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Abstract. Recent research on Large Vision-Language Models (LVLMs)
has explored visual chain-of-thought (CoT) mechanisms to enhance visual-
centric reasoning, effectively mitigating the hallucination issues that plague
current models. However, existing paradigms typically rely on external
visual tools and multi-turn interactions. While recent latent visual rea-
soning approaches achieve tool-free, single-turn inference by supervising
intermediate representations with auxiliary images, they incur signifi-
cant annotation costs. To address this, we propose Contrastive-Guided
Self-Supervised Latent Visual Reasoning (CoLVR), a novel framework for
self-supervised training of visual latent tokens in an annotation-free man-
ner. Specifically, we leverage visual contrastive principles to identify key
visual regions and employ Reinforcement Learning (RL) to align the gen-
erated latent tokens with these salient regions. Extensive experiments
on hallucination benchmarks demonstrate that our method significantly
outperforms mainstream de-hallucination approaches and even surpasses
fully supervised visual reasoning baselines.
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1 Introduction

Large Vision-Language Models (LVLMs) have demonstrated remarkable perfor-
mance across various visual tasks [1},2,(7/23,/37]. However, object hallucination
remains a significant obstacle [3L[12L[53], severely compromising the reliability of
current models [9,/16]. Mainstream de-hallucination approaches predominantly
focus on post-processing output logits [8,/13,/14,(17,/25,/39] or steering latent
features [4},24,|45]. Recently, Visual Chain-of-Thought (Visual-CoT) methods
have proven more effective than the aforementioned strategies by grounding rea-
soning in visual details [6,(15]27}/29,31,[32, 142} 44, 50-52]. Nevertheless, current
Visual-CoT paradigms (“thinking with images”) rely heavily on multi-turn inter-
actions and external visual tools, such as croppers, depth estimators, or plotting
agents [61/32}/42]. This reliance on external modules limits their applicability and
lacks an intrinsic mechanism for perceptual exploration within the model itself.
Drawing inspiration from latent reasoning [11], recent research has shifted
towards internalizing visual reasoning directly within the model’s continuous
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Fig. 1: Comparisons of different visual reasoning paradigms. (a) Thinking with images
relies on external tools (e.g., croppers) and multi-turn interactions, lacking intrinsic
autonomy. (b) Existing latent visual reasoning internalizes thoughts but depends on
costly manual annotations of auxiliary images for alignment. (¢) Our CoLVR enables
self-supervised latent reasoning. By leveraging visual contrastive probing to identify
key regions, it aligns latent tokens with salient visual evidence in a label-free and tool-
free manner.

space. By generating latent embeddings as intermediate visual thoughts, LVLMs
can effectively circumvent the reliance on external tools and explicit image out-
puts . Despite this progress, the majority of existing
approaches still heavily rely on strong supervision. They typically construct ex-
plicit visual chains-of-thought by aligning latent features with the embeddings
of manually annotated auxiliary images via Supervised Fine-Tuning (SFT). This
reliance on supervision introduces two critical limitations: (1) Scalability issues,
as the dependence on manual annotation of auxiliary images incurs prohibitive
labor costs; and (2) Performance bottlenecks, where the reasoning capability of
the model is inherently bounded by the quality and granularity of the human-
curated visual chains.

Recent studies have further traced the origins of hallucination through the
lens of attention mechanisms . It has been observed that during
hallucinated generation, the model’s self-attention exhibits an over-reliance on
textual tokens while neglecting actual visual evidence. To address this, meth-
ods such as OPERA and PAI propose mitigating hallucinations by
reinforcing attention towards critical visual information. Inspired by the philos-
ophy of VCD and ICD , recent research has elevated this contrastive
paradigm from the output logit space to the internal attention mechanism (such
as ASCD ) By contrasting attention responses between the original image
and content-irrelevant images, these methods effectively filter out language pri-
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ors and positional biases, thereby precisely localizing the critical visual patches
required for de-hallucination.

To address limitations (1) and (2) and leverage the insights of visual con-
trastive probing [4.[14125], we propose Contrastive-Guided Self-Supervised Latent
Visual Reasoning (CoLVR). This novel training framework enables visual latent
reasoning without requiring any annotated data and ground truth labels. Specifi-
cally, our training pipeline consists of two stages: SF'T and Reinforcement Learn-
ing (RL). The SFT stage aims to equip the model with the fundamental capa-
bility to generate and utilize latent tokens. In the RL stage, we design a Visual
Contrastive-Guided RL mechanism based on Group Relative Policy Optimiza-
tion (GRPO) [30], which encourages the generated latent tokens to activate the
model’s attention towards critical visual regions, thereby effectively mitigating
hallucinations. Crucially, our approach eliminates the dependency on human-
annotated visual chains-of-thought and ground truth labels. As illustrated in
Fig. [1l our CoLVR distinguishes itself from “thinking with images” and existing
label-dependent supervised latent visual reasoning methods. We provide further
details in Sec. and Sec.

Experimental results on standard hallucination benchmarks (9,20, |33},35|
demonstrate that CoLVR effectively mitigates object hallucination. Implemented
on the Qwen2.5-VL-7B backbone, our method outperforms the base model and
existing de-hallucination approaches [13}/17,25] and visual reasoning methods |18|
31,138,/52]. Furthermore, our method exhibits strong extensibility. The latent
reasoning patterns learned through self-supervision—specifically the alignment
with critical visual regions—provide a solid foundation for subsequent supervised
RL. Consequently, CoLVR achieves superior performance on General Visual Un-
derstanding and Multimodal Reasoning benchmarks [26}36),43./49]. We provide
further details in Sec. {2

Our contributions are summarized as follows:

— We propose CoLVR, an annotation-free framework for self-supervised latent
training, comprising SFT and RL stages. Guided by visual contrastive prob-
ing, our method effectively steers latent tokens to autonomously focus on
critical visual regions.

— Extensive experiments on hallucination benchmarks demonstrate that our
CoLVR significantly outperforms mainstream de-hallucination approaches and
existing supervised latent visual reasoning baselines.

— Our framework exhibits strong extensibility for post-training. In the same
post-training settings, our CoLVR achieves superior performance on General
Visual Understanding and General Multimodal Reasoning benchmarks com-
pared to baselines.

2 Related Work

2.1 Latent Visual Reasoning

Thinking with images. Recent advancements in Large Vision-Language Mod-
els (LVLMs) [1,/2,|7,/23,37] have explored explicit visual reasoning paradigms,
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commonly referred to as Visual Chain-of-Thought (Visual-CoT) (“thinking with
images”) [1527,29,44.50H52]. These methods decompose complex tasks into in-
termediate visual steps grounded in specific image regions, such as Deepeyes 52|,
Chain of Focus [50] and Pixel-Reasoner [31]. Despite their efficacy, these ap-
proaches typically hinge on multi-turn interactions or external visual tools (e.g.,
detectors, croppers), lacking an intrinsic perceptual mechanism for autonomous
exploration within the model itself.

Latent visual reasoning. To circumvent the dependency on external tools, re-
search has shifted toward internalizing reasoning within the continuous hidden
space of LVLMs [11]. By generating latent embeddings as intermediate “visual
thoughts,” models can achieve tool-free, single-turn inference |10l/18}[19}(22}/34[38]
46,|48]. However, existing paradigms predominantly rely on strong supervision,
where latent representations are aligned with manually annotated auxiliary im-
ages or region-level tokens via SFT. This dependence not only incurs prohibitive
annotation costs but also imposes a performance bottleneck dictated by the qual-
ity of human-curated data. In contrast, our CoLVR introduces a self-supervised
alignment mechanism that eliminates the need for any manual annotations.

2.2 Mitigation of Object Hallucination

Object hallucination remains a primary obstacle for LVLMs, where generated
content lacks grounding in the input image. Existing mitigation strategies in-
clude: (i) Logit-level post-processing by contrastive decoding (e.g., VCD [17],
ICD |39] and M3ID |8]), which adjusts output distributions by contrasting origi-
nal and perturbed inputs to suppress language priors; (ii) Visual feature steering
(e.g., VIT |24] and VaLSe [4]), which alleviates over-reliance on textual tokens
by reinforcing attention toward visual evidence; and (iii) Preference optimiza-
tion, where DPO-based methods (e.g., TPO |21] and RLAIF-V [47]) construct
preference signals to favor visually grounded responses over hallucinated ones.

Our method is inspired by the ideas of visual contrastive and latent steer-
ing. We use contrastive visual signals to guide the training of latent represen-
tations by contrastive visual probing, which localizes query-relevant regions by
comparing the attention matrix between original and content-irrelevant images.
Fundamentally, our approach shares the same underlying philosophy as methods
like PAT |25] and VaLSe [4]: mitigating hallucinations by explicitly reinforcing
the model’s attention toward visual evidence. While DPO-based methods are
orthogonal to our latent visual reasoning framework, they are potentially com-
plementary to our extension.

3 Methods

We begin by outlining the problem setup and the proposed latent inference
mechanism in Sec. In Fig. [2] the training framework of CoLVR consists of
two stages: (i) the SFT stage (Sec. [3.2), which trains the model to generate la-
tent tokens that encode localized visual regions; and (ii) the RL stage (Sec.[3.3)),
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which aligns these latent embeddings with query-relevant visual regions via vi-
sual contrastive probing to mitigate hallucinations.

3.1 Preliminaries

Problem setup. Given an input image I and a user query q, an LVLM generates
an answer sequence y = (y1,...,yr,). Our goal is to endow the LVLM with an
intrinsic visual reasoning mechanism that reduces hallucinations by explicitly
grounding intermediate reasoning in visual evidence, without invoking external
visual tools.

Auto-regressive model decoding. We consider a decoder-only LVLM where
visual and text tokens are processed as a unified sequence [1}[2}23,37]. Let v
denote the visual tokens encoded from the input image I. We define the unified
sequence as s = [v,q,y| = (s1,..., $7), consists of the visual tokens v, the query
tokens q, and the response tokens y. Let H®) = (hgé), e ,h(;)) be the hidden
states at layer £ € {1,...,L}. The model produces next-token logits o; € RIVI
and predicts pg(si41 | s<¢) = Softmax(oy).

Latent mode inference. We extend the vocabulary with three special tokens:
(latent), (/1atent), and (latent_pad). When the model predicts (latent) dur-
ing text inference, the inference transitions into latent mode. The model begins
generating latent token embeddings, denoted as z. These embeddings are derived
from the LVLM’s last-layer hidden states (details in Sec. . Specifically, when
predicting the k-th latent token, the embedding z;_; generated at the previous
step serves as the input embedding. Each latent token position corresponds to a
(Latent_pad) placeholder in the autoregressive sequence, which serves only as
a slot for continuous latent embeddings rather than a semantic text token to be
generated. When the sequence length reaches k = K, we append (/latent) to
terminate the latent mode and switch back to text inference. We adopt a fixed-
length design (K is a hyper-parameter) for simplicity and stability, following the
effective practice in prior work [18}[38].

3.2 Latent Alignment Supervision via SFT

The SFT stage equips the LVLM with the capability to (i) decide when to en-
ter/exit latent mode by generating (latent) and (/latent), and (ii) make latent
embedding encode localized visual evidence. We optimize a standard language
modeling loss together with a latent-to-region alignment loss without any anno-
tated labels.

Region pseudo-labels without manual annotation. To avoid reliance on
human-annotated visual chains-of-thought, we construct coarse region supervi-
sion via a fixed partition of the image into a small set of canonical regions (e.g.,
top-left, top-right, bottom-left, bottom-right, center)7 each associated
with a bounding box b = (21, y1, Z2, y2) Elthat fluctuates within a certain range

!y is temporarily reused for coordinates; it otherwise denotes answer sequence.
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in pixel coordinates. These localized regions serve as supervision signals to train
the latent tokens in encoding visual information.
Latent embeddings from hidden states. Latent token embeddings corre-
spond to continuous embeddings extracted from the LVLM forward pass. Specif-
ically, for each t € Pjat, where Py = {t | s+ = (latent_pad)} denotes the set
of latent token positions, we treat the last-layer hidden state hEL) € R? as the
continuous embedding at that latent token. This choice makes latent supervi-
sion and optimization compatible with standard autoregressive decoding, while
keeping all reasoning internal to the LVLM.

We extract latent embeddings from last-layer hidden states:

Z={m}, oz =h" b €Pu, (1)

and use their mean as a compact latent summary z = % Zi{:l Z.
Region embedding from image-token hidden states. Let Pi,, denote
the positions of image tokens in s, and let Hl(lfl)g = {hEL)}tEpimg be their last-
layer states. For region-based supervision, we represent a rectangular region by
a bounding box b. We define a mapping ¢(b) that converts b to a subset of
image-token positions Pp, C Ping.

Given a bounding box b, we map it to image-token positions Py, = ¢(b) and
pool their hidden states:

r(b) = = 3" b, 2)

|Pb| tEPy

Importantly, we compute r(b) in the LVLM hidden space (rather than directly
using vision-encoder features), so that latent and region representations lie in
the same semantic space.

Latent-to-region alignment loss. We encourage latent tokens to match the
corresponding region representation by maximizing cosine similarity:

N
1 ) ) .
['align = N § (1 - COS(Z(Z)vr(Z) (b(l)))) ) (3)
=1

where N is the batch size and cos(a, c) = m

Latent-only backpropagation. A naive optimization of Eq. can admit
shortcut solutions where the model reduces Laijgn by altering non-latent path-
ways (e.g., image-token representations) instead of making the latent token carry
region information. To prevent such degeneration, we restrict gradients from
Latign to flow only through the latent token embeddings {z;}, following the
latent-only update principle in previous work [38]. Concretely, let gi, = V, Latign

and sg(-) denote stop-gradient. We optimize a proxy objective:

K
Lalign = ZZZSg(gk)a (4)
k=1
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Fig. 2: Overview of CoLVR. Top (SFT): Latent tokens (Z) are aligned with coarse
region embeddings (ry); Bottom (RL with GRPO): Visual contrastive probing (Io vs.
Io) identifies query-relevant key regions. GRPO then maximizes an alignment reward,
explicitly grounding the latent tokens to these key regions to achieve annotation-free
training for de-hallucination.

which preserves the desired latent-only gradient contribution while blocking
gradients through other states. We report Lajign for monitoring (interpretable
cosine-based metric) and use Zalign for optimization.

Next-token prediction loss. We also optimize the standard next-token cross-
entropy loss Lcg on text tokens.

1L 1 D G
ECE:—NZ Prc] Z logpe( )|8())a (5)

where Py denotes the set of text tokens positions in response tokens.
Specially, we do not mask (latent) and (/latent), so the model learns to

generate these control tokens. In contrast, we mask (latent_pad) in Lo because

it is a placeholder for continuous latent embeddings rather than a linguistic token

to be predicted.

Total SFT loss. The final SFT objective is

Lspr = Lcg + A Ealigrn (6)
where A balances linguistic accuracy and latent grounding, and we fix A = 1 in all

experiments. This stage provides a functional latent interface for the subsequent
contrastive-guided RL alignment to query-relevant salient regions (Sec. [3.3).
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3.3 Contrastive-Guided Reinforcement Learning with GRPO

The SFT stage (Sec. provides a usable latent interface, but it does not
ensure that the latent embeddings Z are grounded on the query-relevant visual
evidence. We therefore introduce a contrastive-guided RL stage that (i) discovers
query-relevant salient visual tokens via visual contrastive probing, and (ii) aligns
the generated latent embeddings to these salient regions by optimizing a GRPO
objective, without requiring ground-truth answers.

Visual contrastive probing for query-relevant saliency. Given an input
pair (I,q), we construct a content-irrelevant contrastive image I (e.g., blank
or corrupted) and feed them into the model separately. For each image-token
position ¢ € Ping (defined in Sec. , we compute a contrastive value

ar = go(La): — go(I,q)e, (7)

where gg(-); is a patch-level scalar function. We instantiate gy based on attention
matrix. Let A(4") ¢ RT*T be the self-attention matrix at layer ¢ and head

h, where Agft’h) denotes attention from token % to token t. Let P, denote the
positions of query tokens q in s = [v, q,y]. We define

L

a 1 < 5
95" (L a)s =ﬁzg \p\ZA%’” - (8)

{=1h 1€Pq

We then obtain a non-negative saliency distribution over image tokens by recti-
fication and normalization:

w — max(at, 0) Z w = 1. (9)

b)
Zje’/’img max(a;,0) e

Reward design. For each sampled completion y, we extract the mean latent
embedding z from latent token positions Pj.; as in Sec. [3.2] Given contrastive
saliency weights {w; }tep,,,, from Eq. @), we first define a per—patch similarity

img

1+ cos (Z, hEL))
5; = 5 € [0,1], t € Pimg- (10)

We consider two variants of the latent-to-saliency alignment reward: (i) soft
alignment,

SOft (I,q,y Z Wy S, (11)

tEPimg

and (ii) hard alignment, where S C Pimg is the top-M salient set under wy,

hard(I ay) = Zst (12)

tES
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To ensure the model actually enters latent mode, we use a simple format reward
that only checks for the existence of a valid latent block:

0, if y contains a latent block,
r2(bay) = {—1 otherwise (13)
The total reward is
R(L,qy) = rn(l,q,y) +r2(l,q,y), (14)

where 7, is instantiated as either 5" or r}*'d and we use ' in main experi-
ments. Equivalently, one may write R = r1 4+ Sry with a single coefficient 3, and

we fix 8 =1 in all experiments.

GRPO objective. For each prompt (I, q(V), we sample G completions {y(i’g)}gz1

from 7y and compute rewards R(“9). GRPO constructs group-relative advantages
RG99 — LG plig)

AG9) — G g'=1
o) + ¢

; (15)

where o() is the standard deviation of {R(:9)}¢ | and e is a small constant. The
GRPO loss is

'CGRPO = _Ei,g +ﬁ Ei,g[KL(TrG || Wref)] 3

A9 3™ log pg (ytum |I(i)’q(i)7y(<iatg)>
teptxt

(16)
where 3 optionally regularizes the policy to a reference s (set to 0 when no
reference is used). Optimizing Eq. increases the probability of completions
whose latent embeddings better align with contrastively identified salient visual
evidence, thereby improving visual grounding and mitigating hallucinations.

4 Experiments

4.1 Setup

Evaluation benchmarks and metrics. We conduct experiments on CHAIR |[33],
PoPE [20], Hallbench [9] and MMHal [35] to evaluate the effectiveness of our CoLVR.
For CHAIR, we report three metrics: CHAIR, (C,), CHAIR; (C;) and F1 scores
(F1); For PoPE, we report accuracy (Acc.) and F1; For Hallbench, we report
Acc.; For MMHal, we report score and hallucination rate (Hal.) evaluated by
GPT-4 [28].

To verify the extensibility of our model on general visual tasks, we also eval-
uate on MMVP [36], MathVista [26], MathVerse [49] and V* [43] benchmarks.
For all benchmarks, we report their accuracy as metric.

Baselines. We adopt Qwen2.5-VL-7B and Qwen2.5-VL-3B as base model and
compare CoLVR against the following baselines: (1) Base model [2]. (2) Train-free
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methods, such as VCD [17], OPERA [13], PAI [25] and HALC [5]. (3) “Think-
ing with images” methods, including Deepeyes [52| and Pixel-Reasoner [31]. (4)
Existing latent visual reasoning methods, including LVR [18] and Monet [38].
Training details. We train our models with Qwen2.5-VL-7B and Qwen2.5-
VL-3B. The training data for both the SFT and RL stages are derived from
Visual-CoT data [29], which is a large-scale VQA dataset. In the SFT stage, we
randomly sample 2K raw instances. The ground truth for training is constructed
by combining pseudo-region labels with the responses generated by the original
model, resulting in a total of 6K SFT samples. In the RL stage, we sample a
larger-scale dataset of approximately 30K instances.

We employ the Low-Rank Adaptation (LoRA) fine-tuning strategy, freezing
the vision encoder while updating the remaining parameters. During the SFT
stage, the batch size is 32, the learning rate is 1 x 1075, and the model is trained
for 1 epoch. In the RL stage, we use the Hugging Face TRL framework [41] for
GRPO training. The sampling group size G is set to 8, the KL coefficient S is
0.01, the batch size is 16, and the learning rate is 1 x 1076 for 3 epochs. The
full CoLVR training takes approximately 18 hours on 4 A-800 GPUs. Further
implementation details are provided in Sec. A.

4.2 Main Results

As presented in Tab. [} we can draw the following key observations:

— Superior overall performance. Our proposed CoLVR significantly miti-
gates object hallucination, achieving the highest performance of 80.1% (F1,
+1.8%) on CHAIR and 89.6% (Acc., +4.7%) on PoPE on the 7B backbone.
While train-free approaches (e.g., VCD, OPERA) yield marginal improve-
ments by post-processing logits or steering attention during inference, they
fail to inherently correct the model’s visual grounding. In contrast, CoLVR in-
ternalizes visual perception through self-supervised latent training, leading
to an absolute improvement over those baselines.

— Surpassing supervised baselines without annotations. Remarkably,
CoLVR outperforms existing supervised latent visual reasoning paradigms
(such as Monet and LVR) without relying on any human-annotated la-
bels. Specifically, CoLVR reduces the C; error metric to 20.2% (-10.6%) and
achieves a leading score of 5.12 (+0.26) on the MMHal benchmark. This com-
pellingly verifies that our contrastive-guided RL effectively circumvents the
performance bottlenecks inherent to human-curated Visual-CoT, enabling
the model to autonomously align with salient visual evidence.

— Consistent scalability across model sizes. The de-hallucination efficacy
of CoLVR generalizes seamlessly across different model sizes. Implemented on
the lighter Qwen2.5-VL-3B backbone, our method still consistently outper-
forms train-free baselines and effectively suppresses the MMHal hallucination
rate (Hal.) to 30.2% (-4.2%). This demonstrates the robustness and broad
applicability of our annotation-free framework.
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Table 1: Main results on evaluation hallucination benchmarks. Our method, CoLVR, is
compared against all baseline models and methods described in Sec. 4] “Ir.” and ‘Lb.’
denote whether the method requires training and human-annotated labels, respectively.
1 indicates higher is better, and | indicates lower is better. Our proposed methods are
highlighted in gray and best results are in bold.

CHAIR POPE  Hallbench MMHal
Csl C;l F17 Acc.t F17 Acc.t  Scoret Hal.|

Method Tr. Lb.

Qwen2.5-VL-7B

Base x x 30.8 8.1 783 84.9 84.0 52.5 4.86 32.3
Train-free
VCD X x 34.6 8.7 786 86.0 84.4 52.9 4.85 33.3
OPERA x x 31.6 85 787 854 834 52.9 5.02 31.3
PAI X x 344 88 778 882 87.3 53.2 5.00 37.5
HALC x x 27.0 9.9 659 8&87.7 89.1 52.5 4.27 385

Thinking with images

Deepeyes-7B v v 276 7.3 78.6 86.1 85.1 53.9 5.10 29.2

Pixel-Reasoner-7B v v/ 232 6.7 77.1 84.8 829 42.6 4.77 333
Latent visual reasoning

LVR-7B v v 332 98 794 84.8 844 50.4 4.88 37.5

Monet-7B v v 34.1 99 67.8 86.2 87.3 52.1 5.02 313

Ours
CoLVR-7B (ours) v x 20.2 6.1 80.1 89.6 &6.3 54.3 5.12 30.2

Qwen2.5-VL-3B

Base x x 384 83 79.0 8.9 84.6 40.6 4.69 344
Train-free
VCD X X 48.6 9.6 79.4 85.2 84.0 39.3 4.46 38.5
OPERA X x 43.2 9.6 79.9 859 84.6 40.8 4.91 313
PAI X X 488 9.7 79.9 86.0 84.8 40.4 4.67 46.9
HALC X x 322 11.5 64.8 87.8 87.6 41.1 4.28 344
Ours

CoLVR-3B (ours) v x 30.8 85 78.6 88.2 859 42.6 4.78 30.2

4.3 Extensibility of CoLVR

We believe that models trained with our method possess a unified latent visual
reasoning capability that extends beyond de-hallucination, which can be further
scaled with annotated data to achieve excellent performance across downstream
and diverse visual tasks. Compared to the “thinking with images” paradigm and
supervised latent visual reasoning, our self-supervised method achieves superior
performance. The former is limited by external tools and multi-turn interactions,
while the latter is constrained by the quality of annotated Visual-CoT data.
Therefore, our method possesses stronger extensibility and scalability.
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Table 2: Extensibility evaluation on general visual understanding and multimodal
reasoning benchmarks. All methods are based on the Qwen2.5-VL-7B backbone. ‘Tr.’
and ‘Lb.” denote whether the method requires training and human-annotated labels,
respectively. CoLVR * denotes the variant subjected to further extension training ini-
tialized from our base CoLVR. All metrics are accuracy (1 indicates higher is better).
Our proposed methods are highlighted in gray and best results are in bold.

Method Tr. Lb. MMVPtT MathVistaf MathVerset V™1
Base X X 68.3 68.6 49.2 78.5
SFT v v 65.7 68.9 50.1 79.1
Thinking with images

Deepeyes-7B v v 72.0 70.1 47.3 82.7

Pixel-Reasoner-7B v v 67.0 69.2 46.2 80.1
Latent visual reasoning

LVR-7B v v 71.7 69.2 50.1 80.6

Monet-7B v v 72.1 71.2 51.2 83.3
Ours

CoLVR (ours) v X 68.0 68.2 49.3 78.5

CoLVR *(ours) v v 71.2 73.4 51.4 83.8

Table 3: Ablation study on the core training stages of CoLVR. All models are evaluated
on the Qwen2.5-VL-3B backbone. ‘SFT’ and ‘RL’ denote whether the SFT and RL
stages are applied, respectively. Best results are in bold.

Method SFT RL CHAIR POPE Hallbench ~ MMHal
Cs) Cil F11t Acct F171 Acc.t  Scoret Hal.|
Base 384 8.3 79.0 85.9 84.6 40.6 4.69 344

X X
SEFT-only v x 386 85 783 86.0 844 40.8 4.46 344
CoLVR (SFT+RL) v v 30.8 85 78.6 88.2 85.9 42.6 4.78 30.2

To verify this hypothesis, we continue to train our model on LVR-SFT
data |18] using SFT. We evaluate it on general visual benchmarks (see Sec.
and compare it with baseline methods from both “thinking with images” and
latent visual reasoning paradigms.

As reported in Tab. 2| our CoLVR * consistently outperforms both “thinking
with images” and supervised latent visual reasoning baselines across all bench-
marks. Notably, it achieves competitive accuracies of 73.4% on MathVista and
51.4% on MathVerse, yielding an absolute improvement of 2.2% and 0.2% over
the strongest baseline, respectively. These results compellingly validate that our
self-supervised latent alignment paradigm provides a superior foundation for
generalized multimodal reasoning.
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4.4 Ablation Study and Visualization

Effect of main components. We ablate the core training stages of CoLVR to
validate their individual contributions: (1) SFT-only, which equips the model
with basic latent tokens guided by coarse region pseudo-labels; and (2) SFT+RL
(Full CoLVR), which further aligns these latent embeddings with salient visual
evidence using contrastive-guided GRPO. As shown in Tab. [3] relying solely on
SFT yields a moderate performance of 78.3% (F1.) on CHAIR and 84.4% (Acc.)
on PoPE. By introducing the RL stage, our full CoLVR framework effectively
bridges the visual grounding gap, significantly boosting the score (+1.3% F1 on
PoPE, +2.0% accuracy on Hallbench and +0.09 Score on MMHal) and demon-
strating that contrastive reward optimization is effective for de-hallucination.

Effect of latent length (K).

We further analyze the sensitiv-

ity of our framework to the la- 40 H
tent reasoning length K by vary- :
ing it across {1,2,4,8,16,32}.

As illustrated in Fig. the =
model achieves its optimal de- »
hallucination performance at %
K = 4. Notably, CoLVR main- ©
tains consistently effective per-
formance across the broader
range of K € [2,32]. This per- 28 z : : T e
formance plateau demonstrates Latent Length (K)

the strong robustness of our

self-supervised latent alignment Fig. 3: Ablation study on the latent length K on
CHAIR benchmark with Qwen2.5-VL-3B back-
bone. CoLVR achieves ideal balance at K = 4.

—@— CHAIRs
F1 Score

to this hyperparameter. Intu-
itively, a singular latent token
(K = 1) provides insufficient
representational capacity to en-
capsulate complex regional semantics. Conversely, extending the latent sequence
beyond necessary bounds yields diminishing returns and marginally complicates
the GRPO optimization without providing further reasoning benefits. There-
fore, K = 4 serves as an ideal balance between reasoning cost and optimization
efficiency.

Effect of latent-only backpropagation. We investigate the critical role of
the stop-gradient operator (sg) introduced in Eq. on Qwen2.5-VL-3B back-
bone. We conduct a variant experiment where gradients from the alignment loss
are allowed to backpropagate freely into the standard image tokens. Removing
this constraint results in a severe performance degradation, reducing the PoPE
Accuracy to 84.6% (-3.6%) and the MMHal score to 4.28 (-0.50). Without latent-
only gradient routing, the network exploits optimization shortcuts: it alters the
foundational visual representations to match the initialized latent tokens, rather
than forcing the latent embeddings to actively encode salient visual regions.
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Examples

Is there a toaster in the image?

@ ‘ [ o

PR —
[ o

et

(b)

(©

Visualization of latent embedding CoLVR's response

Let me focus on the key region, ...
<latent>

</latent>.
The toaster is in the first cabinet from
the top in the diagram. so ...
<answer>yes<answer>

Let me focus on the key region, ...
<latent>

</latent>.
There are two benches in the picture

<answer>No one is sitting on the bench.
</answer>

Let me focus on the key region, ...
<latent>

</latent>.
There are three players on the soccer
field ...
<answer>In this photo, three players are
playing soccer. The fir ...</answer>

Fig. 4: Inference examples of CoLVR. The middle column displays a visualization gen-
erated by CoLVR, mapping latent tokens to the image by calculating cosine similarity.

This causes severe representation degeneration, thereby confirming that sg is
indispensable for stable latent visual reasoning.

Table 4: Ablation on contrastive visual
probing on CHAIR using Qwen2.5-VL-
3B. CoLVR-3B results are bold.

Variant Cs) Ci| F17t
Gaussian contrast 30.8 8.5 78.6
Blank contrast 36.9 89 76.5
Original-image attn. 33.3 8.3 75.9
Random contrast 381 9.6 T74.1
Reverse contrast 46.9 12.8 67.6

Effect of contrastive visual prob-
ing. We further ablate the saliency
source used in contrastive visual prob-
ing on CHAIR. As shown in Tab. [4] re-
placing our Gaussian-noise contrast with
original-image attention, random con-
trast, or reverse contrast consistently
hurts performance, with reverse con-
trast causing the most severe degrada-
tion. This confirms that both the con-
trastive formulation and its direction
are important for identifying reliable vi-
sual evidence. Moreover, the blank con-
trast image performs worse than Gaus-
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sian noise, suggesting that Gaussian perturbation provides a more effective
content-irrelevant reference. These results support our claim that contrastive
attention suppresses language priors and provides more reliable query-relevant
saliency for latent alignment.

Visualization. In this section, we provide some selected examples of the infer-
ence of CoLVR. As shown in Fig. [d] we visualize the image regions that are most
relevant to the latent tokens generated by CoLVR. It can be observed that the la-
tent tokens produced by our method not only accurately focus on query-relevant
key objects but also attend to multiple objects simultaneously. Furthermore,
these focused regions are at the patch level, which is superior to the latent vi-
sual reasoning methods trained with traditional paradigms.

5 Conclusion

In this paper, we proposed Contrastive-Guided Self-Supervised Latent Visual
Reasoning (CoLVR), an annotation-free framework for self-supervised latent train-
ing, comprising SFT and RL stages. Guided by visual contrastive probing, our
method effectively steers latent tokens to autonomously focus on critical visual
regions. Extensive experiments demonstrate that CoLVR outperforms mainstream
de-hallucination approaches, “thinking with images” paradigms, and fully super-
vised latent visual reasoning methods. Finally, our work overcomes the limita-
tions of manual annotation and performance bottlenecks in latent visual reason-
ing, inspiring new training paradigms for future development.
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