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Abstract

Recently, Chain-of-Thought (CoT) reasoning has signifi-
cantly enhanced the capabilities of large language models
(LLMs), but Vision-Language Models (VLMs) still struggle
with multi-step reasoning tasks due to limited multimodal
reasoning data. To bridge this gap, researchers have explored
methods to transfer CoT reasoning from LLMs to VLMs.
However, existing approaches either need high training costs
or require architectural alignment. In this paper, we use Lin-
ear Artificial Tomography (LAT) to empirically show that
LLMs and VLMs share similar low-frequency latent repre-
sentations of CoT reasoning despite architectural differences.
Based on this insight, we propose L2V-CoT, a novel training-
free latent intervention approach that transfers CoT reasoning
from LLMs to VLMs. L2V-CoT extracts and resamples low-
frequency CoT representations from LLMs in the frequency
domain, enabling dimension matching and latent injection
into VLMs during inference to enhance reasoning capabil-
ities. Extensive experiments demonstrate that our approach
consistently outperforms training-free baselines and even sur-
passes supervised methods.

Introduction

Recently, reasoning models have achieved significant ad-
vancements in tackling a wide range of complex tasks (Ope-
nAl 2024; Wang et al. 2025a; Guo et al. 2025; Wang et al.
2025b). A crucial factor contributing to this success is the
Chain-of-Thought (CoT) method, which allows large lan-
guage models (LLMs) to decompose complex problems into
a sequence of intermediate reasoning steps (Xia et al. 2024).
This approach has significantly improved their reasoning
and decision-making capabilities (Zhang et al. 2025). In
contrast, although Vision—Language Models (VLMs) have
shown impressive results on tasks such as visual question
answering (Hartsock and Rasool 2024) and image caption-
ing (Kim et al. 2024; Li et al. 2025b), they still struggle with
tasks that require multi-step reasoning, such as chart and ge-
ometric analysis (Cheng et al. 2025; Zhang et al. 2024). This
problem is primarily attributed to the scarcity of multimodal
reasoning data, as generating such data is both resource-
intensive and time-consuming (Liu et al. 2025).
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To address this problem, recent studies have explored
ways to transfer reasoning capabilities from LLMs to VLMs.
Virgo (Du et al. 2025) enables cross-modal reasoning trans-
fer by training VLMs on large amounts of textual Chain-
of-Thought (CoT) data. However, this approach is hindered
by high training costs and limited generalization ability. To
overcome this limitation, existing studies transfer reason-
ing capabilities from LLM to VLM through model merg-
ing (Chen et al. 2025; Zhan et al. 2024). Although this
method achieves effective transfer, its applicability is lim-
ited to scenarios where the VLM and the source LLM are
architecturally aligned. However, in real-world scenarios,
the LLM backbone of VLM is not always aligned with the
strong text reasoning model, which limits the upper bound of
reasoning capabilities that can be transferred from LLMs to
VLMs. This raises a practical challenge: How can we trans-
fer reasoning abilities from LLMs to VLMs across different
architectures?

Inspired by Contrast-Consistent Search (Burns et al.
2022), which suggests that model capabilities can be cap-
tured and manipulated through linear transformations, we
explore the possibility of transferring reasoning capabilities
across different model architectures. However, since models
with different modalities often have distinct internal struc-
tures, it remains unclear whether the internal reasoning pat-
terns encoded in one modality can be effectively interpreted,
aligned, and transferred to another modality.

To further analyze reasoning capabilities across models
of different modalities, we apply Linear Artificial Tomog-
raphy (LAT) (Zou et al. 2023), a representation reading
method that extracts latent states with contrastive inputs,
to examine the latent representations of them. The findings
of our analysis reveal that: (1) The low-frequency compo-
nents of VLM’s CoT direction representations, derived from
linear modeling of CoT and Non-CoT representations, can
activate its reasoning ability. In contrast, the high-frequency
components do not help. (2) These low-frequency repre-
sentations have a similar distribution to those of LLMs.
The observation suggests a consistent structural alignment
in the latent space across modalities, which enables effec-
tive cross-modal transfer of reasoning ability.

Based on these insights, we propose Latent Intervention
for LLM-to-VLM CoT Transfertion (L2V-CoT), a training-
free latent intervention method that transfers the general



CoT reasoning capabilities of LLMs to VLMs. Specifically,
we collect CoT and Non-CoT from LLMs to construct con-
trastive samples. These samples are then encoded by the rea-
soning LLM to obtain CoT direction representations. How-
ever, representations derived from different architectures of-
ten encounter the dimension mismatch problem. To address
this, we apply low-pass filtering to the CoT direction rep-
resentations from the LLM to preserve essential CoT in-
formation. Then, we perform resampling in the frequency
domain to match the dimension. These resampled represen-
tations are injected into the VLM via latent intervention
during inference, thereby implicitly enhancing its reason-
ing ability. As a training-free and model-agnostic method,
L2V-CoT enables efficient transfer the reasoning capabili-
ties of LLMs to VLMs. To evaluate its effectiveness, we con-
duct experiments on multiple visual reasoning benchmarks
across diverse VLMs. The experimental results demonstrate
that L2V-CoT consistently outperforms other training-free
baselines and even surpasses some supervised approaches.

Our contributions can be summarized as follows:

e To our best knowledge, we are the first to leverage Lin-
ear Artificial Tomography to analyze the transferability of
reasoning capabilities between LLMs and VLMs.

e We propose L2V-CoT, a novel training-free method that
transfers the general CoT reasoning capability of LLMs to
VLMs, thereby enhancing the reasoning ability of VLMs.

e Extensive experiments validate the effectiveness of our
approach in transferring CoT reasoning across modalities.

Related Work

Multimodal Chain-of-Thought Reasoning. As CoT rea-
soning proves effective in LLMs, recent work has ex-
tended it to multimodal tasks (Chen et al. 2024b; Li et al.
2025a). Existing methods fall into two main categories:
explicit and implicit methods, which are orthogonal and
complementary in enhancing VLM reasoning (Wu et al.
2025). Explicit methods guide reasoning step-by-step via
rewards or search without altering model states (Yao et al.
2024). In contrast, implicit methods improve reasoning by
modifying internal states (Luo et al. 2025; Zhang et al.
2023). LlamaV-ol (Thawakar et al. 2025) learns from mul-
timodal CoT data. Given the scarcity of visual CoT anno-
tations, Virgo (Du et al. 2025) trains VLMs on textual CoT
data (Du et al. 2025). Parameter mergingmethods further en-
able training-free transfer from LLMs to VLMs but are con-
strained to architecture-aligned models (Chen et al. 2025).
Our method, L2V-CoT, belongs to the implicit category.
It enables architecture-agnostic, training-free CoT transfer
from LLMs to VLMs via latent intervention, offering a flex-
ible and generalizable solution for multimodal reasoning.

Activation engineering. Activation engineering modifies
a model’s latent states for two main purposes: (1) under-
standing internal mechanisms and (2) controlling behav-
ior (Zou et al. 2023). It uses representation reading to iden-
tify latent states tied to high-level concepts, supporting both
interpretability and intervention. This method been applied
to reducing hallucinations (Li et al. 2023; Tang et al. 2025a;
Li et al. 2024) and adjusting sentiment (Tigges et al. 2024).
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While recent work has explored using activation engineer-
ing for capability transfer within the model (Tang et al.
2025Db), its potential in cross-modal reasoning remains un-
derexplored. In this work, we extend it to understanding and
transferring CoT reasoning capabilities across modalities.

Preliminary

Linear Artificial Tomography. Linear Artificial Tomog-
raphy (LAT) is a representation reading technique for identi-
fying internal representations of high-level concepts in deep
neural networks (Zou et al. 2023). It serves as a tool for ana-
lyzing model behavior, which operates through a three-step
process: (1) Designing Stimulus and Task, (2) Collecting
Neural Activity, and (3) constructing a Linear Model.

First, to activate the model’s internal representation as-
sociated with a target concept or function f, LAT convert
prompt {p; }7_, into positive {p;” }7_, (elicits f) and nega-
tive {p; }™_; (does not). Next, p; and p; are fed into the
model M to extract hidden states h; (1) and h; () from
layer [. In this paper, We extracts representations from final-
token hidden states (Tang et al. 2025b). Finally, LAT con-
structs a linear model (Direction Represent) u. The mean
of {u;}? , can be used as a transparent and interpretable
method for analyzing or activating the concept.

Empirical Analysis
In this section, We first introduce the use of LAT in this

work. We empirically analyze how VLM and LLM encode
CoT reasoning apability using LAT.

Inducing and Capturing Internal Activations. To an-
alyze the transferability of reasoning capabilities across
modalities, we use LAT to observe the internal represen-
tations of LLMs and VLMs. Specifically, we first design
two types of prompts: {qlJr » . (e, "Let’s think step
by step.”) and {g; }I*, (i.e, "Answer the question di-
rectly"). These prompts are separately fed into the LLM
to generate the CoT responses {c}? ; and the non-CoT
responses {d}?_,. Given positive inputs {¢;}? ; and neg-
ative inputs {d;}}_,, we extract CoT representation sets
{hr(ci, 1)}, and {hy(c;, 1)}, as well as vanilla rep-
resentation sets {hr(d;,!)}?, and {hy(d;,1)}?,, where
hy, and hy denote internal representations of the LLM and
VLM. For our implementation, we use LLaMA3-8B (Meta
2024) to encode LLM representations and Qwen2-VL-7B-
Instruct (Wang et al. 2024b) to encode VLM representations.

VLMs and LLMs have similar CoT reasoning encoding
patterns. To better understand the properties of CoT rep-
resentations and non-CoT representations within both LLMs
and VLMs, we apply PCA (Jolliffe 2002) for dimensionality
reduction and visualize the 2D representations. The visual-
ization results are presented in Figure la. We observe that
both VLMs and LLMs produce tightly clustered CoT rep-
resentations across samples, which occupy distinct regions
in the latent space compared to their non-CoT counterparts.
These findings suggest that VLM and LLM have similar rep-
resentational encoding schemes for CoT reasoning, despite
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Figure 1: (a) Distribution of CoT and non-CoT representa-
tions in VLMs and LLMs. (b) Effect of low-pass filtering on
VLM CoT direction representation. (c) Effect of low-pass
filtering on LLM CoT direction representation.

their architectural differences. This consistency raises an
question: Can we leverage this shared encoding pattern to
effectively transfer CoT reasoning capabilities from LLMs to
VLMs? However, we observe that the CoT representations of
VLM cluster less tightly than LLM. The observed discrep-
ancy is due to the heterogeneity between visual and textual
modalities: when visual inputs are introduced and jointly
trained with language, they induce representation drift in the
high-dimensional latent space (Yang, Lu, and Yu 2024). This
drift emerges from parameter updates during multimodal
joint training and persists in the representations even when
processing unimodal textual inputs (Park et al. 2025). Con-
sequently, this results in a gap between the CoT direction
representations of LLMs and VLMs, which we will exam-
ine in detail in the following analysis.

Low-Frequency CoT direction representations of VLM
encode CoT features and activate reasoning ability. We
establish linear models to extract the CoT direction repre-
sentation set uy (1) and ur,(I) for VLM and LLM, respec-
tively. Formally, these are defined as:

ur,(l) = {hr(ci,l) — hr(di, 1)}y, (1
uy (1) = {hv(ei, 1) — hy(di, 1)}y, 2

where h(c;,1) and h(d;,!) are hidden states at layer [ cor-
responding to the CoT and non-CoT responses, computed
by VLM (hy) or LLM (h). To measure the dispersion of
these representations, we compute the trace of their covari-
ance matrix, where a larger trace indicates higher dispersion.
Tr(u(l)) = 252" Jlu; —a|)®, wherea = L 2" w;, and
{u; }_; is drawn from either ur, (1) or uy (1). We found that
VLMs show significantly higher dispersion (1117.8) than
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Figure 2: (a) Performance of Qwen2VL and its injected vari-
ants on MathVista-math and MMStar-reasoning. “HPF” in-
jects high-frequency features. “LPF” injects low-frequency
features. (b) The direction representation distribution for
VLM and LLM after low-pass filtering(math domain).

LLMs (176.7). This divergence arises from the fundamen-
tal differences in architecture and training methods (Schrodi
et al. 2024). LLM capabilities are encoded through lin-
early separable structures in activation space (Burns et al.
2022), In contrast, VLMs have distinct optimization pro-
cesses during multimodal pre-training. Consequently, com-
ponents such as cross-modal attention, projection fusion,
and alignment losses are incompatible with the LLM back-
bone. These inconsistencies introduce a more nonlinear and
noisy activation space, ultimately causing shifts in internal
representations of VLMs (Yang, Lu, and Yu 2024). To gain a
deeper understanding of CoT direction representation shifts,
we apply Fourier-domain low-pass filtering to the represen-
tations of VLMs, obtaining the low-frequency CoT direction
representation ay (1):

iy (1) = Re [IFFT (M © FFT(uy (1)))] 3)

where FFT(-) denotes the Fast Fourier Transform, IFFT(+)
is its inverse operation, ® represents Hadamard product and
Re[] extracts the real part to eliminate residual imaginary
components. The low-pass mask My, € 0,14, where d is the
domain of wuy (1), retains the first k& frequency components
and is defined as follows:

M, [i] = {

Figure 1b shows the distribution of the original uy (1) and
filtered representations low-pass uy. We can observe that
filtered representations become significantly more concen-
trated, and the distribution shape stays stable. Quantitatively,
trace drops from 1117.8 to 197.7 (close to LLM’s 176.7). For
comparison, applying the same low-pass filtering to u (1)
just causes minimal change (Figure 1¢). And we get the trace
of low-pass uy, is 169.3, only slightly lower than the original
value of 176.7. This indicates that filtering removes visual-
specific noise while preserving LLM reasoning capability.
To verify if low-frequency filtering preserves CoT infor-
mation, we average low and high-frequency VLM direction
representations and inject them into the VLM. We conduct
experiments on the MathVista and MMStar datasets (de-
tailed in the Experiments section). The results are shown
in Figure 2. We observe that only low-frequency direction

. . k . k
1, ifi<gori>d—3,
0, otherwise.
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Figure 3: (a) The overview of Latent Intervention for LLM-to-VLM CoT Transfertion (L2V-CoT). (b) The block of Intervention-
Encoder. (c) Low-pass LLM CoT direction representation extraction process. (d) The block of Latent Intervention.

representation enhances the reasoning ability of VLM. This
further shows that low-frequency CoT direction representa-
tions in VLMs carry CoT information and can be used to
enhance the reasoning ability of model.

Distribution of Low-Frequency CoT direction represen-
tations in VLM and LLM exhibit substantial overlap.
Due to the scarcity of multimodal reasoning data, the reason-
ing ability of VLMs falls far behind that of LLMs. Although
low-frequency CoT directions can enhance the VLM reason-
ing abilities, they still limited by the capacity of the VLM
itself. To overcome this bottleneck, we investigate transfer-
ring the superior reasoning capabilities of LLMs to VLMs
via latent intervention. To support this, we analyze the align-
ment between low-frequency CoT direction representations
of VLMs and LLMs. As shown in Figure 2b, their PCA-
projected 1D distributions exhibit substantial overlap, indi-
cating a shared latent structure. This indicates the potential
for effective knowledge transfer without significant domain
mismatch. Consequently, this empirical observation pro-
vides strong evidence supporting the feasibility of transfer-
ring reasoning capabilities across modalities and disparate
model architectures through latent interventions.

CoT Reasoning Capability transfer via
Latent Intervention
As previously discussed, LLM and VLM have similar low-
pass CoT direction representations. This suggests that the

CoT capabilities of LLMs can be transferred to VLMs. We
extract CoT direction representations from LLLM and inject
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them to VLMs. However, due to representation dimension
mismatch between different architectures, we apply low-
pass filtering and resampling in the latent space to align
dimension while minimizing the loss of CoT ability. Fig-
ure 3 shows the framework. In this section, we first describe
the extraction of low-pass CoT pattern representations and
then introduce how these direction representations are used
to perform latent intervention on vanilla VLMs.

Extraction of low-pass CoT pattern representations

As shown in Figure 3b and formalized in Eq. 1, we first
collect positive inputs {¢;}? ; and negative inputs {d;}?
from an LLM with predefined questions {¢;},. These
pairs are yield CoT direction representations {u;(I1)}7_; in
the LLM. For unbiased transfer the general CoT reasoning
capability of LLM, we compute the mean of {u; (1)}, to
get the CoT pattern representation v(Iy,):

n

’U(lL) = %Z(hL(CialL> - hL(divlL)>7

i=1

®)

where [, is the index of the layer from which the representa-
tion is extracted in LLM. Due to potentially different LLM
backbones in the LLM and VLM, we must match their rep-
resentation dimension. As shown earlier, LPF can preserve
CoT information in the direction representations. Therefore,
we apply LMN method (Gerlach et al. 2024) to resample
{u;(I)}, in the frequency domain. This helps reduce the
loss of CoT information during dimension alignment. This
processing is illustrated in Figure 3c. FFT and IFFT are both



MathVista MathVerse Benchmarks MMStar
Model Method Al General Math | Overall TD T-L V-I  V.-D V-O | Al Percep. Reason. DM | MV | Avg.
Non-CoT response | 35.2 46.7 25.3 20.9 240 209 215 200 182434 528 38.7 229 | 128 | 27.0
Few-Shot CoT 33.7 45.8 23.4 19.3 228 193 197 184 165 | 404 495 35.9 21.1 | 11.5 | 25.2
MathNeuro 35.8 46.6 26.6 215 246 215 217 208 189 | 44.1 513 40.5 23.0 | 134 | 276
LLAVA Modal Merging 36.4 453 28.8 219 26.8 224 229 208 166|436 513 39.8 235 | 134 | 27.8
RoT 36.8 473 27.9 229 25.8 233 231 220 205|456 531 41.9 24.8 | 148 | 29.0
Finetuned CoT 39.9 49.1 32.0 24.1 276 248 240 226 216|470 544 433 25.8 | 15.6 | 305
L2V-COT (ours) | 41.8 51.0 34.0 25.5 295 259 250 232 237|481 55.6 44.3 269 | 16.2 | 31.6
Non-CoT response | 59.3 62.8 56.3 29.9 302 334 308 321 23.0 | 595 58.0 60.3 30.5 | 19.6 | 39.8
Few-Shot CoT 57.4 61.2 54.1 27.9 286 31.1 284 302 211|578 56.3 58.5 289 | 18.2 | 38.0
MathNeuro 59.9 63.1 57.1 30.2 31.0 341 313 310 238|599 575 61.1 31.6 | 21.0 | 40.5
InternVL Modal Merging 60.4 63.4 57.8 30.9 303 346 325 332 241|593 58.5 59.7 31.9 | 21.1 | 40.7
RoT 60.7 63.3 58.5 31.1 322 345 320 325 243|609 584 62.1 323 | 21.3 | 41.3
Finetuned CoT 61.2 63.5 59.3 32.6 354 353 331 336 255|616 590 62.9 332 | 219 | 421
L2V-COT (ours) | 61.6 63.5 60.0 33.3 372 354 339 340 261|620 59.1 63.5 33.7 | 22.3 | 42.6
Non-CoT response | 60.5 62.6 58.7 26.9 286 274 278 294 2I1.1 ] 63.1 67.4 60.9 338 | 19.1 | 40.7
Few-Shot CoT 58.4 61.3 56.0 25.3 265 262 264 277 195|602 @ 64.1 58.2 319 | 17.6 | 38.7
MathNeuro 61.8 63.3 60.5 28.6 30.1 298  29.6 307 23.0| 626 640 61.9 328 | 21.0 | 41.4
QwenVL Modal Merging 61.5 62.3 60.8 29.9 326 303 29.1 319 257|630 66.1 61.5 34.1 | 203 | 41.8
RoT 62.9 65.0 61.2 29.7 314 302 300 31.1 258|644 67.1 63.0 35.1 | 21.5 | 42.7
Finetuned CoT 63.7 65.4 62.3 32.8 351 338 324 344 282|650 679 63.5 353 | 22.1 | 43.8
L2V-COT (ours) | 64.2 65.9 62.8 35.5 379 349 345 36.7 333|655 682 64.1 35.9 | 22.6 | 44.7
Non-CoT response | 48.4 51.7 45.6 19.8 22.87 21.85 2097 212 12.1]492 540 46.8 259 | 16,5 | 32.0
Few-Shot CoT 46.3 50.2 43.0 18.1 212 200 194 196 103 | 46.8 51.3 44.5 243 | 149 | 30.1
MathNeuro 49.1 52.4 46.3 19.8 234 221 201 220 115|494 541 47.1 262 | 159 | 32.1
Idefics Modal Merging 493 52.3 46.8 21.0 245 231 215 226 13.1 | 497 53.2 47.9 26.3 | 16.1 | 325
RoT 49.6 52.8 46.9 20.7 24.1 226 213 225 128 | 499 545 47.6 264 | 17.5 | 32.8
Finetuned CoT 50.5 534 48.1 223 254 242 229 246 144|514 554 49.4 28.1 | 18.6 | 34.2
L2V-COT (ours) | 51.8 54.3 49.7 23.5 263 255 246 259 153|523 563 50.3 29.3 | 19.2 | 35.2

Table 1: Performance comparison of different methods across the MathVista (All, General, and Math-related categories), Math-
Verse, MMStar (All, Perception, and Reasoning categories), DynaMath (DM), and MathVision (MV) benchmarks. The best
result for each task is highlighted in bold. All results are the mean values of five runs using different random seeds.

linear transformations. For computational efficiency, we di-
rectly apply the low-pass filter to the aggregated CoT pat-
tern representation v(ly,), obtaining the low-pass CoT pat-
tern representation vy, pr(l1,):

vrpr(lr) = Re [IFFT (LMN (Mg © FFT(v(IL))))], (6)

where LMN is resampling method in frequency domain.
Since low-pass filtering reduces the energy, we normalize
the resulting vector to preserve its directional information
and enhance the effectiveness of injection:

[o(lz)|]2
loeer(lL)|]2

Orpr(lp) = vepr(lr). @)

Latent Intervention

As shown in Figure 1d, we inject the low-pass CoT pat-
tern v pr(lz,) into the hidden representation hy (ly) of the
Vanilla VLM at layer Iy, during inference, thereby trans-
ferring the reasoning patterns from the LLM to the VLM.
Here, hy (ly) denotes the internal neural representation of
the VLM activated by the vision-text input during the infer-
ence process. To preserve the original capacity of VLM, we
follow Tang et al. (2025b) to normalize the updated neural
activations after injecting the CoT capability, thereby reduc-
ing interference with the original representation space:

hy () = hy (Iv) + o - tupe(ln), (8)
5 l[hv (v )l]2 5

hy(ly) = ———=hy(ly), )
viiv) [[hv (v )2 viiv)

where o € R™ denotes a positive coefficient that modulates
the strength of the injection.
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Experiments

In this section, we first describe the experimental setup, then
analyze the main experimental results, and finally conduct
further analysis.

Experimental Setup

Building CoT Reasoning Samples. To transfer the CoT
reasoning capability of LLMs, we use the open-source
dataset STILL-2 (Min et al. 2024) to extract both CoT re-
sponses and non-CoT responses. STILL distills high-quality
CoT answers and direct answers from existing large-scale
reasoning models (Guo et al. 2025). Following Tang et al.
(2025b), we randomly sample 100 examples from each of
four domains: math, physics, chemistry, and biology to ob-
tain generalizable CoT pattern representations.

VLMs and LLMs. We apply L2V-CoT to a variety of
VLM architectures to evaluate the generalizability. Specif-
ically, we conduct experiments on LLaVA-Next-LLaMA3-
8B (Liu et al. 2024), Idefics2-8B (Laurencon et al.
2024), Qwen2-VL-7B-Instruct (Wang et al. 2024b), and
InternVL2-8B (Chen et al. 2024¢) (abbreviated as LLaVA,
Idefics, QwenVL, and InternVL). For representation trans-
fer, we use DeepSeek-R1-Distill-Qwen-32B (Guo et al.
2025; Wang et al. 2024b), a model with strong reasoning
ability. During injection, we align and inject the middle lay-
ers of LLM and VLM. Details are provided in Appendix E.

Datasets. To assess the effectiveness of L2V-CoT, we
evaluate it on five benchmark: MathVista (Lu et al. 2023),
MathVerse (Zhang et al. 2024), MathVision (Wang et al.
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Figure 4: Effect on Response Length and Accuracy. (a)
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2024a), Dynamath (Zou et al. 2024), and MMStar (Chen
et al. 2024a). MathVerse, MathVision, and DynaMath cover
algebra, geometry, and calculus, suitable task, making them
well suited for evaluating the reasoning capability of model.
MathVista and MMStar contain more diverse vision tasks,
enabling a more comprehensive assessment of models’ mul-
tifaceted abilities. Detailed can be seen in Appendix F.

Baselines. To demonstrate the effectiveness of our ap-
proach, we compare it with several representative baselines:
non-CoT response, CoT demonstration method (Few-shot
CoT), neuron activation method (MathNeuro) (Christ et al.
2024), representation engineering approach (RoT) (Hu et al.
2024), supervised fine-tuning (Finetuned CoT) (Du et al.
2025), and Model Merging (Chen et al. 2025).

L2V-CoT Substantially Improves the Reasoning
Capabilities of VLMs Through Controlled Slow
Thinking Injection

The experimental results are shown in Table 1. Few-shot
CoT performs worse than non-CoT response. This is mainly
because the reasoning process varies across different ques-
tions. The reasoning paths in the examples are often not
generalizable and may even mislead the model’s reasoning.
Unlike such explicit prompting methods, MathNeuro im-
proves VLMs by activating reasoning-related neurons but
overlooks their coordination. Modal Merging addresses this
by combining a VLM and an LLM that share the same back-
bone. This method transfers the reasoning ability from the
LLM and brings moderate improvements. However, it per-
forms parameter-level fusion and lacks alignment between
the transferred LLM and the visual modality. In contrast,
RoT achieves more significant improvements. It introduces
controllable reasoning activation by contrasting CoT and
non-CoT prompts within the VLM’s latent space. Neverthe-
less, RoT remains constrained by the inherent reasoning lim-
itations of the VLM and does not facilitate the transfer of the
more powerful reasoning capabilities from LLMs to VLMs.

Compared to these train-free baselines, our method
achieves significantly better performance.Notably, it also
outperforms models that are supervised-finetuned on
datasets used to build CoT pattern representations. This im-
provement comes mainly from CoT pattern representations
from LLM. We apply latent intervention to switch the la-
tent space of VLM into slow-thinking mode. In this mode,
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Figure 5: Qwen2-VL-7B-Instruct accuracy gain on MMStar
with L2V-CoT injection at different layers. Y-axis indicates
accuracy change over non-CoT responses.
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Figure 6: Performance of the explicit method Mulberry com-
bined with L2V-CoT. (a) Llama-11B. (b) Qwen2VL-2B.

the VLM is able to decompose a problem into a series of
intermediate reasoning steps, which enhances its reasoning
ability. A key indicator of this mode is the increased answer
length. To verify that L2V-CoT transfers the slow-thinking
pattern from LLMs to VLMs, we visualize the changes in
answer length and accuracy on MathVista and MMStar in
Figure 5. The results show that our method transfers the rea-
soning capability of LLMs into VLMs through latent inter-
vention. We also observe that for tasks requiring reasoning,
such as MathVista-Math and MMStar-Reasoning, the model
produces significantly longer outputs and achieves greater
performance improvements.

Detailed Analysis

Layer-wise Representation Injection Universally Boosts
Reasoning in Vision-Language Models. We analyze
layer-wise injection effects using Qwen2-VL-7B-Instruct,
as show in Figure 5. The results show that as the injection
layer increases, the performance gain first rises and then de-
clines. This is because lower layers encode perception fea-
tures, while middle and upper layers handle reasoning (Chen
et al. 2025). Injecting into lower layers disturbs perception.
As a result, for perception tasks, injecting representations
at shallow layers can even hurt performance, and the opti-
mal injection layer tends to be deeper. In contrast, reasoning
tasks benefit from early-layer injection. Additionally, when
injecting into higher layers, the remaining layers are not suf-
ficient to process the injected representations, which also
leads to performance degradation. Notably, injection at any
layer consistently enhances VLM reasoning.
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L2V-CoT Enhances Explicit Models through Comple-
mentary Reasoning Integration. Explicit methods guide
the reasoning process by a predefined search structure (e.g.,
Monte Carlo Tree Search) and a reward model. In contrast,
L2V-CoT changes VLM reasoning mode via latent interven-
tion. These are orthogonal and combinable. We combine our
method with the explicit method Mulberry (Yao et al. 2024),
and present the results in Figure 6. The results show that our
method leads to further performance improvements.

Injecting Representations with Moderate Strength Sig-
nificantly Boosts Reasoning Performance. Injection
Strength is key in our method. We study it impact on the per-
formance of L2V-CoT. The results are shown in Figure 7a.
When the injection strength is low, the model cannot effec-
tively absorb the reasoning ability from the LLM. As a re-
sult, the performance rises with increasing strength. How-
ever, when the injection strength becomes too high, the in-
jected representation may disrupt the original semantic in-
formation. This can lead to a drop in performance. Overall,
representation injection consistently improves model perfor-
mance. The best performance gain is achieved when the in-
jection strength is set to a moderate level.

Performance Improves with More CoT Examples.
L2V-CoT uses LLM CoT examples extract representation.
We investigate how example count affects performance. The
results are shown in Figure 7b. We can observe that perfor-
mance improves with more examples. This is because few
examples yield CoT patterns with excessive domain bias
With more examples, L2V-CoT can extract more general
and robust CoT pattern representations. This leads to better
transfer of the LLM’s reasoning ability.

L2V-CoT Generalizes Well Across Models of Varying
Sizes. We test our method on InternVL2-series VLMs
using MathVista and MMStar The results are shown in
Figure 8. We observe that L2V-CoT consistently achieves
strong performance across models of different sizes. This
further demonstrates the effectiveness of our approach.

LPF Method and LLM Representations Effectively
Transfer LLM Reasoning Ability. To demonstrate the
effectiveness of the LPF method and LLM representations,
we conduct an ablation study on L2V-CoT. Specifically, we
testhref two variants: "w interpolation" replaces LPF with
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Figure 8: Performance of InternVL2-series VLMs on Math-
Vista and MMStar benchmarks. (a) MathVista. (b) MMStar.

Model Method MathVista | MathVerse | DynaMath
Direct Response 352 20.9 229
L2V-COT 41.8 25.5 26.9
LLAVA | | interpolation 31.1 16.3 19.4
w VLM 36.3 22.5 23.2
Direct Response 59.3 29.9 30.5
InternVL LZV—COT 61.6 333 33.7
w interpolation 53.6 21.3 19.1
w VLM 60.1 30.9 31.3
Direct Response 60.5 26.9 33.8
L2V-COT 64.2 355 359
QwenVL | ;terpolation 49.5 18.3 217
w VLM 61.4 28.4 33.9

Table 2: Ablation study of L2V-CoT. "w interpolation" de-
notes replacing the LMN method with an interpolation-
based method in L2V-COT. “w VLM” uses VLM’s low-pass
direction representation to activate its reasoning.

interpolation and "w VLM" uses low-pass direction repre-
sentation for injection. The results are shown in Table 2.
We find that interpolation leads to performance degrada-
tion. This is because interpolation causes significant loss of
CoT information. As a result, it not only fails to improve the
model’s reasoning ability, but also weakens its original per-
formance. Injecting VLM representations performs worse
than injecting LLLM representations. This is mainly because
LLM representations help transfer the reasoning ability of
the LLM, which is much stronger than that of the VLM.

Conclusion

In this paper, we empirically analyze CoT reasoning rep-
resentations across modalities and architectures using LAT.
Our analysis reveals that low-pass CoT direction represen-
tations effectively activate reasoning abilities in VLMs and
exhibit similar distributions between VLMs and LLMs. Mo-
tivated by this insight, we propose L2V-CoT, a training-free
method to transfer CoT reasoning capabilities from LLMs
to VLMs. Specifically, we extract CoT direction represen-
tations from LLMs, performs frequency-domain resampling
to align with VLM representation dimension, and injects the
resampled representation into VLMs. Extensive experiments
demonstrate that L2V-CoT significantly enhances VLM rea-
soning performance, achieving an average improvement of
3.7% and up to 8.6% across various benchmarks.
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