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ABSTRACT

While Chain-of-Thought (CoT) significantly enhances the performance of Large
Language Models (LLMs), explicit reasoning chains introduce substantial compu-
tational redundancy. Recent latent reasoning methods attempt to mitigate this by
compressing reasoning processes into the high-dimensional latent space, but suf-
fer from severe performance degradation due to the lack of appropriate compres-
sion guidance. In this study, we propose Rendered CoT-Guided variational Latent
Reasoning (ReGuLaR), a simple yet novel learning paradigm resolving this is-
sue. Fundamentally, we formulate latent reasoning within the Variational Auto-
Encoding (VAE) framework, sampling the current latent reasoning state from the
posterior distribution conditioned on previous ones. Specifically, when learning
this variational latent reasoning model, we render explicit reasoning chains as im-
ages, from which we extract dense visual-semantic representations to regularize
the posterior distribution, thereby achieving efficient compression with minimal
information loss. Extensive experiments demonstrate that ReGuLaR significantly
outperforms existing latent reasoning methods across both computational effi-
ciency and reasoning effectiveness, and even surpasses CoT through multi-modal
reasoning, providing a new and insightful solution to latent reasoning. Code is
available at https://github.com/FanmengWang/ReGuLaR.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated exceptional performance in solving complex
problems, a success largely attributed to the adoption of Chain-of-Thought (CoT) techniques (Wei
et al.,|2022; Jin et al.| 2024). By eliciting LLMs to generate intermediate reasoning steps in natural
language, CoT effectively decomposes complex problems, significantly bolstering accuracy on chal-
lenging queries (Fei et al., 2023} [Wang et al.,2024)). However, such reasoning processes suffer from
inherent inefficiency because they rely on explicit token-by-token generation, and many tokens can
be redundant for improving reasoning (Kang et al., 2025). This results in prohibitive computational
overhead and increased inference latency, fundamentally limiting the scalability of LLM reasoning.

In this context, recent studies have explored latent reasoning as a compelling alternative to explicit
CoT (Zhu et al., 2025b). By operating directly on continuous representations, latent reasoning com-
presses reasoning processes into the high-dimensional latent space, thereby circumventing the over-
head of decoding intermediate reasoning tokens (Zhu et al., 2025a)). To instantiate this paradigm,
several representative frameworks have been proposed, e.g., Coconut (Hao et al., [2025) and Co-
LaR (Tan et al., 2025). However, while alleviating computational burdens, existing latent reason-
ing methods often suffer from severe performance degradation, primarily because the compression
of reasoning processes lacks appropriate guidance. Specifically, these methods typically rely on
recursively or dynamically utilizing the hidden states of reasoning tokens to propagate logical de-
pendencies. In the absence of discrete tokens to anchor the reasoning trajectory, this unconstrained
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recursive process becomes highly susceptible to error accumulation, leading to significant informa-
tion loss and semantic drift.

In this study, we propose a novel and insightful paradigm to resolve the above challenge, learning
a Rendered CoT-Guided variational Latent Reasoning (ReGuLaR) model. Fundamentally, we for-
mulate latent reasoning as a probabilistic modeling task within the Variational Auto-Encoding (VAE)
framework (Kingma & Welling} 2014)). In this formulation, the latent reasoning process is achieved
by sampling the current latent reasoning state from the posterior distribution conditioned on previ-
ous ones. Here, we optimize this model by maximizing its Evidence Lower Bound (ELBO) (Neal
& Hinton), |1998)), wherein the prior distribution of the latent reasoning state plays a critical role in
regularizing the posterior distribution. As illustrated in Figure [T} we render the explicit reasoning
chain as images and then leverage the visual encoder to extract visual representations with dense
semantics. This rendering step is lossless, so we utilize these visual representations to regularize the
posterior distribution of the latent reasoning state during training, thereby leading to our ReGuLaR
with compressed but semantically meaningful latent reasoning states.

To the best of our knowledge, ReGuLaR is the
first work that applies the VAE framework to un-
derstanding and modeling latent reasoning. With rn +» T2 +» 73 ------ » 'L
this framework, we demonstrate the importance
of the latent reasoning state prior and propose a
promising approach to designing a semantically Kimages  gncoding Visual Representations
meaningful and information-preserving prior for @ [% HEheemna | W
latent reasoning states. Extensive experiments
demonstrate that ReGuLaR provides a new and
insightful solution to latent reasoning. Specif-
ically, it significantly outperforms existing la-
tent reasoning methods, achieving state-of-the- Latent Reasoning Process

art performance with minimal reasoning length.

Furthermore, ReGuLaR natively supports multi- Figure 1: Illustration of our modeling principle.
modality within its latent reasoning processes by ~Given an explicit reasoning chain of length L,
rendering various non-textual elements alongside ~We render it onto / images (/{ < L) and ex-
text, enabling it to surpass explicit CoT in com-  tract their visual representations to guide the la-
plicated reasoning scenarios. tent reasoning process with K steps.
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2 RELATED WORK

2.1 LLM REASONING AND LATENT REASONING

The reasoning capabilities of LLMs have been advanced by CoT techniques, which prompt the gen-
eration of intermediate reasoning steps in natural language (Wei et al.|[2022; |Jin et al., 2024)). Build-
ing on this, subsequent research has explored various CoT constructions, including Tab-CoT (Ziq1
& Lu, 2023), ToT (Yao et al.| [2023), and GoT-Rationale (Besta et al., 2024). While these methods
manifest reasoning in different explicit forms, verbose intermediate reasoning steps inevitably incur
substantial computational cost and inference latency (Kang et al., 2025} |Sui et al., [2025).

To mitigate this bottleneck, iCoT (Deng et al., 2024) internalizes intermediate reasoning steps by
progressively removing them during training. Moreover, the latent reasoning paradigm has emerged,
which transforms intermediate reasoning tokens into continuous representations and eliminates the
overhead of language-decoding steps by executing latent reasoning processes (Zhu et al.,2025b). In
particular, Coconut (Hao et al., |2025) pioneers this direction by recursively utilizing the last-layer
hidden states of LLMs as the continuous latent thought, functioning as the next input embedding to
drive subsequent reasoning. Meanwhile, CODI (Shen et al.,|2025) further employs self-distillation
to align the hidden activations of latent thoughts with explicit CoT trajectories. Most recently,
CoLaR (Tan et al,, |2025) achieves state-of-the-art performance by leveraging training mechanisms
with variable compression factors to support flexible reasoning length. However, these methods
suffer from severe performance degradation compared with explicit CoT, primarily due to the lack
of appropriate compression guidance, thereby limiting their practical utility.
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2.2 EMPOWERING LLMS VIA VISUAL-TEXT COMPRESSION

LLMs typically rely on discrete tokenization to process text inputs, a mechanism that inevitably
fragments the global semantic topology while incurring substantial computational cost (Zhao et al.,
2023). To overcome these inefficiencies, the paradigm of visual-text compression (Zhao et al.,
2025b) has been explored. It renders textual content as images and embeds them via the visual
encoder, thereby exploiting the high information density of the visual modality. In particular, Vis-
InContext (Wang et al, [2024) introduces a visualized in-context text processing framework that
leverages compact visual tokens to replace long textual contexts, effectively expanding context win-
dows without additional computational burden. Subsequently, VIST (Xing et al., |2025)) proposes
a fast-path compression mechanism that leverages the lightweight visual encoder to process ren-
dered images of distant contexts for rapid skimming, significantly improving efficiency. Recently,
DeepSeek-OCR (Wei et al.| [2025) further brings this paradigm to the forefront by validating its fea-
sibility and scalability on massive textual data, enabling the mapping of extensive textual contexts
into ultra-compact visual tokens with high compression ratios.

While these works primarily focus on compressing input contexts, they provide strong evidence for
visual representations as high-density carriers of textual information. In this context, such visual-text
compression should also be useful in empowering latent reasoning, as our work verifies.

3 PROPOSED METHOD

3.1 PROBLEM STATEMENT AND PRELIMINARIES

Formally, suppose that we have a reasoning dataset D = {(Q, R, .A4)}, in which each tuple contains
an input question Q, an intermediate reasoning chain R, and the final answer A. Here, we represent
each element in the tuple as a token sequence, i.e., Q = {qi}iLz"l, R = {ri}fzrl, and A = {ai}iLzal,
where L, L,, and L, are the respective sequence lengths. Additionally, for an arbitrary token
sequence 7, we denote the corresponding subsequence before the i-th token as 7.

Learning an LLM with explicit CoT. Under the Chain-of-Thought (CoT) paradigm, the LLM
explicitly generates the reasoning chain token by token before producing the final answer, thereby
bridging the logical gap between the question and the corresponding answer. Accordingly, given
(Q,R,A), we can learn the LLM via the Maximum Likelihood Estimation (MLE) as follows:

L, La
mgleogpe(le,R<¢)+210gpe(ai\Q7R, Ai), (1)
1= 1=
E’feaSoﬂi“g Lﬂnswer

where 6 denotes the model parameters, py represents the conditional probability of each token given
its history. In practice, we implement L casoning and Lanswer as two Cross-Entropy (CE) losses.

As illustrated in Figure [2a] for the LLM using ex-
plicit reasoning, all tokens are first mapped into Chain-of-Thought
continuous embedding vectors (denoted as e?: Ly | S PR
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by the model layers into the last hidden states " : %" h; ik dihdhd ": iy
(denoted as h? Ly’ h{% L. and h"14 La)' In this ‘ Autoregressive Decoder ‘ ‘ Autoregressive Decoder ‘
context, the LLM necessitates the explicit token- l l l l l l ,ll z|2 ,la ,lk
by-token generation of the intermediate reason- 4 i 4 | 4 i 4 {4 i i i i i i i
ing chain during inference, resulting in substantial | — T’"bf"i""f "‘l‘ye' - |
computational overhead and inference latency. ar, '-.ur, e I‘,“‘rg CL R
Learning an LLM with latent reasoning. The (a) Explicit reasoning (b) Latent reasoning

inefficiency of CoT further motivates the la-
tent reasoning paradigm illustrated in Figure
Specifically, latent reasoning replaces discrete rea-  Figure 2: Comparison of CoT-based explicit
soning tokens R = {r;} =, with continuous latent reasoning and latent reasoning, where the au-
reasoning states Z = {z}X_,. In this context, toregressive decoder is the underlying LLM.
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the LLM employs an additional latent reasoning head to derive the latent reasoning state from the
current hidden state, which functions as the subsequent input embedding, thereby eliminating the
overhead of decoding those intermediate reasoning tokens. Moreover, the sequence of latent rea-
soning states can be much shorter than the corresponding reasoning chain (K < L,.), which helps
improve inference efficiency significantly.

In this context, learning such a latent reasoning model in fact corresponds to the following optimiza-
tion problem, i.e.,

Lu
maxgr—{g,r} Zi:l log py: (ai | Q,Z, A<i)7 (2
where the final answer is conditioned on the latent reasoning state sequence Z rather than the explicit
reasoning chain R. The parameter 8’ = {6, 7}, where 7 corresponds to the latent reasoning head.

Compared to equation [T} this optimization problem is inherently challenging due to the absence of
ground-truth supervision for latent reasoning states. To mitigate this, Coconut (Hao et al., [2025)
employs the multi-stage curriculum to progressively replace discrete reasoning steps with the last
hidden state of the preceding context. However, since it relies on distilling knowledge from the
original CoT, its performance is fundamentally bounded. Furthermore, CoLaR (Tan et al., [2025)
directly constructs latent reasoning states by dynamically compressing the embeddings of original
reasoning tokens. Nevertheless, its token grouping strategy introduces arbitrary inductive biases,
and this simple aggregation inevitably leads to semantic information loss.

To overcome these problems and achieve effective latent reasoning, we need to regularize latent
reasoning states, and further impose additional information during training to ensure seman-
tically meaningful, which motivates the proposed ReGuLaR method.

3.2 THE VARIATIONAL LATENT REASONING FRAMEWORK

Suppose that we would like to learn an LLM with the latent reasoning mechanism, employing the
latent reasoning state sequence Z of length K to replace the explicit reasoning chain R of length
L,.. For such an LLM, we decompose its parameters into two parts, i.e., ' = {1, ¢}, where
denotes the parameters of the language head that outputs discrete tokens and ¢ denotes the remaining
parameters that comprise the latent reasoning head deriving Z. In this context, we build a variational
latent reasoning process: the LLM samples each latent reasoning state from its posterior distribution
given the question and the previous ones, i.e.,

Zk Np¢(~|Q, Z<k), fOI‘kZl,...,K, (3)
where Z.; = (). In this study, we model p,(-|Q, Z) as a normal distribution N (g, diag(o?)).
Applying the reparametrization trick (Kingma & Welling, [2014)), we leverage the latent reasoning

head of the LLM to output p;, and log oy, based on Q and Z_, and then sample z; = pi + o Ok,
where € ~ N (0, I) and ® denotes the Hadamard product operation.

Desideratum. Ideally, Z should have the same information as the original reasoning chain R. More
specifically, for £ = 1, ..., K, the latent reasoning state 2z should correspond to the k-th segment of
R, denoted as Ry, where R, N Ry = @ for k # k' and R = UleRk. Accordingly, we should be
able to sample tokens in R, through the distribution conditioned on zy, i.e.,

r~py(-|lzr) andr € Ry, fork =1, ..., K. 4
Here, p,, is modeled using Softmax Regression, and the language head of the LLM is used to output
corresponding logit values of sampled tokens.
Motivated by this, we introduce the following conditional independence assumption.

Assumption 1 (Conditional Independence). For k = 1,..., K, i) the token r € Ry, is independent
with tokens in { Q, R} \ Ry, conditioned on the latent reasoning state zy, and ii) the latent reasoning
state zy, is independent with tokens in {Q, R} \ Ry, conditioned on the tokens in Ry

Suppose that 7 is the ¢-th token in R, which corresponds to the j-th token in R . For the conditional
probability used in explicit CoT, we can rewrite it based on the assumption:

p(r|Q Ry = / p(rl20s O, Rci)p(24] Qs Rtz
. (5)
= [ pulrlzp (21 Re<)dn

4
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Here, py(r|zx) is the probability of the token conditioned on zj, which is parametrized by the
language head of the LLM. p. (zx|R,<;) is the distribution of z;, conditioned on the partial infor-
mation (i.e., before the j-th token) of the segment R, whose parameters are denoted as .

Furthermore, when considering the posterior distribution in equation 3] we can derive the Evidence
Lower Bound (ELBO) for log p(r|Q, R<;) as follows:

pw(r‘zk)pv(zk‘Rk,Q)}

p¢(zk’|Q7 Z<k)

=Eanps10.20) 108 Py (r]26)] = KL[po (1Q, Z<k) || p(-IRi,<;)]-
—_— —

Posterior of zj, Prior of z,

log p(r|Q, Rei) 2 By, (10,220 | 108
©)

The ELBO of log p(r|Q, R«;) leads to a variational auto-encoding framework of latent reasoning.
For the LLM, its autoregressive module with the latent reasoning head, whose parameters are ¢,
works as the encoder embedding the question and the previous latent reasoning states to the current
latent reasoning state. Its language head 1) works as the decoder generating tokens based on the latent
reasoning states. In equation[6} the first term corresponds to the latent reasoning loss, measuring the
likelihood of reasoning tokens given the sampled latent reasoning states. The second term is the KL
divergence between the posterior and prior distributions, regularizing the posterior distribution.

Considering the ELBO in equation [6| with the loss in equation [2] we can learn this variational latent
reasoning model by solving the following optimization problem:

" E 1 0,7, A
pma 3. Bapiolory (610 2, A<)

[ Latent
answer

K
2 ereRk Ezinpol10.20 108 Py (75]2k)] o

Latent
reasoning

— 3 KLp(1Q, Ze) o, (R4,

Regularizer of posterior

Here, Z ~ py(-|Q) is implemented by sequential sampling shown in equation[3] p (-|R) denotes
the distribution of zj, conditioned on Ry, whose parameters are denoted as . Similar to (Tomczak:
& Welling, 2018; |Xu et al., 2020), we learn the prior distribution of the latent reasoning state p-,
together with the latent reasoning model. Obviously, this learning problem is analogous to that of
explicit CoT in equation[I] which maximizes the likelihoods of both reasoning and answer tokens.
Furthermore, the posterior distribution pg is optimized under the guidance of p,,.

Remark. In equation we replace the p(-|R,<;) in equation@with P~ (-|R). Such a modification
leads to a “stable” prior distribution invariant with the selection of the reasoning token r; € Ry,
which is reasonable in practice. Firstly, as aforementioned, an ideal latent reasoning state zj should
cover the information of Ry, so that modeling its distribution conditioned on R, rather than Ry, <
can impose more information to the model, leading to better regularization. Secondly, if the distri-
bution p,, changes with respect to the selection of the reasoning tokens, we would have to recompute
the KL divergence in equationfor each r; € Ry, which would cause significant training overhead.
Therefore, applying p- (:|Ry) is reasonable and efficient in practice.

3.3 IMPLEMENTING THE FRAMEWORK VIA REGULAR

As analyzed in Section the crux of learning latent reasoning models lies in guiding the pos-
terior of latent reasoning states with less information loss. Therefore, designing and learning the
semantically meaningful prior distribution p,, is critical for our variational latent reasoning model.

Inspired by recent advances (Xing et al.l 2025} |Wei et al., [2025) establishing visual representations
as compact carriers of textual information, we propose ReGuLaR, a rendered CoT-guided varia-
tional latent reasoning method, to implement the VAE framework in equation [/} As illustrated in
Figure 3] ReGuLaR parametrizes the prior distribution of latent reasoning states based on the visual



Published at Latent & Implicit Thinking Workshop @ ICLR 2026

representation of rendered CoT. Formally, we can render K segments of the reasoning chain R into
K images and extract their visual representation as follows: For k =1, ..., K,

) I = f(Ri), 2) vi =v(Ty), 3) 2k = g,(vk)- 8

Rendering Embedding Adaptation

Here, f is the predefined rendering function, which maps an arbitrary token sequence to an image
with a size H X WW. v is the pretrained visual encoder, which transforms pixel-wise images into visual
representations. We employ the trainable adapter g, : R s R to map visual representations
V = [vy, ..., vk] to the proposed latent reasoning space.

In this study, we directly adopt the optimal ren-

Textual (Res Textual

( )
dering configuration identified in Glyph (Cheng CoT Answer | FirAmswer: 0 |
et al.}[2023)) for f, which maximizes the semantic GE Loss per Token GE Loss per Token
density. Meanwhile, we implement v as the pre- * *
trained visual encoder in DeepSeek-OCR (Weli \ Language Head
et al.,2025) since it has been architecturally opti- N N N q
mized for visual-text compression, enabling it to EatentBegsoningltieadyy” | | "7
encode high-resolution and text-dense inputs into bl 41 414
compact representations with minimal semantic Autoregressive Decoder
loss. Additionally, the adapter g, is instantiated T T T \ [ \ [ \ } \ [
as a multi-layer perception (MLP) with param- 2 Nz Nz 2K
eters 5. Notably, as f and v are frozen in our e e ... e, KL Divergence per State el e ... ef,
work, we can pre-compute these visual repre- T T T 2Lz (2. 2 T T T
sentations offline before training, significantly - L 4 -

. . ‘ Embedding Head ‘ ‘ Adapter é ‘ Embedding Head ‘
reducing computational overhead.
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p~(:|Rk) as a normal distribution N (2, I) for [ howmaywey...  JIZ
k =1, ..., K, whose mean is determined by equa-

tion[8]and variance is fixed as an identity matrix. ~ Figure 3: Illustration of the proposed ReGuLaR.

) i Here, only the latent reasoning head, adapter,

Accordlngly, forkj' =1, L K, the KL divergence  4pd LoRA module are trainable. The blue ar-

(i.e., KL[py|lp,]) in equatlonbecomes rows “—” indicate deterministic outputs, while

42 9 the red arrows “—” indicate probabilistic out-

e = 213 + llowlls log |diag(ay,)|.  (9) puts achieved by sampling. The special token

2 “###” triggers the transition from the reasoning

process to answer generation during inference.

Following (Tan et al., |2025), we approximate the
KL divergence during training as follows:

1 N .
SEennlllme +or©e— 2k [13] — log |diag (o). (10)

Notably, the LLM trained by ReGuLaR still follows the standard latent reasoning workflow
initiated solely by the textual input question: the model utilizes the trained latent reasoning head
to generate latent reasoning states until the special termination token is encountered, which acts as a
signal triggering the language head to decode the final answer. Algorithms[[Jand[2]in Appendix[A.3]
have presented training and inference schemes of ReGuLaR in detail.

3.4 ADVANTAGES OVER EXISTING METHODS

Unlike the token grouping strategy used in CoLaR (Tan et al.| |2025), ReGuLaR renders explicit
reasoning chains into images to preserve semantic integrity. The visual representations of these
rendered images provide better regularization than the aggregation of grouped token embeddings,
resulting in less information loss. As previously noted, the inference phase remains consistent with
standard latent reasoning, accepting pure text inputs and imposing no extra computational cost.

"We regarding each sentence in R as a segment in Table|1|and further analyze the impact of compression
rate (i.e., |[R|/K) in Figure
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Table 1: Performance comparison on four math reasoning datasets using LLaMA-3.2-1B-Instruct
as the LLM backbone, where we report the averaged number and 95% confidence interval (£) on
Accuracy (Acc. %) and Reasoning Length (# L) via five independent evaluations.

GSMS8K-Aug GSM-Hard SVAMP MultiArith Average
Acc. #L Acc. #L Acc. #L Acc. #L Acc. #L

iCoT 19.840.23 0.00+0.00 3.87;‘;0,1(3 0.00+0.00 36.4;‘;0,51 0.00+0.00 38.2+0.66 0.00+0.00 24.6 0.00
CODI 13.340.62 6.0040.00 2.97+0.24 6.00+0.00 21.7+0.73 6.00+0.00 19.240.83 6.00+0.00 14.3 6.00
Coconut 20-5:&0.68 6.00i0,00 4.86i0,30 6.00:{:0,00 39.8i0,71 6.00:{:0,00 41-4:t0.69 6.00i0,00 26.6 6.00
CoLaR* 26.6i0418 5.63i0_01 6.23i0414 7.01i0,05 47.1i()‘30 2.96i0402 87.0i0.21 3.23i0,01 41.7 4.70
ReGuLaR 34.9:0.26 3.69+021 8.27+0.14 4.1240.48 50.140.39 2.0240.18 89.240.27 2.2840.27 45.6 3.03

*Results here use the maximum compression rate of 5, while comparison across varying rates is in Figure [4b|

Method

Moreover, non-textual elements (e.g., charts, graphs, and diagrams) can also be rendered and en-
coded alongside text. Therefore, in addition to mitigating textual information loss, ReGuLaR na-
tively supports the use of multi-modal information in its latent reasoning processes. In complex
tasks involving multi-modal reasoning information, this advantage enables ReGuLaR not only to
outperform existing latent reasoning methods but also to surpass explicit textual CoT.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. In line with the previous work (Tan et al.| 2025)), we primarily train and evaluate models
on GSM8K-Aug (Deng et al., [2023)), and additionally evaluate trained models using three out-of-
domain math reasoning datasets: GSM-Hard (Gao et al., |2023), SVAMP (Patel et al., [2021)), and
MultiArith (Roy & Roth| [2015). Meanwhile, we also train and evaluate on GSM8K-Aug-NL, the
variant of GSM8K-Aug that preserves natural language explanations, to explore their extreme com-
pression capabilities. Furthermore, we conduct experiments on AQUA-RAT (Ling et al., [2017) and
MATH (Hendrycks et al.,[2021) to verify their performance in more challenging problems.

Baselines. We employ various latent reasoning methods as baselines, including iCoT (Deng et al.,
2024), CODI (Shen et al.| 2025)), Coconut (Hao et al., 2025)), and CoLaR (Tan et al., 2025)). Specif-
ically, all these baselines are implemented following their default configurations within the unified
framework provided by the state-of-the-art method CoLaR, ensuring fairness and consistency.

Evaluation. We adopt evaluation metrics widely used in this domain to assess performance, includ-
ing 7) Accuracy (Acc.), which evaluates reasoning effectiveness by calculating the percentage of
correctly predicted answers; and ¢i) Reasoning Length (# L), which evaluates reasoning efficiency
by calculating the number of reasoning steps per question. Specifically, all these evaluations are
repeated over five independent runs with different random seeds, ensuring statistical reliability.

Implementation. We employ LLaMA-3.2-1B-Instruct as the LLM backbone unless otherwise spec-
ified. Specifically, following established baselines, we keep the LLM backbone frozen and exclu-
sively optimize LoRA (Hu et al., 2022) modules, which are configured with » = 128 and o = 32.

More details about datasets, baselines, and implementation have been provided in Appendix [A]

4.2 MAIN RESULTS

Performance Comparison. Table [I| presents the results of various methods on four math reason-
ing datasets, where ReGuLaR achieves state-of-the-art performance. Specifically, compared with
the strongest baseline CoLaR, ReGuLaR consistently delivers substantial accuracy gains across all
datasets while simultaneously reducing the average reasoning length by approximately 35% (from
4.70 to 3.03). The results suggest that ReGuLaR successfully compresses the reasoning chain into a
more compact and informative latent reasoning state sequence, underscoring both its computational
efficiency and reasoning effectiveness.
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Figure 4: (a) Generalizability analysis using DeepSeek-R1-Distill-Qwen-1.5B as the LLM back-
bone. (b) Compression Analysis on the GSM8K-Aug dataset using LLaMA-3.2-1B-Instruct (left)
and DeepSeek-R 1-Distill-Qwen-1.5B (right) as the LLM backbone, where the compression rate rep-
resents the number of explicit reasoning tokens corresponding to a single latent reasoning state.
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Figure 5: Scalability analysis across varying model sizes, where we employ LLaMA-3.2 (1B, 3B)
and LLaMA-3.1 (8B) Instruct variants as the LLM backbones. Comprehensive results, including
reasoning length, are provided in Figure @

Generalizability Analysis. To verify the generalizability of ReGuLaR to different LLM backbones,
we replace the underlying model (i.e., LLaMA-3.2-1B-Instruct) with DeepSeek-R1-Distill-Qwen-
1.5B. As shown in Figure fa] ReGuLaR consistently maintains its superiority across all datasets,
achieving the highest accuracy with the shortest reasoning length. Especially on the challenging
GSM-Hard dataset, while the strongest baseline CoLaR requires an average of 12.8 reasoning steps,
ReGuLaR achieves higher accuracy with only 3.1 steps.

Compression Analysis. While the strongest baseline CoLaR employs token embedding compres-
sion and ReGuLaR leverages visual-text compression, both map a sequence of explicit reasoning
tokens to a single latent reasoning state. Given this commonality, we assess their performance under
identical compression rates (i.e., the number of tokens condensed into one latent reasoning state). As
shown in Figure D] although accuracy naturally decreases with higher compression rates, ReGuLaR
consistently outperforms CoLaR across all settings on both LLM backbones, verifying its advantage
in preserving semantic information.

Scalability Analysis. To evaluate the scaling potential of ReGuLaR, we conduct experiments across
varying model sizes within the LLaMA-3 family, ranging from 1B to 8B (i.e., instruct variants of
LLaMA-3.2 1B/3B and LLaMA-3.1 8B). As shown in Figure [5] ReGuLaR demonstrates strong
positive scaling behavior, consistently maintaining a significant performance margin over the top-
performing baselines (CoLaR and Coconut) across all model scales and datasets, demonstrating its
seamless scalability and potential for broader application in large-scale foundation models.

More experimental results, including ablation studies, have been provided in Appendix B}

4.3 EXTREME COMPRESSION WITH REGULAR

As expressed in equation [§] the reasoning chain is decomposed into K segments, which are subse-
quently rendered into images to yield K corresponding latent reasoning states during training. In
Table[T} we follow the natural linguistic partition, treating each sentence as a segment. In this sec-
tion, we further investigate the limit of model performance by introducing an extreme compression
setting. Specifically, we directly render the entire reasoning chain into a single image, compressing
all reasoning information into one latent reasoning state (i.e., K = 1). We conduct this experiment
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Table 2: Extreme compression performance of ReGuLaR, where CoLaR is implemented following
its default configuration as a reference.

LLaMA-1B LLaMA-3B LLaMA-8B DS-1.5B
Acc. #L Acc. #L Acc. #L Acc. #L

GSMS8K- CoLaR 18.7i0‘34 13.1i0404 31~0i0.26 14.810,11 31.7i0,21 13-1i0407 16.4i0‘23 15-4i0.03
Aug—NL ReGulLaR 20.2;‘:()‘71 1.00;{:000 32.6:{:()‘43 1.00;[:0(00 38.6:&()‘33 1.00:&0‘00 31.3;{:009 1.00:{:()‘00

AQUA- CoLaR  24.240.37 19.440.31 31.7+1.27 28.5+0.66 35.8+0.90 20.5+1.66 33.2+1.04 26.7+0.54
RAT ReGuLaR 37.1i()‘61 I.OOivoo 39.7i0,50 1.00i0400 41-2&0‘34 I.OOiOAoo 41-0i0A48 I.OOio,oo

CoLaR  3.6540.13 58.140.20 8.03+0.25 60.440.19 9.0640.20 67.7+0.50 10.340.22 62.640.21
ReGuLaR 6.62+¢.18 1.00+0.00 11.8+0.03 1.00+0.00 13.9+0.10 1.00+0.00 15.6+0.14 1.00+0.00

Dataset Method

MATH

Table 3: Performance comparison on the molecular captioning task. Note that "w/o 2D” denotes the
variant of ReGuLaR trained with the original textual reasoning chains for ablation.

Method | BLEU-2t  BLEU-4t METEORT ROUGE-1t ROUGE-2t ROUGE-Lt #L

CoT 0.282840.002 0.1804+0.002 0.377840.001 0.4632+0.002 0.267540.003 0.3914.40.001 314.82544 143
CoLaR  |0.099540.002 0.0400+0.001 0.1774+0.002 0.230640.004 0.0911£0.002 0.190040.003 212.347+0 660
ReGuLaR 0.3673i0.002 0.2692i04002 0-4593i0.002 0-5319i0,002 0-3502i0.002 0.4635i0.002 1-000i0.000

w/0 2D |0.28729.002 0.184540.002 0.3777+0.001 0.467840.001 0.271640.001 0.396210.000  1.000+0.000

CoT 0.316710.003 0.214640.003 0.411710.003 0.494810.001 0.301110.003 0.423019.002 316.82943 502
CoLaR  |0.173440.002 0.0861+0.002 0.2487+0.003 0.338140.002 0.1576+0.001 0.284040.002 200.267+5 437
ReGuLaR 0-4329i0,002 0.3394&0,002 0.5158i0.002 0.5860i0,002 0.4164i0,003 0.5208i0_002 1-000i0.000

w/0 2D |0.318240.003 0.211940.003 0.417240.002 0.4940+0.002 0.296140.003 0.418440.002  1.000+0.000

CoT 0.341040.001 0.2378+£0.001 0.437710.001 0.5138+£0.001 0.321210.001 0.440310.001 295.73614.105
CoLaR  [0.203119.003 0.138510.002 0.2803+£0.003 0.3883+£0.001 0.2340+0.002 0.3449.10.002 163.65513 981
ReGuLaR |0.4610 oo1 0.3691.10.001 0.5479.10.002 0.6094.( 001 0.4428. 0001 0.5439:0.001 1.000-( 000

w/0 2D |0.3403 0,002 0.236410.001 0.439410.002 0.513210.002 0.318710.002 0.436710.003 1.000+0.000

CoT 0.268210.002 0.165940.002 0.363710.002 0.446910.001 0.252310.001 0.377410.001 344.06716.366
CoLaR  |0.096840.002 0.051640.001 0.164410.002 0.214940.004 0.0916+0.001 0.180140.003 580.558.+9.779
ReGuLaR |0.3536-0.002 0.254510.001 0.4397+0.001 0.518710.002 0.3347 10.001 045140001  1.000-0 000

w/0 2D |0.2672.10.002 0.164040.002 0.3764.10.002 0.464510.002 0.2499+0.002 0.347640.003  1.000+0.000

LLaMA-1B

LLaMA-3B

LLaMA-8B

DS-1.5B

on the GSM8K-Aug-NL dataset, which preserves natural language explanations within the rea-
soning process, inherently yielding relatively long reasoning chains. The AQUA-RAT and MATH
datasets are also incorporated to verify the performance on more challenging problems.

Table 2] presents the performance of ReGuLaR under the extreme compression setting. Specifically,
despite being constrained to a single latent reasoning step, ReGuLaR still outperforms the strongest
baseline CoLaR across all model scales and datasets. This advantage is particularly evident on the
MATH dataset, underscoring its superior compression capability in complex reasoning scenarios.

5 LATENT REASONING BEYOND TEXTUAL DOMAIN

As discussed in Section non-textual elements can also be rendered alongside text, making ReG-
uLaR support multi-modality within latent reasoning while maintaining the standard textual I/O
interface. Here, we conduct experiments to investigate the efficacy of this extended capability.

Dataset. Unlike existing multi-modal datasets that rely on image-based inputs and textual reasoning
chains, we require datasets that maintain purely textual I/O while integrating multi-modal reasoning
chains as intermediate bridges. To this end, we employ the molecule captioning benchmark from
MolReasoner (Zhao et al.,|2025a), which requires the LLM to generate natural language descriptions
of the given molecules. In particular, while the original dataset only provides textual reasoning
chains, we utilize RDKit (Landrum et al.||2013) to generate the corresponding 2D molecular graphs
and combine them with the original reasoning chains, constructing multi-modal reasoning chains.

Baselines and Evaluation. Following Section[4.3] we also render the entire multi-modal reasoning
chain into a single image to train ReGuLaR. Baseline methods include CoT and CoLaR, both of
which apply the original textual reasoning chains for training due to their inherent lack of multi-
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modal support. Performance is evaluated by BLEU, METEOR, and ROUGE metrics, which quan-
tify the n-gram overlap and semantic similarity between the generated and reference captions.

Results. As presented in Table[3] ReGuLaR achieves state-of-the-art performance across all metrics
and backbones. Specifically, despite being constrained to a single latent reasoning step, ReGuLaR
significantly outperforms not only the strongest latent reasoning baseline CoLaR, but also the ex-
plicit CoT method, both of which apply hundreds of reasoning steps. Notably, although CoT and
CoLaR are trained using the original textual reasoning chains due to their inherent lack of multi-
modal support, the comparison between our method and these two methods is fair to some extent
because the 2D graphs in the multi-modal reasoning chains only convert the data format, which do
not provide any additional information. To ensure a strictly fair comparison, we construct an ablation
setting (denoted as “w/o 2D”’) where only textual reasoning chains are rendered. Even in this set-
ting, ReGuLaR maintains performance comparable to CoT while drastically reducing the reasoning
steps. These results further validate the extreme compression capability of ReGuLaR and highlight
its unique advantage of unifying textual and non-textual elements for comprehensive reasoning.

6 CONCLUSION

In this paper, we propose a new and insightful latent reasoning paradigm that models latent rea-
soning within the VAE framework and learns it guided by rendered CoT. Our method significantly
outperforms existing latent reasoning methods across both computational efficiency and reasoning
ability, and even surpasses explicit CoT through supporting multi-modal latent reasoning.

Future work. Currently, standard benchmarks like GSM8K and GSM8K-Aug may limit the as-
sessment of advanced reasoning capabilities because they have limited data sizes and overly simple
reasoning chains. We plan to address this gap by developing a large-scale and high-quality reason-
ing dataset to evaluate latent reasoning methods in more demanding settings. In addition, we will
further explore latent reasoning and study whether and how it can outperform explicit CoT in theory.
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A MORE EXPERIMENTAL DETAILS

A.1 DATASETS

Following previous work (Tan et al. [2025), we primarily train and evaluate our method on the
GSMB8K-Aug dataset (Deng et al. 2023)), and additionally evaluate trained models using three out-
of-domain math reasoning datasets: GSM-Hard (Gao et al.,[2023)), SVAMP (Patel et al.,2021), and
MultiArith (Roy & Roth| [2015)). Meanwhile, we also train and evaluate on the GSM8K-Aug-NL
dataset, a variant of the GSM8K-Aug dataset that preserves natural language explanations within
reasoning processes, to demonstrate the extreme compression capability. In addition, we extend our
experiments to the AQUA-RAT dataset (Ling et al., 2017) and MATH dataset (Hendrycks et al.,
2021)) to verify the performance on more challenging problems.

Here, the detailed description of the above datasets is provided below:

* GSMB8K-Aug (Deng et al} 2023): This dataset is an augmented version of the GSM8K
dataset (Cobbe et al.| 2021}, constructed by prompting GPT-4 to extend the original train-
ing set to 385k samples. In particular, it eliminates natural language descriptions within
reasoning processes, formalizing reasoning steps as mathematical expressions only.

* GSMB8K-Aug-NL (Deng et al, 2023): Similar to GSM8K-Aug, this dataset is also con-
structed by prompting GPT-4 to extend the original training set of the GSM8K dataset
to 385k samples. The distinguishing feature is that GSM8K-Aug-NL preserves natural
language explanations within reasoning processes, formalizing reasoning steps as natural
language sentences. Consequently, compared to GSM8K-Aug, this dataset exhibits longer
reasoning chains, with a reasoning style that more closely resembles verbose CoTs.

* GSMS8K-Hard (Gao et al., 2023): This dataset is the harder version of the GSM8K dataset,
constructed by replacing numbers in the original test set with larger numbers that are less
common. In particular, this dataset serves as the out-of-domain dataset in our experiments.

* SVAMP (Patel et al.,[2021): This dataset comprises 1,000 math word problems, designed
to evaluate the robustness of models in solving fundamental mathematical problems. In
particular, this dataset serves as the out-of-domain dataset in our experiments.

* MultiArith (Roy & Roth| 2015)): This dataset comprises 600 multi-step arithmetic prob-
lems, designed to evaluate the capability of models in handling tasks that require multi-step
reasoning. In particular, this dataset serves as the out-of-domain dataset in our experiments.

* AQUA-RAT (Ling et al., 2017): This dataset comprises about 100,000 algebraic word
problems, where each problem is equipped with a step-by-step natural language explana-
tion that details the logical derivation leading to the answer.

* MATH (Hendrycks et al.,|2021): This dataset comprises 12,500 highly challenging mathe-
matics competition problems, where each problem is equipped with a comprehensive step-
by-step solution. Due to its high difficulty and detailed explanations, it stands as one of the
mainstream datasets for evaluating mathematical reasoning capabilities.

A.2 BASELINES
We employ various respective latent-based methods as baselines, including iCoT (Deng et al.,2024),
CODI (Shen et al., 2025)), Coconut (Hao et al., |2025)), and CoLaR (Tan et al., 2025)).
Here, the detailed description of the above baselines is provided below:
* iCoT (Deng et al.| 2024): This baseline gradually removes reasoning steps during finetun-
ing, thereby internalizing the reasoning process while maintaining high performance.

e CODI (Shen et al,|2025): This baseline directly employs self-distillation to align the hid-
den activations of latent thoughts with explicit reasoning trajectories, thereby transferring
reasoning capabilities into latent space.

* Coconut (Hao et al.||2025): This baseline recursively utilizes the last hidden state of LLMs
as latent thought, thereby functioning as the next input to drive subsequent reasoning.
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* CoLaR (Tan et al. [2025): This baseline dynamically compresses embeddings of consec-
utive reasoning tokens and autoregressively predicts the subsequent compressed embed-
dings, thereby supporting flexible reasoning lengths.

A.3 IMPLEMENTATION

Rendering Configuration. As expressed in equation [§] the rendering function ® is parameterized
by a specific configuration vector #* to map an arbitrary token sequence to an image. To ensure
consistent visual encoding and maximize the semantic density, we directly adopt the optimal ren-
dering configuration identified in Glyph (Cheng et al.|[2025)). Specifically, we utilize the Verdana
font family and set a tight layout (i.e., 9pt font size with 10pt line height) to compact the logical
topology. The detailed rendering specifications are summarized in Table 4]

Table 4: Detailed rendering configuration used in our experiments.

Parameter | Value | Description

Canvas & Layout

Page Size 595 x 842 Standard A4 dimension (points)
DPI 72 Screen resolution density
Margins (X, Y) 10, 10 Minimal padding to maximize content area
Background Color #FFFFFF White background

Auto Crop True Crop to content bounding box
Typography

Font Family Verdana Sans-serif font for optical clarity
Font Size 9 Compact size for high density
Line Height 10 Tight vertical spacing

Font Color #000000 Black text for high contrast
Alignment LEFT Standard left-aligned text
Spacing & Indentation

Indent (First/Left/Right) 0 No indentation

Spacing (Before/After) 0 No paragraph spacing
Border Width 0 Borderless rendering

Visual Encoder. As expressed in equation [8] rendered images obtained from the preceding stage
are mapped into continuous space, transforming pixel-based inputs into visual-semantic vectors. To
encode high-resolution and text-dense inputs into compact representations with minimal semantic
loss, we adopt the trained visual encoder from DeepSeek-OCR (Wei et al. 2025). Specifically, this
visual encoder integrates a SAM-Base backbone (80M) for fine-grained local perception (via win-
dow attention) and a CLIP-Large backbone (300M) for high-level semantic extraction (via global
attention), bridged by a 16 x convolutional compressor. Besides, it has been trained via the genera-
tive objective on the massive corpus of diverse optical data (including multilingual documents and
synthesized charts/formulas), making it align perfectly with our requirements. In our experiments,
we keep this visual encoder frozen and utilize the standard Tiny mode (resolution 512 x 512). This
configuration initially maps each rendered image into 64 visual tokens, which are subsequently ag-
gregated via mean pooling to derive a single and compact visual-semantic representation.

Hyperparameters. We primarily leverage LLaMA-3.2-1B-Instruct (Grattafiori et al.l [2024) as the
LLM backbone unless otherwise specified. Specifically, we keep the LLM backbone frozen and
exclusively optimize LoRA (Hu et al., 2022) modules, which are configured with » = 128 and
a = 32 following established baselines. In addition, both the adapter and the latent reasoning head
are instantiated as Multi-Layer Perceptrons (MLPs), where the adapter maps the visual encoder’s
output dimension (d,=1280) to the LLM’s hidden dimension (d;,=2048) and the latent reasoning
head directly operates within the LLM’s hidden dimension (d;=2048). For training, we optimize
the model using the AdamW optimizer (Loshchilov & Hutter,2019) with a weight decay of 0.01 and
a learning rate of le-4, employing a constant schedule with a 1,000-step warmup phase. Specifically,

14



Published at Latent & Implicit Thinking Workshop @ ICLR 2026

we utilize Distributed Data Parallel across eight NVIDIA A100 GPUs to ensure training stability and
efficiency. For inference, we employ a stochastic generation strategy using nucleus sampling with
top-p of 0.9 and temperature of 1.0 to extract answers. Specifically, we perform five independent
runs using distinct random seeds (from O to 4) to ensure reproducibility and reliability.

Additionally, the training and inference schemes of ReGuLaR are presented in Algorithms|I|and

Algorithm 1 Training Scheme of ReGuLaR

Require: Training dataset D = {(Q, R, .A)}, Rendering function f, Visual Encoder v, Adapter g.,,
LLM with parameters 6'={¢, ¢},

1: Stage 1: Offline Pre-computation

2: for each sample (Q, R, A) € D do

3: Divide reasoning chain R into K segments {R1, ..., Rk }.
4: for k = 1to K do

5: Render segment to image: Zj, < f(Ry)

6: Extract visual representation: vy, <— v(Z)

7: end for

8: Store pre-computed representations V' = [vy, ..., vk].

9: end for
10: Stage 2: Training

—
—

: while not converged do
12: Sample batch of (Q, R, A, V) from D.

13: Initialize total loss Liotq; < 0.

14: Initialize latent reasoning state history Z .1 < 0.

15: for k = 1to K do

16: //' 1. Construct Prior

17: Compute prior mean via adapter: 2, < g~ (vi)

18: // 2. Sample Posterior (corresponds to equation|3))

19: Predict posterior parameters: tiy,log or, < ps(Q, Z<)

20: Sample latent reasoning state: € ~ N (0, 1), zj, < pp + o) O €

21: Update history: Z.p11 + Z<p U {2k}

22: // 3. Compute Step-wise Losses (corresponds to the last two terms in equation[7))
23: Latent Reasoning Loss:

24: Sample a token r; € Ry, and compute Lg’élsonmg — —logpy(rj | zx)
25: Regularizer Loss (KL):

26: Compute Lg’;; between N (pg, o) and (2, I) using equation
27: Accumulate: Liotar < Liotal + Ei.]zzlsomng + E(Kk)L

28: end for

29: // 4. Compute Answer Loss (corresponds to the first term in equation[7))

30: Compute Lgswer ¢ — ZiL=Q1 logper(a; | Q,Z, A<)
31 Etotal — £total + Eanswer

32: Update Parameters: 6, v < Optimizer(V Lsota1)

33: end while

B MORE EXPERIMENTAL RESULTS.

B.1 ABLATION STUDIES ON RENDERING CONFIGURATION

In our standard implementation, we adopt the optimal rendering configuration (i.e., those summa-
rized in Table ) identified in Glyph (Cheng et al., 2025) to ensure consistent visual encoding and
maximize the semantic density. Here, to verify the robustness and generalizability of our method
across varying rendering configurations, we conduct ablation studies on two pivotal parameters:

Font Size. We compare the performance of our proposed ReGuLaR by varying the font size from 9pt
to 20pt. As presented in Table 5} ReGuLaR demonstrates remarkable stability across different font
sizes. Specifically, despite substantial variations in font size, the average accuracy fluctuates only
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Algorithm 2 Inference Scheme of ReGuLaR

Require: Question Q, Trained LLM with parameters 8'={¢, ¢}, Max reasoning steps K -
1: Initialization: Latent reasoning state history Z.; < (), Latent reasoning step k < 1.
2: // Phase 1: Latent Reasoning
3: while £ < K,,,,. do

4: Predict posterior parameters: py,log o, < py(Q, Z<i)

5: Sample latent reasoning state: € ~ N (0, 1),z < pg, + o @ €
6: Decode representative token: 7 ~ py (| zx)

7: if 7 == <EOS_Reasoning> then

8: Break

9: end if

10: Update history: Z 41 < Z<i U {2}
11: k+—k+1

12: end while

13: // Phase 2: Answer Generation

14: Initialize answer sequence A.q < (), Answer generation step 7 — 1.
15: while answer not finished do

16: Sample token: a; ~ pg:(a | Q, Z, A<;)
17: if a; == <E0S> then

18: Break

19: end if

20: Update answer: A<;+1 + A<; U{a;}
21: 11+ 1

22: end while

23: return Answer A

Table 5: Performance comparison of our proposed ReGuLaR across different font sizes, where we
report the averaged number and 95% confidence interval (£) on Accuracy (Acc. %) and Reasoning
Length (# L) on four math reasoning datasets.

Font GSMB8K-Aug GSM-Hard SVAMP MultiArith Average
Size  Acc. #L Acc. #L Acc. #L Acc. #L  Acc. #L

16pt 33.240.22 4.1540.20 8.7440.07 5.2340.33 48.9+0.26 1.86+0.15 87.2+0.25 2.09+0.00 44.5 3.33
12pt 34.0+0.33 4.0140.25 8.51+0.090 4.81+0.56 5l.140.41 2.5140.74 87.640.19 2.16+0.06 45.3 3.37
Ipt 34.940.26 3.69+0.21 8.27+0.14 4.1240.48 50.140.39 2.0240.18 89.240.27 2.2840.27 45.6 3.03

marginally (ranging from 44.5% to 45.6%), while the reasoning length remains largely consistent.
These results indicate that our method effectively captures semantic information regardless of the
text’s scale, ensuring robust performance without requiring precise font size tuning.

Rendering Density (DPI). We investigate the sensitivity of our proposed ReGuLaR to information
density by adjusting the DPI from 72 to 300. As presented in Table [f] the performance remains
highly consistent across this wide range. Notably, ReGuLaR achieves comparable average accuracy
at both the lowest density (45.6% at 72 DPI) and the highest density (45.2% at 300 DPI). This sug-
gests that ReGuLaR is resilient to variations in image clarity and pixel density, capable of extracting
reliable features under diverse DPI settings.

B.2 ABLATION STUDIES ON VISUAL ENCODER MODES

In our standard implementation, we employ the trained visual encoder from DeepSeek-OCR (Wei
et al.,|2025)) to encode each rendered image into a sequence of visual tokens, which are subsequently
aggregated via mean pooling to derive a single and compact visual-semantic representation. In par-
ticular, this trained visual encoder supports four modes: Tiny, Small, Base, and Large, corresponding
to resolutions of 512 x 512, 640 x 640, 1024 x 1024, and 1280 x 1280, resulting in 64, 100, 256,
and 400 vision tokens. Depending on the selected mode, the input rendered images are processed
via either adaptive resizing (for Tiny/Small) or padding (for Base/Large) to align with the specific
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Table 6: Performance comparison of our proposed ReGuLaR across different rendering density
(DPI) settings, where we report the averaged number and 95% confidence interval () on Accuracy
(Acc. %) and Reasoning Length (# L) on four math reasoning datasets.

GSMS8K-Aug GSM-Hard SVAMP MultiArith Average
Acc. #L Acc. #L Acc. #L Acc. #L Acc. #L

300 33.3+0.18 3.9340.35 8.07+0.15 3.73+0.41 50.710.20 2.1640.28 88.940.28 2.2410.31 452 3.02
144 33.410.07 4.87+0.36 7.67+0.06 5.05+0.39 49.940.42 2.1910.31 87.5+0.12 3.07+0.10 44.6 3.80
72 34.910.26 3.691021 8.2710.14 4.1210.48 50.110.39 2.0210.18 89.210.27 2.281027 45.6 3.03

DPI

Table 7: Performance comparison of our proposed ReGuLaR across different visual encoder modes,
where we report the averaged number and 95% confidence interval (£) on Accuracy (Acc. %) and
Reasoning Length (# L) on four math reasoning datasets.

GSMS8K-Aug GSM-Hard SVAMP MultiArith Average
Acc. #L Acc. #L Acc. #L Acc. #L Acc. #L

Large 33.040.36 3.77+0.24 7.35+0.17 4.28+0.29 48.540.41 2.4240.25 88.4+0.38 3.08+0.12 44.3 3.39
Base 34.3;‘:046 3.86;|;0A48 7.67:5:0‘09 4.60:|:0,36 51.6:(:()‘33 2.23;{:022 88.6;|;0A41 2.41:5:0‘32 45.5 3.28
Small 34.0i0.29 3.64i0434 7.53i0,12 4.07i0445 52~1i0.31 2.71i0.29 89.5i0‘23 2~23i0.28 45.8 3.16
Tiny 34.910.26 3.6940.21 8.27+0.14 4.1240.48 50.110.30 2.0240.18 89.210.27 2.28 41027 45.6 3.03

Mode

resolution. Therefore, while the input rendered images remain identical in their original resolution,
selecting different modes forces the visual encoder to process them at varying internal resolutions
and token budgets. Here, we conduct ablation studies across these four modes to investigate the
impact of visual encoding granularity on our method.

As presented in Table [/} the results reveal a counter-intuitive yet profound insight into the visual-
semantic compression mechanism: the Tiny mode, despite internally resizing the input rendered
images to 512 x 512 and utilizing only 64 intermediate tokens, achieves performance comparable to
that of the high-resolution modes. We attribute this remarkable robustness to the information aggre-
gation nature of our method. Since the intermediate visual tokens are ultimately pooled into a single
and compact visual-semantic representation, it relies more on high-level semantic abstraction rather
than fine-grained pixel-level details. Therefore, we adopt the Tiny mode as the default configuration,
effectively reducing the visual processing overhead by approximately 6 x compared with the Large
mode while ensuring that the final visual representation remains semantically rich and accurate.

B.3 ABLATION STUDIES ON LEARNING PARADIGMS

In our standard implementation, we train the proposed ReGuLaR via the unified objective func-
tion defined in equation [/] which integrates three critical components to optimize the model jointly:
the answer generation loss (L1 ) directly ensures answer correctness, the latent reasoning loss
(Lriem.e) Preserves semantic integrity, and the KL divergence term (L") regularizes the poste-
rior distribution. To investigate the distinct contribution of each component, we conduct ablation
studies by selectively removing the latter two terms. Notably, the answer generation loss (i.e., the
first term in equation [/) is retained across all variants, as it serves as the fundamental supervision
signal for the reasoning task.

As presented in Table the absence of the KL divergence term (Li3™) leads to catastrophic failure
(i.e., accuracy< 14%), regardless of the latent reasoning loss. In stark contrast, introducing L3
alone significantly boosts performance to 41.9%. This result empirically corroborates our analysis
in Section [3.2} without the constraint imposed by the prior distribution, neither the distant super-
vision from the final answer nor the semantic supervision from textual reconstruction is sufficient.
In addition, combining all components achieves the peak performance of 45.6%, demonstrating that
the semantic richness from text reconstruction and the structural guidance from distribution regular-
ization are synergistic and mutually indispensable.
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Table 8: Performance comparison of our proposed ReGuLaR across different learning paradigms,
where we report the averaged number and 95% confidence interval (£) on Accuracy (Acc. %) and
Reasoning Length (# L) on four math reasoning datasets.

GSMS8K-Aug GSM-Hard SVAMP MultiArith Average
Acc. #L Acc. #L Acc. #L Acc. #L  Acc. #L

6.52+0.26 4.57+0.16 1.68+0.16 5.54+0.12 34.4+0.81 1.86+0.05 9.93+0.39 1.93+0.19 13.1 3.47
34.9+40.26 3.69+0.21 8.27+0.14 4.1240.48 50.140.39 2.02+0.18 89.2+0.27 2.28 +0.27 45.6 3.03

Latent Latent
['KL ‘C'reasoning

NN XX
N X N X

Table 9: Performance comparison of our proposed ReGuLaR across different modeling strategies,
where we report the averaged number and 95% confidence interval (£) on Accuracy (Acc. %) and
Reasoning Length (# L) on four math reasoning datasets.

GSMS8K-Aug GSM-Hard SVAMP MultiArith Average
Acc. #L Acc. #L Acc. #L Acc. #L  Acc. #L

Deterministic 32.6+0.34 3.45+0.02 7.24+0.06 5.65+0.52 48.910.37 2.7210.25 88.110.14 2.2210.29 44.2 3.51
Probabilistic 34.9i0‘26 3.69i0,21 8.27i0,14 4-12i0.48 50.1i0A39 2~02i0418 89.2i0,27 2.28i0,27 456 3.03

Strategy

B.4 ABLATION STUDIES ON MODELING STRATEGIES

In our standard implementation, we model the latent reasoning process as a probabilistic transition
(i.e., equation [3), leveraging the latent reasoning head to predict the distribution parameters p and
log o of the next latent reasoning state. To verify the effectiveness of this probabilistic modeling
strategy, we conduct ablation studies comparing it against the deterministic variant. Specifically, this
deterministic variant directly leverages the latent reasoning head to predict the next latent reasoning
state, which is functionally equivalent to a greedy strategy that selects the most likely mean vector.

As presented in Table 9] the results demonstrate the clear superiority of the probabilistic modeling
strategy. Specifically, it outperforms the deterministic variant across all datasets, achieving an aver-
age accuracy of 45.6%. We attribute the performance drop in the deterministic variant to the “mean
collapse” phenomenon. Since the reasoning process often allows for multiple valid subsequent
steps, a deterministic predictor tends to output the average of all possible outcomes to minimize the
reconstruction error. This results in blurred semantic representations that fail to capture the precise
logic required for complex reasoning. In contrast, our probabilistic strategy models the underlying
distribution, enabling the sampling of sharp and distinct latent states that preserve semantic integrity.

B.5 ABLATION STUDIES ON REGULARIZATION STRATEGIES

In our standard implementation, we decompose the reasoning chain R into K segments and subse-
quently render them into images to yield K visual representations, which serve as dense semantic
anchors to regularize the posterior distribution of the latent reasoning state during training (i.e., illus-
trated in Figure[I). To verify the distinct contribution of this vision-based regularization, we conduct
ablation studies comparing it against the text-based variant. Specifically, this text-based variant di-
rectly aggregates the embeddings of tokens within the same segment into one textual representation
to regularize the posterior distribution, while keeping all other settings invariant.

As presented in Table[I0] the results demonstrate a substantial performance advantage for the vision-
based regularization strategy. Specifically, it significantly outperforms the text-based variant across
all datasets, increasing the average accuracy from 42.3% to 45.6%. We attribute this superiority to
the dense information compression capability of the visual modality. The text-based variant, which
relies on pooling token embeddings, tends to dilute the structural and topological details of the rea-
soning chain (e.g., the spatial layout of arithmetic operations), resulting in a “blurred” semantic
target. In contrast, the vision-based approach compels the model to align its latent reasoning state
with the corresponding rendered image, which serves as a highly compact and structured semantic
anchor. This cross-modal constraint forces the model to capture the holistic logic of the segment
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Table 10: Performance comparison of our proposed ReGuLaR across different regularization strate-
gies, where we report the averaged number and 95% confidence interval (4) on Accuracy (Acc. %)
and Reasoning Length (# L) on four math reasoning datasets.

GSMS8K-Aug GSM-Hard SVAMP MultiArith Average
Acc. #L Acc. #L Acc. #L Acc. #L Acc. #L

Text-based 28.3i0,20 3.53i0,31 6453:{:0,11 4.21i0,03 47~5:t0.18 1.97:{:0,03 86.9i0,37 2.07:{:0,13 42.3 2.95
Vision-based 34.94¢.26 3.69+0.21 8.27+0.14 4.1240.48 50.140.39 2.0240.18 89.240.27 2.28+0.207 45.6 3.03

Strategy
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Figure 6: Scalability analysis across varying model sizes, where we employ LLaMA-3.2 (1B, 3B)
and LLaMA-3.1 (8B) Instruct variants as the LLM backbones.

rather than just the average meaning of its tokens, thereby providing a more robust signal for regu-
larization. Notably, as discussed in Section [3.4] these visual representations are strictly confined to
the training phase, meaning that they incur no additional cost during inference.

B.6 FURTHER SCALABILITY ANALYSIS OF REGULAR

Figure [6] further illustrates the performance of ReGuLaR across varying model sizes, where ReGu-
LaR demonstrates strong positive scaling behavior. Specifically, compared with the top-performing
baselines (i.e., CoLaR and Coconut), ReGuLaR consistently maintains the highest accuracy with the
shortest reasoning length across all model scales and datasets, highlighting its seamless scalability
and potential for broader application in large-scale foundation models.

C EXAMPLES OF RENDERED REASONING CHAINS

In the molecular captioning task, we utilize RDKit to generate the corresponding 2D molecular graph
for each textual reasoning chain, thereby constructing multi-modal reasoning chains. Subsequently,
these reasoning chains are rendered into images, from which visual representations are extracted
to regularize the posterior distribution of the latent reasoning state during training. Here, Figure
presents two examples of rendered reasoning chains, each shown in two variants: rendered multi-
model reasoning chains with explicit 2D molecular graphs and original textual reasoning chains
without 2D molecular graphs. For rendered multi-model reasoning chains that include 2D molecular
graphs (e.g., Figures[7a|and[7c), we position the corresponding 2D molecular graph at the top of the
rendered image and annotate it below with its SMILES string. The remainder of the rendering is
identical to the counterpart without 2D graphs, consisting solely of textual reasoning steps.
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