4: Sensitivity to alignment loss weight λsim.
We report the average accuracy (%) across benchmarks.
λsim represents the relative weight of the alignment loss
relative to the text generation loss.

Latent size K. Fig. 3 reports performance under
different latent sizes K, where K = 8 yields the
best overall results. This indicates that a moderate
latent budget is sufficient to capture step-specific
perceptual evidence, while smaller K limits repre-
sentational capacity and larger K introduces redun-
dant latent content that weakens step-wise updates.
We therefore use K = 8 in all experiments.

Alignment weight λsim. Table 4 reports sensi-
tivity to λsim and shows that λsim = 1 yields the
best accuracy. Smaller values weaken latent su-
pervision and perceptual grounding, while larger
values over-constrain latent representations and hin-
der adaptation to subsequent reasoning steps. This
supports λsim = 1 as an effective trade-off between
perceptual alignment and reasoning flexibility.
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Please describe the sequence of robot 
actions from the initial state (the first image) 
to the goal state (the second image).

Step1: Move towards  
the piece of bread.

Step2: Grab the 
bread.

Step3: Move the bread 
towards pink plate.

Step4: Move away 
from the bread.

Navigate the character from a starting point to a goal 
on a grid map while avoiding obstacles like ice holes.

Step1: …Move up. Step2: …Move up. Step3: …Move up. Step4: …Move left. Step5: Move left 
and reach the goal.

Figure 4: Visualization of dynamic latent modeling. Heatmaps depict the Gaussian-smoothed aggregation of
relevant image patches for K = 8 generated latents. Top (Navigation): Latents sequentially track the character’s
planned path. Bottom (Robotic Manipulation): Visual attention shifts from the object (bread) to the target (plate)
during the task. These confirm precise alignment between generated latents and the step-wise reasoning context.
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Figure 5: Comparison of average inference time per
sample. We report the latency averaged across EMMA,
VisuLogic, and Zebra-CoT benchmarks.

4.4 Analysis

Efficiency. Fig. 5 reports the average inference
time per sample on a same NVIDIA H200 GPU,
averaged across EMMA BENCH, VisuLogic, and
Zebra-CoT OOD. ILVR achieves substantially
lower latency than competing methods, running
orders of magnitude faster (×8 ∼ ×18 speedup)
than VisionR1, PixelReasoner, and Bagel-Zebra.
The key reason is that ILVR performs multi-step
reasoning by updating compact latent states, which
bypasses repeated pixel-level processing and inter-
mediate image generation that dominate the run-
time of these baselines. These results confirm that
ILVR provides an efficient alternative to costly
long-context or tool-based reasoning methods.

Qualitative visualization. Fig. 4 visualizes
Gaussian-smoothed aggregation of relevant patches
derived from attention weights for K = 8 gener-
ated latents. In the navigation example, attention
evolves step by step with the planned actions. Early
steps focus on both the goal and nearby ice holes
to ensure safe planning, while later steps concen-
trate almost entirely on the goal once the path is
clear. In the robotic manipulation example, atten-
tion concentrates on the bread during approaching
and grasping, then shifts toward the plate during
subgoal placement, and finally moves away after
completion. This step-aligned evolution suggests
that the latents are conditioned on the evolving
reasoning context and provide subgoal-adaptive lo-
calized visual cues, which helps subsequent text
generation remain grounded in the correct regions.

5 Conclusion

In this paper, we introduce Interleaved Latent Vi-
sual Reasoning (ILVR) to unify dynamic state evo-
lution with precise perceptual modeling. Unlike
single-step methods that bypass intermediate veri-
fication, ILVR interleaves textual generation with
evolving latent representations to track reasoning
states without costly pixel-level re-encoding. Our
momentum teacher-guided selection mechanism
distills step-specific visual cues, avoiding feature
over-compression. Experiments confirm that ILVR
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significantly outperforms single-step latent meth-
ods, validating dynamic latent reasoning as a scal-
able path for multimodal intelligence.
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Limitations

Despite ILVR’s robust performance, three limita-
tions remain for future work. First, while theoreti-
cally model-agnostic, our experiments currently fo-
cus on Qwen-VL backbones; validating the frame-
work across diverse architectures and larger param-
eter scales is a necessary next step. Second, inte-
grating Reinforcement Learning (RL) to directly
optimize latent trajectories could further enhance
multi-step planning capabilities. Finally, although
attention maps provide insight, the generated latent
representations are not directly human-readable;
exploring decoding mechanisms to project these
states back into pixel space remains an open chal-
lenge for better interpretability.

Use of AI Assistants

In adherence to the ACL Publication Ethics Policy,
we did not employ AI assistants to generate the
initial draft of this paper. We used AI assistants
such as GPT-5.2 and Gemini3-Pro exclusively at
the sentence level to enhance our writing quality
and correct grammatical errors.
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A Additional Experimental Results

In this section, we provide supplementary compar-
isons to further validate the effectiveness of the
Interleaved Latent Visual Reasoning (ILVR) frame-
work.

A.1 Comparison with Latent Visual
Reasoning (LVR)

As discussed in the main paper, a direct compar-
ison with the original LVR framework (Li et al.,
2025b) on the Zebra-CoT (Li et al., 2025a) dataset
is not feasible because LVR relies on ground-truth
bounding box (BBox) annotations. To ensure a
rigorous comparison, we adopted the LVR experi-
mental protocol by training both the LVR baseline
and our ILVR model on the Visual-CoT (Shao et al.,
2024a) dataset (80k samples).

The results in Table 5 show that ILVR achieves
superior generalization, particularly on Visu-
Logic (Xu et al., 2025) (+4.5% average accuracy)
and Zebra-CoT (+0.3% average accuracy). We at-
tribute this improvement to the nature of feature
selection. While LVR relies on bounding box an-
notations to strictly localize regions deemed impor-
tant by humans, such explicit supervision may not
always align with the intrinsic features required by
the model for reasoning. In contrast, our momen-
tum teacher autonomously selects visual features
based on the current reasoning context. This sug-
gests that adaptively distilled features, which are
optimized for the model’s own latent space, provide
more effective guidance than rigid human-defined
regions, thereby leading to better performance on
unseen tasks.

Table 5: Comparison with LVR fine-tuned on Visual-
CoT. Models are evaluated on OOD benchmarks.

Model Paradigm EMMA VisLog Zebra Total

LVR Direct 24.0% 22.1% 47.0% 31.9%
ILVR (Ours) Interleaved 21.5% 26.6% 47.3% 32.6%

A.2 Comparison with Sketchpad

We further compare ILVR against Sketch-
pad (Zhang et al., 2025b). Before analyzing the
results, it is important to note a disclaimer regard-
ing the reproduction of the Sketchpad baseline. We
encountered data processing discrepancies in the
official repository, which prevented direct execu-
tion. We have resolved these issues to the best of

our ability to establish a functional baseline; how-
ever, these results should be considered tentative
and may be updated pending future fixes to the
official implementation.

Table 6 details the performance on OOD bench-
marks for models fine-tuned on the Zebra-CoT
(10k) subset. ILVR achieves a Total Average accu-
racy of 37.5%, significantly outperforming Sketch-
pad’s 33.0%. We attribute this performance advan-
tage to the superior efficacy of our teacher-guided
feature selection over Sketchpad’s alignment mech-
anism. Sketchpad operates by projecting hidden
states into the vision encoder’s space (prior to LLM
projection), forcing them to align with 256 visual
tokens derived from a resized 448× 448 helper im-
age, and subsequently projecting them back into the
LLM space to aid reasoning. This process essen-
tially enforces a rigid alignment with the overall
features of the helper image. In contrast, ILVR
employs a momentum teacher to actively select fea-
tures. Instead of aligning to the entire feature map,
our teacher dynamically identifies and distills the
specific visual cues that are most beneficial for the
current reasoning context. This selective mecha-
nism provides more precise and effective guidance
than Sketchpad’s global alignment strategy.

Table 6: Comparison with Sketchpad. ILVR results
correspond to Stage 2.

Model Paradigm EMMA VisLog Zebra Total

Sketchpad Direct 25.0% 25.9% 43.8% 33.0%
ILVR (Ours) Interleaved 33.3% 29.3% 47.8% 37.5%

B Implementation Details

B.1 Training Infrastructure & Setup

All models were trained on a cluster of 8×NVIDIA
H200 GPUs using DeepSpeed Zero-3 optimiza-
tion with Qwen2.5-VL-7B backbone. We use the
AdamW optimizer with a cosine learning rate
scheduler. To prevent overfitting on the limited
10k Zebra-CoT subset, we apply a weight decay
of 0.01 and a moderate warmup ratio. The spe-
cific hyperparameters for each stage are detailed in
Table 7.

B.2 Data Construction Pipeline

We construct the training data to support the inter-
leaved text-latent paradigm. Each data sample is
formatted as a conversation containing a user query
and a multi-step assistant response.
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Table 7: Hyperparameters for ILVR Training.

Hyperparameter Stage 1 Stage 2

Learning Rate 1× 10−5 1× 10−5

Batch Size 1 1
Gradient Accumulation 8 1
Latent Tokens (K) 8 8
Align Weight (λsim) 1.0 N/A
EMA Decay (τ ) 0.999 N/A
Epochs 15 / 2 15 / 1.5

Below is a simplified example of the data format
using a chat template structure. We highlight the
interleaved nature of the assistant’s response:

Data Sample Format (Chat Template)

[
{

"role": "user",
"content": [

{ "type": "image", "image":
"original_input.jpg" },

{ "type": "text", "text": "How many
red objects are to the left...?" }

]
},
{

"role": "assistant",
"content": [
{ "type": "text", "text": "First, I

need to locate the blue cube..." },
{ "type": "image", "image":

"crop_blue_cube.jpg" }, % Becomes <latent>
{ "type": "text", "text": "Now I

will scan the area to its left..." },
{ "type": "image", "image":

"left_region_red_filter.jpg" }, % Becomes
<latent>

{ "type": "text", "text": "I see two
red spheres. The answer is 2." }

]
}

]

C Additional Clarifications

Novelty. Existing latent visual reasoning ap-
proaches typically adopt a single-step paradigm,
where a latent representation is generated once and
remains static during reasoning. In contrast, ILVR
introduces an interleaved latent reasoning paradigm
that updates latent states at each step, enabling
dynamic state evolution. In addition, ILVR em-
ploys selective perceptual modeling to distill task-
relevant visual information, mitigating the over-
compression issue in prior methods.

Scalability of Interleaved Training. ILVR as-
sumes access to intermediate visual states (“helper
images”), which are commonly available or can
be constructed in many multimodal reasoning set-
tings. For example, sequential or embodied tasks
naturally provide intermediate observations, while
in other domains, intermediate visualizations can
be obtained through automated procedures such as
step-wise highlighting, cropping, or model-based
synthesis. Importantly, ILVR does not introduce
additional supervision requirements, but instead im-
proves the efficiency of existing interleaved reason-
ing pipelines by replacing pixel-level processing
with latent representations.

D Detailed Dataset Composition

To evaluate the robustness and versatility of our
framework, we curate a diverse suite of bench-
marks encompassing both in-distribution (IID) and
out-of-distribution (OOD) settings.

For in-distribution evaluation, we focus on fine-
grained visual perception and sequential planning
using the COMT and VSP datasets. To further
assess generalizability, we construct a strictly con-
trolled subset from the Zebra-CoT dataset as our
OOD benchmark, challenging the model with
multi-step reasoning across scientific and logic do-
mains. Table 8 provides a comprehensive summary
of the statistics and task definitions.

Table 8: Summary of Dataset Composition. Key char-
acteristics for the three primary benchmarks.

Dataset Split Key Characteristics

COMT 3.4k / 400
(IID)

Atomic Manipulation: Fine-
grained perception tasks (Creation,
Deletion, Selection, Update).

VSP 1k / 400
(IID)

Sequential Planning: Tracking vi-
sual state changes over long hori-
zons.

Zebra-CoT 10k / -
(OOD)

Complex Reasoning:
1. Science: Physics, Graphs.
2. Logic: Chess, Ciphers, Maze,
Tetris, RPM
3. 3D: Counting, Planning, Embod-
ied.

D.1 Case Studies
To illustrate the generalization capabilities of ILVR,
we present a series of inference cases using the
Qwen2.5-VL-7B backbone. For visualization pur-
poses, we represent the latent reasoning segments
with <|latent_start|><|latent_pad|><|latent_end|>.
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The tasks of the selected examples include fine-
grained perception on COMT (Selection and Dele-
tion, Fig. 6 and Fig. 7) , 2D visual search on held-
out Zebra-CoT (Fig. 8 and Fig. 9) , visual logic
reasoning on VisuLogic (Quantitative Reasoning,
Fig. 10) , and Math reasoning on EMMA (Fig. 11).
Note that ILVR effectively utilizes latent thinking
to model evolving states. For example, in the Dele-
tion and Position tasks, the generated latent rep-
resentations dynamically update to reflect the re-
moval of objects or the simulation of movement
trajectories, rather than relying on static visual fea-
tures.
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EXAMPLE1: COMT DELETION TASK

Question: The presented image features two pictures: one aligned to the left and the other 
to the right, with a vertical transparent line separating them.What is the count of 
differences between the images? option:[6, 9, 12, 15] 

Question Image

Text - Latent Interleaved Inference:

<|latent_start|><|latent_pad|><|latent_end|> First off, we crop the sections where the two images are not the 
same. <|latent_start|><|latent_pad|><|latent_end|> As illustrated in the above image, we have identified 4 
differences. Drawing from this, we continue our exploration for the differences between the two pictures, 
cropping them. <|latent_start|><|latent_pad|><|latent_end|> According to the image above, we have 
discovered 4 variations. Building on this, we carry on searching for the dissimilarities between the two 
images and crop them. <|latent_start|><|latent_pad|><|latent_end|> In accordance with the above picture, 
we have pinpointed 4 dissimilarities. Taking this into consideration, we continue our search for the 
differences between the two images, cropping them. <|latent_start|><|latent_pad|><|latent_end|> As 
indicated in the image above, we have located 3 differences. In conclusion, there are 15 differences present 
in both images.

The final answer is: 15

Figure 6: Example of COMT Deletion Task
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EXAMPLE2: COMT SELECTION TASK
Question: How many people can you identify in the image? option:[20, 30, 40, 50] 

Question Image

Text - Latent Interleaved Inference:

<|latent_start|><|latent_pad|><|latent_end|> Our initial action involves removing the faces on the left side 
of the image. <|latent_start|><|latent_pad|><|latent_end|> The above illustration illustrates our discovery of 
a total of 10 people.Taking this into consideration, we extend our examination of faces to the right in the 
image, deleting them then. <|latent_start|><|latent_pad|><|latent_end|> In the depicted image, our findings 
indicate the presence of 10 individuals.Expanding on this, we proceed to the right in the image, seeking 
faces and removing them. <|latent_start|><|latent_pad|><|latent_end|> As shown in the above image, we 
have identified a total of 10 people.Based on this premise, we advance our examination of faces to the right 
in the image, eliminating the faces identified. <|latent_start|><|latent_pad|><|latent_end|> Based on the 
visual representation above, we've pinpointed a count of 10 people.Considering this development, we 
extend our search for faces to the right side of the image, and delete the faces found. <|latent_start|><|
latent_pad|><|latent_end|> According to the illustration above, we've discovered a group of 0 individuals.In 
overview, the image showcases a grand total of 40 individuals. 
The final answer is: 40

Figure 7: Example of COMT Selection Task

29331



EXAMPLE3: ZEBRA-COT OOD 2D VISUAL SEARCH TASK1

Question: Based on the provided infographic titled \"The Battle of Gettysburg by the 
Numbers,\" how many lives were lost on the Confederate side?

Question Image

Text - Latent Interleaved Inference:

THOUGHT 0: The problem asks for the number of lives lost on the Confederate side during the Battle of 
Gettysburg. I need to analyze the given data to find this specific number.\nTHOUGHT 1: To accurately 
determine the number of lives lost, I will focus on the section of the infographic that provides the detailed 
casualty counts for both the Union and Confederate forces. This visual representation will help in clearly 
identifying the relevant figures.<|latent_start|><|latent_pad|><|latent_pad|><|latent_end|>THOUGHT 2: 
Upon reviewing the highlighted image, which is a close-up of the original, it's clear that the number of 
\"killed\" Confederates is explicitly stated as 4,708. This represents the total number of lives lost on the 
Confederate side. 
Based on the reasoning, the final answer is: 4,708

Figure 8: Example of Zebra-CoT 2D Visual Search (Task 1)
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EXAMPLE4: ZEBRA-COT OOD 2D VISUAL SEARCH TASK2

Question: Identify the company logo visible on the jet bridge in the provided airport 
image.

Question Image

Text - Latent Interleaved Inference:

THOUGHT 0: The problem asks to identify the company logo on the jet bridge shown in the image. I need 
to analyze the visual elements of the scene, focusing on the large white structure that appears to be a jet 
bridge.\nTHOUGHT 1: To clearly see the details and identify the logo, it's beneficial to have a closer view 
of the structure. I will generate an image that provides a more detailed perspective of the jet bridge.<|
latent_start|><|latent_pad|><|latent_end|>THOUGHT 2: From this closer view, the red and blue colors of 
the HSBC (Hankins, Standard, Baring) logo are distinctly visible on the side of the bridge. The letters 
\"HSBC\" are prominently displayed in red, followed by the blue cross symbol, and the tagline \"The 
world's local bank\" is written below in smaller text. 
Based on the reasoning, the final answer is: HSBC

Figure 9: Example of Zebra-CoT 2D Visual Search (Task 2)
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EXAMPLE5: VISULOGIC QUANTITATIVE REASONING
Question: Divide the six figures below into two categories, so that each category has its 
own common characteristics or patterns. The correct classification is:\n\nA: ①③④, 
②⑤⑥  \nB: ①③⑤, ②④⑥  \nC: ①②⑥, ③④⑤  \nD: ①④⑥, ②③⑤

Question Image

Text - Latent Interleaved Inference:
THOUGHT 0: The problem asks to identify the correct grouping of the six provided figures. I need to find 
which set of three figures in each option share a common characteristic or pattern.\nTHOUGHT 1: Let's 
first examine the shapes and lines within the figures to identify potential commonalities. I will isolate one 
figure to analyze its structure. <|latent_start|><|latent_pad|><|latent_end|>THOUGHT 2: The isolated 
figure (1) shows a single curved line (an arc) that connects to the straight lines at its two ends, forming part 
of the boundary. Notably, the curve does not cross the straight lines.\nTHOUGHT 3: Now, let's test option 
A by checking its figures (1, 3, 4). Figure 1 fits the description. I will examine figure 3 to see if it shares 
this "non-crossing boundary arc" pattern.<|latent_start|><|latent_pad|><|latent_end|>THOUGHT 4: As 
shown in the image, figure 3 also has an arc connected to the straight lines at its ends without crossing 
them. This matches figure 1. Now I must check the last figure in this group, figure 4.\nTHOUGHT 5: 
Figure 4 contains a complete circle positioned inside the straight lines. This is a closed curve, unlike the 
open arcs in figures 1 and 3. This does not match the identified pattern.\nTHOUGHT 6: Since figure 4 does 
not match, option A is incorrect. I will now evaluate option B (1, 3, 5). Figures 1 and 3 already matched. I 
need to check figure 5. <|latent_start|><|latent_pad|><|latent_end|>THOUGHT 7: Figure 5 contains an arc 
connected to the straight lines at its ends, and it is not crossed by any line. This matches the pattern found 
in figures 1 and 3.\nTHOUGHT 8: Since {1, 3, 5} form a consistent group, I should briefly check the other 
group in option B, {2, 4, 6}. In figure 2, the line crosses the curve. In figure 6, the line crosses the curve. In 
figure 4, the curve is closed/detached. They differ from the first group. <|latent_start|><|latent_pad|><|
latent_end|> THOUGHT 9: This supports Option B. To be sure, I will check option C (1, 2, 6). Figure 1 
matches. Let's examine figure 2.\nTHOUGHT 10: Figure 2 contains an oval that is crossed/intersected by a 
straight line. This fundamental structural difference means it does not match the "non-crossing" pattern of 
figure 1.\nTHOUGHT 11: Option C is incorrect because figure 2 does not match. Finally, I will check 
option D (1, 4, 6). Figure 1 matches. I will examine figure 4. <|latent_start|><|latent_pad|><|latent_end|> 
THOUGHT 12: As noted before, figure 4 contains a circle (a closed curve), which does not match the open 
arc pattern of figure 1.\nTHOUGHT 13: Option D is incorrect because figure 4 does not match. After 
evaluating all options, only option B's first group {1, 3, 5} consistently shares the specific visual 
characteristic.\nTHOUGHT 14: The characteristic is that the curve is an arc acting as a boundary connected 
at its ends, without being crossed by straight lines. The other figures {2, 4, 6} either have crossing lines or 
closed curves. <|latent_start|><|latent_pad|><|latent_end|> THOUGHT 15: Therefore, the correct 
classification groups the figures into {1, 3, 5} and {2, 4, 6}.\nTHOUGHT 16: I have verified that {1, 3, 5} 
are all non-crossing boundary arcs, and {2, 4, 6} are not (they are crossed or closed).\nTHOUGHT 17: This 
confirms that Option B is the only valid classification.\nTHOUGHT 18: No other option provides a 
consistent grouping based on the structural relationship between the curve and the straight lines.
\nTHOUGHT 19: The logic holds up under scrutiny.  
Based on the reasoning, the final answer is: B

Figure 10: Example of VisuLogic Quantitative Reasoning
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EXAMPLE6: EMMA BENCH MATH REASONING

Question: A road leads away from each of the six houses (see diagram). A hexagon 
showing the roads in the middle is however, missing. Which hexagons fit in the middle 
so\n<image_1>that one can travel from $A$ to $B$ and to $E$, but not to $D$?

Question Image

Text - Latent Interleaved Inference:

THOUGHT 0: The problem asks us to find which set of hexagons allows us to travel from house A to B 
and E, but not D. We need to analyze the given options. THOUGHT 1: Let's first consider option A, which 
consists of two specific hexagons. We will visualize these two hexagons together to see if they form a valid 
path. <|latent_start|><|latent_pad|><|latent_end|> THOUGHT 2: The visual representation shows that 
hexagon 2 in option A fails to connect to house A at all. This path is invalid. THOUGHT 3: Next, let's 
examine option B, which also contains two hexagons. We will visualize this combination to check its 
connectivity. <|latent_start|><|latent_pad|><|latent_end|> THOUGHT 4: The visualization for option B 
clearly shows that hexagon 4 connects A, B, and E, but it also includes D. This means we can reach D, 
which is not allowed by the problem statement. Therefore, option B is incorrect. THOUGHT 5: Now, let's 
look at option C, which has two hexagons. We will generate an image to test its validity. <|latent_start|><|
latent_pad|><|latent_end|> THOUGHT 6: The image for option C demonstrates that both hexagons 1 and 5 
allow us to travel from A to B and E, but crucially, neither includes the path to D. This matches the 
problem's criteria. THOUGHT 7: Let's proceed to evaluate option D, which contains two hexagons. We 
will visualize the path formed by these two shapes. <|latent_start|><|latent_pad|><|latent_end|> THOUGHT 
8: The visual thought for option D shows that while it connects other houses, it fails to connect to house A. 
Thus, option D is not a valid solution. THOUGHT 9: Finally, let's analyze option E, which also consists of 
two hexagons. We will visualize their combined effect. <|latent_start|><|latent_pad|><|latent_end|> 
THOUGHT 10: The image for option E shows that hexagon 4 connects to D, which violates the condition. 
Thus, option E is incorrect. THOUGHT 11: Comparing the valid options, we can see that only option C 
allows reaching B and E without reaching D. Options A, B, D, and E all fail due to bad connections or 
forbidden paths. 
Based on the reasoning, the final answer is: C

"options": ["1 and 2","1 and 4","1 and 5","2 and 3","4 and 5"]

Figure 11: Example of EMMA Bench Math Reasoning

29335


