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Abstract

While Large Multimodal Models (LMMs) have made signif-
icant progress, they remain largely text-centric, relying on
language as their core reasoning modality. As a result, they
are limited in their ability to handle reasoning tasks that
are predominantly visual. Recent approaches have sought
to address this by supervising intermediate visual steps with
helper images, depth maps, or image crops. However, these
strategies impose restrictive priors on what “useful” vi-
sual abstractions look like, add heavy annotation costs, and
struggle to generalize across tasks. To address this criti-
cal limitation, we propose a task-agnostic mechanism that
trains LMMs to discover and use visual reasoning tokens
without explicit supervision. These tokens attend globally
and re-encode the image in a task-adaptive way, enabling
the model to extract relevant visual information without
hand-crafted supervision. Our approach outperforms direct
fine-tuning and achieves state-of-the-art results on a diverse
range of vision-centric tasks – including those where inter-
mediate abstractions are hard to specify – while also gen-
eralizing to multi-task instruction tuning.

1. Introduction

In recent years, Large Multimodal Models (LMMs) have
demonstrated great progress in visual understanding. How-
ever, they still struggle with vision-centric tasks that require
heavy visual processing. This limitation stems from several
factors. Firstly, most modern LMMs follow a LLaVA [18]
style architecture, where visual inputs are projected into a
language model that is trained to output text only. This
introduces significant language bias, forcing the LMM to
reason about visual information through text alone. Text-
based representations may inherently lack the expressiv-
ity required to form the sophisticated visual abstractions
needed for complex reasoning tasks. For example, hu-
mans can visualize objects from different angles, solve jig-
saw puzzles, or identify visual patterns through mental im-
agery alone, without relying on language. Attempting to
solve such tasks using language alone, however, may be
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extremely difficult. Moreover, recent LMM progress has
largely focused on tasks requiring limited visual reason-
ing, such as document understanding or mathematical prob-
lem solving, where most of the reasoning occurs in the text
space after initial visual information extraction.

Given these limitations, many works have attempted to
train LMMs to be more “visual” through explicit super-
vision. However, this approach faces several challenges.
First, it requires large amounts of task-specific supervised
data, which both incurs substantial annotation costs and em-
beds human biases about what constitutes “useful” visual
reasoning. For example, models are often trained to pre-
dict intermediate visual steps, such as bounding boxes and
image crops, even though the intermediate steps that are in-
tuitive for human reasoning may not be the most effective
for the model to learn. Second, such supervision is difficult
to specify for tasks that require complex or abstract visual
structure, and the resulting models often generalize poorly
beyond the supervision regimes they were designed for. As
a result, this data-dependent approach does not scale well to
a diverse range of vision-centric reasoning tasks.

Consider the task in Figure 1, where the model is given
a reference image and must select the most visually similar
image from a set of choices. Describing the relationship be-
tween the sets of images using only text can be challenging
and ambiguous. Training the model with explicit supervi-
sion is difficult as well since it is not clear what intermedi-
ate visual representations would be helpful to provide to the
model. Even if we could identify useful intermediate steps,
we would need to create large amounts of task-specific data,
which is impractical to scale across different tasks.

Our proposed approach, Latent Implicit Visual Reason-
ing (LIVR), enables models to autonomously discover use-
ful intermediate visual representations without explicit su-
pervision. LIVR augments the LMM with latent tokens that
are learned implicitly through a novel visual bottlenecking
approach, requiring no task-specific supervision.

To summarize, our main contributions are as follows:
(i) We introduce LIVR, a new method for visual reason-
ing that allows the model to implicitly learn useful visual
information through latent tokens, without the need for ad-
ditional data or explicit supervision. (ii) We show that
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Figure 1. The model is asked to determine which image option is most similar to the reference image. Standard LMMs can only output
text, which cannot capture all visual information and may introduce ambiguity. While methods using explicit supervision can train models
to output intermediate reasoning steps, these approaches may fail when the reasoning steps themselves are unclear. Our approach allows
the model to learn useful representations implicitly. Visualizing the attention maps of the latent tokens shows that the model has learned to
recognize underlying visual structures relevant to answering the question that would have been hard for humans to design supervision for.

our approach outperforms direct supervised fine-tuning and
achieves state-of-the-art results on multiple single-task fine-
tuning setups. (iii) We demonstrate strong generalization
capabilities by outperforming supervised fine-tuning on a
general, multi-task fine-tuning setup.

2. Related Work
Text-Based Visual Reasoning. Chain-of-thought (CoT)
prompting has shown that explicitly generating intermedi-
ate text steps can substantially improve LLM performance
on complex reasoning tasks [27, 34, 38]. Recent works ex-
tend CoT into the multimodal regime by training the model
to describe its visual understanding in text before produc-
ing an answer [31, 35, 37]. For example, LLaVA-CoT
fine-tunes an LMM to generate structured textual rationales
that describe the image before concluding with an answer
[35]. More recent works like Visual-RFT, Vision-R1, R1-
VL and PAPO use RL-based post-training to encourage
long, step-by-step textual explanations to help answer ques-
tions [11, 19, 33, 39]. In all of these approaches, the en-

tire intermediate reasoning process is represented with text.
Thus, it can be difficult for these methods to form rich, spa-
tially structured visual abstractions that go beyond what can
be easily verbalized.
Interleaved Multimodal Reasoning Text-only reasoning
often struggles on visual tasks, motivating recent work that
interleaves visual representations into the reasoning process
itself. We group these methods into two main classes: vi-
sual token recycling and visual intermediates.
Visual Token Recycling. Visual CoT [26], Argus [20], VGR
[32], ViGoRL[24] and Pixel Reasoner [29] predict bound-
ing boxes and reintegrate the selected visual regions into the
reasoning chain, usually by cropping and resampling. Other
works like UV-COT [40] avoid manual bounding-box anno-
tations by using learned rewards to guide where the model
should look. However, these methods can limit expressiv-
ity, since the model can only reuse tokens from the original
input. Moreover, these methods depend on explicit supervi-
sion and hand-designed crops, potentially introducing sub-
optimal human biases.
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Figure 2. An illustration of our method and bottleneck attention masking. Latent tokens are appended to the prompt and losses are
computed on the answer tokens. In our bottleneck attention masking, answers and prompt tokens cannot attend to image tokens.

Visual Intermediates. Another approach generates visual
representations of intermediate reasoning steps. Some
methods do this multimodally: MVoT [15] and CoT-VLA
[41] explicitly render intermediate images or future frames
as visual chain-of-thought. Others instead inject these inter-
mediate visual representations into the language backbone
of the LMM: Aurora [4] learns discrete perception tokens
for targets like depth maps and bounding boxes, while Mi-
rage [36] introduces latent tokens that are trained to recon-
struct intermediate embeddings. However, these methods
have inherent limitations: these visual intermediates need to
be explicitly supervised which incurs large annotation costs,
many tasks may lack well-defined visual intermediate tar-
gets, and human-designed abstractions may not be optimal
for the model to learn. Our approach bypasses these issues
by learning implicit visual representations in latent space,
without explicit intermediate targets or additional data.

Latent Reasoning. A separate line of work explores al-
locating additional computation in latent space. Coconut
treats hidden states as continuous “thoughts” that are iter-
atively fed back into the model [9], while Think Before
You Speak uses pause tokens to trigger extra forward passes
without emitting visible tokens [8]. Together, these works
suggest that latent representations provide a more flexible
internal representation space for reasoning than natural lan-
guage, and that extra compute in latent space can be benefi-
cial. Decoupling internal computation from external tokens
lets the model refine its internal state solely to optimize task
performance, rather than being constrained by what can be
explicitly verbalized. Recent approaches have begun to ex-
plore latent-space reasoning in LMMs, but their latent vari-
ables are still trained with explicit intermediate supervision
[14, 36]. In contrast, we study latent reasoning in an LMM
without explicit supervision on intermediate solutions: ded-
icated latent tokens operate on joint visual–text states and
are trained end-to-end from task objectives, allowing the
model to learn implicit, task-specific visual abstractions.

3. Method
We begin by describing some background on the LMM ar-
chitectures (Section 3.1), then introduce our method (Sec-
tion 3.2) and implementation details (Section 3.3). An illus-
tration of our method is shown in Figure 2.

3.1. Preliminaries
Large Multimodal Models. LMMs are generative mod-
els that process both visual and textual inputs to perform
various tasks. They typically consist of three parts, a vi-
sual encoder, a language model decoder, and a projector
that projects outputs from the visual encoder into the em-
bedding space of the language model. To be more precise,
given a text prompt Q and visual input I , the prompt Q
is first encoded by a language encoder l. The image I is
encoded using a visual encoder v, then projected into the
language model’s embedding space via a projector p. Fi-
nally, the language model M processes these embeddings
to output a textual response R:

R = M (p(v(I)), l(Q)))

Visual Question Answering. In Visual Question Answer-
ing (VQA), the LMM is provided with a set of images and
tasked with answer questions about the images. Typically,
the model is evaluated through top-1 accuracy. In the open-
ended setting, the model is provided prompt Q and visual
inputs I , and is asked to output the best answer a. In the
multiple choice setting, the model is additionally provided
with a set of possible choices a1, a2, · · · , an and tasked
with selecting the best ai. Next, we introduce our method.

3.2. Latent Implicit Visual Reasoning
Current LMMs are trained to autoregressively generate text
tokens for visual tasks. Visual information is projected once
into the language space at the beginning of the inputs, after
which the LMM reasons in the text space. We hypothesize
that LMMs’ abilities can be improved by providing extra
visual compute space, allowing them to implicitly learn how
to best utilize visual information. We do this by equipping
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the LMM with latent tokens and training the model to use
them through a novel visual bottlenecking approach.
Latent Tokens. To provide the LMM more expressivity
to reason beyond the discrete text space, we equip it with
latent tokens. Specifically, we introduce K new special to-
kens, L = {l1, l2, · · · , lK}, to the model’s existing vocab-
ulary, V . The new vocabulary becomes V ∪ L, with a total
size of |V | + K. During training, we append these latent
tokens to the input. Thus, given an original prompt Q, the
new prompt Q′ becomes Q + L. While these tokens are
randomly initialized, their corresponding rows in the em-
bedding table remain unfrozen during training. Crucially,
the model does not need to learn how to generate these la-
tent tokens. Instead, it only needs to learn how to use them
to represent important visual information.
Visual Bottlenecking. In order to train our latent tokens,
we introduce a bottlenecking approach where we force vi-
sual information to pass through the latent tokens. We do
this by modifying the attention mask so that the answer to-
kens can only attend to the prompt tokens Q and the latent
tokens L, but cannot attend to the visual inputs I . To avoid
residual visual leakage to the answer tokens, we also pre-
vent the prompt tokens Q from attending to the visual inputs
I . In this setup, the model can only “see” visual information
through the latent tokens, which serve as the bottleneck.

This bottlenecking may help for a few reasons. Firstly, it
forces the latents to carry visual information, providing ex-
tra “visual computation” that may be more expressive than
pre-trained text tokens. Secondly, the model must focus on
these visual latents to answer the question correctly, which
may reduce existing language biases for the model.
Multi-Stage Training. We utilize a 2-stage approach to
train our model. In Stage 1, we apply the masking described
above and train the model using the standard negative log
likelihood (NLL) objective:

L = − 1

|x|

|x|∑
i=1

logP (xi|x<i)

where we compute the loss only on the answer tokens.
By doing so, our objective directly optimizes the latent to-
kens to capture the most useful visual information for solv-
ing the question. Moreover, this approach allows the model
to implicitly discover optimal ways to use latent tokens
without requiring explicit supervision or additional data.

After the latent tokens are trained to contain useful vi-
sual information in Stage 1, we revert to a standard atten-
tion mask that allows the answer tokens to attend to both
the original image tokens and the latent tokens. The loss
remains the same and is still computed only on the answer
tokens. The goal of this stage is to train the model to jointly
use both the original image tokens and the now-enriched
latent tokens to answer the question.

3.3. Implementation Details

We fine-tune the language backbone using LoRA (applied
to attention and MLP blocks) [10, 25], while keeping the
vision encoder and projector frozen. In addition to LoRA
parameters, we unfreeze only the embedding rows corre-
sponding to the K new latent tokens. Full optimization and
schedule details are provided in the Appendix.

4. Evaluation

We evaluate our method on the tasks described in Section
4.1, and compare it to baselines in Section 4.2. Finally, re-
sults and ablations are in Section 4.3 and Section 4.4, and
visualizations are in Section 4.5.

4.1. Tasks and Datasets

We evaluate our method on nine perception-heavy tasks
adapted from the BLINK benchmark [7]: counting, jig-
saw, object localization, visual correspondence, art style
classification, semantic correspondence, functional corre-
spondence, relative reflectance, and visual similarity. We
choose these tasks because they require a strong degree of
visual reasoning and abstraction. However, BLINK and
most other challenging visual-centric datasets are designed
for evaluation only, and there is a lack of readily available
VQA-style training data. As such, we create our own train-
ing data sets from popular vision datasets. We note that
all data we generate consists only of direct question-answer
pairs, without any additional chains-of-thought or visual in-
termediate steps. All tasks except for counting are framed
as BLINK-style multiple-choice VQA using top-1 accuracy
as the evaluation metric; counting is evaluated in the stan-
dard open-ended setting with exact-match accuracy.

Counting uses the official PixMo-Count splits [5].
We adopt PixMo-Count to evaluate a more challeng-
ing open-ended counting setting, where the model must
generate the count rather than choose from discrete op-
tions. For the remaining tasks, we build training/validation
splits from COCO [17] (Jigsaw, Localization), ArtBench-
10 [16] (art style), SPair-71k [21] (semantic correspon-
dence), HPatches [3] (visual correspondence), FunK-
Point [12] (functional correspondence), MID [22] (relative
reflectance), and DreamSim [6] (visual similarity). We test
on the official BLINK validation sets for Jigsaw, Object Lo-
calization, Art Style, Semantic Correspondence, Relative
Reflectance, and Visual Similarity. For Visual Correspon-
dence and Functional Correspondence, we evaluate on held-
out HPatches and FunKPoint splits (rather than BLINK)
due to the small size of these source datasets. For all
tasks, we de-duplicate custom train/validation data against
their corresponding test sets. Full construction details and
prompt templates are provided in the Appendix.
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Table 1. Single-task fine-tuning accuracy.

Method Counting Jigsaw Local. Vis. Corr. Art Style Sem. Corr. Func. Corr. Rel. Refl. Vis. Sim. Mean

Random Choice 11.11 50.00 50.00 25.00 50.00 25.00 25.00 33.33 50.00 35.49

Qwen2.5-VL-3B-Instruct
Zero-shot 46.78 49.33 56.56 29.86 55.56 32.37 26.71 45.52 50.37 43.67
Direct SFT 60.04 53.33 75.41 88.00 83.76 41.01 18.49 44.78 89.63 61.61
Ours 63.64 65.33 79.51 90.43 87.18 46.76 31.51 51.49 94.82 67.85
∆ vs SFT (+3.60) (+12.00) (+4.10) (+2.43) (+3.42) (+5.75) (+13.02) (+6.71) (+5.19) (+6.24)

Qwen3-VL-4B-Instruct
Zero-shot 58.52 84.67 59.02 55.43 77.78 39.57 31.51 47.76 82.22 59.61
Direct SFT 66.86 83.33 79.51 90.86 78.63 61.15 58.90 56.72 91.11 74.12
Ours 66.67 85.33 83.61 93.29 81.20 64.75 67.81 62.69 92.59 77.55
∆ vs SFT (-0.19) (+2.00) (+4.10) (+2.43) (+2.57) (+3.60) (+8.91) (+5.97) (+1.48) (+3.43)

LLaVA-OneVision-1.5-4B-Instruct
Zero-shot 53.98 56.00 56.56 36.86 56.41 29.50 21.92 35.82 51.11 44.24
Direct SFT 60.42 65.33 68.85 86.86 76.92 46.76 23.29 52.24 92.59 63.70
Ours 63.64 70.67 72.95 88.71 80.34 51.08 50.69 53.73 91.85 69.30
∆ vs SFT (+3.22) (+5.34) (+4.10) (+1.85) (+3.42) (+4.32) (+27.40) (+1.49) (-0.74) (+5.60)

4.2. Baselines and Models

We experiment with three recent open-source LMMs of
similar scale: Qwen2.5-VL-3B-Instruct [2], Qwen3-VL-
4B-Instruct [30], and LLaVA-OneVision-1.5-4B-Instruct
[1]. These models are competitive on a broad range of
vision-language benchmarks, providing strong and compa-
rable backbones for our study. For each task and back-
bone, we consider three settings: (i) Zero-shot, the pre-
trained instruct model evaluated without any task-specific
training; (ii) Direct SFT, standard supervised fine-tuning
on our task training set; and (iii) LIVR, our proposed train-
ing method, run with the same task data and training setup
as Direct SFT. Direct SFT serves as our main baseline, as
it uses identical task supervision but no intermediate su-
pervision, enabling a clean comparison to LIVR. We also
compare against text-based CoT methods, visual token re-
cycling, latent reasoning approaches, and RL based meth-
ods. Specifically, we compare against Mirage [36] and LVR
[14], latent reasoning approaches that explicitly train latents
to represent helper images and image crops. We also com-
pare against ViGoRL [24], a text-based CoT approach that
grounds reasoning with explicit coordinates, in addition to
other RL-based methods like PixelReasoner [29], Vision-
R1 [11], and PAPO [33].

4.3. Experiments

Single-Task Fine-Tuning. For single-task experiments,
we use 1k training examples per task. Direct supervised
fine-tuning runs for 10 epochs. LIVR uses a two-stage
schedule: 4 epochs of Stage 1 (visual bottlenecking) fol-
lowed by 6 epochs of Stage 2 (standard masking) with
K = 16 latent tokens. These hyperparameters were de-

termined through ablation studies on 3 tasks (Section 4.4.3)
and kept fixed across all tasks, though we hypothesize that
task-specific tuning could further improve results. For all
runs, we select checkpoints by highest validation accuracy.

Table 1 reports single-task accuracy across the nine
visual-centric tasks for all three backbones. With Qwen2.5-
VL, our method achieves significantly better results across
all tasks, outperforming Direct SFT by an average of 6.24%.
The improvements are particularly pronounced on challeng-
ing tasks that require complex visual abstractions: gains
of 12% on Jigsaw and 13.02% on Functional Correspon-
dence demonstrate that our method effectively enhances the
LMM’s ability to form useful visual abstractions.We also
observe gains on tasks such as Art Style, Visual Similarity,
and Relative Reflectance, where explicit visual intermedi-
ates are difficult to specify; in these settings, LIVR provides
a way to learn useful latent visual abstractions when it is
hard—even for humans—to define hand-designed interme-
diate labels. On Qwen3-VL and LLaVA-OneVision-1.5, we
also improve results across datasets by an average of 3.43%
and 5.60% respectively, demonstrating the generalizability
of our approach across multiple models.

Multi-Task Fine-Tuning. To test if our approach general-
izes to multi-task setups, we use Qwen3-VL-4B-Instruct,
the strongest backbone, and train on a combined dataset
of six tasks: Counting, Localization, Visual Correspon-
dence, Semantic Correspondence, Functional Correspon-
dence, and Relative Reflectance, using 1k examples per task
(6k total). We omit Jigsaw, Art Style, and Visual Similar-
ity, as single-task baseline accuracies for Qwen3-VL-4B-
Instruct on these tasks are already high, making relative im-
provements harder to interpret. Direct SFT is trained for 5
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Table 2. Multi-task fine-tuning accuracy on Qwen3-VL-4B-Instruct.

Method Counting Local. Vis. Corr. Sem. Corr. Func. Corr. Rel. Refl. Mean

Zero-shot 58.52 59.02 55.43 39.57 31.51 47.76 48.64
Direct SFT 66.10 77.87 91.29 62.59 63.01 56.72 69.60
Ours 67.80 81.97 92.00 67.63 64.38 60.45 72.37
∆ vs SFT (+1.70) (+4.10) (+0.71) (+5.04) (+1.37) (+3.73) (+2.77)

Method SAT Val BLINK-3 RoboSpatial

Qwen2.5VL-3B 46.1 44.4 54.4
+ SFT direct 58.3 46.4 62.3
+ Vanilla GRPO 50.0 46.5 69.7
Text-CoT (SFT+GRPO) 58.7 45.4 –
ViGoRL-3B 62.9 48.5 67.1
LIVR-3B (Ours) 85.6 59.5 66.7

Table 3. Comparison across spatial reasoning benchmarks. All
rows except LIVR-3B (Ours) are reported from ViGoRL.

epochs, while LIVR is trained for 2 epochs of Stage 1 and
3 epochs of Stage 2, maintaining the same 2:3 ratio as in
single-task experiments and using K = 16 latent tokens.
We report performance using the final checkpoint.

Table 2 shows results for multi-task training on Qwen3-
VL-4B-Instruct across the six perception tasks. LIVR im-
proves over Direct SFT on all tasks, demonstrating that the
latent mechanism effective in single-task settings also bene-
fits joint multi-task training. A key advantage of LIVR is its
task-agnostic nature: because it trains latent tokens implic-
itly from the end-task loss without requiring task-specific
helper images or intermediate labels, the same method ap-
plies directly to multi-task settings. This contrasts with ap-
proaches that tie latent tokens to task-specific visual targets
(e.g., depth maps, bounding boxes, helper images), which
require different supervision per task and are difficult to ex-
tend to heterogeneous multi-task setups. This makes our
method well-suited as a simple, general-purpose enhance-
ment for perception-heavy multi-task fine-tuning.
Comparison with Other Methods. We compare LIVR
with Mirage [36], a latent reasoning approach that trains la-
tents to represent intermediate helper images. We evaluate
on the Visual Spatial Planning (VSP) task only, as data for
other tasks have not been released. For LIVR, we discard
the helper images and set the number of latents to match
Mirage at K = 4. On Qwen2.5-VL-3B, we reproduce Mi-
rage using their released dataset and helper images; zero-
shot accuracy is 6.00, Mirage achieves 46.00, and LIVR
reaches 66.00 (+20.00). On Qwen2.5-VL-7B, we use Mi-
rage’s reported numbers; LIVR achieves 77.50, outperform-
ing Mirage (76.00), Mirage with text-CoT (58.00), and Mi-
rage with RL (60.00), despite not using any helper images.

In Table 3, we compare LIVR against several baselines:
direct SFT, vanilla GRPO [42], text SFT+RL and ViGoRL
[24], a method trained with SFT and RL to output textual

Method MMVP V* BLINK-5
Qwen2.5-VL-7B 66.7 78.5 53.66
PAPO 54.3 36.1 54.81
Vision-R1 46.7 70.2 42.76
PixelReasoner 67.0 80.1 54.52
LVR-7B 71.7 80.6 55.37
LIVR-7B (Ours) 75.3 80.1 54.28

Table 4. Comparison across MMVP, V*, and BLINK benchmarks.
All rows except LIVR-7B (Ours) are reported from LVR.

reasoning and bounding box coordinates as intermediate
steps. All methods are initialized from Qwen-2.5-VL-3B
and trained on the same SAT-32k dataset [23], taken from
ViGoRL. Because SAT is fully synthetic, it serves as a use-
ful test for out-of-distribution generalization to real images
like in BLINK [7]. To isolate the gains from latent reason-
ing, we remove intermediate images and textual CoT from
LIVR, while other methods are free to use them. Follow-
ing ViGoRL, we evaluate on SAT Val, a 3-task subset of
BLINK (relative depth, multi-view reasoning, spatial rela-
tion), and RoboSpatial [28], which tests spatial understand-
ing in robotics contexts. Despite operating without text-
CoT, explicit grounding or RL, LIVR achieves strong re-
sults across all benchmarks and demonstrates the ability to
generalize to out of distribution tasks.

Table 4 compares our method with LVR (latent visual
intermediate + RL), PixelReasoner (visual intermediate +
RL), Vision-R1 and PAPO (text CoT + RL). All use Qwen-
2.5-VL-7B. We train LIVR on the Visual-CoT [26] train-
ing set used by LVR, and removed intermediate images
and text CoT. Following LVR, we evaluate on MMVP, V*,
and 5 BLINK subsets (Counting, IQ Test, Jigsaw, Rel.
Reflectance, Spatial Rel.). LIVR is competitive or better
across all tasks despite using much less data, demonstrating
its generalizability and effectiveness.

4.4. Ablations and Additional Experiments
4.4.1. Usefulness of Latent Tokens
We next test whether the model truly relies on latent to-
kens rather than ignoring them. We compare LIVR against
a latents-only variant that adds K = 16 latent tokens but
trains only with Stage 2 (no bottlenecking). This control is
designed to match LIVR’s added capacity while providing
no explicit pressure for latent tokens to carry visual infor-
mation, creating an “unused-latents” baseline. We report re-
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Figure 3. An illustration of latent-to-image attention maps for different tasks. The left columns show the input images, and the right
columns show the attention overlays. In the Semantic Correspondence task, the model identifies the option in the second image that aligns
with the REF point in the first image. In the Localization task, it selects bounding boxes that best localize the motorcycle and the dog, and
in the Counting task, it counts the cows and balloons. We observe that latent-to-image attention concentrates on regions corresponding to
the correct answers or the visual evidence needed to resolve each task. Although some attention sinks persist, the dominant patterns align
with task-relevant regions, indicating that the latents capture meaningful visual structure without explicit supervision.

Table 5. Design ablations and additional controls.

Method Local. Sem. Corr. Func. Corr.

Baseline 59.02 39.57 31.51
Direct SFT 79.51 61.15 58.90
Ours 83.61 64.75 67.81
Latents only (no mask) 79.51 61.15 58.22
Mask only (no latents) 80.33 61.16 59.59
Input image twice (no mask) 78.69 61.16 58.22
Input image twice (with 2 stage masking) 77.87 61.87 56.85
Prompt tuning 71.31 49.64 36.30

sults on the Localization task using Qwen3-VL-4B-Instruct.
When latent tokens are removed at evaluation, the

latents-only model maintains the same accuracy (79.51 →
79.51), indicating it has learned to ignore the extra to-
kens. In contrast, in the standard (unmasked) setting LIVR
achieves higher accuracy than the latents-only model (83.61
vs. 79.51) and suffers a clear drop when latents are removed
(83.61 → 76.23), showing that it depends on them. This is
further confirmed by attention patterns: measuring the mean
attention from answer tokens to latent tokens (averaged over
all heads, layers, and positions), we find much higher scores
for LIVR than for the latents-only model (0.076 vs. 0.028).
To test whether latents encode useful visual information,
we evaluate both models under a bottleneck mask at test
time, where the model can only view the image through la-
tent tokens. Under this bottleneck, the latents-only model
performs on par with random guessing (43.44), indicating
its latents carry no useful visual information, while LIVR
retains much higher accuracy (70.49). As a sanity check,
if we additionally drop latent tokens under the bottleneck
mask, accuracy falls to 43.44, since the image pathway is
removed entirely. Together, these results show that the la-
tents in our method are both actually used by the model and
encode task-relevant visual information.

4.4.2. Design Ablations for LIVR

We individually test the effectiveness of the two main com-
ponents of our approach, latent tokens and bottlenecking.
We perform these ablations using Qwen3-VL-4B-Instruct
as our base model across three challenging tasks: Localiza-
tion, Semantic Correspondence, and Functional Correspon-
dence. The results are displayed in Table 5.

Bottleneck Ablation. We first revisit the latents-only vari-
ant described in Section 4.4.1, which adds latent tokens
but skips Stage 1 bottlenecking. This isolates the effect
of added capacity. However, simply introducing extra
tokens without bottleneck training significantly underper-
forms LIVR, showing that capacity alone is insufficient.

Latent Ablation. Second, we test a mask-only variant that
applies the Stage 1 bottleneck without adding latent tokens.
Here, answer tokens cannot attend directly to vision tokens,
but prompt tokens can still see the image. The goal is to
force existing prompt tokens to act as a visual bottleneck
without adding new capacity. This variant also underper-
forms LIVR. A plausible explanation is that existing text
tokens already carry pre-trained semantics, making them
harder to repurpose to form abstract visual representations.
In contrast, newly introduced latent tokens are free to adapt
and can more easily learn to form rich visual abstractions.

Together, these results suggest that both the dedicated
latent tokens and the visual bottleneck are necessary for
LIVR’s full gains. For completeness, we include three ad-
ditional controls in the same table: duplicating the input
image tokens (“input image twice”), where we concatenate
two copies of the same image tokens at both training (with
and without 2-stage masking) and inference as a generic
control for extra visual compute, and prompt tuning [13],
a lightweight adaptation baseline.
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Table 6. Ablations of latent-token design choices on Qwen3-VL-4B-Instruct. All numbers are accuracies (%).

(a) Masking Strategy

Method Loc. Sem. Func.

Ans→Vis only 77.87 60.43 60.27
Ans+Prompt→Vis (ours) 83.61 64.75 67.81
Ours+Latent→Prompt 81.15 62.59 63.01

(b) Stage-1 / Stage-2 Epochs

(S1, S2) Loc. Sem. Func.

0, 10 79.51 61.15 58.22
2, 8 80.33 58.27 65.75
4, 6 83.61 64.75 67.81
6, 4 81.15 61.87 66.44
8, 2 77.87 59.71 60.27

(c) Number of Latents

# Lat. Loc. Sem. Func.

4 81.15 62.59 66.40
8 80.33 63.31 67.12
16 83.61 64.75 67.81
32 80.33 62.59 63.01

4.4.3. Architectural and Training Choices

We ablate design choices of LIVR on Qwen3-VL-4B-
Instruct, again focusing on Localization, Semantic Corre-
spondence, and Functional Correspondence. We vary each
design choice independently, keeping all others fixed to our
defaults: latents placed after the prompt, our default mask-
ing scheme (blocking both answer-to-vision and prompt-to-
vision attention), unshared latent embeddings, K = 16, and
a 4-epoch Stage 1, 6-epoch Stage 2 schedule.
Masking strategy. Table 6(a) compares three masking
schemes. Our default approach blocks both answer-to-
vision and prompt-to-vision attention, forcing all visual in-
formation to flow through latents, and achieves the best per-
formance. Blocking only answer-to-vision attention is in-
sufficient: visual information can still reach answer tokens
via the prompt, so latents never become a true bottleneck.
Conversely, further blocking latents from attending to the
prompt is too restrictive, as latents need to see the question
to determine what visual information to encode.
Stage-1 / Stage-2 schedule. For our main experiments, we
train the model for 4 epochs in Stage 1 and 6 epochs in
Stage 2. We experiment with different allocations of Stage 1
and Stage 2 epochs in Table 6(b), while keeping the total
number of epochs at at 10. Using only Stage 2 (0,10) cor-
responds to the latents-only setting from Section 4.4.1 and
underperforms LIVR, again highlighting the importance of
bottleneck training. Conversely, an (8,2) split also hurts;
we hypothesize that in this case the model does not have
enough Stage 2 training to learn how to integrate the la-
tent representations with the original image tokens under
the standard mask. A balanced schedule with 4 Stage 1 and
6 Stage 2 epochs provides the best trade-off, giving latents
enough time to learn visual information while still allowing
ample joint training with standard masking.
Shared vs. unshared latent embeddings. In our method,
we use different embeddings for each of our K latent to-
kens. However, we can also insert the same latent token K
times, in a configuration we call ”shared embeddings”. We
find that using unshared embeddings (one learnable embed-
ding per latent) yields higher accuracy compared to shared
embeddings across all 3 tasks. Specifically, we have scores

of (83.61 vs. 81.15), (64.75 vs. 61.87), and (67.81 vs.
63.70) for the Localization, Semantic Correspondence, and
Functional Correspondence tasks, respectively. This is con-
sistent with the idea that giving each latent its own embed-
ding increases the expressivity of the latent set.
Number of latents. For our standard experiments, we set
K = 16, inserting 16 latent tokens per prompt. We experi-
ment with varying K by using values of 4, 8, 16, 32, which
is displayed in Table 6(c). Accuracy generally improves as
K increases from 4 to 16, with K = 16 (our default) per-
forming best. We hypothesize that 4 and 8 latents do not
provide enough capacity, while 16 strikes a good balance
between expressivity and learnability. At K = 32, perfor-
mance drops; one possible explanation is that attention be-
comes more diffuse over a larger latent set, making it harder
for the model to learn to use each latent effectively.

4.5. Visualizations
Latent Attention Visualization. We map the latent-to-
image attention maps in Figure 3. Our method allows latent
tokens to learn useful features across different tasks without
explicit supervision. The latent tokens are able to match the
handle of the motorcycle in the Semantic Correspondence
task, identify the best bounding boxes of the motorcycle
and the dog in the Localization task, and focus on all of
the objects it needs to count in the Counting task.

5. Conclusion
We introduce LIVR, a method that enables LMMs to per-
form richer visual reasoning without requiring additional
supervision or data. We do this by introducing latent to-
kens and training them with a novel visual bottlenecking
approach, allowing the model to learn useful visual repre-
sentations implicitly. Across nine perception-heavy tasks,
LIVR consistently outperforms direct SFT in single-task
training on three LMMs and improves joint multi-task train-
ing on Qwen3-VL. LIVR also is competitive with or outper-
forms other methods that use text CoT, RL, or explicit vi-
sual supervision, despite using less data. Through extensive
experiments, we demonstrate that LIVR offers a simple, ef-
fective, and task-agnostic way to enhance visual reasoning.
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