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Abstract

Reasoning goes beyond language; the real world re-
quires reasoning about space, time, affordances, and much
more that words alone cannot convey. Existing multimodal
models exploring the potential of reasoning with images
are brittle and do not scale. They rely on calling spe-
cialist tools, costly generation of images, or handcrafted
datasets. We offer a simpler alternative – ��ul¬�-Tokens
– latent tokens that can be pre-trained to hold intermedi-
ate information in either image or text modalities so as
to think towards the correct answer. We investigate best
practices to train ��ul¬�-Tokens inspired by latent reason-
ing frameworks. We first train ��ul¬�-Tokens using super-
vision from interleaved text-image traces, and then fine-
tune without any supervision by only using the final an-
swers. Across four challenging spatial reasoning bench-
marks involving tasks such as solving puzzles and taking
different perspectives, we demonstrate that ��ul¬�-Tokens
improve upon several baselines utilizing text-only reason-
ing or interleaved image-text reasoning, achieving a +3%
average improvement and up to +16% on a puzzle solving
reasoning-heavy split compared to our strongest baseline.
Adding to conversations around challenges in grounding
textual and visual reasoning, ��ul¬�-Tokens offers a sim-
ple solution to implicitly think in multiple modalities.

1. Introduction

Real-world visual tasks [54, 55] require a synchrony of
perception and reasoning [25]. For example, when solv-
ing visual puzzles and IQ tests, people imagine patterns
and manipulate visual maps to solve the problem [40].
Such reasoning—often bundled up as visual/spatial reason-
ing [45]— is difficult for humans and machines alike [62].
It requires reasoning in space [29], in 3D [4, 33], and often
in time [5, 62]. While textual Chain-of-Thought (CoT) [57]
has advanced verbal logical reasoning for language mod-

text-only

interleaved
text-image

modality
agnostic

(ours)

+20%

+15%

+10%

+5%

Qwen

Reasoning Method
direct-answer 
fine-tuning

Figure 1. Compared to existing approaches for reasoning in text
or interleaving image and text, we offer a simpler alternative
- modality-agnostic/multimodal thinking in the vision-language
space using ��ul¬�-Tokens.

els, it falls short on visual reasoning: models still falter
when problems demand more than verbal image descrip-
tions [24, 26]. Mastering vision-centric language reasoning
remains an open challenge.

To advance visual reasoning, researchers have explored
“think-and-sketch” strategies [25, 42] using interleaved vi-
sual thoughts, but with conflicting results [33]. Tool-
augmented designs rely on external visual modules [39]
such as cropping tools [42] or specialized sketching mod-
els [25, 73] - which are incapable of complex visual ma-
nipulations and are often brittle [21]. Unified models
[7, 12, 50] offer a more integrated alternative by generat-
ing intermediate images but are expensive to train. The
latest visual reasoning models instead use image thoughts,
either as explicit visual tokens [4] or dense continuous em-
beddings [65]. However, they require bespoke task-specific
training data and hence, do not offer a general recipe for
visual reasoning. For instance, we find that naively adding
modality-specific visual thoughts can sometimes hurt: su-
pervising a model to interleave textual thoughts and visual
latents actually reduced performance on a visual puzzle task
compared to reasoning in text. Hence, an effective strat-
egy to use the growing availability of multimodal reasoning
traces [6, 30] remains elusive.

To address this gap, we present ��ul¬�-Tokens:
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modality-agnostic latent tokens that function as a multi-
modal scratchpad for the model’s internal reasoning, ca-
pable of representing both visual or textual information as
needed. During inference, we append these special tokens
to the input question, prompting the model to utilize those
modality-agnostic slots for arbitrary intermediate computa-
tions (spatial mappings, depth predictions, verbal manipula-
tions, etc.) towards the answer, without the need for explicit
decoding into text or images.

Inspired by recent latent reasoning frameworks [20, 46,
65, 66], we develop a two-stage curriculum for training a
model to use ��ul¬�-Tokens effectively. The first stage
trains the model using multimodal reasoning traces where
each ��ul¬�-Token is anchored to a relevant textual or visual
concept [30]. For example, one token might learn to encode
a visual object layout or a textual symbolic mapping if those
are useful for the task at hand. The second stage relaxes the
supervision on ��ul¬�-Tokens and fine-tunes the model us-
ing only the final answer. This stage gives the model an op-
portunity for optimizing its latent trajectories freely, so as to
maximize end-task performance. ��ul¬�-Tokens augment a
model’s vocabulary, similar to special tokens (e.g. <plan>
or <pause>) used in reasoning models [4, 20]. Finally, we
follow by a third refinement stage leveraging the latest re-
inforcement learning (RL) techniques [22] to reward good
latent chains of “thinking.”

We fine-tune a Multimodal Language Model (MLM),
Qwen2.5-VL (7B) [2], with ��ul¬�-Tokens as described
above. We then evaluate the resulting model on a wide
range of visual reasoning benchmarks covering both images
and videos. In particular, we test on spatial reasoning prob-
lems such as visual puzzles and IQ-tests from BLINK [17],
VSI-Bench [62] (video spatial reasoning), SAT [45] (ac-
tion and motion-based spatial relationship reasoning), and
MMSI-Bench [63] (multi-image reasoning), offering a thor-
ough evaluation of ��ul¬�-Tokens’ capabilities.

Across all benchmarks, our ��ul¬�-Tokens significantly
improves the model’s reasoning accuracy compared to stan-
dard answer-only fine-tuning, textual reasoning, and a re-
cent approach that interleaves explicit text reasoning with
image latents [65]. On average, ��ul¬�-Tokens achieves
a +3% absolute accuracy gain over our strongest base-
line, which is surprisingly obtained by fine-tuning the base
model directly on answers without reasoning. The benefits
of ��ul¬�-Tokens are even larger on the most reasoning-
intensive tasks, improving +16% on a visual puzzle split.

These results echo the gains reported by prior works
when introducing learned visual tokens [4], but we em-
phasize that our approach requires far fewer and modality-
agnostic tokens. Only 10− 40 ��ul¬�-Tokens are sufficient
to yield the above improvements. This is a drastic reduction
in inference overhead compared to generating hundreds of
word tokens in a typical text CoT rationale, or hundreds of

visual tokens to represent an image, reminiscent of findings
that shorter reasoning traces can be just as effective [49].

In summary, our main contribution is an effective reason-
ing paradigm utilizing causal multimodal ��ul¬�-Tokens.
Our approach improves upon the latest existing approach
by 9% with up to 16% on reasoning-heavy splits. ��ul¬�-

Tokens is also faster than producing verbose thoughts [16]
or explicit images as thoughts [4] (20 <��ul¬� > vs sev-
eral hundreds), establishing a Pareto-dominance of our
modality-agnostic approach. Adjacent to conversations
around causal world-model representations for reasoning,
��ul¬�-Tokens offers a simple approach to reason using vi-
sual and textual representations in a unified manner.

2. Related Work
The primary theme of our work concerns the incorporation
of multi-modal latents to enhance the visual and spatial rea-
soning capabilities [9, 45, 62] of MLMs [2, 71].
Visual Reasoning. Building upon powerful perception in
vision-language models [1, 36], there has been great inter-
est in improving reasoning over both modalities [27, 72].
Inspired by the success of textual CoT reasoning in lan-
guage models [15, 56], recent works have looked into us-
ing similar techniques for visual questions [16, 38]. Due
to limitations of textual reasoning for visual tasks [21, 38],
many works now reason using visual thoughts as well-
but rely on expensive unified models [37, 48, 50, 59–
61, 68] to explicitly generate images [13, 21, 30, 70], or
latents [4, 10, 31, 65, 65, 67, 69], or external tools that
may be brittle [25, 42]. We aim to incorporate latents as
simpler direct and less expensive alternative without need-
ing bespoke data [65]. While fixing problems with tex-
tual reasoning using text alone is a valid avenue for ex-
ploration [16, 34, 38], we offer a simpler and faster alter-
native of appending a few modality agnostic thinking to-
kens. Within visual reasoning, there is recently a special
emphasis on spatial reasoning [29, 35, 52, 53, 62, 71] with
an increased variety of spatial annotations [11, 45], bench-
marks [17, 51, 52, 62], and data curation [16, 44, 53, 64].
Our work contributes to training paradigms for improving
spatial reasoning [4, 5, 11, 14, 41, 45, 64].
Latent Reasoning. Our thinking tokens are heavily in-
spired by latent reasoning techniques in language models
[20, 23, 46]. A closely related theme is test-time scaling, al-
locating more compute at inference time before producing
an answer [20, 28, 47]. While some approaches adopt recur-
rent models over continuous tokens [18, 23, 74], they break
standard parallel processing and accumulate errors [23, 65].
Concurrent works MVoT [32] and MIRAGE [65] also ex-
plore visual thought tokens interleaved with text, similar to
the interleaved image-text baseline we compare against. In
contrast, our ��ul¬�-Tokens are modality-agnostic and do
not require explicit switching between modalities. We adopt

9478



discrete think tokens with a rich internal recurrence achiev-
ing substantial gains.

3. Approach
Our primary objective is to improve the visual reasoning
performance of multimodal language models [1, 36]. For-
mally, the model with parameters θ implements a condi-
tional distribution pθ(y|ximg, xtxt), where ximg and xtxt de-
note the visual and textual inputs, and y is the target answer
sequence.

Textual Chain-of-Thought (CoT) augments this input-
output mapping with intermediate textual tokens ctext

1:T ef-
fective for verbal reasoning, but often detrimental for visual
tasks [62] due to problems such as drifting from visual in-
puts [38]. Recent approaches therefore supervise models to
“think with images,” e.g., by generating intermediate im-
ages or visual sketches cimg

1:T during reasoning [4, 21, 25].
However, these methods typically require (i) bespoke mul-
timodal reasoning datasets DCoT with aligned text–image
chains, or (ii) expensive generation of subgoal images that
are hard to generalize beyond the specific training domains.

We instead introduce a simpler, modality-agnostic
mechanism, ��ul¬�-Tokens, implemented as a fixed-
length sequence of special latent tokens z1:K =
(<��ul¬� >1, . . . ,<��ul¬� >K), which can carry both image-
conditioned and text-conditioned information. During
training and inference, the model can use these tokens
purely as internal compute to improve visual reasoning,
without being constrained to produce textual or image out-
puts at the intermediate steps.

At a high level, we replace explicit CoT supervision on
intermediate text/images with supervision on the function
of the latent chain: the model is trained so that using z1:K
improves pθ(y | ximg, xtxt), while the internal semantics of
z1:K are free to adapt. Below, we formalize our two-stage
latent reasoning framework and a third RL refinement stage.

Modality-agnostic ��ul¬�-Tokens

Inspired by latent reasoning approaches in NLP [20], our
training is decomposed into three stages (Figure 2): (1)
warm-up the ��ul¬�-Tokens tokens to align with explicit
multimodal reasoning steps; (2) relax supervision to only
the final answer, allowing the model to optimize the latent
chain internally; and (3) refine the causal usefulness of the
latents via GRPO. Our base backbone is Qwen2.5-VL [2],
which provides a text decoder and a frozen image encoder.

Stage 1: Warm-up the ��ul¬�-Tokens tokens
Let DCoT be a dataset (see Figure 2 (left)) of multimodal
CoT trajectories. Each training example consists of an input
(ximg, xtxt), a reasoning trace

c1:T = (c1, . . . , cT ), ct ∈ Vtxt ∪ Vimg,

and a final answer sequence y1:L. Here, Vtxt is the text
vocabulary and V img denotes “pseudo-tokens” correspond-
ing to subgoal images (e.g., the jigsaw configuration after
inserting a candidate piece).

We construct an interleaved training sequence

s = (q1:M , z1, c̃1, z2, c̃2, . . . , zT , c̃T , y1:L),

where q1:M encodes the question and context, c̃t is the
textual substep or an image placeholder for ct, and zt =
<��ul¬� >t is the t-th latent token. The number of <��ul¬� >
here matches the length of the reasoning sequence in the
dataset. The transformer is trained in an auto-regressive
manner over s.

Let hMull
t ∈ Rd denote the hidden state at the position

of zt produced by the transformer. We apply two kinds of
supervision:
• If ct ∈ Vtxt (next step is a word token), we warp hMull

t

through the language model head to predict pθ(ct | s<t)
and minimize the cross-entropy Ltext

t = − log pθ(ct |
s<t).

• If ct ∈ Vimg is (a subgoal image It ∈ RH×W×3), we
encode it using the frozen Qwen2.5-VL image encoder
gϕ: vt = gϕ(It) ∈ Rd. We then supervise hMull

t via cosine
similarity: Limg

t = 1− cos(ĥt, v̂t)

The full Stage-1 objective for a sequence s is

Lstage1 =
∑
i∈IAR

LAR
i + λtext

∑
t∈Ttext

Ltext
t + λimg

∑
t∈Timg

Limg
t ,

where IAR indexes standard tokens (question and answer)
with conventional next-token cross-entropy LAR

i , and T text

/ T img index <��ul¬� > positions followed by text or image
steps, respectively.

This setup naturally extends to other modalities (e.g., 3D
or trajectory representations) by changing the embedding
function gϕ and similarity loss; we leave this extension to
future work in the absence of such multimodal CoT data.

Stage 2: ��ul¬�-Tokens Relaxed training
After warm-up, we transition to a relaxed training stage
where the latent tokens are no longer explicitly supervised
on the next reasoning step. Let s′ = (q1:M , z1:K , y1:L) de-
note the sequence where z1:K is inserted after the question,
but the intermediate CoT steps are no longer present.

We now optimize only the answer likelihood and drop
all losses on z1:K .

Lstage2 = −
L∑

ℓ=1

log pθ(yℓ | s′<ℓ),

This relaxation is critical: the model is not forced to mimic
the potentially suboptimal supervised CoT scaffolding from
Stage 1. Instead, z1:K becomes an internal scratchpad
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Figure 2. Our ��ul¬�-Tokens training involves two stages inspired by approaches in latent reasoning. We first pre-train/warm-up our ��ul¬�-

Tokens to hold both image and text modalities depending on the context image/video and query. Next, the model free-form optimizes
these ��ul¬�-Tokens to achieve the final correct answer. We see that pre-training the ��ul¬�-Tokens with to hold both image and text
reasoning traces is key, as opposed to using them simply as extra compute without such pretraining or using text alone.

whose semantics are determined solely by how much they
help minimize Lstage2 on the final answer. Note that while K
matches the reasoning trace length in Stage 1 (one <��ul¬� >
per CoT token), at Stage 2 we fix K to a small constant
(e.g., 20), effectively compressing the full reasoning trajec-
tory into a compact latent representation. This compression
may also mitigate the reasoning drift observed with verbose
text CoT [38], since the model cannot linger on potentially
misleading intermediate verbalizations.

A key design choice is the form of recurrence used for
multimodal latents. Let zcont

t ∈ Rd denote continuous re-
current latents as in [23, 65]. These approaches explicitly
iterate over t: zcont

t+1 = fθ(z
cont
t , x). requiring sequential up-

dates both at training and inference time, and leading to: (i)
inefficiency, since they break standard parallel token pro-
cessing in transformers; and (ii) instability, since errors ac-
cumulate over long chains, as empirically noted in [23, 65].

Therefore, we adopt discrete token latents as in [4, 20].
We allocate a fixed number K of <��ul¬� > tokens in the se-
quence. Let HMull = (hMull

1 , . . . , hMull
K ) denote their hidden

states after the transformer layers; these states are jointly
computed via standard self-attention, and then attended to
by the answer tokens y1:L. We ablate K as a hyperparame-
ter in our experiments. This design is compatible with trans-
former parallelism, while still allowing rich internal recur-
rence through self-attention over z1:K .

Stage 3: RL Refinement with GRPO
Although Stage 2 encourages the model to use ��ul¬�-

Tokens to reduce answer loss, it does not enforce that the
latent chain is causally responsible for the final prediction.
In principle, the model could learn a shortcut mapping from
(ximg, xtxt) directly to y and ignore z1:K , e.g., by placing
most of the computation in the final layers conditioned only
weakly on the <��ul¬� > states.

To explicitly reward latent chains that causally contribute
to the correct answer, we introduce a third stage based using
GRPO [22], following recent text-based reasoning frame-
works [8, 16].

Let πθ(y1:L, z1:K | x) denote the policy induced by the
MLLM, where x = (ximg, xtxt), and z1:K are sampled inter-
nal latents (or deterministically generated but treated as part
of the trajectory). For each training instance with ground
truth answer y∗, we define a reward

r(y1:L, y
∗) =

{
1, if y1:Ldiscrete answers
score(y1:L, y

∗) if numeric / continuous,

where score is a graded similarity, e.g., based on normalized
absolute error; the exact form detailed in the supplementary.

In practice, we follow the standard GRPO update
that effectively shapes the gradients to emphasize reward-
improving trajectories. Because our ��ul¬�-Tokens are a
fixed discrete prefix of length K, and the first answer token
y1 is sampled from the final Mull state (i.e., its hidden repre-
sentation hMull

K under self-attention), the gradient signal for
r flows back primarily through hMull

K and, via self-attention,
through the entire latent chain hMull

1:K . Note that while the
policy gradient loss is applied to the sampled answer to-
kens, the latent tokens are optimized indirectly: the answer
token logits depend on attending to hMull

1:K , so gradient up-
dates reshape the latent representations.

Thus, GRPO encourages latent trajectories
(hMull

1 , . . . , hMull
K ) that causally lead to correct answers,

rather than merely co-occurring with them. Empirically,
we find that this third stage further improves performance
compared to SFT-only training.
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Benchmark Examples

If I am standing by the stove and 
facing the refrigerator, is the table to 
my front-left, front-right, back-left, or 
back-right? 

VSI - Relative Direction

Which point is 
closer to the 
camera?

What is the length of the 
longest dimension of the 
sofa, measured in cm?

Which is the missing part in 
the first image?

BLINK Relative Depth

The person is trying to make a 
smiley face out of the fruits .... 
Which direction should the 
person move the fruit?

PerceptionReasoning
BLINK Jigsaw

ERQA 

Training Examples

Zebra-COT

SAT

VSI - Object Size
Reasoning 

Image 1

Q: For someone at “X” 
facing left by 90 deg, will 
the armchair (mark 4) be 
to their left or right?

Let’s think 
by fitting 

first image

BLINK IQ Test
Harder OOD ExamplesVideo-R1

General (video & image) - perception 
Chart, Math Spatial Relations

A jigsaw puzzle shows a 
picture of pandas but has 
several missing pieces …

Figure 3. Examples of training and our benchmark data. We test on diverse reasoning benchmarks, which includes hard examples that do
not have the reasoning outlined in the training sets. Our training consists of two types of data- general video QA’s with text reasoning, data
of interleaved image text reasoning, and data with only the final answer.

4. Experiments

We evaluate and ablate ��ul¬�-Tokens on four recent chal-
lenging visual reasoning benchmarks to assess: i) improve-
ments compared to existing visual reasoning paradigms of
reasoning in text or interleaving visual thoughts, ii) how
important multimodal information in ��ul¬�-Tokens is for
performance gains - showing multimodal thinking compute
is crucial for performance compared to text-only or extra
compute without such anchoring, and iii) scaling behavior
with latent tokens and recurrence design choices when us-
ing ��ul¬�-Tokens - showing discrete tokens [20] deliver
better performance and speed continuous embeddings used
in recent work [23, 65].

4.1. Experimental setup

Base model. We choose a powerful open-source multi-
modal language model, Qwen2.5-VL (7B) model [2] as
our base since it is also used in existing visual reasoning
works [16, 38, 65]. All our ablations and baselines are
trained using 8 H100 (80GB) GPUs using Deepspeed [43].
Evaluation benchmarks. To test performance, we evalu-
ate the answer accuracy on spatial questions for images and
videos across four recent benchmarks that test a variety of
spatial reasoning capabilities. Below we highlight the spe-
cific benchmarks we use (also displayed in Figure 3):
BLINK [17] We focus on the spatial splits in BLINK. We
group multi-view reasoning, jigsaw puzzles, and IQ tests
as reasoning (Reas in the Tables) splits since they require
comparing/manipulating visual elements.
SAT-Real (SAT-R) [45] This includes questions that require
reasoning about actions based on one/two image(s).
VSI-Bench (VSI-B) [62] This is a video benchmark with
questions about relationships and distances from other per-
spectives, and optimal routes. We group relative direc-
tion, relative distance, and route planning into the reason-

ing splits since they involve perspective-taking or planning.
Absolute numbers may differ from some concurrent works
due to differences in frame count, answer matching logic,
and system prompts. We use consistent hyperparameters
across all ablations.
We also include some broader datasets to test generaliza-
tion, like ERQA [52] and MMSI-Bench [63].
Training datasets. We use three datasets: Video-R1,
Zebra-CoT, and SAT as shown in Figure 3.
Video-R1 [16] is a general video reasoning dataset with
reasoning traces containing 160K examples. It contains
videos and images with questions spanning multiple topics
like chart understanding, spatial reasoning, and perception
tasks. When we use the dataset without the reasoning trace
and supervise the answer directly, we denote that as Video-
R1-Ans in the tables.
Zebra-CoT [30] is a recent image-text interleaved CoT
dataset with reasoning traces that include both text and sub-
goal images as reasoning traces towards the answer for a
range of visual and spatial tasks such as playing chess, solv-
ing puzzles, and counting.
SAT [45] contains 175K simulated examples of spatial rea-
soning questions and answers with both single-image and
multi-image inputs.
Baselines. All baselines are trained using the training
datasets listed above. We explore four baseline approaches.
+DirAns trains the base model directly on the final answer
without any reasoning traces.
+TextCoT trains using the direct answers from SAT [45] and
ZebraCoT [30] as well as the text-based reasoning traces
from Video-R1 [16]. +GRPO further fine-tunes the above
with GRPO [8, 16, 22] to refine the reasoning trace using
only the final answer. We use a group size of 2 following
recent work [19] and a batch size of 256 with gradient ac-
cumulation for stability.
+Interleave Im-Txt replicates a recent approach [65] that
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Table 1. ��ul¬�-Tokens (row f, g) improve over direct answer finetuning (row b), and existing methods for visual reasoning tasks using
text-only reasoning (row c, d) [8, 16], or text-image interleaving (row e) [65]. Data splits are described in Section 4.1.

Model BLINK SAT-R VSI ERQA Avg(All)

MV RelDep SpRel Jig IQT Avg Reas Avg Reas

a. Qwen2.5-VL (7B) 39.00 61.29 92.38 58.66 25.33 55.33 41.00 59.00 23.96 22.96 38.91 44.30

b. + DirAns FT 57.14 87.09 74.12 58.66 30.00 61.40 48.60 71.66 32.40 30.65 38.00 50.87

c. + TextCoT FT 53.38 74.19 67.83 69.30 25.33 58.01 49.34 68.33 30.47 31.04 38.78 48.90
∆ (vs. DirAns) -3.76 -12.90 -6.29 +10.64 -4.67 -3.39 +0.74 -3.33 -1.93 +0.39 +0.78 -1.97

d. + GRPO 54.88 71.77 69.23 72.00 25.33 58.64 50.74 69.00 30.34 30.15 36.00 48.50
∆ (vs. DirAns) -2.26 -15.32 -4.89 +13.34 -4.67 -2.76 +2.14 -2.66 -2.06 -0.50 -2.00 -2.37

e. + Interleave Im-Txt 57.14 69.36 75.52 68.67 25.33 59.20 50.38 74.00 30.27 32.96 38.50 50.49
∆ (vs. DirAns) +0.00 -17.73 +1.40 +10.01 -4.67 -2.20 +1.78 +2.34 -2.13 +2.31 +0.50 -0.38

f. + ��ul¬�-Tokens 63.15 83.06 81.81 74.00 32.00 66.80 56.38 77.66 32.98 32.85 38.25 53.92
∆ (vs. DirAns) +6.01 -4.03 +7.69 +15.34 +2.00 +5.40 +7.78 +6.00 +0.58 +2.20 +0.25 +3.05

g. + GRPO 64.66 83.87 81.81 74.67 30.66 67.13 56.66 77.00 33.51 33.49 38.50 54.04
∆ (vs. DirAns) +7.52 -3.22 +7.69 +16.01 +0.66 +5.73 +8.06 +5.34 +1.11 +2.84 +0.50 +3.17

Table 2. Warming up ��ul¬�-Tokens with multimodal image-text
CoT (MM warm-up, row e) is crucial for performance, compared
to no warm-up (row c), text-only warm up (row d). Data splits are
described in Section 4.1.

Model BLINK VSI SAT-R ERQA

Avg Reas Avg Reas

a. QwenVL 55.3 41.0 24.0 23.0 59.0 38.9
b. + DirAns FT 61.4 48.6 32.4 30.7 71.7 38.0

c. + No warm-up 59.2 45.2 29.8 27.4 67.3 37.8
d. + Txt warm-up 65.9 52.9 32.0 33.5 71.3 38.5
e. + MM warm-up 66.8 56.4 33.0 32.9 77.7 38.3

uses latents to encode visual information and retains ex-
plicit, text-based reasoning traces. We follow a similar two-
stage approach to our method. Instead of warming up the
<��ul¬� > with both image and text, we interleave text with
image-only supervision for <��ul¬� >. During stage 2, we
relax the loss on the image <��ul¬� > tokens.

4.2. Main results

Text-based reasoning improves base model, but hurts
compared to direct answer fine-tuning. We observe that
supervising the model with text-based reasoning traces,
while improves upon the base model performances as also
found in concurrent work [16], hurts performance com-
pared to directly tuning on the final answer of the same
datasets. The results in Table 1 show that direct answer fine-
tuning (row b) is a strong baseline, outperforming the text-

Table 3. We can add ��ul¬�-Tokens before predicting the explicit
text reasoning and the final answer (row d). This improves answer-
ing performance compared to directly predicting the text reasoning
(row b) or having interleaved visual thoughts with text reasoning
(row c) before predicting the answer.

Model BLINK SAT-R VSI ERQA Avg

a. Qwen 2.5 VL 7B 55.3 59.0 24.0 38.9 44.3
b. Text 58.0 68.3 30.5 38.8 48.9
c. Img + Text 59.2 74.0 30.3 38.5 50.5
d. ��ul¬�-Tokens + Text 62.4 72.0 32.6 37.3 51.1

based reasoning fine-tuning (row c) and also after GRPO
optimization of the reasoning chains (row d). However,
we do note that text-based reasoning tends to help on more
reasoning-heavy splits compared to just fine-tuning with the
final answer - BLINK Jigsaw and reasoning average (by
∼ 2.1%) and VSI-Bench reasoning (∼ 0.4%).
Interleaving image thoughts fail to improve significantly.
Recall, that the intuitive solution to “fix” text-based reason-
ing is to include visual thoughts (image latents) along with
the explicit text thoughts [65]. The results for such an ap-
proach applied to our datasets (described in Section 4.1) are
shown in Table 1 in row e. We see that it indeed performs
better than text-based reasoning (row e vs d), with more
gains seen on video reasoning splits (VSI reasoning) and
on splits that require reasoning about action consequence
and perspectives (SAT-Real and ERQA). However, it fails
to improve overall from direct-answer finetuning across all
benchmarks except SAT [45]. It also fails to improve on
reasoning splits that are harder and out-of-domain such as
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BLINK IQ Tests. Empirically analyzing the interleaved rea-
soning outputs reveal two weaknesses - i) the model rarely
switches to image thoughts and resorts to mostly text rea-
soning and hence, suffers the same weaknesses, and ii) if
we prompt the model to force it to switch to image thoughts
(more details in the supplementary), it actually reduces per-
formance - e.g. on BLINK, performance went down by 2%
when forced to reason with image thoughts. We observe
that the text still suffers from drifting away from visual in-
puts even after a visual thought (examples in supplemen-
tary). This suggests that while interleaving image thoughts
may be helpful sometimes, the model still cannot effectively
use it to think towards an accurate answer.
Using modality-agnostic ��ul¬�-Tokens performs best
overall. As shown in Table 1 row f and g, we see that our
��ul¬�-Tokens, which are agnostic to text or image modal-
ity, perform best overall, including reasoning splits that
harder out-of-domain tasks. Our ��ul¬�-Tokens (after stage
2) (row f) improves compared to direct-answer finetuning
(row b), where various other reasoning approaches (row c,
d, e, f) fail to. Notably, we have strong improvements in
reasoning about camera movements, jigsaw puzzles and IQ
tests (under BLINK column) that require reasoning with
visual and symbolic modalities. Finally, we observe that
latest advancements in RL, GRPO refinement, when ap-
plied to our ��ul¬�-Tokens (row g) can further improve the
reasoning-heavy splits in BLINK and VSI-Bench. Improve-
ments to interleaved image-text reasoning (row e) suggest
that effective thinking compute requires ��ul¬�-Tokens to
be modality-agnostic rather than restricted to vision. No-
tably, ��ul¬�-Tokens achieve these gains using only 20 to-
kens, compared to 200–500 tokens in a typical text CoT
rationale, translating to significant inference speedup over
verbose reasoning approaches. We also note that on ERQA,
all fine-tuned variants perform close to the base model. We
attribute this to ERQA being perception-heavy: many ques-
tions ask about directly visible object states or trajectories,
limiting the headroom for reasoning-based improvements.
��ul¬�-Tokens generalize to more complex multi-image
benchmarks To test broader generalization, we evaluate
our on MMSI-Bench (multi-image spatial) and SiteBench
(general spatial, 3k randomly sampled due to time con-
straints). Table 4 shows we improve multi-step reason-
ing (MSR, +1.2%), judging attributes from different per-
spectives (Appr. +8.0%), and also general spatial tasks
(SiteBench +2.1%), suggesting broader generalization.
Adding ��ul¬�-Tokens can improve answering accuracy
while also predicting the text rationale. While ��ul¬�-

Tokens without text-based reasoning improves overall
performance, predicting the text-based reasoning (or ratio-
nale) can often be of educational and interpretable value.
Hence, we explore if ��ul¬�-Tokens can also be appended
before predicting both the text rationale and the final an-

Table 4. Performance on other multi-image or general-purpose
spatial benchmarks

MMSI-Bench SITE-B

Model MSR Attr. Avg Avg

Qwen 7B 25.8 18.2/25.0 25.9 61.3
+DirAns 27.4 25.3/25.7 28.8 63.5
+��ul¬�-Tokens 28.7 33.3/28.6 29.0 65.6

swer. Intuitively, this allows the model to think in an ab-
stract modality-agnostic space before verbalizing the ratio-
nale and predicting the answer. To perform this analysis,
we include both the text rationale and the answers from the
same training datasets in Stage 2 (Section 3) of our training
after the Mull tokens. Since we do not have a reliable way
to evaluate the rationales, we report the final answer accu-
racy in Table 3 and show some qualitative results in the sup-
plementary. We observe that the answering accuracy after
predicting the text rationale (row d) is higher than if we were
to directly predict the rationale and answer (row b). This re-
sult is significant for interpretability: while ��ul¬�-Tokens
are not directly decodable into human-readable output, they
can be paired with explicit text rationales, retaining the ac-
curacy benefits of latent reasoning while also producing in-
terpretable reasoning traces.

4.3. Ablations
We further ablate what causes the performance gains. We
explore whether the ��ul¬�-Tokens utilize the multimodal
information in its reasoning latents. The model could just
be taking advantage of a wider computational pathway of
meaningless tokens instead.
No Warm-up. If the model were to simply use ��ul¬�-

Tokens as a wider computational pathway, we would see
gains if we only fine-tuned according to Stage 2 (Section 3
with the new tokens (without any multimodal information
imparted into them) as extra compute for the model to op-
timize to arrive at the final answer. Hence, we perform this
ablation and perform only Stage 2 tuning using direct an-
swers from our training datasets
Text-only Warm-up. To ablate whether multimodal - i.e.
including images with the text - is necessary, or text alone
is sufficient, we warm-up the ��ul¬�-Tokens using only the
text-based CoT traces from our training data, discarding any
traces that include interleaved images. We still use the final
answers from the image COT trace dataset to not let domain
differences in the datasets affect the performance.
Our final approach. Our final ��ul¬�-Tokens approach,
warms up the tokens on all available interleaved image-and-
text reasoning traces in stage 1 (denoted by MM warm-up)
before performing stage 2 training without any constraints
on our latent tokens and only using the final answers from
all our training datasets.
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(a) (c)(b)

Figure 4. Hyperparameter choices in latent design. (a) Choice of
continuous embeddings vs discrete tokens: We see that discrete
performs better for each k (number of latent at test time) values.
(b) The impact of number of latent tokens at test time: we see
that too many latents can hurt performance. Reasoning splits tend
to improve with more ��ul¬�-Tokens, but too many is still detri-
mental. (c) We see that performance scales with number of la-
tent tokens more after GRPO since GRPO rewards the latent chain
causally.

Continuous Embeddings vs Discrete Tokens Recall that
the choices of using latent ��ul¬�-Tokens tokens in stage
2 of the training (Section 3 and during inference are to
use continuous embeddings that are recurrently fed in for
k steps [23], or use discrete <��ul¬� > tokens [20]. For the
continuous ablation, in stage 2, for each latent MULLk, we
feed in the previous MULLk−1 embedding output before the
language head of the Qwen model - both during inference
and training.

4.4. Analysis

��ul¬�-Tokens with both image and text anchoring is
crucial to performance. While ��ul¬�-Tokens is effective,
a question remains whether ��ul¬�-Tokens represents rea-
soning in a multimodal space or simply using extra com-
putation [20] to improve performance. Hence, we ablate
the choice of warming-up our ��ul¬�-Tokens as described
in Section 4.3 and present the results in Table 2. We find
that multimodal warm-up allowing the ��ul¬�-Tokens to be
multimodal - i.e. can hold meanings in either text or images
- to be beneficial for performance. ��ul¬�-Tokens used sim-
ply as extra compute (row c) improves upon the base model
by 4.2%, however, undeperforms the direct answer baseline
(row b) ��ul¬�-Tokens with text-only warm-up (row d) of-
fers only a marginal 1.07% improvement over the direct an-
swer fine-tuning baseline (row b), showing that a text-only
warm-up, while somewhat beneficial, is still insufficient.
Finally, warming up with both image and text achieves the
highest gains (+3.05%) over the direct answer fine-tuning.
This suggests that for ��ul¬�-Tokens to be effective, they
must be pre-trained to handle both visual and textual infor-
mation simultaneously.
Discrete latent tokens over continuous embeddings.
Both strategies improve upon the direct answer finetuning
baseline as shown in Figure 4 - plot (a). However, dis-
crete tokens perform better. Performance also starts to de-
grade with more continuous latents since errors accumulate

with longer continuous embeddings, also seen by concur-
rent works [65]. Discrete also allows us to use the lat-
est optimization tricks, such as token parallelism in stan-
dard frameworks for MLMs, resulting in significantly faster
training and inference.
Scaling effect of latent tokens. We investigate the effect of
scaling the number of latent tokens used during inference
- both after the ��ul¬�-Tokens FT and GRPO stages. Our
model was trained using 20 latents. The results in Figure 4
- (b) and (c) show the tradeoff. We first see that reasoning
tasks tend to benefit more with a higher number of tokens as
shown in plot (b), but performance degrades with too many
tokens- reminiscent of degradation due to overthinking in
LLMs [58]. We see that performance scales more posi-
tively after the GRPO phase, as shown in (c). We believe
this might be because GRPO rewards the optimal <��ul¬� >
chains on-policy, unlike SFT.

5. Discussion
Limitations. Our experiments focus on the Qwen2.5-VL
(7B) model [2]; while effective, the generalization of our
findings to other backbones and model scales remains to
be verified. Based on trends in latent reasoning for lan-
guage models [20, 46], where gains grow with model ca-
pacity, we anticipate our approach to benefit similarly from
larger base models. A more intrinsic limitation is the lack
of direct interpretability for the latent tokens. As these to-
kens are modality-agnostic—representing neither pure text
nor pure image features—they cannot be directly decoded
into human-readable output. However, from a performance
angle, a few ��ul¬�-Tokens improve performance over ver-
bose, albeit interpretable, text thoughts. As shown in Ta-
ble 3, ��ul¬�-Tokens can also be used in conjunction with
interpretable text thoughts, offering both accuracy gains and
interpretability.
Future work. We identify several key avenues for future
work. First, extension of our approach to include diverse
modalities such as 3D point clouds, audio, and other struc-
tured data, a direction currently constrained by the scarcity
of suitable reasoning datasets. Finally, we see significant
potential in integrating learning from world models [3] to
discover robust causal reasoning chains, which is essential
for bridging the remaining performance gap between cur-
rent models and human capabilities.
Conclusion. In this work, we present a novel fine-tuning
paradigm that significantly improves multimodal reason-
ing compared to existing text-only or image-text interleaved
reasoning approaches. Our multimodal latent <��ul¬� >
tokens are Pareto-dominant: they improve performance
(+3%) while being computationally more efficient (20 to-
kens vs 100’s). We hope this work paves the way for ef-
ficiently incorporating causal multimodal reasoning in au-
toregressive AI models.
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