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ABSTRACT

Vision-language models (VLMs) excel at multimodal understanding, yet their
text-only decoding forces them to verbalize visual reasoning, limiting performance
on tasks that demand visual imagination. Recent attempts train VLMs to render
explicit images, but the heavy image-generation pre-training often hinders the
reasoning ability. Inspired by the way humans reason with mental imagery—the
internal construction and manipulation of visual cues—we investigate whether
VLMs can reason through interleaved multimodal trajectories without producing
explicit images. To this end, we present a Machine Mental Imagery framework,
dubbed as Mirage, which augments VLM decoding with latent visual tokens
alongside ordinary text. Concretely, whenever the model chooses to “think visu-
ally”, it recasts its hidden states as next tokens, thereby continuing a multimodal
trajectory without generating pixel-level images. Begin by supervising the latent
tokens through distillation from ground-truth image embeddings, we then switch to
text-only supervision to make the latent trajectory align tightly with the task objec-
tive. A subsequent reinforcement learning stage further enhances the multimodal
reasoning capability. Experiments on diverse benchmarks demonstrate that Mirage
unlocks stronger multimodal reasoning without explicit image generation.

1 INTRODUCTION

Vision–language models (VLMs) jointly encode images and text and attain impressive results on
visual tasks through text-only decoding (Wang et al., 2024). Techniques such as chain-of-thought
prompting and reinforcement-learning can lengthen these textual reasoning traces and yield extra
gains. Nonetheless, VLMs still stumble on multimodal reasoning tasks such as spatial reasoning,
which require active understanding and manipulation of visual elements beyond passive perception.

Consider the jigsaw puzzle in Fig. 1. Instead of textualizing every candidate piece, people picture how
the two fragments might align and decide on the correct match. This reasoning unfolds in a native
multimodal fashion, not through language alone. Recent studies (Team, 2024; Tong et al., 2024;
Chern et al., 2024; Chen et al., 2025a) have pre-trained VLMs for large-scale image generation so a
single model can produce both words and pictures. Yet the cognitive demands of logical reasoning
differ sharply from the task of synthesizing pixels, and asking one model to master both goals
often degrades its reasoning quality (Wang et al., 2025a). In addition, the image decoders cannot
produce interleaved trajectories pertinent to input images. Consequently, fully exploiting the dormant
multimodal reasoning capacity of VLMs remains an open challenge.

According to imagery theory, humans do not summon photorealistic pictures while thinking. We
instead construct and manipulate mental images, simplified sketches that capture only task-relevant
information, a process known as mental imagery (Shepard & Metzler, 1971; Kosslyn, 1996). In the
jigsaw example, we examine fragment contours to decide whether two pieces fit. Likewise, when
searching for misplaced keys, we recall the shelf rather than the full room. Inspired by this behavior,
we ask whether VLMs can reason directly in their latent visual embedding space, weaving compact
visual embeddings into the text stream and dispensing with the need for explicit image generation.

To this end, we present Mirage, a decoding mechanism that interleaves latent visual representations
among text tokens. Prior studies have shown that LLMs can reason directly within the latent space.
Building upon this insight, in our framework, when the model chooses to reason visually by producing
a special token, it then reuses its current hidden state as a compact visual embedding and appends it to
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Devise an action plan that 
enables a player to reach 
the goal.

I started by moving upward 
to avoid the obstacles 
directly in front. 
<latent> 
<latent> 
<latent>
<latent>
Then, …, until I reached 
the treasure. 
{U, R, U, R, R, R, D, D}

{R, D, R, R, U, R}

Which image is the missing 
part in the first image?

The missing part completes 
the coffee beans. Imagine 
the second image.
<latent> 
<latent> 
<latent>
<latent>

{The third image}

It aligns well with the 
STARBUCKS banner above.
{The second image}

From someone at the x 
marked point and facing 
90 degrees to the left,

Imagine facing 90 degrees 
to the left from the 
marked point.
<latent> 
<latent> 
<latent>
<latent>

{Left}

The surfer will be to 
their right.
{Right}

GPT-4o GPT-4o GPT-4o

Ours Latent Reasoning Ours Latent Reasoning Ours Latent Reasoning

Spatial Planning Jigsaw SAT

will the 
surfer be 
to the 
left or 
right?

Figure 1: Multimodal Reasoning Examples. Mirage interleaves latent visual tokens, which
represent compact imagery visual features, with explicit text tokens to solve diverse spatial reasoning
multimodal tasks, boosting the reasoning performance without the full pixel-level image generation.

the context, skipping the language projection. These internal embeddings furnish focused visual cues
for later reasoning steps. As shown in Fig. 1, Mirage yields a chain-of-thought trajectory without any
external image decoder.
As illustrated in Fig. 2, we adopt a two-stage fine-tuning paradigm to equip the model with interleaved
reasoning. In the first stage, with annotated interleaving trajectories, we supervise both modalities:
the model predicts the next word while reconstructing a compact latent visual vector obtained from
compressed image embeddings. This dual objective anchors the latent tokens in the visual subspace
and teaches the model to weave visual cues into its output.

The second stage removes direct supervision on the latent vectors and optimizes only the text
tokens, letting the model treat its autoregressively generated latent embeddings as priors that guide
subsequent word generation. This relaxation yields a more flexible interleave reasoning trajectory
without forcing the latent channel to match any predetermined embedding. After these two stages,
we apply reinforcement learning to further boost the reasoning performance.

Extensive experiments and superior performance across multiple benchmarks demonstrate that our
proposed Mirage significantly enhances the reasoning ability of VLMs compared with text-only
decoding. More concretely, our contributions are threefold,

• We introduce Mirage, which enables VLMs to generate interleaved reasoning trajectories
that mix latent visual tokens with ordinary text, without relying on external visual decoders.

• Our two-stage training paradigm empowers VLMs to produce stable yet flexible interleaved
reasoning and shows that reinforcement learning can further boost performance.

• Mirage achieves consistent gains across diverse multimodal reasoning benchmarks. Further
analysis reveals that the latent tokens embody meaningful visual cues, underscoring the
potential to unlock deeper multimodal reasoning capabilities in VLMs.

2 RELATED WORK

2.1 MULTIMODAL CHAIN-OF-THOUGHT

Chain-of-Thought (CoT) prompting was first shown to elicit step-by-step reasoning in LLMs (Feng
et al., 2023; Zhang et al., 2024a; Wei et al., 2023). Recent extensions of CoT to multimodal settings
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Vision Language Models

[Question] [Image] [Thoughts] [Image] [Answer]

<text> <text><latent>

text token image embedding latent embedding

Stage 1 [Thoughts] [Answer][latent]

Vision Language Models

[Question] [Image] [Thoughts] [latent] [Answer]

Stage 2 [Thoughts] [Answer][latent]

CE loss generateL2 loss

Figure 2: Pipeline of Mirage Framework. Stage 1 jointly supervises text and latent visual tokens,
grounding the latter in the visual subspace; Stage 2 drops the latent supervision, anchoring the
grounded latent tokens for subsequent text generation.

embed visual evidence directly into the reasoning trajectory. ICoT (Zhang et al., 2024b) interleaves
attention-selected image crops with text tokens, yielding significant VQA gains, while Visual CoT
(Shao et al., 2024a) supplies bounding-box rationales to train VLMs that emit explicit visual tokens.
Recent works (Hu et al., 2024; Zhou et al., 2024; Yang et al., 2025c; Gao et al., 2024; Wu et al., 2025;
Chern et al., 2025; Fang et al., 2025; Cheng et al., 2025a; Su et al., 2025b; Chen et al., 2025b) further
leverage external tools to supply visual cues that enrich multimodal CoT reasoning..

Recent works (Chen et al., 2025a; Wang et al., 2025a) like Chameleon (Team, 2025; Chern et al.,
2024) trains a unified token-based model that can emit arbitrary sequences of text and image tokens,
but at the cost of large-scale pixel-level supervision and heavier decoding. In the VLM domain,
multi-modal reasoning is a promising direction Zhang et al. (2025); Sarch et al. (2025); Xu et al.
(2025); Wang et al. (2025b); Chen et al. (2025c); Lee et al. (2025); Zhan et al. (2025); Zheng et al.
(2025); Pham & Ngo (2025). Multimodal-CoT Zhang et al. (2023) aligns text and image features
to generate auxiliary images that enhance reasoning. MVoT Li et al. (2025a) urther trains a unified
model to directly produce image and text interleaving trajectories, but absent of reasoning thoughts.
Aurora Bigverdi et al. (2025) introduces an image de-tokenizer to explicitly generate perception
tokens, thereby supporting multimodal perception. MMaDA Yang et al. (2025a) adopts a diffusion-
based VLM to enable coherent reasoning and generation across modalities. In contrast, our Mirage
framework differs by emitting compact latent visual tokens rather than real image patches or pixels,
avoiding heavy image generation while still allowing fully interleaved visual–text reasoning.

2.2 LATENT REASONING IN LLMS

Much recent work has highlighted the importance of intermediate hidden representations in LLMs (Bi-
ran et al., 2024; Yang et al., 2024a). To better guide the latent reasoning process, several ap-
proaches Wang et al. (2023); Goyal et al. (2023) introduce specialized tokens into the input sequence.

Another line of work Tan et al. (2025); Geiping et al. (2025); Shen et al. (2025b); Zhu et al. (2025b);
Tang et al. (2025); Su et al. (2025a); Shi et al. (2025); Ruan et al. (2025) seeks to internalize reasoning
behavior by distilling chain-of-thought rationales into latent representations. Deng et al. (2023)
trains models to mimic CoT-style reasoning implicitly through hidden states, and (Deng et al.,
2024) further improves inference efficiency by removing explicit intermediate steps altogether. Yu
et al. (2024) proposes to distill latent reasoning capabilities into a model by supervising it with data
generated for complex reasoning. More recently, Hao et al. (2024) go further by replacing CoT
tokens with continuous latent embeddings, enabling unconstrained reasoning in the latent space to
explore on complex tasks including math and logical reasoning. While prior work primarily focuses
on enhancing efficiency or structural planning within the LLM’s latent space, our approach takes a
different perspective: we treat latent tokens as a bridge for exploring visual information.

3 MULTIMODAL REASONING WITH LATENT VISUAL TOKENS

Inspired by the cognitive process of mental imagery, we introduce Mirage, a framework that lets
VLMs reason in interleaved multimodal trajectories. In contrast to prior unified models that integrate
an external image decoder and pre-train on large-scale image generation, our method generates
compact latent embeddings that serve as visual tokens. By sidestepping image generation, the model
can devote its capacity to reasoning, producing only the essential visual cues and thereby echoing the
concise, sketch-like representations humans employ during reasoning.

3
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Query 𝒙

Answer 𝒚

Input Images 𝑰𝒊𝒏𝒑𝒖𝒕

Arrow Annotation
…

Video Generation

Task-specific Tools
Helper Image 𝑰

VLM 𝑴𝒓

Textual Thoughts
𝑶 = 𝑶𝒑𝒓𝒆⨁𝑶𝒑𝒐𝒔𝒕

Synthesized Trajectory 
𝒙, 𝑰𝒊𝒏𝒑𝒖𝒕, 𝑶𝒑𝒓𝒆, 𝑰, 𝑶𝒑𝒐𝒔𝒕, 𝒚

Figure 3: Data-generation Pipeline. For each question–answer pair, we first create a helper image
with task-specific tools (here, annotate the map with arrows), then prompt a VLM to produce textual
reasoning that embeds this image. The text and helper image together form the synthetic multimodal
trajectory used for training.

In this section, we first explain how we synthesize informative multimodal reasoning data (Sec. 3.1).
Next, we introduce our first joint supervision training stage in Sec. 3.2. Finally, we explain the second
stage, which applies text-only supervision while relaxing the latent constraints (Sec. 3.3).

3.1 DATA GENERATION

Consider the multimodal reasoning task where the VLMs need to generate responses y to the input
that consists of one or more images and a textual query. For simplicity, we denote the input that
contains both image and text as x. Given VLMs naturally generating text tokens only, they require
additional supervised fine-tuning to learn an interleaved reasoning pattern. We therefore begin
by synthesizing a training corpus that pairs each input x with a task-specific helper image I (See
Fig. 3). For example, in the navigation task, the helper image can be generated by taking the ground
truth action list and manually drawing the corresponding path on the starting map with red arrows.
Similarly, for the jigsaw task, we can concatenate the candidate fragments to form a composite image
that captures the relationship among pieces. More details on the image generation procedures for
different tasks can be found in the supplementary materials. In general, we obtain a help image that
delivers precisely the visual cues needed to supervise latent reasoning.

With the helper image I prepared, we next synthesize a reasoning chain where the LLM incorporates
the helper image to generate the final solution. Specifically, we first feed a large reasoning VLM
M with the original input x, the ground-truth answer y, and the helper image I and prompt it to
generate a step-by-step reasoning that incorporates the helper image. For example, the prompt can
be Generate a step-by-step reasoning that leads to the ground-truth
answer while properly incorporating the helper image in reasoning.
Denote the model response as

o = M (x,y, I) .

Here o is a step-by-step reasoning with the helper image embedded in the reasoning process. Since
the helper image is embedded in the reasoning chain, it splits the reasoning chain into two parts.
Without loss of generality, we represent o = opre⊕I⊕opost, where ⊕ is the concatenation operation,
opre is the reasoning chain before the helper image while opost is the reasoning chain after the helper
image. By prompt the large reasoning VLM with different inputs, we can thus collect a training
dataset D = {x(i), I(i),o(i),y(i)}Ni=1, where each o(i) is a synthesized reasoning chain with text and
image interleaved.

3.2 JOINT SUPERVISION FOR LATENT GROUNDING

To teach the model an interleaved style of reasoning, one naive solution is to directly train a VLM
on the data collected above. However, the effectiveness can be negatively affected by the model’s
limited capability of synthesizing helper images. Therefore, we propose a novel training strategy:
pass the helper images to the VLM first to convert the helper images in the synthetic training data
into patch-level features; then fine-tune the VLM to output such features as latent reasoning tokens,
thus eliminating the need to generate helper images by the VLM.

Specifically, for each training example (x, I,o,y) ∈ D, we pass the helper image I through the VLM
fθ(·) with parameter θ to obtain its patch-level features {e1, . . . ,en} = fθ(I). Rather than asking
the model to reproduce every patch, we mimic human mental imagery by compressing these features
into k salient vectors, {ê1, . . . , êk} = Compress

(
{e1, . . . ,en}

)
, that retain only task-critical visual

cues. In this work, we realize Compress(·) with simple average pooling over the original patch
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features, a lightweight yet surprisingly effective strategy that supplies a concise visual summary for
supervision. We then train our model to (1) generate the response opre conditioned on the input x,
(2) generate the latent tokens {ê1, . . . , êk} conditioned on x and opre, where the last layer hidden
states at corresponding positions will be regarded as the generated latent tokens, and (3) generate the
response opost conditioned on the proceeding content.

For the training objective for latent token generation, we adopt the cosine similarity between the last
layer hidden states of the model and the target latent tokens:

Lvisual = ℓcos

(
êj , gθ

(
opre, ê1:j−1

))
, (1)

where gθ
(
opre, ê1:j−1

)
denotes the model’s prediction for the j-th latent token conditioned on the

preceding context. This loss grounds the latent tokens firmly in the visual representation space.

Meanwhile, we train the surrounding textual tokens using the standard cross-entropy loss for next
token prediction. For the left segment opre the model conditions only on earlier words, whereas for
the right segment opost it also attends to the k compressed visual embeddings.

Ltext =

|opre|∑
i=1

ℓCE

(
opre,i, fθ(x,opre,<i)

)
+

|opost|∑
i=1

ℓCE

(
opost,i, fθ(x,opre, {êj}k1 ,opost,<i

)
. (2)

Here fθ(x) denotes the next token prediction probability conditioned on the input and {êj}k1 is the
set of the ground-truth latent tokens. The overall training objective in this stage combines this term
with the visual-alignment loss L1 = Lvisual + γLtext, where the γ is the loss coefficient, thereby
anchoring the latent tokens in visual space while teaching the model to weave them naturally into its
textual thoughts.

3.3 TEXT-ONLY SUPERVISION WITH LATENT RELAXATION

The first stage grounds the latent tokens by forcing the model to reconstruct the compressed image
embeddings. Although effective for visual alignment, this can over-constrain the model, diverting
capacity from its primary goal of answering the question correctly, degrading the reasoning per-
formance. Therefore, in the second stage, we remove the cosine loss altogether and keep only the
cross-entropy loss over text tokens.

Although the latent tokens no longer carry an explicit loss, we still anchor them so that they meaning-
fully guide the following thoughts. For each training instance, the model autoregressively produces
its own latent tokens {ei}ki=1, with

ej = fθ
(
x,opre, e<j

)
. (3)

These self-generated embeddings replace the compressed image vectors used in Stage 1 and serve as
priors for the tokens that follow the image placeholder. Therefore, the training objective becomes

Ltext =

|opre|∑
i=1

ℓCE

(
opre,i, fθ(x,opre,<i)

)
+

|opost|∑
i=1

ℓCE

(
opost,i, fθ(x,opre, {ej}k1 ,opost,<i

)
. (4)

Due to the continuous property of {ei}ki=1, these self-generated latent tokens are fully differentiable.
Since the next token prediction of opost is a function of the latent tokens, the gradient can be
propagated to these latent tokens when minimizing the above loss on the textual tokens. This allows
us to optimize the generation of the latent tokens within the learned visual subspace, acting as flexible
priors that guide subsequent text generation and yield a more adaptive, task-focused reasoning.

The overall framework of our two-stage pipeline is shown in Fig. 2. Two stages jointly endow VLMs
with the ability to generate interleaved multimodal reasoning with latent visual tokens. Empirical
results in Sec. 4.2 further validate the effectiveness of our latent reasoning over text-only decoding.

3.4 REINFORCEMENT LEARNING

After the two supervised fine-tuning stages, the model has already learned to reason using both
interleaved text and latent tokens. Here, we further explore whether the model’s performance can be
improved using reinforcement learning (RL), inspired by recent long-CoT language models (Xie et al.,
2025; Shen et al., 2025a). Specifically, we adopt group relative policy optimization (GRPO) (Shao
et al., 2024b) for RL training. For each input query in the training set, we sample multiple responses
from the model. During RL, we explicitly optimize the probabilities of textual tokens while allowing
gradients to flow through the latent tokens. Following LMM-R1 (Peng et al., 2025), we adopt two
types of rewards: accuracy and format. We consider both accuracy and format rewards. More
implementation details are provided in Appx D.1.
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Table 1: Results on Visual-Spatial Planning (VSP) tasks. Mirage outperforms text-only baselines
and achieves superior performance compared to interleave reasoning models.

VSP Spatial Reasoning Spatial Planning
Level 3 Level 4 Level 5 Level 6 Avg. Level 3 Level 4 Level 5 Level 6 Avg.

Zero-Shot 0.32 0.23 0.40 0.32 0.32 0.10 0.08 0.05 0.01 0.06
Direct SFT 0.83 0.81 0.85 0.86 0.83 0.88 0.81 0.73 0.47 0.72
CoT SFT 0.88 0.86 0.80 0.83 0.84 0.68 0.53 0.35 0.31 0.47
GRPO 0.54 0.49 0.76 0.67 0.62 0.42 0.35 0.26 0.08 0.28
CoT SFT + GRPO 0.89 0.85 0.84 0.80 0.85 0.65 0.58 0.43 0.38 0.51

Anole 0.46 0.51 0.49 0.63 0.52 0.02 0.01 0.00 0.00 0.01
MVoT 0.53 0.64 0.67 0.59 0.61 0.21 0.11 0.08 0.03 0.11
Aurora 0.64 0.78 0.71 0.71 0.71 0.26 0.11 0.11 0.04 0.13

Ours (Direct) 0.86 0.84 0.88 0.87 0.86 0.93 0.83 0.76 0.51 0.76
Ours (CoT) 0.87 0.92 0.86 0.84 0.87 0.75 0.63 0.53 0.39 0.58
+ w/ GRPO 0.92 0.90 0.86 0.88 0.89 0.78 0.65 0.52 0.43 0.60

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS

Benchmarks. We evaluate our approach on four different benchmarks. VSP (Wu et al., 2024)
measures spatial planning in a simulated maze-navigation environment. In addition to its main task,
we adopt its spatial reasoning subtask, which asks the model to predict the outcome of a prescribed
action sequence. BLINK-Jigsaw (Fu et al., 2024) systematically evaluates the capacity of multimodal
large language models to extrapolate global structural and semantic information from incomplete
visual inputs, thereby assessing their reasoning about spatial organization and maintaining perceptual
coherence. SAT (Ray et al., 2024) evaluates both static and dynamic spatial relations. Additionally,
we include the Mathematical Geometry subset of the recent COMT-Geometry (Cheng et al., 2025b)
to assess formal spatial reasoning in mathematical contexts. Details are provided in Appx C.

Data Synthesis. For each task, we sample 1k training instances for fine-tuning and 2k instances
for reinforcement learning. COMT provides interleaved multimodal reasoning trajectories, which
we directly use as both helper images and reasoning supervision. For the other benchmarks, we
synthesize data following the procedure outlined in Sec. 3.1. For VSP, the helper image is either
the start map annotated with the red-arrow path or the agent’s current state snapshot. In Jigsaw, we
concatenate one candidate patch beside the reference image. For SAT, following MindJourney Yang
et al. (2025b), we prompt fine-tuned CogVideoX-5B (Yang et al., 2024b) to render a scene that
matches the textual description. Full synthesis details are provided in Appx C.

Baseline Models. First, we fine-tune the model directly with answer labels and evaluate zero-shot
reinforcement learning without any supervised warm-up. Next, using synthetic data, we perform
CoT fine-tuning (CoT SFT) and then add reinforcement learning. In addition, we benchmark against
a unified model Anole (Chern et al., 2024), training with the same multimodal supervision, and
MVoT (Li et al., 2025a), which generates action and state images. We also compare against reasoning
models that interleave either generated or processed images into reasoning trajectories, including
Aurora Bigverdi et al. (2025), ViGoRL Sarch et al. (2025), MindJourney Yang et al. (2025b), and
MINT-CoT Chen et al. (2025b). For more baseline details, please refer to Appx D.2.

Implementation Details. Unless stated otherwise, we use Qwen2.5-VL 7B as the base model,
and we use a latent token size of k = 4 and a loss coefficient of γ = 0.1. The random seed is fixed at
42 to ensure reproducibility. For more implementation details, please refer to Appx D.1.

4.2 EXPERIMENTAL RESULTS

We first evaluate the effectiveness of our method on the VSP benchmark. The results are shown
in Tab. 1. First, adding latent visual tokens to the reasoning process significantly improves the
reasoning capability of VLMs compared to text-only baselines. Compared to directly fine-tuning the
VLM with the synthesized data, our method achieves 3% higher accuracy on the spatial reasoning
task and 11% on the spatial planning task. Also, Mirage improves the CoT SFT + GRPO, by 2%
and 7%, respectively, demonstrating the effectiveness of our two-stage training method. Moreover,
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Table 2: Experimental Results with Qwen2.5-VL 3B on Jigsaw and SAT tasks. For each baseline,
we report the best performance across zero-shot and fine-tuning settings, with and without CoT.
Baseline implementations are described in Sec. D.2, and detailed results are provided in Sec. E.1.

Method Jigsaw SAT Synthetic SAT Real
GoalAim ObjM Avg.

Zero-Shot 0.45 0.50 0.38 0.44 0.51
Direct SFT 0.80 0.82 0.83 0.83 0.55
CoT SFT 0.59 0.73 0.88 0.71 0.54
GRPO 0.54 0.78 0.80 0.79 0.54
SFT + GRPO 0.72 0.82 0.85 0.84 0.52

ViGoRL 0.56 0.75 0.58 0.67 0.59
MindJourney - 0.84 0.62 0.73 0.57

Ours 0.85 0.85 0.93 0.89 0.64

reinforcement learning can further improve the performance of our method. By weaving latent visual
tokens within the text trajectories, instead of placing them at the start, our model can naturally explore
diverse sequences. After optimizing with GRPO, Mirage achieves extra gains (+2% accuracy) on
VSP tasks. These results further confirm that interleaved latent cues provide informative guidance
with flexible reasoning, highlighting the potential of our framework.

Additionally, baselines such as Aurora and Anole, despite explicitly generating image tokens, perform
poorly on interleaved text–image reasoning. After fine-tuning on the same data, they reach only 71%
accuracy on the spatial reasoning task and 13% on the spatial planning task. We attribute this to the
overhead of explicit image generation. Aurora produces fixed image tokens per image, hindering
reasoning performance. Notably, Anole struggles to even generate valid answers for the spatial
planning task post fine-tuning. Following Li et al. (2025a), we construct interleaved trajectories
by combining textual thoughts with simulated state images. Our reproduced results are lower than
those reported in their paper, likely due to training data differences. To ensure a fair comparison, we
reproduce MVoT results using same data as used in our framework. Nonetheless, our model still
outperforms their reported results, highlighting the advantage of our latent design.

Table 3: Results on COMT.

Method COMT

Zero-Shot 0.63
Direct SFT 0.71
CoT SFT 0.74
GRPO 0.69
SFT + GRPO 0.72

R1-VL 0.69
MINT-CoT 0.72

Ours 0.77

We also evaluate our model on COMT tasks in Tab. 3. Mirage
achieves about 5% accuracy than best baselines. Furthermore,
we report results on Jigsaw and SAT tasks in Tab. 2 using the
Qwen2.5-VL 3B, showing that Mirage transfers effectively to
smaller models, with performance improvements consistent with
7B models. Across both benchmarks, our model outperforms all
relevant text and image interleaved reasoning baselines, including
MINT-CoT, which is explicitly trained on large-scale math data, and
ViGoRL, which is trained on large-scale spatial reasoning data. Con-
sistent improvements underscore that interleaving compact visual
cues consistently strengthens reasoning ability. More detailed results
are provided in Appx E.1.

We notice that on VSP spatial planning task, fine-tuning with synthesized reasoning thoughts performs
significantly worse than training directly on answer labels, both with and without our latent design.
Two factors likely contribute to this outcome. First, as noted in prior work (Li et al., 2025b), certain
visual tasks that rely heavily on perception may not benefit from explicit reasoning during fine-tuning.
Second, the synthesized thoughts are generated by Qwen2.5-VL-32B; although generally sound,
they are not flawless, and any imperfections propagate into the base model. Likely, in SAT, the
helper images are produced by a video generation model without ground-truth annotations, which
can introduce further noise to the latent prior. Despite these challenges, our latent reasoning pipeline
still closes much of the performance gap, highlighting its practical robustness.

4.3 ABLATION STUDY

In this section, we first conduct an ablation study to evaluate the influence of the two stages of our
framework. Tab. 4 reports the effect of removing each phase. Training with only the first phase,

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2026

Level 3 Level 4 Level 5 Level 6 Level 3 Level 4 Level 5 Level 6

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct

1.0

0.8

0.6

0.4

0.2

1.0

0.8

0.6

0.4

0.2

(a) VSP Spatial Reasoning

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
1.0

0.8

0.6

0.4

0.2

1.0

0.8

0.6

0.4

0.2

Level 3 Level 4 Level 5 Level 6 Level 3 Level 4 Level 5 Level 6

(b) VSP Spatial Planning

Zero-shot results SFT results Results w/ helper images Results w/o helper images 

Figure 4: Performance with Helper Images as Input Priors. We evaluate model accuracy using
synthesized helper images under both zero-shot and fine-tuned settings. The results highlight the
informativeness of the generated images and confirm their high data quality.

which jointly supervises text and latent visual tokens, anchors the latent embeddings but leaves them
constrained and lowers performance, similar to the plight of unified models.

Table 4: Ablation study of training stages
on VSP Spatial Planning. Both stages
jointly improve reasoning performance.

VSP Spatial Planning
Method 3 4 5 6 Avg.

Ours 0.75 0.63 0.53 0.39 0.58
− w/o Stage 1 0.69 0.58 0.46 0.36 0.52
− w/o Stage 2 0.38 0.19 0.16 0.09 0.21

Training with only the second stage, which relies on
text loss alone while letting latent tokens evolve freely,
performs slightly better the text-only baseline. With-
out the grounding supplied by the first stage, the latent
vectors drift into regions of the multimodal embedding
space that do not aid reasoning. This outcome con-
trasts with findings on LLMs in Coconut (Hao et al.,
2024), where unsupervised latent vectors can benefit
subsequent reasoning. The difference indicates that
visual and textual subspaces in VLMs remain hetero-
geneous enough that a grounding phase is effective. This confirms that the first stage aligns latent
tokens with visual features, the second stage allows them to adapt, and both steps are necessary.

Table 5: Ablation study of latent size k and loss
coefficient γ on VSP Spatial Reasoning. The
pipeline remains robust across hyperparameters.

k γ
VSP Spatial Reasoning

3 4 5 6 Avg.

2 0.1 0.85 0.86 0.89 0.93 0.86
4 0.1 0.87 0.92 0.86 0.84 0.87
6 0.1 0.85 0.90 0.91 0.87 0.88
8 0.1 0.77 0.77 0.74 0.70 0.75
4 0.5 0.84 0.91 0.84 0.78 0.84
4 1.0 0.77 0.85 0.85 0.87 0.83

To delve deeper into the robustness of our frame-
work, we investigate the influence of hyperpa-
rameters: latent token size k and the multimodal
loss coefficient γ. As Tab. 5 shows, adjusting
the loss coefficient γ has a moderate effect. A
larger γ weights the latent-alignment loss less
in the first stage. When γ approaches infinity,
the first stage becomes equivalent to skipping
visual supervision entirely, in other words, the
second stage. This gives a poor initialization for
subsequent training. Even so, after the second
stage, each γ tested still obtains over 80% accu-
racy, which attests to the overall robustness of
the framework. Additionally, we observe that varying the latent size k from 2 to 6 yields consistently
strong performance, with k = 6 showing a slight improvement—highlighting the resilience of our
latent design. However, increasing k to 8 results in a significant performance drop around 13%, likely
due to error accumulation in longer latent sequences under autoregressive non-decoding generation.
These observations are consistent with prior findings that optimal latent reasoning performance in
LLMs typically occurs with fewer than 6 latent tokens (Hao et al., 2024).

5 ANALYSIS

Synthesized Data Quality. Data quality plays a critical role in model performance. In this section,
we investigate whether the helper images generated by various tools are genuinely informative for
VLM reasoning. For the two VSP tasks, we supply the helper image as prior input and evaluate model
performance in both zero-shot and fine-tuned settings. As shown in Fig. 4, providing the helper image
leads both models to achieve nearly 100% accuracy on both tasks. Even in the zero-shot setting, we
observe substantial performance gains on the spatial reasoning task. However, improvements on the
spatial planning task are limited to simpler map layouts in the zero-shot setting. We attribute this to
the inherent difficulty of extracting and leveraging spatial information from the helper image without
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VSP Spatial Reasoning VSP Spatial Planning SAT Synthetic BLINK-Jigsaw

Figure 5: Visualization of Latent Embeddings. We visualize our latent tokens along with text and
image embeddings with t-SNE. Latent tokens cluster near, yet just outside, the visual representation
subspace, consistent with the two-stage training design.

task-specific fine-tuning. These results suggest that the synthesized helper images do indeed enhance
VLM reasoning. Moreover, if the model’s latent thoughts can fully internalize the information
encoded in these images, it would represent a strong performance upper bound for our Mirage.

Latent Behavior Analysis. The model learns to reproduce compressed image embeddings in
the first stage, anchoring its latent tokens in the visual subspace. However, after the second stage,
these latent tokens receive no direct supervision. Therefore, it is unclear whether they still encode
visual representations. By sampling 100 examples, we obtain the corresponding latent token vectors
alongside the text and visual embeddings. We use t-SNE to embed all vectors into two dimensions for
better visualization with a perplexity of 30, and initialize the embeddings via PCA. As shown in Fig. 5,
the text embeddings (blue dots) fill the entire plot in a radial scattering pattern, while the visual token
embeddings (yellow dots) cluster tightly inside a distinct visual subspace, consistent with previous
findings. Our latent embeddings (red dots) form a compact cloud that sits just outside that visual
cluster, shifted by the second training stage, which tailors the latent embeddings to answer generation.
However, we notice that our latent tokens remain clearly separated from the text distribution and
closer to the visual embedding across diverse tasks. This pattern shows that even without an explicit
decoder, the latent tokens stay close to the visual manifold while retaining the flexibility introduced
in the second stage, echoing the way mental imagery abstracts rather than reproduces visual input.

Inference Time Efficiency. During inference, our framework forwards latent embeddings directly,
bypassing decoding and thereby reducing computation. The only additional overhead arises from
latent mode checking and, in some cases, slightly longer reasoning sequences. We compared inference
speed against text-only 7B baselines on both VSP tasks. Our framework matches GPU time usage
and is slightly faster on the VSP spatial planning task. These results confirm that our approach
introduces no extra inference cost while maintaining efficiency. For detailed training and inference
time comparisons, see Appx. E.3.

Multiple Latent Reasoning Steps. Beyond using a single helper image, we investigate the case
where multiple steps of latent tokens appear in the reasoning trajectory. Interestingly, models
trained with only one helper image naturally learn to produce multiple latent visual reasoning steps
occasionally during inference on structured, multi-step tasks such as VSP, reflecting the flexibility
of our framework. We further extend experiments by explicitly adding two helper images to the
trajectory. According to the results in Appx. E.2, 3B models achieve an average 7% improvement on
the VSP spatial reasoning task, suggesting that additional visual support can further benefit.

6 CONCLUSION

In this work, mimicking human mental imagery, we propose Mirage, a lightweight framework that
interleaves compact latent visual tokens with text so a vision–language model can reason multimodally
without ever generating pixel-level images. Specifically, our framework is trained in two stages: a
joint supervision stage that anchors latent tokens to visual embeddings while learning the surrounding
text, followed by a text-only supervision stage that lets those tokens adapt freely to support answer
generation. A brief reinforcement-learning refinement further aligns the entire trajectory with task
goals. Across four spatial-reasoning benchmarks, Mirage consistently outperforms text-only baselines,
underscoring the effectiveness and potential of latent visual reasoning for multimodal models.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

Ethics Statement This work does not involve human subjects, biased, private or sensitive data.
All datasets used are publicly available and have established research usage licenses. This work
complies with the general ethical principles of ICLR, and the authors confirm that the research has
been conducted responsibly.

Reproducibility Statement We present all training and inference details clearly in the manuscript.
Full model architectures and training procedures are provided in Section 4.1. Hyperparameters and
evaluation protocols are documented in Appx. D.1. Dataset curation and detailed prompt usage are
described in Appx. C. All reported results were obtained under the same environment and with a
fixed random seed to ensure fairness and reproducibility. We plan to make the full code and datasets
public upon acceptance.
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