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Abstract

Long-context reasoning has significantly em-
powered large language models to tackle com-
plex tasks, yet it introduces severe efficiency
bottlenecks due to the computational complex-
ity. Existing efficient approaches often rely on
complex additional training or external models
for compression, which limits scalability and
discards critical fine-grained information. In
this paper, we first propose VTC-R1, a new effi-
cient reasoning paradigm that integrates vision-
text compression into iterative reasoning. In-
stead of processing lengthy textual traces, VTC-
R1 renders intermediate reasoning segments
into compact images, which are iteratively fed
back into vision-language models as "optical
memory". We construct a training dataset
based on OpenR1-Math-220K achieving 3.4×
token compression and fine-tune representative
VLMs–Glyph and Qwen3-VL. Extensive ex-
periments on benchmarks such as MATH500,
AIME25, AMC23 and GPQA-D demonstrate
that VTC-R1 consistently outperforms stan-
dard long-context reasoning. And VTC-R1
improves inference efficiency, achieving 2.7×
speedup in end-to-end latency, highlighting its
potential as a scalable solution for reasoning-
intensive applications. Our code is available at
https://github.com/w-yibo/VTC-R1.

1 Introduction

Reasoning capability (Li et al., 2025b; Lightman
et al., 2023; Yao et al., 2023; Huang and Chang,
2023; Yao et al., 2025) has emerged as a powerful
technique of large language models (LLMs), en-
abling them to tackle complex tasks such as mathe-
matical problem solving (Hendrycks et al., 2021;
Luo et al., 2025a; Hu et al., 2025) and code genera-
tion (Chen et al., 2021; Jiang et al., 2024). Recent
advancements, exemplified by OpenAI o1 (Ope-
nAI, 2024) and DeepSeek-R1 (Guo et al., 2025),
leverage reinforcement learning to further scale
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Vision-Text Compression (VTC)
Okay, so I have this problem here about function transformations and symmetry. 
Let me try to figure it out step by step. The question is asking about the graphs of 
y = f(x - 1) and y = f(-x + 1). It says they are always…
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Figure 1: Comparison between existing efficient
reasoning approaches and vision-text compression
(VTC). Existing methods either require additional train-
ing or sampling procedures, or rely on external strong
models. VTC leverages lightweight rendering to trans-
form long textual reasoning traces into compact visual
representations, enabling VLMs to encode information
with significantly fewer vision tokens (3-4× compres-
sion). This approach is both lightweight and model-free.

this capability to long-context reasoning, substan-
tially improving performance on challenging real-
world tasks. Despite recent progress, long-context
reasoning introduces severe efficiency bottlenecks.
The computational complexity of the transformer
architecture (Zaheer et al., 2020; Beltagy et al.,
2020; Kitaev et al., 2020; Wang et al., 2020) grows
quadratically with sequence length, causing both
computation and memory costs to increase rapidly
as the context expands. This leads to degraded
inference speed, reduced training efficiency, and
limited scalability, which significantly hinders real-
world deployment.

To mitigate these issues, several efficient
approaches are proposed (Chen et al., 2025;
Munkhbat et al., 2025; Lee et al., 2025; Liu et al.,
2024). Existing methods can be broadly cate-
gorized into two groups. i) Extra training or
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sampling stages beyond standard supervised fine-
tuning (SFT). For example, CoT-Valve (Ma et al.,
2025b) adopts a multi-stage training procedure to
obtain models specialized for different reasoning
lengths and O1-Pruner (Luo et al., 2025b) applies
offline reinforcement learning with multiple sam-
pled trajectories (16 responses per problem). These
approaches increase training and inference cost. ii)
External strong models to guide reasoning com-
pression. TokenSkip (Xia et al., 2025) requires
an additional model to estimate token importance,
while R1-Compress (Wang et al., 2025) and In-
ftyThink (Yan et al., 2025) depend on powerful
external summarization models (e.g., Llama-3.3-
70B-Instruct) to condense long reasoning traces.
Although both categories of methods are effective,
beyond the aforementioned costs and dependen-
cies, their efficiency gains are mainly obtained by
reducing or compressing the generated reasoning
content, which can restrict the model’s exploration
space and discard fine-grained intermediate infor-
mation critical for complex reasoning.

Without additional training or external
models, how can we achieve efficient

reasoning while preserving fine-grained
information?

Motivated by this, a promising yet under-
explored direction is vision-text compression
(VTC) (Wei et al., 2025; Cheng et al., 2025;
Xing et al., 2025b; Zhao et al., 2025; Xing et al.,
2025a). Rather than reducing fine-grained informa-
tion, VTC adopts an alternative representation by
transforming textual content into visual forms via
lightweight rendering, enabling vision-language
models (VLMs) to encode rich semantic informa-
tion using substantially fewer vision tokens. This
design is lightweight and model-free, as shown in
Figure 1, introducing no additional training stages
or reliance on external compression models. Prior
works such as DeepSeek-OCR (Wei et al., 2025)
and Glyph (Cheng et al., 2025) focus on text re-
construction or long-context understanding, show-
ing that long text sequences can be represented
with 3×–10× token compression while maintaining
high decoding precision. However, whether such
high-density visual representations can preserve
and support multi-step reasoning processes remains
unclear. Notably, mathematical reasoning, with
its symbolic structure and step-wise derivations,
is naturally amenable to visual rendering, making
it a suitable and principled testbed for studying
reasoning-oriented vision-text compression.

To bridge this gap, we propose VTC-R1, a new
efficient reasoning paradigm that iteratively inte-
grates vision–text compression into long-context
reasoning. VTC-R1 treats the reasoning process
as multiple processes, where the preceding pro-
cess are regarded as long-context and rendered
into compact images, and performs iterative rea-
soning (Yan et al., 2025) with VLMs. As illustrated
in Figure 2, the reasoning process is decomposed
into a sequence of reasoning steps. Upon the com-
pletion of each step, it is rendered into an image.
To proceed to the next step, the accumulated im-
ages of previous steps are fed back into the model
alongside the question, functioning as a form of
optical memory that compactly encodes previous
reasoning using vision tokens.

We construct a training dataset based on
OpenR1-Math-220K (Hugging Face, 2025), a
large-scale long-context reasoning corpus gener-
ated by DeepSeek-R1 (Guo et al., 2025). We seg-
ment each long reasoning trace into shorter rea-
soning segments and render the preceding seg-
ments into images, forming paired image–text rea-
soning data with up to 3.4× token compression
as shown in Table 1. We then fine-tune repre-
sentative VTC-VLM (i.e., Glyph (Cheng et al.,
2025)) and the state-of-the-art VLM (i.e., Qwen3-
VL (Bai et al., 2025)). Extensive experiments
on diverse mathematical reasoning benchmarks,
GSM8K (Cobbe et al., 2021), MATH500 (Light-
man et al., 2023), AIME25 (Zhang and Math-
AI, 2025), AMC23 (Math-AI, 2025) and GPQA-
Diamond (Rein et al., 2024), demonstrate that VTC-
R1 consistently outperforms standard long-context
reasoning. Moreover, VTC-R1 significantly im-
proves inference efficiency, achieving up to 2.7×
speedup in end-to-end reasoning latency, high-
lighting its practical advantages for scalable long-
context reasoning. The main contributions of this
paper are as follows:
• We introduce VTC-R1, the first efficient reason-

ing paradigm that reformulates reasoning as an
iterative process and integrates vision-text com-
pression to replace long text with compact vi-
sion tokens, without requiring additional training
stages or external strong models.

• We construct a training dataset by segmenting
reasoning traces and rendering preceding steps
into images, producing paired data with up to
3.4× token compression.

• Extensive evaluation on major mathematical
and out-of-distribution benchmarks shows that
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VTC-R1 consistently outperforms standard long-
context reasoning and achieves up to a 2.7×
speedup in end-to-end inference latency.

2 Preliminaries

2.1 Problem Setup
We consider a reasoning task defined by an input
question Q. Given a vision language model M ,
the goal is to produce a final answer A. During
answer generation, a long sequence of intermediate
reasoning steps is also produced, which forms a
long-context reasoning.

2.2 Vision-Text Compression
Vision-text compression is defined as a procedure
where a given text is rendered into an image, en-
abling a VLM to encode the content using fewer
vision tokens. The pipeline used in our work is
summarized as follows.

Given an input text sequence T , the text is ren-
dered into images through a pipeline before model
input. The rendering pipeline is parameterized by
a configuration vector (Cheng et al., 2025),

θ =
(
dpi, page_size, font_family, font_size,

line_height, alignment, indent, spacing,

h_scale, colors, borders, . . .
)
,

(1)
which controls the typography, layout, and visual
style of rendered pages. The details of render-
ing configuration are provided in Appendix B.1.
Through the rendering process, multiple PNG im-
ages I are produced. This process is defined as
I = Rθ(T ), where Rθ(·) denotes the rendering
operator. The images I are processed by the image
processor and vision encoder of model M . For
simplicity, let Mvision denote the vision tokenizer.
Given the images I , we obtain a sequence of vision
tokens V = Mvision(I), where V = {v1, . . . , vLv}
and Lv represents the sequence length.

The original text T is processed by the text
tokenizer Mtxt to produce a text token sequence
T = Mtxt(T ), where T = {t1, . . . , tLt} and Lt

denotes the number of text tokens.
Thus, the vision-text compression ratio is de-

fined as:
ρ =

Lt

Lv
, (2)

In practice, ρ > 1, a larger ρ indicates a higher
compression efficiency, implying that fewer tokens
are required to encode the same content under the
vision tokenization scheme.

3 Methodology

3.1 Standard Long-Context Reasoning.
Standard long-context reasoning, as adopted
by OpenAI o1 (OpenAI, 2024) and DeepSeek-
R1 (Guo et al., 2025), typically produces a long
sequence of intermediate reasoning steps. Such be-
havior incurs substantial computational and mem-
ory cost. This reasoning procedure is formulated
as a long-context reasoning process, denoted as
LR, where the input question is Q. The standard
long-context reasoning can be represented as

⟨Ss⟩ | U |Q | A | ⟨think⟩LR ⟨/think⟩A,

where ⟨Ss⟩ denotes the standard system prompt,
such as “You are a helpful assistant.” The tokens
| U | and | A | indicate the start of user input and
model response, respectively. The special tokens
⟨think⟩ and ⟨/think⟩mark the beginning and end
of the reasoning process.

In practice, LR may reach 16k tokens or more.
During reasoning, the preceding steps could be re-
garded as context and vision-text compression can
therefore be introduced to encode these preceding
steps into a smaller number of effective vision
tokens, thereby mitigating the substantial cost of
long-context reasoning.

3.2 VTC-R1 Reasoning
Instead of generating a full textual reasoning trace,
VTC-R1 first formulates long-context reasoning as
an iterative process to get the answer. The long-
context reasoning trace LR is decomposed into a
sequence of reasoning segments {LR1, . . . , LRn}
under a token-length threshold.

Iterative Reasoning. Concretely, iterative rea-
soning generates the reasoning process sequentially.
At iteration i, the model conditions on the question
and the previous segments:

LRi ∼ pθ(· | Q,LR<i),

LR<i ≜ (LR1, . . . , LRi−1).
(3)

And the complete trace is obtained by concatena-
tion LR = (LR1, . . . , LRn).

We next show that this iterative formulation is
equivalent to standard one-pass long-context gen-
eration under an autoregressive model. By the
chain rule, the joint distribution of the full trace
factorizes as

pθ(LR | Q) =

n∏

i=1

pθ(LRi | Q,LR<i), (4)
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Figure 2: Comparison between standard long-context reasoning and the proposed VTC-R1 reasoning paradigm. (a)
Standard long-context reasoning processes the entire reasoning trace as a single long sequence, leading to increasing
computational and memory costs as the context grows. (b) VTC-R1 reformulates long-context reasoning as an
iterative process. At each iteration, the current reasoning segment is generated and the preceding segments are
rendered into compact images, which are fed back to the model together with the original question. These rendered
images function as a form of optical memory, enabling efficient multi-step reasoning with reduced token usage.

which is exactly the distribution induced by sam-
pling LR1, . . . , LRn sequentially with the same
conditionals. Consequently, for any answer extrac-
tion function A = M(LR), one-pass and iterative
generation yield the same answer distribution:

A = M(LR), LR ∼ pθ(· | Q).

VTC-R1 Reasoning Paradigm. The first rea-
soning process is expressed as follows, where
n > 1 is assumed:

⟨Sv⟩ | U |Q | A | ⟨think⟩LR1 ⟨/think⟩,

where ⟨Sv⟩ denotes the VTC-R1 system prompt.

VTC-R1 System Prompt ⟨Sv⟩
These images record your previous reasoning
process. Based on this reasoning, continue and
complete the final answer. Do not restart the
reasoning.
If no images are provided, start the reasoning
from scratch.

As described in Sec 2.2, the first reasoning
process LR1 is rendered into multiple images,
I1 = Rθ(LR1).

When the i-th reasoning process begins, i−1 rea-
soning processes have been completed. At the end
of each process, the generated reasoning process
LRj is rendered into multiple images Ij and stored.
As a result, a set of rendered images {I1, . . . , Ii−1}
is available. The reasoning process at the i-th itera-

tion is then expressed as

⟨Sv⟩
∣∣ U

∣∣Q, I1, . . . , Ii−1∣∣ A
∣∣ ⟨think⟩LRi ⟨/think⟩.

At the final reasoning iteration n, the model pro-
duces the last reasoning segment and outputs the
final answer A. The complete generation at this
stage is expressed as

⟨Sv⟩ | U | {Q, I1, . . . , In−1}
| A | ⟨think⟩LRn⟨/think⟩A.

During inference, VTC-R1 iterates continuously
until the final answer A is produced. As shown
in Table 2, the method exhibits adaptive reasoning
behavior, where the number of reasoning iterations
is selected dynamically according to the problem
difficulty. To prevent unbounded generation, a max-
imum iteration limit, denoted as T , is imposed.

VTC-R1 performs iterative reasoning by generat-
ing multiple reasoning segments in Algorithm 1. At
each iteration, the previously generated reasoning
segments LR1, . . . , LRi−1 are rendered into im-
ages I1, . . . , Ii−1. Therefore, these images provide
a compact and efficient representation of textual
reasoning through vision tokens, functioning analo-
gously to an optical memory. Under our rendering
configuration, the resulting compression ratio ρ
is approximately 3–4 as shown in Table 1, which
could mitigate the computational and memory cost
incurred by token growth in standard method.

Moreover, VTC-R1 requires a lightweight ren-
dering mechanism. No additional training, extra
sampling stages, or external models are introduced.
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Algorithm 1 VTC-R1 Reasoning Paradigm

Input: question Q; vision language model M ;
system prompt ⟨Sv⟩; rendering operator Rθ;
maximum iteration T
Initialize: rendered image set I ← ∅
for i = 1 to T do

Generate Vision-Language Model Output:

Oi ←M(⟨Sv⟩, Q, I)

if Oi produces the final answer A then
return A

end if
Update Image Set via Rendering:
Extract reasoning progress LRi from Oi

Render reasoning into images: Ii ←
Rθ(LRi)
Update: I ← I ∪ {Ii}

end for
if no final answer A then

Extract Answer when Reaching Iteration
Limit:
Extract final answer A from OT

end if
Output: final answer A

Metric Value

Rendered reasoning steps (elements) 45K
Rendered images 105K
Total text tokens 181M
Total vision tokens 54M
Compression ratio (text / vision) 3.4×

Table 1: Statistics of rendered prior reasoning seg-
ments. We report the number of reasoning segments
rendered as images, the total number of text and vision
tokens, and the compression ratio.

Batch Inference. To support batch inference in
frameworks such as vLLM (Kwon et al., 2023), we
extend Algorithm 1 with independent request states
and a dynamic active set. This enables parallel
generation by batching only active samples and
updating their multimodal contexts at each iteration.
Details are given in Algorithm 2.

3.3 Training Data Construction
To train VTC-R1, a supervised fine-tuning dataset
is constructed to enable VLMs to learn the VTC-R1
reasoning paradigm. The dataset is organized as an
image–text paired corpus. We adopt OpenR1-Math-
Inf (Yan et al., 2025), which is a subset of OpenR1-
Math-220K (Hugging Face, 2025). OpenR1-Math-
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Figure 3: Distribution of data index. The index in-
dicates the order of a reasoning segment for a given
problem, where index 0 corresponds to the first segment.
Most samples terminate at early steps, while a small
fraction requires more than four iterations.

220K is generated by the DeepSeek-R1 (Guo et al.,
2025) model, where solutions are produced for
large-scale mathematical problems. OpenR1-Math-
Inf contains 61K question–answer pairs, and each
solution is partitioned into multiple reasoning seg-
ments {LR1, LR2, . . . , LRn} according to prede-
fined thresholds.

Based on Sec 3.2, training data are constructed
according to the index of the reasoning process,
where different rules are applied at different itera-
tions. Rendered images are included as inputs. The
instance at iteration i is defined as

Di =





(
⟨Sv⟩, Q,∅, LR1

)
, i = 1,

(
⟨Sv⟩, Q, {Ij}j<i, LRi

)
, 1 < i < n,

(
⟨Sv⟩, Q, {Ij}j<i, LRn, A

)
, i = n.

(5)
106K instances are constructed based on Eq. 5,
which requires approximately 105K rendered im-
ages in PNG format. Figure 3 presents the segment
index distribution in the constructed training data.
Table 1 reports the token statistics after applying
vision-text compression. The original reasoning
traces contain 181M text tokens, which are reduced
to 54M vision tokens after rendering, achieving a
compression ratio of up to 3.4×. This dataset is
used for supervised fine-tuning. It is noted that the
number of images associated with each instance
is adaptive. Therefore, the training procedure re-
quires VLM architectures that support inputs with
a variable number and resolution of images, such
as Qwen3-VL (Bai et al., 2025), GLM-4.1V (Team
et al., 2025a), and Glyph (Cheng et al., 2025).
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Model GSM8K MATH500 AIME25 (Avg@16) AMC23 (Avg@16)

ACC ↑ TOK LAT↓ ACC ↑ TOK LAT↓ ACC ↑ TOK LAT↓ ACC ↑ TOK LAT↓
Qwen3-VL-8B
SFT 88.1 1.79 3.04 85.4 4.17 5.36 32.71 17.46 29.85 75.00 8.20 11.08
VTC-R1 94.7(+6.6) 1.09 0.46(6.6×) 90.0(+4.6) 3.39 2.49(2.2×) 30.00(−2.71) 14.32 12.02(2.5×) 77.97(+2.97) 8.18 6.45(1.7×)

Glyph
Base SFT 86.1 2.35 1.38 79.6 5.51 2.77 24.17 19.94 14.48 61.56 12.67 8.55
SFT 87.1 1.87 0.93 80.4 5.71 3.05 25.62 17.47 11.52 60.94 11.65 6.85
TokenSkip 86.4 2.25 1.32 80.6 6.11 3.05 23.75 17.82 11.85 59.53 12.81 8.41
VTC-R1 93.6(+6.5) 1.09 0.34(2.7×) 86.0(+5.6) 4.12 2.19(1.4×) 26.25(+0.63) 12.95 6.81(1.7×) 64.38(+3.44) 8.81 4.30(1.6×)

Table 2: Performance comparison across mathematical benchmarks. Accuracy (ACC) is higher-is-better (↑),
latency (LAT) is lower-is-better (↓). Bold indicates the best performance. Superscript numbers denote accuracy
improvements and latency speedups relative to standard long-context reasoning.

4 Experiments

4.1 Experiment Settings
Dataset. For training, we use the OpenR1-
Math-Inf (Yan et al., 2025), where each solu-
tion is segmented into multiple reasoning seg-
ments with varying lengths (2K, 4K, and 6K to-
kens). it is a subset of OpenR1-Math-220K (Hug-
ging Face, 2025) dataset. Unless otherwise
specified, 4K is used as the default segmenta-
tion setting. For evaluation, we leverage four
widely used mathematical reasoning benchmarks.
GSM8K (Cobbe et al., 2021), MATH500 (Light-
man et al., 2023), AIME25 (Zhang and Math-
AI, 2025) and AMC23 (Math-AI, 2025). And
GPQA-Diamond (GPQA-D) (Rein et al., 2024),
a science-domain benchmark that serves as an out-
of-distribution evaluation. See the Appendix C.2
for more details of benchmarks.

Baseline. For baselines, our proposed method
VTC-R1 is compared with standard long-context
reasoning (SFT). In the SFT setting, standard ques-
tion–answer pairs with full long-form reasoning
traces are used as the supervised fine-tuning dataset.
We then perform VTC-R1 and SFT on two repre-
sentative VLM architectures respectively for com-
parison. i) Glyph (Cheng et al., 2025), which serves
as a VTC-capable VLM. ii) Qwen3-VL-8B (Bai
et al., 2025), which represents a mainstream vi-
sion–language model. In addition, standard SFT
does not require optical character recognition capa-
bility. Therefore, the base model preceding Glyph,
GLM-4.1V-9B-Base (Team et al., 2025a) (Base
SFT), is also included as a baseline. The efficient
reasoning method TokenSkip (Xia et al., 2025) is
included as an additional baseline for comparison.

Metric. We employ the following three metrics
to evaluate the model’s performance.
• Accuracy (ACC): For GSM8K, MATH500, and

GPQA-Diamond, we report pass@1 accuracy.

For AIME25 and AMC23, due to their limited
dataset sizes, we generate 16 responses per prob-
lem and report avg@16 accuracy.

• Token (TOK): The average number of generated
response tokens, reported in thousands (K).

• Latency (LAT): We measure the average infer-
ence latency per generation, reported in seconds
(s). Given a dataset with m problems, where
each problem is generated n times (e.g., n = 16
for AIME25 and AMC23), let t1 and t2 denote
the wall-clock timestamps at the start and end of
the entire inference process, respectively. The
latency is computed as:

LAT =
t2 − t1
m× n

.

Implementation Details. For both SFT and
VTC-R1, the processed training datasets contain
106K instances and require approximately 105K
images. Both methods are trained with a learn-
ing rate of 1 × 10−5 for one epoch using the
LlamaFactory library (Zheng et al., 2024). For
evaluation, a temperature of 0.6 and a top-p
value of 0.95 are adopted under the vLLM frame-
work (Kwon et al., 2023).

4.2 Main Results
Performance Gains. As shown in Table 2, VTC-
R1 consistently outperforms Base SFT, SFT and
TokenSkip baselines on the Glyph across all four
benchmarks. Notably, substantial improvements
are observed on the more challenging benchmarks,
with the gains of 5.6% on MATH500 and 3.4% on
AMC23. On the Qwen3-VL architecture, VTC-
R1 also demonstrates consistent improvements or
achieves competitive accuracy compared to stan-
dard long-context reasoning.

Furthermore, as reported in Table 3, similar
trends are observed on the out-of-distribution
benchmark. Specifically, VTC-R1 yields accuracy
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Figure 4: Accuracy of the proposed method across benchmarks under different maximum iteration epochs. The
epoch index denotes the maximum number of allowed reasoning iterations. The dashed line indicates the single-
round baseline (standard long-context reasoning for 8192 maximum tokens).

Model GPQA-Diamond

ACC ↑ TOK LAT↓
Qwen3-VL-8B
SFT 37.4 14.78 26.88
VTC-R1 48.5(+11.1) 9.77 9.57(2.8×)

Glyph
Base SFT 26.3 19.74 14.43
SFT 38.4 13.91 8.35
TokenSkip 35.9 15.45 9.93
VTC-R1 46.0(+7.6) 10.73 6.96(1.2×)

Table 3: Performance on out-of-distribution benchmark.
Bold indicates the best performance.

improvements of 7.6% and 11.1%, indicating that
the proposed approach generalizes effectively be-
yond in-distribution mathematical benchmarks.

Efficient Inference. VTC-R1 achieves efficient
inference latency across model architectures. On
the Glyph architecture, a speedup of at least 1.4× is
observed across all benchmarks, with larger gains
of 1.7× and 1.6× on the more challenging bench-
marks. On the Qwen3-VL architecture, the infer-
ence speedup reaches up to 6.6×.

Although the proposed method is not explicitly
designed as an adaptive reasoning framework, adap-
tivity emerges from the data construction process,
where different problems are associated with differ-
ent numbers of reasoning iterations. Thus, bench-
marks of varying difficulty exhibit different effec-
tive token lengths. For instance, GSM8K requires
fewer tokens, while AIME25 involves longer token
sequences and more iteration epochs in Figure 4.

The latency speedup consistently exceeds the re-
duction in token count. For example, on the Glyph
for AMC23, the token count is reduced by approx-
imately 1.3×, whereas the latency improvement
reaches 1.6×. This discrepancy indicates that the
introduction of vision-text compression provides
additional efficiency gains beyond token reduction.

Iteration Epochs. Figure 4 illustrates the ac-
curacy of the proposed method across four bench-

marks under different epoch budgets. The epoch
index denotes the maximum number of allowed rea-
soning iterations, where each iteration is a single
decoding pass in which the model autonomously
stops without emitting the final answer; this stop-
ping behavior is learned from partitioning training
reasoning traces under a token-length threshold.
As shown in the figure, the accuracy consistently
improves as the maximum epoch increases, demon-
strating the effectiveness of multi-iteration reason-
ing. Across most benchmarks, the rate of accu-
racy improvement gradually diminishes, and per-
formance begins to converge from approximately
the fifth epoch onward. This observation indicates
that the proposed method benefits from additional
reasoning iterations while exhibiting stable conver-
gence behavior.

Overcoming Training Context Limitations.
The gray dashed line in Figure 4 denotes the infer-
ence accuracy of standard long-context reasoning
when the maximum number of newly generated
tokens is set to 8,192, which also corresponds to
the maximum token length used during training for
our method. As the number of iteration epochs in-
creases, the accuracy of the proposed method grad-
ually surpasses the baseline across benchmarks.
This result indicates that the proposed method is
able to overcome the context length limitation im-
posed during training and achieve higher inference
accuracy beyond the fixed training window. At
the same time, efficient training is maintained, as
evidenced by the reduced training cost in Table 6.

4.3 Ablation Study

Segment Length. Table 4 reports the performance
across benchmarks when different segmentation
lengths (2K, 4K, and 6K) are used during train-
ing data construction, where 4K serves as the de-
fault setting. Across all four benchmarks, a seg-
mentation length of 4K achieves the best or highly
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Segment Length GSM8K MATH500 AIME25 AMC23

ACC ↑ LAT ↓ ACC ↑ LAT ↓ ACC ↑ LAT ↓ ACC ↑ LAT ↓
2K 93.9 0.39 82.4 1.95 20.6 5.87 59.7 4.03
4K 93.6 0.34 86.0 2.19 26.2 6.81 64.3 4.30
6K 93.7 0.92 84.2 3.28 23.5 8.06 64.7 4.90

Table 4: Effect of segment length on accuracy (ACC) and latency (LAT) across benchmarks. Higher ACC and lower
LAT indicate better performance. Best results for each metric are highlighted in bold.

AIME25 AMC23 GPQA-D

Baseline 26.25 64.38 46.0
w/o Image 23.33(−11.1%) 59.53(−7.5%) 34.3(−25.4%)

Table 5: Performance comparison with and without
image input. - denotes the relative performance drop.

Method Training Time (h)

SFT 38.92
VTC-R1 18.93

Table 6: Training time across different methods.

competitive accuracy. In addition, on MATH500,
AIME25, and AMC23, the latency (LAT) increases
as the segmentation length grows. This behavior is
expected, since larger segmentation lengths grad-
ually approach standard long-context reasoning,
which incurs higher inference cost due to longer
effective reasoning sequences.

Image Input. We further analyze the perfor-
mance of VTC-R1 when image inputs are removed
at each reasoning iteration. Three more challeng-
ing benchmarks AIME25, AMC23, and GPQA-D,
are selected for this analysis, which are more likely
to benefit from multi-step reasoning.

As shown in Table 5, removing image inputs
leads to accuracy drops of 11.1% and 7.5% on
AIME25 and AMC23, with a more substantial
degradation of 25.4% observed on GPQA-D. These
results indicate that VTC-R1 relies on rendered im-
ages as a form of memory for previous reasoning
steps during inference. At the same time, a non-
trivial level of accuracy is retained even without
image inputs. This can be attributed to the fact
that many problems can be solved within a single
reasoning iteration; in the absence of image con-
ditioning, the model restarts the reasoning process
from scratch and can still obtain correct answers.

System Prompt. We further examine the
sensitivity of VTC-R1 to the phrasing of the sys-
tem prompt on MATH500, comparing the origi-
nal prompt, a minimal variant that only instructs
the model to continue its reasoning and to start
from scratch when no images are provided, and
a setting without any system prompt. As shown

Variant ACC ↑ TOK LAT ↓
original 86.0 4.08 2.19
minimal 84.8 4.11 2.38
no prompt 83.8 4.94 2.67

Table 7: Effect of system prompt phrasing.

in Table 7, performance remains stable across the
different wordings, with no significant difference
observed. This indicates that VTC-R1 is not sensi-
tive to prompt phrasing.

4.4 Efficiency Analysis

Training Efficiency. Table 6 reports the training
time of VTC-R1 in comparison with Base SFT
and SFT. All training times are measured using
the LlamaFactory framework under same config-
uration. Although the proposed method adopts
a multi-iteration training paradigm and therefore
introduces more QA pairs as well as additional
images, the overall training time is reduced to ap-
proximately 48% of that required by the baseline
methods. This result demonstrates the training ef-
ficiency of VTC-R1. And the final performance
of VTC-R1 is superior as shown in Table 2. The
reduction in training time is attributed to the stan-
dard long-context reasoning involves substantially
longer reasoning sequences, where training cost
increases rapidly as the reasoning length grows. In
contrast, VTC-R1 constrains the reasoning length
within each iteration to a controlled range, which
leads to improved training efficiency.

Rendering Efficiency. Table 2 shows that VTC-
R1 significantly outperforms all baselines in terms
of end-to-end latency, where the reported metric
already accounts for the overhead of rendering and
image processing. We further provide fine-grained
statistics to validate that the introduced vision-text
compression mechanism is lightweight. Based on
an analysis of 100 samples from the dataset, we
observe that for an average of approximately 1,600
text tokens per image, the rendering process re-
quires only 0.12s on average, while image process-
ing takes merely 0.02s. Compared to the overall
model inference latency, this additional overhead
is negligible (4% of the total latency). Moreover,
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#Accumulated images 0 2 6 10 14

Mean prefill (s) 0.02 0.26 0.33 0.41 0.35

Table 8: Mean prefill latency versus the number of
accumulated images.

the average generated image size is around 0.1 MB,
which falls within a manageable range.

Caching Efficiency. Since the accumulated-
image prompt is a strict prefix extension, repeated
images are prefilled only once rather than in every
round, reused through vLLM’s multimodal proces-
sor cache and prefix KV caching. In Table 8, the
mean prefill latency stays nearly constant from 2 to
14 accumulated images, confirming that previous
images are reused rather than re-encoded, which
would otherwise grow the latency roughly linearly.

5 Related Work

Reasoning in Large Language Models. Reason-
ing capabilities (Li et al., 2025b; Lightman et al.,
2023; Huang and Chang, 2023; Yao et al., 2025)
constitute a cornerstone of modern LLMs, enabling
proficiency in rigorous domains like mathemat-
ics (Hendrycks et al., 2021; Luo et al., 2025a; Hu
et al., 2025) and code generation (Chen et al., 2021;
Jiang et al., 2024). While early strategies relied on
structured prompting (Yao et al., 2023, 2024), re-
cent advancements leverage reinforcement learning
to scale test-time compute. Models such as Ope-
nAI o1 (OpenAI, 2024), DeepSeek-R1 (Guo et al.,
2025), and Kimi (Team et al., 2025b) generate ex-
tended chains of thought, achieving significant im-
provements on challenging real-world benchmarks.

Efficient Reasoning. Long-context reasoning
strategies exacerbate the computational bottlenecks
inherent in the quadratic complexity of Trans-
former architectures (Zaheer et al., 2020; Beltagy
et al., 2020; Kitaev et al., 2020; Wang et al., 2020).
Recent research has investigated various efficiency
mechanisms (Liu et al., 2025; Chen et al., 2025;
Munkhbat et al., 2025; Lee et al., 2025; Liu et al.,
2024; Yang et al., 2025c; Zhang et al., 2025; Hao
et al., 2024; Yang et al., 2025a; Pan et al., 2025;
Ma et al., 2025a; Qiao et al., 2025; Zhuang et al.,
2025; Yang et al., 2025b; Hou et al., 2025; Ning
et al., 2025; Li et al., 2025a; Gong et al., 2025),
though existing methods often incur significant
trade-offs. One category of approaches (Team
et al., 2025b), exemplified by CoT-Valve (Ma et al.,
2025b) and O1-Pruner (Luo et al., 2025b), relies on
complex multi-stage training procedures or exten-
sive offline sampling, which substantially increases

pre-deployment overhead. A second category lever-
ages external strong models (Kang et al., 2024) to
guide reasoning compression, as in TokenSkip (Xia
et al., 2025), R1-Compress (Wang et al., 2025), and
InftyThink (Yan et al., 2025), making the compres-
sion quality dependent on the capabilities of these
auxiliary models. Although effective in reducing
token counts, these approaches often constrain the
exploration space and risk discarding fine-grained
information that is critical for logical deduction.

Vision-Text Compression. Vision-text com-
pression (VTC) (Wei et al., 2025; Cheng et al.,
2025; Xing et al., 2025b; Zhao et al., 2025; Xing
et al., 2025a; Wang et al., 2024) has emerged as a
promising approach for reducing the cost of pro-
cessing long textual sequences by transforming text
into compact visual representations. DeepSeek-
OCR (Wei et al., 2025) demonstrates that long texts
can be compressed into visual tokens, achieving
a 3×–10× reduction in token count while main-
taining high decoding fidelity. Glyph (Cheng et al.,
2025) utilizes continuous pre-training and RL for
VTC to enhance long-context understanding capa-
bilities. VTCBench (Zhao et al., 2025) proposes a
benchmark to evaluate the spectrum of capabilities
in VTC. While prior work focuses on text under-
standing and reconstruction, and it remains unclear
whether such high-density visual representations
can faithfully preserve and support complex rea-
soning processes, particularly for mathematically
intensive and multi-step reasoning tasks.

Some concurrent works, AgentOCR (Feng et al.,
2026) utilizes VTC to compress the agent’s his-
tory derived from tool invocations into a compact
rendered image. RoT (Wang et al., 2026) focuses
on utilizing rendered visual tokens as latent tokens
for latent reasoning, but it does not explicitly ad-
dress long-context reasoning and lacks systematic
evaluation on challenging benchmarks.

6 Conclusion

We propose VTC-R1, first efficient long-context
reasoning that compresses previous reasoning seg-
ments into visual representations for iterative rea-
soning. This lightweight, model-free design re-
places long contexts with compact vision tokens.
Experiments show that VTC-R1 improves reason-
ing accuracy across benchmarks while achieving
3.4× token compression and 2.7× speedup. These
results demonstrate the potential of visual represen-
tations for scalable long-context reasoning.
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Limitations

While VTC-R1 demonstrates promising results in
long-context reasoning, several limitations warrant
discussion and suggest directions for future work.

VTC-R1 relies on off-the-shelf VLMs, such as
Glyph, which is trained for OCR-intensive tasks,
and the advanced VLM Qwen3-VL, GLM4.1-V.
Although our method is intended to be model-
agnostic, we have not yet evaluated it across a
broader range of architectures.
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A Usage of AI Assistant

We use ChatGPT solely for language refinement
of the manuscripts text. All conceptual content,
experimental design, analysis, and conclusions are
developed entirely by the authors. We carefully re-
view the AI-assisted edits to ensure that the mean-
ing and technical accuracy of the original text are
fully preserved.

B Image Rendering

B.1 Rendering Configuration

The rendering pipeline is parameterized by a con-
figuration vector. Following (Cheng et al., 2025),
a set of rendering configuration factors is adopted,
as summarized in Table 9. These factors determine
the final rendering properties, including layout, vi-
sual clarity, and typography.

The default configuration used in our experi-
ments is reported in Figure 5. This configura-
tion largely follows the default settings of Glyph.
However, since the default Glyph font may pro-
duce incorrect glyphs when rendering certain
mathematical symbols, the font is replaced with
DejaVuSans.ttf in our implementation.

B.2 Rendering Example

Figure 6 presents an example image rendered under
the default configuration specified in Figure 5.

B.3 Rendering-Hyperparameter Sensitivity

To assess the robustness of VTC-R1 to the render-
ing configuration, we take the VTC-R1 (Glyph)
and vary the inference-time rendering configura-
tion along three axes, namely DPI, font size, and
image resolution (page width). We report accuracy,
average generated tokens, and average latency on
MATH500 and AIME25, while keeping the remain-
ing rendering factors fixed at their default values
(DPI 72, font size 9, and page width 595). The
results in Table 10 lead to three observations.

First, accuracy is robust to rendering hyperpa-
rameters overall. Across all 16 configurations,
MATH500 stays within 82.6–86.2 and AIME25
within 21.5–28.1, with no collapse point along any
axis, indicating that VTC-R1 does not depend on
fine-grained rendering hyperparameters. Second,
overly small parameters consistently hurt perfor-
mance, which provides direct evidence for the read-
ability hypothesis: the lowest DPI (48) yields the
lowest accuracy on both datasets (82.8 / 21.5), and

the smallest font size (6) is likewise the worst set-
ting along its axis (82.6 / 21.9), confirming that
insufficient readability impairs the visual encoding
of previous reasoning and thereby degrades reason-
ing accuracy. Third, the compression mechanism is
preserved across all settings, as the generated token
counts remain stable (around 4K on MATH500 and
12–14K on AIME25) regardless of the rendering
configuration, so varying the configuration does
not break the vision-text compression of VTC-R1.

B.4 Information Preservation of Rendering

To examine what information survives the render-
to-encode step, we render 30 real reasoning traces
under different DPI and font settings, ask the model
to transcribe them, and measure token recall, i.e.,
the fraction of original tokens (as a multiset) re-
covered in the transcription, reported per token
type (digit, math-symbol, and word) in Table 11.
At the default setting, the round-trip preserves
the reasoning-critical tokens (90.2% digits, 85.6%
math-symbols, and 81.1% words), retaining a large
fraction of the information even under this strict
token-level measure and supporting the claim that
rendered images faithfully carry reasoning content.
The lost information is mostly words, which de-
grade first (down to 66.7% at DPI 48) along with
math-symbols (73.0% at DPI 48), whereas digits,
the token type most decisive for arithmetic correct-
ness, remain consistently well-preserved (≥ 83%)
across all settings. These recall trends further mir-
ror the accuracy trends in Sec. B.3, where a lower
DPI or a smaller font yields both lower recall and
lower accuracy, thereby closing the loop from in-
formation retention to task performance.

C Details about Experiments

C.1 Implementation Details.

Supervised fine-tuning is conducted using the
LlamaFactory library (Zheng et al., 2024). For all
methods and across all model architectures, a learn-
ing rate of 1× 10−5 is used, with a warmup ratio
of 0.1 and a cosine learning rate schedule. Train-
ing is performed for one epoch with a batch size
of 64, the maximum sequence length is increased
to 32,768 tokens. All models are trained using 8
NVIDIA H20 GPUs with 96 GB of memory.

We adopt the official implementation of Token-
Skip (Xia et al., 2025), which supports compres-
sion ratios ranging from 0.6 to 0.9. We observe that
training becomes unstable and collapses when the
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Factor Specification / Sampling Strategy

dpi Mixture of sets: lowest (45–59), low (60–71), medium (72–119), normal ({72, 80, 96,
100, 110, 120, 144, 150, 300}), high (over 300); favor normal/medium with small
probability spikes to extremes.

page_size (i) Fixed paper sizes (A4, Letter, Legal, A5, B5, A3, B4, Tabloid) with priors; (ii)
common aspect ratios (e.g., 1.414, 1.333, 1.5, 1.778); (iii) fully random aspect via
piecewise distribution (narrow → tall).

font_family Pooled and deduplicated families across serif/sans/mono/pixel; italics sampled by
filename heuristics (suffixes, italic/oblique).

font_size {7, 7.5, 8, 9, 9.5, 10, 11, 12, 14}; line_height tied as font_size + {0, . . . , 3}.
alignment LEFT/JUSTIFY (dominant) with small-prob. RIGHT/CENTER.
margins Three patterns: all-equal; vertical-larger; horizontal-larger; values in 10–40 pt ranges.
indent Modes: none; first-line indent (≈1–2.5 em); block/hanging with left/right indents.
spacing space-before/space-after use a multi-mode prior (none, small, large).
h_scale Horizontal glyph scaling (0.75–1.0) with decaying probabilities.
colors Page/background/font palettes for light/dark themes; document/web/code styles inherit

coherent triplets (page, paragraph, font).
borders Optional paragraph borders with width/padding; disabled by default.
newline_markup With small probability, explicit markers (e.g., \n, tags, or tokens) inserted to preserve

structure.
auto_crop Optional white-margin cropping and last-page trimming.

Table 9: Rendering configuration factors in the rendering pipeline and their sampling strategies.

Config MATH500 AIME25

ACC ↑ TOK LAT ↓ ACC ↑ TOK LAT ↓
(a) DPI (font=9, width=595)
48 82.8 4.37 2.26 21.5 14.4 6.37
60 84.4 4.28 2.39 23.5 13.5 6.50
72∗ 86.0 4.12 2.19 26.3 13.0 6.81
96 86.2 4.10 2.73 28.1 12.1 8.57
120 84.8 4.59 3.47 27.9 12.1 11.69
144 85.2 4.46 4.04 27.1 12.5 15.84

(b) Font size (DPI=72, width=595)
6 82.6 4.46 2.47 21.9 14.5 6.76
7 84.0 4.37 2.36 22.5 14.2 6.87
8 83.8 4.30 2.39 23.1 13.0 6.20
9∗ 86.0 4.12 2.19 26.3 13.0 6.81
10 85.2 4.08 2.46 23.8 12.6 7.06
12 84.6 4.28 2.60 25.8 12.3 7.88

(c) Page width (DPI=72, font=9)
421 86.0 4.08 2.19 23.3 13.3 7.08
595∗ 86.0 4.12 2.19 26.3 13.0 6.81
842 83.4 4.25 2.51 23.1 12.9 7.24
1190 83.2 3.91 2.12 25.0 13.0 8.42

Table 10: Sensitivity to inference-time rendering hy-
perparameters. Bold indicates the best value along
each axis. The default configuration is marked with ∗.

ratio is set to 0.6; therefore, we use a compression
ratio of 0.8 in our experiments.

All evaluation experiments are conducted on a
single NVIDIA H20 GPU with 96 GB of memory.
Inference is performed using the vLLM framework,
with a temperature of 0.6 and a top-p value of 0.95.
For standard SFT, the maximum number of gen-
erated tokens (max_new_tokens) is set to 32,768.
For VTC-R1, the maximum number of generated
tokens per iteration is set to 8,192, and the maxi-

Config Digit Math-symbol Word

(a) DPI (font=9)
48 83.1 73.0 66.7
60 93.7 78.6 81.5
72∗ 90.2 85.6 81.1
96 88.8 84.0 82.7
120 95.4 92.5 91.7
144 94.8 94.1 92.0

(b) Font size (DPI=72)
6 91.8 78.5 76.8
9∗ 93.8 86.1 82.4
12 94.0 90.2 86.6

Table 11: Token recall through the render-to-encode
round-trip. The default configuration is marked with ∗.

mum number of iterations is set to 8.

C.2 Benchmark
GSM8K: A widely used benchmark for multi-step
reasoning, consisting of 8,500 grade school math
word problems, with a canonical test set of 1,319
problems.

MATH500: A challenging math dataset com-
prising 500 problems from high school math com-
petitions.

AIME25: A benchmark dataset consisting of 30
challenging mathematical problems from the 2025
American Invitational Mathematics Examination.

AMC23: A challenging evaluation set compris-
ing 50 problems from the 2023 American Mathe-
matics Competitions, serving as a benchmark for
competition-level mathematical reasoning.

GPQA-Diamond: A high-quality subset of the
GPQA benchmark, with 198 complex graduate-
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Parameter Value

page-size 595 × 842
dpi 72
margin-x 10
margin-y 10
font-path DejaVuSans.ttf
font-size 9
line-height 10
font-color #000000
alignment LEFT
horizontal-scale 1.0
first-line-indent 0
left-indent 0
right-indent 0
space-before 0
space-after 0
border-width 0
border-padding 0
page-bg-color #FFFFFF
para-bg-color #FFFFFF
auto-crop-width true
auto-crop-last-page true

Figure 5: Default rendering configuration used in our
experiments.

Figure 6: Example rendered page.

level multiple-choice questions across various sci-
entific domains. It serves as the out-of-distribution
benchmark in our evaluation.

C.3 Training Dataset

We use OpenR1-Math-Inf (Yan et al., 2025), which
is a subset of OpenR1-Math-220K (Hugging Face,
2025). The OpenR1-Math-220k dataset, a large-
scale benchmark for mathematical reasoning. It
consists of 220k math problems, each accompa-
nied by two to four reasoning traces generated by
DeepSeek R1 for problems sourced from Numina-
Math 1.5. All traces have been verified using Math
Verify.

We first perform data cleaning on the OpenR1-
Math-Inf dataset, resulting in 60,688 valid in-
stances. In OpenR1-Math-Inf, for each instance,
the original reasoning trace is partitioned into mul-
tiple segments based on a hyperparameter η, which
controls the maximum token length of each seg-
ment. Following the data construction procedure of
VTC-R1, this process yields a total of 106K train-
ing instances and approximately 105K rendered
images.

For the final answer A, the special token se-
quence <answer> A </answer> is used to facil-
itate answer extraction and to explicitly indicate
the termination of the reasoning process. For in-
stances consisting of more than one reasoning step,
when step > 1, the intermediate supervision is
formatted as <think>Got it, let’s continue.
{step_text}</think>.

C.4 Batch Inference
The detailed batch inference procedure of VTC-R1
is given in Algorithm 2.

C.5 Comparison with Additional Baselines
Comparison with RoT. We further compare VTC-
R1 with Render of Thought (RoT) (Wang et al.,
2026), a representative latent-CoT method, under
the Qwen3-VL-4B backbone. As shown in Ta-
ble 12, VTC-R1 substantially outperforms RoT,
improving accuracy by 55.7% on GSM8K and
52.6% on MATH500, which indicates that the la-
tent reasoning of RoT comes at a considerable cost
in reasoning performance. Although RoT uses far
fewer tokens, this reflects the different objectives
of the two approaches: latent-CoT methods such as

35574



Algorithm 2 VTC-R1 Batch Inference

Input: batch of questions Q = {Q1, . . . , QB}; initial images {I init
1 , . . . , I init

B }; vision language model
M ; system prompt ⟨Sv⟩; rendering operator Rθ; maximum iteration T
Initialize:

Active request set S ← {1, . . . , B}
Current image sets Ik ← I init

k for all k ∈ {1, . . . , B}
Final answers A ← {∅}Bk=1

for t = 1 to T do
if S = ∅ then

break
end if
Batch Generation via vLLM:
Construct batch prompts P ← {(⟨Sv⟩, Qk, Ik) | k ∈ S}
Obtain batch outputs: {Ok}k∈S ←M(P)
Update States and Render:
for each k ∈ S do

if Ok produces the final answer then
Ak ← ExtractAnswer(Ok)
S ← S \ {k} {Remove finished request from active set}

else
Extract reasoning progress LRk from Ok

Render reasoning into images: Inew ← Rθ(LRk)
Update image history: Ik ← Ik ∪ {Inew}

end if
end for

end for
if S ̸= ∅ then

Handle Time-out Requests:
for each k ∈ S do
Ak ← ExtractAnswer(Ok)

end for
end if
Output: set of final answers A = {A1, . . . , AB}

Method (Qwen3-VL-4B) GSM8K MATH500

ACC ↑ TOK ACC ↑ TOK

RoT (Wang et al., 2026) 37.8 32 33.2 64
VTC-R1 93.5 1362 85.8 4189

Table 12: Comparison with the latent-CoT method RoT.
ACC is higher-is-better (↑); TOK denotes the average
number of generated tokens.

RoT primarily emphasize latent reasoning, whereas
VTC-R1 targets long-context reasoning with strong
task performance and is systematically evaluated
on challenging mathematical benchmarks.

Comparison with InftyThink. We also com-
pare VTC-R1 with InftyThink under the same back-
bone and evaluation settings. As reported in Ta-
ble 13, VTC-R1 achieves consistently higher ac-
curacy, with gains of 1.0, 8.1, and 0.3 percentage

points on MATH500, GPQA-D, and AMC23, re-
spectively, while using fewer tokens on all three
benchmarks (reductions of approximately 32.1%,
15.0%, and 32.0%). InftyThink is slightly faster
on MATH500 and GPQA-D, whereas VTC-R1 is
faster on AMC23. More importantly, InftyThink
relies on an external strong model to summarize
previous reasoning, while VTC-R1 directly renders
the model’s own reasoning as optical memory with-
out any external summarizer, providing a stronger
overall trade-off among reasoning accuracy, token
efficiency, and model independence.

C.6 Case Study
We present four examples to qualitatively analyze
the behavior of VTC-R1. The gray-shaded regions
indicate reasoning steps that are performed by con-
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Benchmark ACC ↑ TOK LAT ↓
VTC-R1 InftyThink VTC-R1 InftyThink VTC-R1 InftyThink

MATH500 86.0 85.0 4.12 6.07 2.19 2.12
GPQA-D 46.0 37.9 10.73 12.63 6.96 5.22
AMC23 64.4 64.1 8.81 12.95 4.30 5.70

Table 13: Comparison with InftyThink under the same backbone and evaluation settings. TOK is reported in
thousands (K) and LAT in seconds (s).

ditioning on images rendered from previous reason-
ing segments. Example 1 demonstrates further ver-
ification of a previously obtained solution. Exam-
ple 2 derives the final answer by summarizing com-
pleted prior reasoning. Example 3 performs error
correction and reflection based on contradictions
identified in earlier reasoning, eventually reach-
ing the correct answer. Example 4 continues the
reasoning process by building directly upon preced-
ing reasoning steps. Collectively, these examples
demonstrate that images rendered from previous
reasoning segments can be effectively leveraged as
optical memory to support multi-step reasoning.
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<think>Got it, let's continue. Alternatively, let me consider the function h(x) = 3^{2x} - 
10^x. We need to find when h(x) = -19. Let me analyze h(x). At x = 2, h(2) = 81 - 100 = 
-19. So x = 2 is a solution. For x < 2, h(x) is positive (since 3^{2x} grows slower than 
10^x but still positive?), and for x > 2, h(x) is negative. Wait, but at x = 1, h(1) = 9 - 10 = 
-1. At x = 0, h(0) = 1 - 1 = 0. Wait, h(0) = 0, h(1) = -1, h(2) = -19. Wait, that contradicts 
my previous thought. Wait, no, hold on. Wait, h(x) = 3^{2x} - 10^x. At x = 0, h(0) = 1 - 1 
= 0. At x = 1, h(1) = 9 - 10 = -1. At x = 2, h(2) = 81 - 100 = -19. So h(x) is decreasing 
from x = 0 onwards? Wait, h(0) = 0, h(1) = -1, h(2) = -19. So h(x) is decreasing. Then, 
as x increases beyond 2, h(x) becomes more negative. So the function h(x) = 3^{2x} - 
10^x is decreasing for x > 0. Therefore, there's only one solution at x = 2. Because once 
h(x) is negative, it continues to decrease, so no other crossing. Therefore, x = 2 is the 
only solution.\nTherefore, the answer is x = 2.\n**Final Answer** The solution is 
\\boxed{2}.</think><answer>2</answer>

Figure 7: Example 1.

<think>Got it, let's continue. Therefore, the answer is 
2220.\n**Final Answer** The least positive integer multiple 
of 30 that can be written with only the digits 0 and 2 is 
\\boxed{2220}.</think><answer>2220</answer>

Figure 8: Example 2.
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<think>Got it, let's continue. But in the first method, when we set y =x -5, then x=3 corresponds to y=-2, which was a root of 
6y(y^2 -4)=0, so y=-2 is a root, leading to x=3. So why is x=3 not a root in the second method?\nWait, when we did the second 
method, we ended up with the cubic equation x^3 -15x^2 +21x -105=0. Let's check if x=3 is a root here.\n3^3 -15*3^2 +21*3 -105 = 27 -
135 +63 -105= (27+63) - (135+105)=90 -240= -150≠0. So x=3 is not a root here. Therefore, there's a contradiction. So which is 
correct?\nWait, let's check the original equation again with x=3.\nLeft side: (3-3)^3 + (3-7)^3 =0 + (-4)^3= -64\nRight side: (2*3 -10)^3= 
(6-10)^3= (-4)^3= -64. So it's correct. Therefore, x=3 is a solution.\nBut according to the second method, x=3 is not a root. Therefore, 
there must be an error in the second method. Let's see where.\nWait, let's go back to the second method:\nOriginal equation:\n(x -3)^3 + 
(x -7)^3 = (2x -10)^3\nExpanding both sides:\nLeft side:\n(x^3 -9x^2 +27x -27) + (x^3 -21x^2 +147x -343) = 2x^3 -30x^2 +174x -
370\nRight side:\n(8x^3 -120x^2 +600x -1000)\nBringing everything to the left:\n2x^3 -30x^2 +174x -370 -8x^3 +120x^2 -600x +1000 
=0\nCombine like terms:\n(2x^3 -8x^3) + (-30x^2 +120x^2) + (174x -600x) + (-370 +1000)= -6x^3 +90x^2 -426x +630=0\nDivide by -
6:\nx^3 -15x^2 +71x -105=0\nBut when we plug x=3 into this equation:\n3^3 -15*3^2 +71*3 -105=27 -135 +213 -105= (27+213) - 
(135+105)=240 -240=0. Wait, 27 +213 is 240, and 135 +105 is 240. So 240 -240=0. Therefore, x=3 is a root. Wait, so earlier calculation 
was wrong. Let me recalculate:\nx=3:\nx^3=27\n15x^2=15*9=135\n71x=71*3=213\nSo 27 -135 +213 -105= (27 +213) - (135 +105)=240 -
240=0. Yes, correct. So x=3 is a root.\nWait, so why did I get confused earlier? Because I miscalculated. So x=3 is indeed a root. Then, 
perhaps my earlier mistake was in the calculation steps. Let me check again.\nWait, the cubic equation is x^3 -15x^2 +71x -105=0. Let's 
factor this cubic equation.\nSince we know that x=3 is a root, let's perform polynomial division or use synthetic division.\nDivide x^3 -
15x^2 +71x -105 by (x -3):\nUsing synthetic division:\n3 | 1  -15   71  -105\n           3  -36   105\n       1   -12   35    0\nSo the cubic factors 
as (x -3)(x^2 -12x +35). Then factor the quadratic:\nx^2 -12x +35. Find two numbers that multiply to 35 and add to -12: -5 and -7.\nSo x^2 
-12x +35=(x -5)(x -7). Therefore, the cubic factors as (x -3)(x -5)(x -7). Therefore, the roots are x=3,5,7. Which matches the first 
method.\nTherefore, the roots are x=3,5,7. So both methods agree. Earlier confusion was due to miscalculations. Therefore, the correct 
roots are x=3,5,7.\nTherefore, the answer is x=3,5,7.\n**Final Answer** The roots are \\boxed{3}, \\boxed{5}, and 
\\boxed{7}.\nAlternatively, if the problem expects a single boxed answer listing all roots, it might be written as \\boxed{3}, \\boxed{5}, 
\\boxed{7}, but typically for multiple roots, we can list them inside a single box separated by commas. However, standard practice is to 
box each root separately if multiple. But since the user instruction says \"put your final answer within \\boxed{}\", perhaps we need to 
present all roots in one box. However, standard practice in math problems is to box each root separately. But maybe the system expects 
multiple boxes. Wait, looking back at the original problem: \"put your final answer within \\boxed{}\". The instruction is singular, so maybe 
all roots in one box. Let me check the initial problem statement again.\nOriginal problem: \"Find the roots of (x - 3)^3 + (x - 7)^3 = (2x - 
10)^3.\" So they are three roots: 3,5,7. The standard way to present multiple roots is either as a list inside a single box or each in 
separate boxes. But since the user says \"put your final answer within \\boxed{}\", perhaps they want all roots in one box. However, in 
many math problems, when multiple roots, they are listed within a single box separated by commas. So I think the answer should be 
\\boxed{3}, \\boxed{5}, \\boxed{7} if multiple boxes are allowed, but since the instruction says \"within \\boxed{}\", maybe the system 
expects all roots in one box. Let me check previous examples. For example, if the answer is multiple numbers, like 3,5,7, then in one box: 
\\boxed{3, 5, 7}. Yes, that's the standard way. So I should write \\boxed{3, 5, 7}.\n**Final Answer** \\boxed{3, 5, 7}</think><answer>3, 5, 
7</answer>

Figure 9: Example 3.

<think>Got it, let's continue. Alternatively, is there a way to get a slope greater than 3/5? Let's see. Suppose point A is at (0,0) and point B is at (4,3). 
Slope is 3/4. If point A is at (0,0) and point B is at (5,3), slope is 3/5. So, 3/4 is higher.\nWait, 3/4 is 0.75, and 3/5 is 0.6. So, 3/4 is higher. So, 3/4 is 
better.\nBut is there a way to get a higher slope than 3/4? Let's see.\nSuppose point A is at (0,0) and point B is at (4,3). Slope is 3/4. If point A is at (0,0) and 
point B is at (5,3), slope is 3/5. If point A is at (0,0) and point B is at (4,3), slope is 3/4. If point A is at (0,0) and point B is at (4,2), slope is 2/4 = 1/2. If point A 
is at (0,0) and point B is at (5,2), slope is 2/5 = 0.4. If point A is at (0,0) and point B is at (5,3), slope is 3/5. So, 3/4 is the maximum here.\nAlternatively, if 
point A is at (0,0) and point B is at (5,3), slope is 3/5. If point A is at (0,0) and point B is at (5,3), that's 3/5. So, 3/4 is better.\nWait, but let's check another 
combination. Suppose point A is at (0,0) and point B is at (4,3). Slope is 3/4. If point A is at (0,0) and point B is at (5,3), slope is 3/5. So, 3/4 is 
better.\nAlternatively, if point A is at (0,0) and point B is at (5,3), slope is 3/5. If point A is at (0,0) and point B is at (5,3), that's allowed. So, 3/5 is less than 
3/4.\nAlternatively, if point A is at (0,0) and point B is at (4,3), slope is 3/4. If point A is at (0,0) and point B is at (5,3), slope is 3/5. So, 3/4 is 
higher.\nAlternatively, is there a way to get a steeper slope by moving point A not at (0,0) but somewhere else?\nSuppose point A is at (0,1) and point B is at 
(4,3). Then, slope is (3 - 1)/(4 - 0) = 2/4 = 1/2. Less steep.\nIf point A is at (0,1) and point B is at (5,3), slope is (3 - 1)/(5 - 0) = 2/5 = 0.4. Less steep.\nIf point 
A is at (0,1) and point B is at (4,2), slope is (2 - 1)/(4 - 0) = 1/4 = 0.25. Even less steep.\nAlternatively, if point A is at (1,1) and point B is at (4,3). Slope is (3 - 
1)/(4 - 1) = 2/3 ≈ 0.666. Less than 3/4.\nIf point A is at (1,1) and point B is at (5,3), slope is (3 - 1)/(5 - 1) = 2/4 = 1/2. Less steep.\nAlternatively, if point A is at 
(0,2) and point B is at (4,3). Slope is (3 - 2)/(4 - 0) = 1/4 = 0.25. Less steep.\nAlternatively, if point A is at (0,2) and point B is at (5,3), slope is (3 - 2)/(5 - 0) = 
1/5 = 0.2. Less steep.\nSo, it seems that the maximum slope is achieved when point A is at (0,0) and point B is at (4,3), giving a slope of 3/4. But wait, let's 
check another combination.\nWait, what if point A is at (0,0) and point B is at (4,3). Slope is 3/4. What if point A is at (0,0) and point B is at (4,3). That's 
allowed. What if point A is at (0,0) and point B is at (5,3). Slope is 3/5. So, 3/4 is higher.\nAlternatively, is there a way to get a higher slope by choosing point 
A not at (0,0) but somewhere else?\nSuppose point A is at (0,0) and point B is at (4,3). Slope is 3/4. If point A is at (0,0) and point B is at (5,3), slope is 3/5. 
So, 3/4 is better.\nWait, but wait. Let me check if there's a point A not at (0,0) that can give a higher slope. For example, suppose point A is at (0,0) and point 
B is at (4,3). Slope is 3/4. If point A is at (0,1) and point B is at (5,3), slope is 2/5 = 0.4. Less. If point A is at (0,0) and point B is at (4,3), slope is 3/4. If point A 
is at (0,0) and point B is at (5,3), slope is 3/5. So, 3/4 is higher.\nAlternatively, is there a point A not at (0,0) but at (0,1) and point B at (5,3). Slope is 2/5. Not 
better.\nAlternatively, point A at (0,0) and point B at (4,3). Slope 3/4. Point A at (0,0) and point B at (5,3). Slope 3/5. So, 3/4 is higher.\nAlternatively, is there 
a way to get a higher slope by choosing point A somewhere else?\nSuppose point A is at (1,1) and point B is at (4,3). Slope is 2/3 ≈ 0.666. Less than 
3/4.\nAlternatively, point A at (0,0) and point B at (4,3). Slope 3/4. That's the maximum so far.\nWait, but let's check another combination. Suppose point A is 
at (0,0) and point B is at (5,3). Slope is 3/5. If point A is at (0,0) and point B is at (4,3), slope is 3/4. So, 3/4 is higher.\nAlternatively, point A at (0,0) and point 
B at (4,3). Slope 3/4. If point A is at (0,0) and point B is at (4,3), that's allowed.\nAlternatively, is there a way to get a higher slope than 3/4?\nSuppose point A 
is at (0,0) and point B is at (5,3). Slope 3/5. Less than 3/4.\nAlternatively, if point A is at (0,0) and point B is at (5,3). Slope 3/5. If point A is at (0,0) and point 
B is at (4,3), slope 3/4. So, 3/4 is higher.\nAlternatively, is there a way to get a slope higher than 3/4?\nWait, let's think of another approach. The maximum 
slope would be achieved when the line from point A to point B is as steep as possible. Since point A is in the square [0,2]x[0,2] and point B is in [4,5]x[2,3], 
the steepest line would be when point A is at the bottom-left corner (0,0) and point B is at the top-right corner (5,3). But wait, the top-right corner of the 
square containing B is (5,3). So, if we connect (0,0) to (5,3), the slope is 3/5. But if we connect (0,0) to (4,3), which is a corner of the square containing B, the 
slope is 3/4. So, 3/4 is higher. So, even though (5,3) is a corner of the square containing B, connecting to (4,3) gives a steeper slope.\nTherefore, the 
maximum slope is 3/4.\nBut let me confirm once again. Suppose point A is at (0,0) and point B is at (4,3). Then, the line from (0,0) to (4,3) has a slope of 3/4. 
If we try to make the slope steeper, we need a higher rise over a smaller run. The rise here is 3 (from 0 to 3) and the run is 4 (from 0 to 4). So, 3/4. If we 
could have a rise of 4 and run of 1, that would be 4, but that's not possible here. Since point A can only go up to y=2, and point B can only go up to y=3. So, 
the maximum rise is 3. The minimum run is 4 (from x=0 to x=4). So, 3/4 is the maximum possible slope.\nTherefore, the greatest possible value of the slope 
is 3/4.\n**Final Answer** The greatest possible value of the slope is \\boxed{\\dfrac{3}{4}}.</think><answer>\\dfrac{3}{4}</answer>

Figure 10: Example 4.
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