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ABSTRACT

Chain-of-Thought (CoT) reasoning has become a powerful framework for improv-
ing complex problem-solving capabilities in Multimodal Large Language Models
(MLLMs). However, the verbose nature of textual reasoning introduces significant
inefficiencies. In this work, we propose Heima (as hidden llama), an effective
CoT compression framework that condenses lengthy CoTs into a small set of ab-
stract thinking tokens, preserving essential reasoning while removing redundancy.
We then conduct a theoretical analysis from an information-theoretic perspective,
quantifying the information gap induced by compression, showing that reasoning
capability is preserved when non-trivial mutual information is retained. To further
explore and quantify this information gap, we design the adaptive interpreter that
maps thinking tokens back to variable-length textual sequences, thereby recon-
structing the reasoning process. Experiments across diverse reasoning benchmarks
demonstrate that Heima improves reasoning efficiency, while maintaining or even
achieving better zero-shot accuracy. Moreover, the interpreter reconstructs coherent
reasoning progresses from compressed thinking tokens, revealing that the informa-
tion gap is minimal and validating the effectiveness of the proposed framework.
This work paves the way for scalable latent reasoning models and advances our
understanding of efficient reasoning processes in large models.

1 INTRODUCTION

The recent rise in popularity of Multimodal Large Language Models (MLLMs) (Achiam et al.| 2023;
Bai et al.| 2023} [Liu et al.| 2024c} [Lai et al., 2024; | Xu et al.,[2024), which integrate vision techniques
with traditional Large Language Models (LLMs), has spurred interest in leveraging Chain-of-Thought
(CoT) (Wei et al.,[2022)) reasoning to enhance their capabilities for solving complex problems. It
not only enhances interpretability but also enables more effective multi-step reasoning, equipping
MLLMs to address tasks that demand intricate logical understanding and contextual coherence,
especially when processing the inherent complexity of visual information. However, reasoning with
CoT often requires generating a substantial amount of additional reasoning texts, particularly for
complex problems, leading to expensive inference costs. Thus, efficiency has become a central theme
in applying MLLMs, making it crucial to reduce the number of tokens generated during reasoning to
enhance overall computational performance.

Recent works (Hao et al.l 2024; |Deng et al., 2024b) explore the latent reasoning methods. Ap-
proach (Hao et al.||2024)) explores compressing CoTs for a small-scale model, GPT-2 (Radford & Wu|
2019)), on individual reasoning tasks in the text-only setting. However, this leaves a significant gap in
extending CoT compression to large-scale MLLMs that must handle general reasoning tasks with
multimodal inputs. Other works (Pi et al., 2023 |Yan et al., 2024; |Deng et al.| |2024a)) investigate latent
reasoning in MLLMs by employing visual decoders for segmentation, detection, and recognition,
aiming to decode latent information in MLLM generated tokens. This underscores the feasibility of
latent-space reasoning and motivates deeper investigation into its capabilities.

In this work, we propose Heima, the first CoT compression framework for MLLMs to achieve
efficient reasoning. Instead of relying on verbose CoTs, Heima performs reasoning in the latent space,
compressing CoTs into compact thinking tokens. First, we design Heima as the CoT compressor of
our framework. Specifically, we train the reasoning MLLM to distill each CoT stage into a single
thinking token, <CoT>, utilizing step-by-step distillation for more effective mapping. Then, we
provide theoretical analysis from the information-theoretic perspective to quantify the information
gap between textual CoTs and thinking tokens, showing that reasoning effectiveness is preserved
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Figure 1: Visualization of our framework. Heima (MLLM) peforms reasoning with thinking tokens
based on image and question. Compressed thinking tokens and question are then fed to interpreters
(LLMs) for CoT reconstruction. In reconstructed reasoning progress, the caption interpreter suc-
cessfully retrieves image information, describing it as ”"The image shows a sleek, modern sports car
with a black exterior” and identifying a distinct feature of logo as "a cross with a circle”. Also, the
reasoning interpreter accurately deduces the logo as BMW based on this distinctive symbol. This
verifies that interpreters effectively reconstruct visual features from pure textual inputs.

when non-trivial mutual information is retained. To further assess and quantify this gap, we develop
corresponding interpreters fine-tuned from LLMs that adaptively decode thinking tokens into tex-
tual sequences of varying length. By leveraging explanatory prompts, the interpreters effectively
reconstruct reasoning progress from compressed representations.

The whole framework is shown in Figure[I] We accelerate the reasoning using Heima, which performs
reasoning in latent space by generating a significantly reduced number of thinking tokens instead of
verbose textual CoTs, thereby producing answers more efficiently. The last hidden states of these
thinking tokens are further delivered to interpreters for the reconstruction of the textual reasoning
sentences. Experimental results demonstrate that our approach significantly enhances reasoning
efficiency by generating far fewer tokens while achieving comparable or even superior performance
on a list of zero-shot reasoning benchmarks. Furthermore, the results demonstrate that the reasoning
progress reconstructed by interpreters, even without visual information, closely align with the original
CoTs texts generated based on multimodal inputs. These findings establish that the information gap
induced by compression is negligible and affirm the effectiveness as well as the interpretability of the
thinking tokens produced by Heima. Our contributions are summarized below:

1. We propose Heima, the first reasoning acceleration framework for MLLMs that conducts
reasoning in latent space by generating compact thinking tokens rather than verbose textual CoTs.

2. We develop an information-theoretic analysis of CoT compression within Heima that quantifies
the compression-induced information gap and proves that reasoning capability is preserved under
retention of non-trivial mutual information.

3. We design interpreters with pure LLMs to reconstruct textual reasoning with thinking tokens,
which serves to analyze the information gap induced by compression relative to the original CoTs.

4. Experiments show that Heima attains substantial improvements in reasoning efficiency without
sacrificing performance relative to textual CoTs. In addition, reconstructions with interpreters indi-
cate that the information gap induced by compression is negligible, providing empirical validation
of the theoretical guarantees underlying the Heima framework.

2 RELATED WORK

2.1 CHAIN-OF-THOUGHT REASONING

With the theoretically validated effectiveness in recent works (Merrill & Sabharwall 2023} |[Feng et al.|
2024), CoTs have gained increasing popularity and are widely adopted as an enhancement method for
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generating intermediate reasoning processes before arriving at the final answer. The works (Wei et al.
2022; |[Khot et al., 2022} Zhou et al.,|2022) focus on designing the effective prompts which decompose
the question into a group of reasoning steps for LLMs. The works (Yue et al., [2023;|Yu et al., 2023}
Wang et al., [2023} |Shao et al.} 2024; |Liu et al., 2024a)) adopt additional fine-tuning to guide the model
to generate reasoning chains. Meanwhile, to further enhance reasoning performance and make model
reasoning more human-like, recent works (Xie et al.} 2024;|Gandhi et al., [2024; Su et al., 2024) have
integrated additional search algorithms to improve the relevance of CoT generation and the input
content. However, almost all of these works enhance reasoning performance by generating additional
textual tokens, which incurs significant computational costs for large generative models with billions
of parameters. This motivates us to explore the token reduction methods during the reasoning process.

2.2 TEXTUAL EFFICIENT REASONING

Recent works (Ning et al., 2023} Kou et al.,2024; |Zhang et al., 2023} [Li et al., [2024) aim to accelerate
the reasoning process by employing parallel generation through templates or Jacobi decoding, which
introduces additional overhead during model inference. Meanwhile, the works (Ge et al.| [2024;
Chevalier et al., [2023; Qin et al., 2023} |Liu et al.,|2023; Munkhdalai et al.,|2024) adopt contextual
compression methods to achieve the efficient generation of the next following contexts based on the
previous contexts. On the other hand, the work (Cheng & Van Durme, 2024) compresses the CoT into
a short sequence of continuous embeddings for the acceleration of reasoning process. However, its
results on the math dataset reveal a significant degradation in accuracy, indicating the limitations and
ineffectiveness of this approach. Thus, there is still a gap in developing efficient reasoning techniques
for large models that maintain the performance advantages of reasoning with CoTs, which motivates
us to explore better compression methods with CoTs for higher accuracy and efficiency.

2.3 REASONING IN LATENT SPACE

Works (Hao et al.|[2024}Yang et al., 2024; Biran et al.| 2024; |Cheng & Van Durme}|2024) adopt latent
reasoning for LLMs. For example, the work (Hao et al., [2024)) addresses the compression of small
models (GPT-2) on math datasets with CoTs. However, its effectiveness remains unverified as the
evaluation is limited to math datasets and small model size. Some works (Liu et al.,|2024c; [Lai et al.|
2024) include visual information into latent space for MLLMs to enhance the textual reasoning. The
work (Lai et al., 2024) employs fine-tuning for both LLMs and segmentation decoders, demonstrating
the potential to decode visual information in tokens generated by LLMs. Subsequent works (Pi et al.|
2023; Deng et al., [2024a};|Yan et al.,[2024) continue to investigate using MLLMs to generate tokens
for visual downstream tasks, rather than exploring the construction of internal feature representations
within MLLMs for higher-level feature embedding. The absence of feature construction in MLLMs
motivates us to explore the development of latent representations for these models.

3 METHODOLOGY

We mainly present Heima framework in this section. First, we outline the training setup of Heima,
covering dataset construction and the distillation strategy. Then, we provide theoretical analysis of
the information gap between textual CoTs and compressed thinking tokens from an information-
theoretic perspective. Next, we introduce the interpreter, which maps thinking tokens back to
CoT-like trajectories, to further explore the information gap introduced by compression. Finally, we
demonstrate how this approach enables efficient compressed reasoning at inference time.

3.1 HEIMA FRAMEWORK

We introduce Heima to compress verbose textual CoTs into compact thinking tokens through further
distillation, enabling faster on-the-fly CoT reasoning.

Dataset Preparation. Given [V total samples, original CoT training dataset D is defined as follows,
D::{(X, CoTs, Y)}, |D| = N, (1)

where X denotes the visual and query inputs, CoTs := {CoT }f:"l denotes the sequence of K
textual CoT stages in i-th sample, and Y denotes the final answers.
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Figure 2: Visualization of progressive distillation. Each row shows the training data in that stage.

Thinking Token Dataset. We define the reasoning MLLM as #, which is fine-tuned on the updated
dataset to incorporate CoTs. Specifically, we update the training set D by replacing each CoT's with
thinking tokens—denoted as <CoTs> := {<CoT>(k)}kK=7‘1. For each thinking token <CoT> at
the k-th stage, it is defined with a unique special token and added to the vocabulary to enable explicit
textual visualization of the reasoning process. For example, in Figure |l| we define a new token
<Thinking_of_Summary> in vocabulary as the thinking token for the summary stage. Note that
different samples with varying values of ¢ share the same thinking token <CoT> ;) at the same stage
k. The updated Heima dataset Dy is then defined as follows,

Dy = {(X,<CoTs>, Y)}, |Du|=N. )

Distillation Objective. To perform the reasoning with thinking tokens in latent space, we further
perform fine-tuning using CoT distillation. The distillation objective is defined as follows,
0) = — E log Py(<CoTs>, Y | X). 3
LO) == vk . p, o8 To(<CoTs> Y [ X) ©)
Through this distillation, we fine-tune the model to directly predict the thinking tokens <CoTs>
instead of verbose CoTss.

Progressive Distillation. To facilitate a seamless transition from textual reasoning to hidden
thinking while maintaining model performance, we further adopt the progressive distillation strategy
as shown in Figure2] Specifically, we do not distill all CoT stages into thinking tokens at once. Instead,
we progressively distill each stage into a thinking token, one by one. Formally, our progressive
distillation has M := max{K;}Y , + 1 stages. After we finish the s-th stage distillation, we
move on to its next (s + 1)-th stage distillation, until reaching the final stage. In the s-th stage
(s € N,0 < s < M), we prepare the pregressive training data D p using

Dp = {(X, {<CoT>()}ier, {CoTm ey, Y) ), |Dp| < NM. )

For s = 0, the set {<CoT> ) }7_, is empty with no thinking tokens in training. For s > 0, we
finetune Heima Hy(+) as follows,

max E log Pg({<COT>(k)}Z=1, {CoT g}, Y| X). )

In the above expression, during the s-th stage distillation, the first s CoT stages are distilled with
thinking tokens, while the rest CoT stages are untouched and trained with textual reasoning tokens.
As the value of s increases, more CoT stages are distilled into thinking tokens as shown in Figure 2}

This approach allows the model to gradually internalize the reasoning processes with multiple CoTs
and integrate them into thinking tokens. After the final progressive stage, we introduce an additional
recovering stage, where the model is further optimized using only thinking tokens as in Equation (3).
This extra recovering stage optimizes the transitions and interactions between the thinking tokens
across different stages, ensuring a cohesive alignment of information learned throughout the distilla-
tion process. Additionally, it consolidates the overall learning process, enhancing the model’s ability
to effectively utilize the distilled reasoning patterns for improved performance and robustness in
downstream reasoning tasks.

Efficient Reasoning. To accelerate reasoning with Heima framework, we deploy Heima solely as
the service reasoning MLLM, benefiting from lower memory usage and faster generation. Heima
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generates the response corresponding to the given input as follows,

T+E;
Py(<CoTs>, Y | X) = H Py (wy | wey, X)), (6)

t=1
where the (wy,ws,...,wkg,) = <CoTs> denotes the generated thinking tokens, and the Y =
(WK, +1, WK, +2, - - -, WK, +1) denotes the tokens corresponding to the final answer. We obtain the

final answer by Heima using only K; intermediate tokens, significantly reduced from the original
Z,If:il |CoT )| tokens, enabling faster generation and avoiding complex & verbose textual CoTs.

3.2 INFORMATION-THEORETIC COMPRESSION

Distillation (Equation (3))) represents a form of compression (Delétang et al.,[2024} Huang et al.| 2024,
since such loss induces a code when paired with an ideal entropy coder (MacKay, 2003). Extending
this view, we provide an analysis of information variance across the pre- and post-distillation stages.

Notations. For a random variable X ~ Px, entropy is H(X) = —E,. p, [log Px (z)]. For joint
variables (X, Y’) with distribution Px y, conditional entropy is H(Y" | X) = E,py [H (Py|x=z)]-
Mutual information is I(X;Y) = H(X) — H(X | Y) = KL(Px,y || PxPy), and conditional
mutual informationis I(X;Y | Z)=H(X | Z) - H(X | Y, 2).

Given input X for inference, Heima compresses textual CoTs into compact representations
<CoTs> = f(X,CoTs) as thinking tokens with |<CoTs>| <« |CoTs|. The central question is
whether <CoTs> retains sufficient task-relevant information about the output Y. By the data-
processing inequality (MacKayl 2003) as follows,

0<I(Y;<CoTs> | X) < I(Y;CoTs | X),
which shows that <CoTs> carry no more information than CoT's, while still preserving non-trivial
information for reasoning.

Theorem 3.1 (Information preserved under CoT compression) Ler X be the input, CoTs chain-
of-thoughts, <CoTs> = f(X,CoTs) thinking tokens, and Y the task output. Since <CoTs> =
f(X, CoTs), we have the Markov chain Y — (X, CoTs) — <CoTs>. Then

H(Y | X,CoTs) < HY | X,<CoTs>) < H(Y | X),
equivalently,
0 < I(Y;<CoTs>| X) < I(Y;CoTs | X),
I(Y;CoTs | X) — I(Y;<CoTs>| X)=I(Y;CoTs | X, <CoTs>) > 0.

Thus, compression into <CoTs> cannot increase the information about Y relative to CoTs. It
preserves strictly positive task-relevant information if 1(Y; <CoTs> | X) > 0, and loses no
information compared to CoTs if and only if I(Y;CoTs | X, <CoTs>) = 0 (i.e., <CoTs> is
sufficient for CoT's with respectto'Y').

Proof 3.2 Because <CoTs> = f(X,CoTs), Y — (X,CoTs) — <CoTs> holds, and by the data
processing inequality (MacKayl [2003) I(Y; <CoTs> | X) < I(Y;CoTs | X). Using the identity
IY;W | X)=HY | X)—-H(Y | X,W) for W € {<CoTs> CoTs} gives HY | X,CoTs) <
H(Y | X,<coTs>) < H(Y | X). Finally, the chain rule with I(Y; <CoTs> | X,CoTs) = 0
yields I(Y;CoTs | X) = I(Y; <CoTs>| X)4+1(Y;CoTs | X, <CoTs>), proving the nonnegative
gap and sufficiency condition.

Remark 3.3 This result formalizes the role of CoT compression: the compressed <CoTs> can never
be more informative about the target Y than the full chain CoTs, but as long as [(Y; <CoTs> | X) >
0, it still retains strictly useful information beyond X alone. The gap 1(Y;CoTs | X, <CoTs>)
quantifies the reasoning details lost in compression, while the inequality ensures that compressed
reasoning remains effective as long as <CoTs> captures nontrivial task-relevant information.

Theorem [3.1]and Remark [3.3|indicate that the gap I(Y'; CoTs | X, <CoTs>) determines the amount
of information loss during the compression from verbose textual CoTs to compact thinking tokens.
This observation highlights that the effectiveness of reasoning in latent space fundamentally depends
on how much of the task-relevant information is preserved after compression.
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Figure 3: Training progress for the interpreter. Thinking token is caught from the s-th last hidden
state of Heima and replaces the embedding of special token <CoT>y).

3.3 INTERPRETER DESIGN

As explained in the above section, it is essential to analyze and quantify this information gap in
order to assess whether the compressed representations remain sufficient for reasoning. To this
end, we further design the corresponding interpreters that reconstruct thinking tokens back into
textual reasoning traces, thereby providing an empirical proxy to evaluate the magnitude of this
gap and verify the practical validity of reasoning in latent space. Meanwhile, this can verify if the
model is genuinely learning reasoning in latent space rather than merely fitting the data, showing the
effectiveness of compressed representations encapsulated within thinking tokens. Specifically, for the
design of interpreter, we adopt the standard next-token prediction objective in pure LLMs for the
reconstruction of variable-length (i.e., adaptive) textual sequences based on thinking tokens.

Adaptive Interpretation. After full distillation in Heima, all CoT stages are distilled into thinking
tokens. Thinking token for each reasoning stage requires one corresponding interpreter. Thus, to
interpret all of the thinking tokens, we train the corresponding interpreters separately. In detail, we
adopt a pretrained LLM as the initialization of interpreter Z, (-) for the k-th CoT stage corresponding
to the k-th thinking token <CoT> 4, where 0, denotes its parameters. We do not consider the case
of k = 0 without thinking tokens. Its training set D of the k-th stage is designed as follows,

Dy = {(Xe, ‘qu7 <CoT> k), H<COT><k)7 COT(k))}, ‘D[| =N, @)

where X, denotes the explanatory prompts to guide the model for the interpretation of thinking
tokens. X, denotes the pure textual question. H.cors,, denotes the hidden representation (last
hidden states) of the thinking token <CoT> generate(f by Heima. CoT ;) denotes the original
textual CoT at k-th stage. Note that, here we only use pure-text LLMs as the interpreters, meaning
they cannot read images. The dataset D; for training interpreters only has text questions without
visual images inputs.

During the training of interpreter, the frozen Heima is used to generate the thinking tokens. Im-
portantly, we do not feed the token symbol <CoT>y, directly as input. Instead, we replace it
with the corresponding last hidden state H.cor> * from Heima, since the reasoning information is
encapsulated in the hidden representation (i.e., last hidden state) rather than the textual symbol. This
substitution occurs after the word embedding stage, as illustrated in Figure 3] Interpreter is fine-tuned
with the next-token prediction loss as follows,

maxE log Py, (COT(k) | X., X,, H<COT>(k)). 8)
k

Explanatory Prompts. The single hidden representation H.cors,, alone is insufficient to guide
the interpreter Zy, (-) toward reconstructing the original reasoning texts, as language models generally
rely on textual instructions to scaffold the generation process. Thus, we provide the explanatory
prompt for interpreter to enhance usability. We use the prompt as follows,

“According to question: X, can you explain the thinking progress <CoT>y?”

This kind of prompt ensures that the output reasoning process remains (i) aligned with the original
query X, and (ii) consistent with the hidden representations contained in thinking tokens.

The interpreter is employed to investigate the information gap highlighted in Theorem [3.1] and
Remark [3.3|by comparing the reconstructed reasoning sentences with the original textual CoTs. When
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Table 1: Main results compared to Llama3.2-11B-Vision-Instruct and LLaVA-CoT with both
accuracy and number of generated tokens on 6 different multimodal reasoning benchmarks.

Dataset | MMSar MMBench MM Vet MathVista AI2D Hallusion | Avg.

Model Acc. Acc. Acc. Acc. Acc. Acc. Ace
(# Token) (# Token) (# Token) (# Token) (# Token) (# Token) :

Lll?gla\EZ 48.1(140.0) 58.2 (64.7) 50.2 (106.0) 50.3 (240.1) 68.5 (74.9) 372 91.4) | 52.1

- ision

LLaVA-CoT \ 54.0 (181.0) 70.7 (154.8) 49.8 (227.2) 509 (216.3) 77.6 (178.5) 63.8 (177.9) \ 61.1

Heima w/o

progressive 49.7 (13.1) 725 (13.3)  39.0 (71.7) 393 (13.6) 759 (12.6) 613 (15.6) | 56.3

Heima w/o
recover

Heima | 49.9 (12.8) 72.8 (12.9) 433 (75.8) 43.6 (13.8) 775 (12.7)  60.6 (16.9) | 58.0

49.8 (13.0)  71.6 (13.2) 428 (79.6) 39.8 (14.0) 77.3 (12.7) 585 (17.5) | 56.6

the reconstructed reasoning closely aligns in semantics with the original CoTs, the compression-
induced information gap is regarded as minimal, thereby confirming that reasoning with thinking
tokens preserves the essential reasoning capability.

4 EXPERIMENTAL RESULTS

4.1 EXPERIMENT SETUP

Dataset. We utilize the LLaVA-CoT-100k (Xu et al} 2024) dataset, a reasoning dataset for
MLLMs that integrates samples from several widely used VQA datasets. It comprises 100k image-
QA pairs with three stages of CoT reasoning: summary, caption, and reasoning.

Model Training. We adopt the LLaVA-CoT (Xu et al.| 2024) pretrained model based on Llama-3.2-
11B-Vision-Instruct (Meta, [2024Db)) as the initialization of Heima. The Llama-3.1-8B-Instruct (Meta,
2024a)) is employed as the initialization of interpreter. We use torchtune (Meta, [2024c) as the model
training framework with LoRA (Hu et al.| [2021)) for both Heima and the corresponding interpreter.
During the progressive distillation, we freeze the image encoder component and fine-tune both the
decoder module and fusion components of the LLaVA-CoT model. This distillation includes the
entire attention and MLP modules across all layers, as well as the output projection layer, using a rank
of 16, and an alpha of 32. For the training of interpreter, we apply the same LoRA setting. Detailed
hyperparameters are included in Appendix [A] The training is conducted on 8 x H100 GPUs. Besides,
to further verify our generalization for different model architectures, the LLaVA-Next-Vicuna-7B (Liu
et al.,|2024b)) (as Heima) and Vicuna-7B (Zheng et al.,|2023) (as interpreter) are adopted. We train
the LLaVA-Next-Vicuna-7B on LLaVA-CoT-100k through LoRA to capture reasoning capability,
and then perform our method with thinking tokens with this model family.

Evaluation. We adopt multiple challenging zero-shot benchmarks to verify the effectiveness
of our proposed method, including MMStar (Chen et al. 2024), MMBench V1.1 (Liu et al.,
2025), MM Vet (Yu et al., 2024}, MathVista (Lu et al., [2024), AI2D (Hiippala et al., 2021}, and
HallusionBench (Guan et al., 2024). MMStar, MMBench, and MM Vet evaluate general visual
question-answering capabilities, while MathVista and AI2D assess mathematical and scientific rea-
soning. HallusionBench, in contrast, targets language hallucinations and visual illusions. We use the
VLMEvalKit (Duan et al.,|2024) as the evaluation pipeline to ensure a fair comparison. We reproduce
the evaluation results of LLaVA-CoT to get the number of generated tokens. GPT-40 (Achiam et al.,
2023)) is adopted for evaluation on the MM Vet and MathVista datasets, while exact match evaluation
is applied to other datasets using VLMEvalKit. For Heima, we split the LLaVA-CoT-100k dataset
for train and test separately. We evaluate fine-tuned interpreters on test set which contain 4300
samples with metrics including BLEU-4 (Papineni et al.| 2002), METEOR (Banerjee & Lavie, |2005),
ROUGE (Lin, 2004), BERTScore (Zhang et al., 2019), and similarity analysis from GPT-40.

4.2 MAIN RESULTS

We first provide main results for Heima in Table[I] We compare our method with original Llama3.2-
11B-Vision-Instruct and the LLaVA-CoT on 6 datasets for zero-shot evaluation. Heima outperforms
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Table 2: Results with LLaVA model family. LoRA is used to train the model for CoT improvements.
Datasets | MMSar MMBench MM Vet MathVista AI2D Hallusion | Avg.

Acc. Acc. Acc. Acc. Acc. Acc.
(# Token) (# Token) (# Token) (# Token) (# Token) (# Token)

Model ‘ ‘ Acc.

LLaVA-Next
Vicuna-7B ‘ 37.7 (2.5) 65.6 (2.0) 33.4(143.9) 30.2(93.7) 67.0 (2.0) 32.3(69.3) ‘ 444
LLaVA-Next
~Vicuna-7B (CoT) 46.5(175.9) 71.5(1553) 47.5(230.5) 41.8(190.6) 77.3(165.7) 45.1(149.8) ‘ 55.0
Heima \ 44.6 (12.8)  73.5(12.5) 43.4(68.9) 40.6 (12.7)  77.1(12.6) 43.3(15.7) \ 53.8

Llama3.2-11B-Vision-Instruct model with large improvements in average accuracy, while using
fewer tokens, particularly on benchmarks such as MMBench, AI2D, and Hallusion with much higher
accuracy and fewer tokens. Compared with baseline LLaVA-CoT, Heima retains most of the model’s
performance while using as little as 6% of the tokens on certain datasets. Notably, on MMBench,
Heima achieves better accuracy than the baseline LLaVA-CoT. Furthermore, to demonstrate the
effectiveness of progressive distillation, we show the accuracy results using one-shot distillation to
distill all CoT stages in one shot. Results achieved with non-progressive distillation indicate worse
performance, confirming the effectiveness of the progressive distillation in our framework. Addition-
ally, the accuracy results without the recovering stage highlight its necessity, as they demonstrate a
noticeable decline in performance compared to that with the recovering stage after completing the
distillation of all CoT stages. We further present detailed accuracy results for various reasoning tasks
of MMStar in Table[A4]of Appendix[B] Heima outperforms Llama3.2-11B on both instance reasoning
(IR) and logical reasoning (LR) tasks while using less than 10% of the tokens, and it preserves the
majority of its reasoning capabilities for mathematical problems through progressive distillation.

Meanwhile, we provide additional results with LLaVA-Next-Vicuna-7B in Table [2] to verify the
generalization of our framework. Our method achieves better performance than non-CoT model
(i.e., the original LLaVA-Next-Vicuna-7B). Compared with the LoRA fine-tuned CoT model, our
method achieves comparable accuracy with significantly fewer generated tokens (as little as 6%). The
consistent performance on different models architectures demonstrates the effectiveness, efficiency,
and generalization of our method.

4.3 INTERPRETABILITY ANALYSIS

To quantify the information gap by the compression as illustrated in Section we evaluate the
similarity between interpreter-reconstructed reasoning sentences and the ground-truth textual CoTs.
We provide results of 4 evaluation metrics in the left side of Figure 4 with details in Table of
Appendix [B] We observe that the reconstruction is most successful for summary stage, followed by
caption stage, and then reasoning stage. In addition, we use GPT-4o to evaluate the similarity between
reconstructed reasoning and original CoTs using a 5-point ranking scale (higher is better), and the
results are shown in the right side of Figure ] Prompts for GPT-40 are included in Appendix [C] We
average the rank of all samples in one stage to estimate the similarity score, and results verifies that
all stages are effectively reconstructed.

Meanwhile, we provide evaluation results for interpreter with the LLaVA model family in Table [A6]
of Appendix [B] Results are consistent with those in Figure 4] from Llama3 model family, further
demonstrating the effectiveness and generalization of our method.

The results discussed above demonstrate that the information gap introduced by Heima between
verbose textual CoTs and compact thinking tokens is minimal, thereby validating the theoretical
analysis in Section More importantly, the reasoning capability of the compressed representation
is well preserved, indicating that the retained non-trivial mutual information is sufficient for sustaining
effective reasoning in latent space. In particular, the example in Figure[I] highlights that the interpreter
successfully reconstructs textual reasoning progress that capture the key insights of visual information
even when no visual input is provided. This finding confirms that thinking tokens preserve multimodal
signals for reasoning, underscoring both the effectiveness of the compression with Heima and the
robustness of reasoning in latent space.
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Figure 4: Left: results of BLEU-4, METEOR, GROUGE-L, and BERTScore for 3 interpreters.
Right: results of evaluation by GPT-40 for evaluating the average similarity score (1-5) between the
reconstructed reasoning processes from thinking tokens and the original textual CoTs.
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Figure 5: Left: ablation study of zero-shot performance on 6 datasets for different number of
thinking tokens for each CoT. Mid: ablation study of average accuracy on 6 datasets for varying
retention ratios of thinking tokens relative to original CoT. Right: ablation study for the number of
generated tokens on MMStar with varying retention ratios of thinking tokens relative to the original
CoT. Baseline (i.e., LLaVA-CoT) generates 181 tokens in average.

4.4 ABLATION STUDY

We provide results with different numbers of thinking tokens adopted for the distillation of one CoT
stage in left side of Figure 5] with detailed results in Table [A7] of Appendix [B] Results show that the
single thinking token for encoding CoT stage achieves the best performance.

We further ablate for adaptive distillation by using different retention ratio of the original CoT token
length, and the corresponding results are in middle of Figure [5| with detailed results in Table [A§]
of Appendix |B| Across retention ratios ranging from 10% to 90%, the accuracy exhibits irregular
fluctuations without a discernible trend, reflecting the inherently unpredictable relationship between
retention ratio and accuracy. Also, as shown in right side of Figure[5} the average number of generated
token keeps increasing as retention ratio becomes larger. When retention ratio reaches 70%, the
average number of generated tokens exceeds that of baseline model, indicating the adaptive distillation
is not effective for the compression of the reasoning progress.

In addition, we conduct the ablation study on the number of interpreters to examine whether it is
necessary to adopt distinct interpreters for each CoT stage. The results are reported in Table [A9]
in Appendix [B.5] The ablation results reveal that distinct interpreters are crucial for summary and
caption reconstruction. We emphasize that interpreters are not integrated into the efficient reasoning
procedure of Heima, but are instead utilized exclusively to interpret the reasoning in latent space.

5 CONCLUSION

In this paper, we introduced Heima, a framework for accelerating reasoning in MLLMs through
CoT compression. Heima distills each CoT into a compact thinking token and is supported by
an information-theoretic analysis that quantifies the compression-induced information gap. To
empirically examine this gap, we further design the interpreters guided by explanatory prompts to
reconstruct reasoning progresses from thinking tokens. Extensive experiments demonstrate that
Heima achieves comparable or even superior zero-shot accuracy with significantly fewer tokens,
highlighting both its efficiency and robustness. Moreover, the successful reconstruction of reasoning
processes confirms that the information gap is minimal and reasoning capability is preserved. A
limitation of the proposed framework lies in the reliance on multiple interpreters for different CoT
stages, which increases the overall complexity. Looking ahead, we plan to extend Heima to larger-
scale models to improve scalability, explore lightweight LLMs as interpreters, and investigate unified
interpreter designs that integrate CoTs across stages to enhance practicality.
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REPRODUCIBILITY STATEMENT

Our framework is built upon MLLMs to enable faster reasoning in the latent space. Theoretical
analysis is provided to explain the proposed method, and extensive experiments are conducted
to validate its effectiveness. All code and implementation details will be released publicly upon
acceptance of the paper.

LLMS USAGE STATEMENT

We acknowledge the use of LLMs exclusively for the purposes of polishing the wording of the
manuscript for improved readability. The research design, theoretical analysis, and experimental
results were conducted entirely without LLM assistance.
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APPENDIX

A TRAINING HYPERPARAMETERS

We provide the hyperparameters for the progressive distillation, additional recovering, and adaptive

interpretation training in Table [AT] Table and Table

Table Al: Training hyperparameters for progressive distillation.

Parameter | Value
Epoch 1
Batch Size 6
Gradient Accumulation 1
Optimizer AdamW
Weight Decay 0.01
Learning Rate le-4
Learning Rate scheduler cosine
Warmup 100
Clip Gradient Norm 1
Activation Checkpointing | TRUE
FSDP TRUE
Bfloat16 TRUE

Table A2: Training hyperparameters for additional recovering after progressive distillation.

Parameter | Value
Epoch 1
Batch Size 8
Gradient Accumulation 1
Optimizer AdamW
Weight Decay 0.01
Learning Rate le-5
Learning Rate scheduler cosine
Warmup 100
Clip Gradient Norm 1
Activation Checkpointing | TRUE
FSDP TRUE
Bfloat16 TRUE

Table A3: Training hyperparameters for adaptive interpretation training.

Parameter | Value
Epoch 1
Batch Size 8
Gradient Accumulation 1
Optimizer AdamW
Weight Decay 0.01
Learning Rate Se-4
Learning Rate scheduler cosine
Warmup 100
Clip Gradient Norm 1
Activation Checkpointing | TRUE
FSDP TRUE
Bfloat16 TRUE

14
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B ADDITIONAL RESULTS

B.1 DETAILED RESULTS ON MMSTAR

We present the detailed accuracy results on MMStar in Table we identify that Heima outperforms
Llama3.2-11B on both instance reasoning (IR) and logical reasoning (LR) tasks while using less
than 10% of the tokens, and it preserves the majority of its reasoning capabilities for mathematical
problems through progressive distillation.

Table A4: MMStar detailed results. CP denotes coarse perception, FP denotes fine-grained perception,
IR denotes instance reasoning, LR denotes logical reasoning, S&T denotes Science&Technology.
Overall accuracy is a weighted metric based on sample counts.

Model \ CP FP IR LR Math S&T \ Overall
Llama3.2

LB Viaon | 640 392 536 516 516 284 | 481

LLaVA-CoT | oo 400 644 524 608 404 | 540

(reproduce)

Heimawlo | fo ' 43 64 456 448 360 | 497

progressive

Heimaw/o | o1 e 440 572 516 440 372 | 498

recover

Heima | 620 432 588 528 480 348 | 499

B.2 DETAILED EVALUATION OF INTERPRETERS

We provide the detailed evaluation results for the metrics in Table[A3]

Table A5: Detailed evaluation metrics for 3 interpreters trained based on LLama-3.1-8B-Instruct.

Stage | Summary Caption Reasoning
BLEU 15.9 12.8 11.2
METEOR 40.1 355 32.7
ROUGE-L 41.6 37.9 32.7
BERTScore 73.4 71.4 66.6

B.3 RESULTS WITH LLAVA MODEL FAMILY

We provide the results of 3 interpreters trained based on Vicuna-7B in Table [A6]

Table A6: Evaluation results for 3 interpreters trained based on Vicuna-7B.

Stage | Summary Caption Reasoning
BLEU 14.5 13.2 10.6
METEOR 39.5 31.5 31.5
ROUGE-L 42.1 34.1 30.6
BERTScore 69.6 65.7 64.9

B.4 DETAILED ABLATION STUDY

We provide the detailed evaluation results of the ablation study for the different number of thinking
tokens and different retention ratios in Table[A7]and Table separately.
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Table A7: Detailed results for the ablation study of different number of thinking tokens.
# Token \ MMSar MMBench MMVet MathVista AI2D Hallusion \ Avg. Acc.

1 49.9 72.8 43.3 43.6 77.5 60.6 58.0
2 50.3 71.4 41.4 43.1 75.6 573 56.5
4 49.9 71.0 42.2 39.3 75.4 59.3 56.2
8 51.1 70.4 41.0 40.9 76.7 59.9 56.7
16 49.5 72.0 40.9 40.9 76.2 61.6 56.9
32 50.2 71.1 42.9 41.6 75.2 61.8 57.1

Table A8: Detailed results for the ablation study of different retention ratios.
Ratio | MMSar MMBench MMVet MathVista AI2D  Hallusion | Avg. Acc.

0.1 49.1 69.7 37.2 41.3 75.9 59.1 55.4
0.2 49.7 71.5 394 41.2 75.3 60.0 56.2
0.3 48.1 71.9 40.6 39.9 75.3 59.4 55.8
04 479 70.3 38.6 39.2 76.3 59.7 55.3
0.5 47.2 70.1 40.5 39.5 75.2 57.6 55.0
0.6 48.4 70.9 42.0 38.8 76.6 60.5 56.2
0.7 48.7 69.8 41.1 39.0 75.4 59.7 55.6
0.8 49.9 69.3 40.9 37.2 75.3 59.4 55.3
0.9 49.2 70.5 40.1 38.4 75.7 60.1 55.7

B.5 ABLATION STUDY FOR NUMBER OF DECODERS

We provide additional ablation study for using one LLM as the interpreter of 3 stages with BERTScore
metric in Table[A9] The evaluation results indicate that the single interpreter performs well on the
reasoning stage but poorly on both the summary and caption stages, highlighting the necessity of
employing separate interpreter for summary and caption stages.

Table A9: Ablation results on BERTScore metric for number of interpreters corresponding to 3
stages trained based on LLama-3.1-8B-Instruct.

Metric | #of Decoders | Summary Caption Reasoning

BLEU :1; 195'_59 162'?3 Hg
METEOR é iﬁ} gg;ﬁ g;;
ROUGE-L : i 7 327
BERTScore ! o o o

C PROMPTS FOR GPT-40 EVALUATION

We provide the GPT-40 prompts in Algorithm|I] In detail, we treat the evaluation as a ranking process
to classify the performance of reconstructed reasoning process into 5 ranks, from 1 to 5. Rank 1
represents the reconstructed reasoning process and ground-truth CoT describes different themes and
has little overlapping in between, while Rank 5 represents the reconstruction well aligned with the
ground truth. We remove special tokens in both sides and input them to GPT-4o to rank the similarity
for each stage. We also include corresponding image-question pairs in the prompt as additional
reference for more accurate context support.
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Algorithm 1 GPT-40 Prompt for CoT Reconstruction Evaluation

Input: Image I, question Q, reconstructedx CoT C6T, ground turth CoT,
type of CoT stage T € [caption, summary, reasoning]

Output: A integer represents the rank of similarity between CoT and CoT in [1, 5].

User: When responding to questions about an image, a deep analysis is crucial for providing
accurate answers. The analysis of an image-question pair could be one of the following components:

Summary — A brief restatement or paraphrasing of the question.

Caption — A description or summary of the content of the image.

Reasoning — A logical explanation of how the answer is derived from the image and the question.
You will be provided with one of them along with the ground truth. Your task is to evaluate
whether the analysis is closely aligns with the ground truth according to given image and question
pair.

User: In this conversation, you will be given a generated T and its ground truth.

The T is: CoT.
The ground truth is: CoT

User: Following is the given image: I
The corresponding question is: Q

User: Please rank the similarity with a integer between 1 and 5, where the larger number mean
the generated T is more close to the ground truth. Please rate the similarity on a scale from 1 to 5,
where:

1: Completely unrelated.

The generated T and ground truth discuss entirely different theme, and there is no overlap in
content, or subject matter.

Example: Ground Truth: ...; Generated T: ...

2: Minimally related.

The generated T and ground truth are tangentially connected. Only minimum fraction of the
theme or content in ground truth is mentioned in the generated T.

Example: Ground Truth: ...; Generated T: ...

3: Somewhat related but with notable discrepancies.

The generated T and ground truth share key elements in theme or content but exhibit clear
differences in focus, description, or details. While the overall themes or settings may overlap
(e.g., animals, fences, grassy area), the generated T introduces significant factual errors or omits
important details.

Example: Ground Truth: ...; Generated T: ...

4: Closely related with small differences.

The generated T and ground truth align on the main theme and share most of the key details.
However, there are minor differences in phrasing, specific details, or focus.

Example: Ground Truth: ...; Generated T: ...

5: Nearly identical.

The generated T and ground truth are highly similar, sharing nearly all content, details, and key
descriptions, with only minor or negligible phrasing differences.

Example: Ground Truth: ...; Generated T: ...

The output should be in a json format:

{"T”: (Rank), "reason”: ...}

(Rank) is the integer of the similarity rank.

“reason” storages the reason of ranking a given T and ground truth.
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