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Latent reasoning has advanced multimodal reasoning through a two-stage training paradigm: (1) a
helper image is encoded into latent tokens to teach visual chain-of-thought during a supervised fine-tuning
(SFT) stage, and (2) these latent tokens are further refined with reward feedback during a reinforcement
learning (RL) stage. In this paper, we identify two key limitations of this framework, one in each stage.
First, the SFT stage typically relies on an off-the-shelf vision encoder to encode the helper image, yielding
suboptimal latent representations that may not be well aligned with the downstream reasoning task.
Second, existing RL methods treat the latent component only through deterministic regularization, which
constrains policy drift but does not create alternative latent trajectories for exploration. To address these
limitations, we propose Scaffolding Minds. Our approach learns a dedicated scaffolding encoder that
provides an optimized target in latent space, and learns both the mean and variance of the RL sampler.
We further show that these two improvements are complementary, together yielding substantial gains
over strong baselines. Empirically, our method improves over the strongest latent-reasoning baseline by
+9.5% on FrozenLake spatial planning, with the gain widening to +19% at 32x32 grid map, and by
+5.2% on average across nine visual-centric reasoning benchmarks.

1. Introduction

Vision-language models (VLMs) have become increasingly capable at multimodal reasoning (Bai
et al., 2025; Gemini Team, 2023; Liu et al., 2023). Methods such as Kojima et al. (2022); Wei et al.
(2022); Xu et al. (2024); Zhang et al. (2024) rely on textual chain-of-thought, but lose important
visual details (Fu et al., 2024; Tong et al., 2024b; Wu and Xie, 2024). To bridge this gap, latent
visual reasoning Chen et al. (2025); Hao et al. (2024); Jeon et al. (2026); Li et al. (2025b); Qin
et al. (2025); Tong et al. (2025); Wang et al. (2026); Yang et al. (2025b); Zhang et al. (2025a) has
emerged as a compelling solution. By interleaving small blocks of latent visual tokens directly into
the reasoning chain, these models can “think” in both text and vision. Typically, these methods follow
a two-stage training paradigm. In Stage 1 (SFT), they leverage a helper image (e.g., an annotated
crop) to provide guidance in the latent space (encoded by an off-the-shelf vision encoder). In Stage 2,
they use reinforcement learning (RL) to further refine both latent and textual generation.

We identify a limitation at each stage of this paradigm. First, in the SFT stage, the latent target is
obtained by encoding the helper image with an off-the-shelf vision encoder. Because this encoder is
trained for general-purpose visual representation rather than the downstream reasoning objective, its
features may preserve perceptual content that is irrelevant to the task while failing to emphasize the
intermediate evidence needed for reasoning. The latent generator is therefore supervised toward a
convenient but suboptimal target, limiting how much useful reasoning information can be learned
even when the downstream model is trainable. Second, existing RL methods either update only
text tokens or apply deterministic regularization to the latent block. Text-only objectives provide no
direct likelihood or credit assignment for latent actions, whereas deterministic regularization only
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Figure 1 | Scaffolding Minds. Left: Prior latent-reasoning methods derive latent targets by encoding
a training-time helper image with a frozen off-the-shelf vision encoder. Our method instead learns a
dedicated scaffolding encoder that optimizes the latent target for downstream reasoning, then uses a
learned Gaussian policy to sample reward-guided residual latent actions for direct exploration. Right:
Scaffolding Minds improves the strongest prior latent baseline by +9.5% on average on FrozenLake
spatial planning, with the gain widening to +19% on the hardest 32x32 grids, and by +5.2% on
average across nine visual-centric reasoning benchmarks.

constrains how far a latent representation drifts from a reference. Without sampling alternative latent
actions for exploration, reward optimization cannot discover more useful latent reasoning trajectories,

yielding small or unstable gains as shown in Figure 2.

In this paper, we present Scaffolding Minds (Fig-
ure 1b) to address these two issues. First, for SFT
stage, instead of using fixed off-the-shelf features as
the target, we learn a scaffolding encoder to encode a
helper image into the latent target that is optimized
for the reasoning task.

Second, we introduce Scaffolding RL, which re-
places deterministic latent regularization with an ex-
plicit Gaussian sampler over residual latent actions.
Two lightweight heads learn its input-adaptive mean
and variance, and the policy samples these actions
during rollout to explore alternative latent reasoning
trajectories (Figure 2). Moreover, we find the scaf-
folding encoder and scaffolding RL are complemen-
tary, yielding performance boosts when combined.
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Figure 2 | RL performance comparison on the
FrozenLake benchmark (avg. L8-L32 accuracy).
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Figure 3 | Latent reasoning for VLMs. Given the input x (image and query), the VLM inserts K
continuous latent tokens z between the (BOT) and (EOT) markers and produces the final answer y.
Existing methods supervise the latent block with features from a frozen off-the-shelf vision encoder f
applied to a training-time helper image h.

We evaluate Scaffolding Minds on FrozenLake spatial planning (across grid sizes from 8x8 to
32x32) and nine visual-centric reasoning benchmarks: V* Wu and Xie (2024), BLINK Fu et al. (2024),
MMVP Tong et al. (2024b), MMStar Chen et al. (2024a), CV-Bench Tong et al. (2024a), HRBench-4K
and HRBench-8K Wang et al. (2024a), MME-RealWorld-Lite Zhang et al. (2025c), and Jigsaw Lyu
et al. (2025). Across all suites, our method consistently outperforms the strongest prior latent baseline.
On FrozenLake, it raises average accuracy by +9.5%, with a gain of +19% on the most challenging
32x32 grids. Across the nine visual-centric reasoning benchmarks, we achieve an average accuracy
increase of +5.2%.

2. Preliminary: Latent Reasoning for VLMs

Latent visual reasoning Hao et al. (2024); Jeon et al. (2026); Li et al. (2025b); Wang et al. (2026);
Yang et al. (2025b) inserts a block of dedicated latent tokens z between (BOT) and (EOT) inside the
VLM’s chain-of-thought (Figure 3), with their target set to the vision embedding of a helper image h
produced by an off-the-shelf vision encoder f. The helper image h is only available at training time.
Existing pipelines train the VLM in two stages: an SFT stage and an RL stage.

SFT stage. The goal of the SFT stage is to teach the VLM to generate the latent block z from the
input image and text query alone (without the helper image), so that no helper image is needed at
inference. Essentially, a frozen off-the-shelf vision encoder f (Figure 3) maps h to a target latent
block, and the VLM is trained to match its generated latent tokens to this target while jointly fitting
the answer y under next-token prediction.

RL stage. The SFT-stage model is further refined under a task reward (Figure 2). Existing latent-
reasoning RL methods handle the text and latent components differently.
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Text-centric policy optimization. Standard recipes apply GRPO Shao et al. (2024b) to the language-
modeling head, restricting policy optimization to the discrete text trajectory Li et al. (2025b). Given
input x, the VLM samples G text trajectories and optimizes

1 G 1 T; ‘ .
Liex-rL(0) = o ; T ; min(p;(0)A;, clip(pi(0), 1-€, 1+€) A;) , €D)

where p;((0) is the current-to-old probability ratio for text token t, A; is the group-relative advantage,
and e is the clipping threshold. Because this objective defines policy probabilities only over discrete
text tokens, it neither samples nor directly explores alternative actions in the continuous latent block.

Visual-Latent Policy Optimization (VLPO) Wang et al. (2026). VLPO additionally incorporates
deterministic latent embeddings through a fixed-variance Gaussian formulation. For an old-policy

rollout latent z?ltd and the current-policy deterministic output zl.et, its latent factor is
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Here, the current-policy output is the Gaussian mean, the old-policy rollout latent is the point being
evaluated, and the variance o% is fixed. Thus, the Gaussian acts as latent regularization that penalizes
drift between deterministic latent outputs. It is not a rollout distribution: VLPO does not sample
a latent action from this Gaussian and therefore does not create alternative latent trajectories for
exploration. Scaffolding RL instead learns a Gaussian policy over residual latent actions, samples
an action during rollout, and evaluates that same sampled action under both the current and old
policies so reward can directly optimize latent-space exploration.

3. Method: Scaffolding Minds

This section first identifies two limitations of existing latent visual reasoning pipelines, then presents
Scaffolding Minds, our two-stage framework that addresses both.

3.1. Motivation

Existing latent visual reasoning pipelines suffer from two limitations: (1) at the SFT stage, the
latent target is produced by a frozen off-the-shelf vision encoder f, which is not optimized to capture
reasoning-sensitive features from the helper image h; and (2) at the RL stage, existing methods either
leave the latent block outside RL or use a deterministic, fixed-variance Gaussian formulation, without
sampling latent actions for exploration.

Both limitations share a common root cause: the latent target is not optimized for the reasoning
task, and RL does not directly explore alternative latent trajectories. To fill this gap, we propose
Scaffolding Minds (Figure 4): a scaffolding encoder that learns the latent target end-to-end through
the downstream task loss, and Scaffolding RL that samples residual latent actions from an input-
adaptive Gaussian whose mean and variance are conditioned on the generated latent.

3.2. Stage 1: SFT via Scaffolding Encoder

The SFT stage is to learn an optimized latent target representation z* € RX*? from the helper image
h, and then use z* as supervision to teach the VLM to produce its own latent block z from the input x
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Figure 4 | SFT stage of Scaffolding Minds. Scaffolding Phase (top): the scaffolding encoder v is
trained to compress the helper image into target latent tokens z* that drive the frozen base VLM
to produce the correct answer. Generation Phase (bottom): the VLM (6) is then trained to predict
latent tokens z from the input x alone, supervised by ¢, matching £ = ||z — z* ||§ to the (now frozen)
scaffolding encoder’s targets, while the helper image is no longer used at inference.

alone, so that no helper image is needed at inference. As shown in Figure 4, we split this into two
phases: (i) the Scaffolding Phase trains a dedicated scaffolding encoder with model parameters
to map h to the target z*, optimized end-to-end through the frozen base VLM’s task loss; and (ii)
the Generation Phase fine-tunes the VLM to regress its own latent block z toward the (now frozen)
target z*, while jointly fitting the answer y under next-token prediction. After Stage 1, the scaffolding
encoder 1) and helper image h are both discarded; only the VLM is used at inference.

Scaffolding Phase. As illustrated in Figure 1, our key intuition is to replace the frozen off-the-shelf
encoder f used by prior latent reasoning methods — which simply set the latent target to f(h) —
with a learned function g* : h — z* trained directly through the downstream task, so that the resulting
z* is optimized for reasoning rather than tied to a generic vision feature space.

We represent the optimized scaffolding encoder as gy It is a trainable copy of the VLM’s vision
encoder followed by a cross-attention pooling module (Figure 4, top). It encodes the helper image
h into K latent tokens z* = g:l(h) € R¥xd which are directly inserted at the latent positions of the
VLM, after the input x, and the VLM produces the answer y. Given the training input x (image and
text query) and the teacher-forced answer y, we freeze the base VLM and update only ¢ end-to-end
through the standard token-level cross-entropy loss Lcg on the answer tokens:

Lscaffolding(l,b) = Lk (Y|X7 Z*)- (3)
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In this way, the scaffolding encoder learns to produce a z* that captures exactly the reasoning-sensitive
features the frozen VLM needs to answer correctly.

Generation Phase. Since the helper image h is unavailable at inference, the VLM is trained to
predict its own latent block z that approaches the optimized target z* from the input x alone (Figure 4,
bottom).

Concretely, we freeze the scaffolding encoder g, and fine-tune the base VLM with parameters 6.
The latent tokens z are not generated autoregressively; instead, they are generated from K learnable
embeddings that pass through the VLM transformer using the input x as context. This design speeds
up inference by producing the latent tokens in a single forward pass. The answer text is then generated
autoregressively from the input x and the latent block z (see Figure 4, bottom). We train the base
VLM 6 with the following objective:

1 K
Lgeneration(e) = Alatent E Z ”zk - Zz ; + Atask Lce (y | X, Z) 5 4

k=1

where Ajatent and Aq,q balance the two terms. The first term pulls z toward the optimized target z*
from the Scaffolding Phase; the second term ensures the answer remains correctly generated under
the VLM-predicted z in place of z*.

3.3. Stage 2: Scaffolding RL

Prior latent-reasoning RL methods either optimize only the text trajectory or use a deterministic
latent regularizer. Neither choice samples alternative latent actions, so neither directly explores latent
reasoning trajectories. Scaffolding RL instead defines an explicit, input-adaptive policy over residual
latent actions and samples from it during rollout, as illustrated in Figure 5.

Text-only RL (e.g., LVR) VLPO Scaffolding RL (ours)
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Figure 5 | Three Stage-2 RL paradigms in latent space. Left: text-only RL provides no direct gradi-
ents on latent actions. Middle: VLPO applies fixed-variance Gaussian regularization to deterministic
latent outputs but does not sample latent actions. Right: Scaffolding RL samples residual latent
actions from a learned distribution and uses reward to optimize the latent tokens with exploration.

To solve this, we introduce Scaffolding RL. We treat the generated latent prior z° = fy(x, Cpre)
as a base action and learn adaptive, reward-guided adjustments A}. Here, ¢, denotes the optional
text reasoning generated before the latent block. Crucially, the mean and variance of the Gaussian
sampler are not fixed, but are learned as functions of the base action z°. We predict them using two
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MLP heads on top of the shared VLM hidden states:
8.~ N(u(@), o(2)?), (5)

yielding the perturbed latent block z° + A, that replaces z¢ in the forward pass. Because u1(z°) and o (z°)
are dynamically conditioned on the generated latent prior, exploration scales adaptively—searching
a broader continuous space when the prior is uncertain, and safely exploiting the prior when it is
already optimal. To ensure stable initial exploration, the mean head is zero-initialized so that the
initial distribution is centered on the generated latent prior, while the variance head begins at small
positive values. This dynamic sampling stabilizes RL training and, as our experiments demonstrate,
acts complementary to the Stage 1 scaffolding encoder to yield substantial performance boosts.

4. Experiments

We evaluate Scaffolding Minds in two complementary settings: spatial planning (Section 4.1),
which requires multi-step reasoning over structured visual environments, and visual-centric rea-
soning (Section 4.2), which tests fine-grained evidence extraction and reasoning across real-world
benchmarks.

Implementation. We use Qwen2.5-VL Bai et al. (2025) as the shared VLM backbone. In Stage 1
(Scaffolding Encoder), we first train the scaffolding encoder—which reuses the VLM vision encoder
and compresses the helper image into K=4 latent tokens—while keeping the remaining VLM compo-
nents frozen, and then freeze the scaffolding encoder and train the shared VLM to generate the target
latent block from the standard input alone. In Stage 2 (Scaffolding RL), we apply reward-guided
adjustments on top of the generated latent prior; the scaffolding encoder is no longer used and the
VLM and adjustment heads alone run at inference time.

Baselines. We compare against three families of methods: (i) supervised baselines without latent
tokens, SFT and SFT+GRPO; (ii) latent visual reasoning methods that derive their targets from
off-the-shelf vision features — LVR Li et al. (2025b), Mirage Yang et al. (2025b), CoVT Qin et al.
(2025), Monet Wang et al. (2026), and VaLR Jeon et al. (2026); and (iii) image-generation methods
that produce explicit intermediate images at inference time, VPRL Xu et al. (2025) and Diff Thinker He
et al. (2025). On the visual-centric reasoning benchmarks we additionally compare against the
thinking-with-images systems DeepEyes Zheng et al. (2025) and Thyme Zhang et al. (2025b), and the
latent baseline SkiLa Tong et al. (2025).

4.1. Spatial Planning: FrozenLake

FrozenLake Wu et al. (2024) presents grid-based environments with obstacles (“holes”) requiring
multi-step spatial planning: the agent outputs the complete path as directional moves (Up/Down/
Left/Right), receiving zero reward for paths through holes. We train on even levels from 8 to 32,
spanning 8x8 to 32x32 grids, with 4,550 training examples in total. All grid images are padded to a
unified 32x32 resolution before being encoded. We evaluate on 100 held-out test examples for each
level and report four representative levels (8, 16, 24, 32). All baselines are trained and evaluated by
us under the same setup; detailed training and evaluation splits are provided in the appendix.
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Table 1 | FrozenLake results (accuracy %). All methods are trained on even Levels 8-32 and
evaluated on four representative levels. Best in bold, second best underlined. Methods marked *
use image-generation architectures. The A row reports the absolute improvement of Scaffolding

Encoder+RL over the SFT baseline.

Method Lv. 8 (8x8) Lv. 16 (16x16) Lw. 24 (24x24) Lwv. 32 (32x32) | Avg.
Base model & supervised fine-tuning
SFT 84.0 65.0 41.0 18.0 52.0
SFT+GRPO 85.0 67.0 43.0 20.0 53.8
Image-generation methods
VPRL' Xu et al. (2025) 88.0 62.0 48.0 35.0 58.3
Diff Thinker' He et al. (2025) 92.0 68.0 53.0 44.0 64.3
Latent reasoning methods
LVR Li et al. (2025b) 86.0 69.0 45.0 22.0 55.5
Mirage Yang et al. (2025b) 87.0 71.0 47.0 24.0 57.3
CoVT Qin et al. (2025) 88.0 73.0 50.0 27.0 59.5
Monet Wang et al. (2026) 89.0 75.0 53.0 31.0 62.0
VaLR Jeon et al. (2026) 91.0 78.0 57.0 36.0 65.5
Scaffolding Encoder 94.0:0.5 79.0=0.6 63.0:0.6 52.0:0.7 72.0:0.4
Scaffolding Encoder+RL 96.0+0.4 82.0:05 67.0-0.6 55.0-0.7 75.0-+0.3
A vs. SFT +12.0 +17.0 +26.0 +37.0 +23.0
Main results. Table 1 and Figure 6 show
a consistent pattern across maze complex- 1907 :- — . SFTAGRPO
ity. First, compared with base methods, w0l = =i e DifThinker*
our full model improves average accuracy < * .:::'\« S et
by 23.0% over the SFT baseline, indicat- § 60 S~ me—eme, .
ing that latent visual reasoning remains g =i~ ~tz: .
valuable even on top of a strong base. < 4. '\'\.\_\_
Second, compared with latent reasoning
baselines, our method gains 9.5% over 20 -
the strongest prior approach. This gap 8 12 16 20 o4 28 3

is important because the latent baselines
are trained with the same intermediate
helper images; the advantage therefore
comes from learning a better latent tar-
get space rather than from access to extra
information. Our latent representation is
optimized directly through downstream

FrozenLake Level (grid size)

Figure 6 | Per-level FrozenLake accuracy. Scaffolding Minds
(red) degrades gracefully as grid size grows, while baselines
collapse faster. The shaded band highlights the steadily widen-
ing advantage of Ours + RL over the strongest latent baseline
(VaLR), reaching +19% at Level 32.

task loss, which makes it more suitable for decision-relevant reasoning than targets inherited from
general-purpose vision features. Third, compared with image-generation methods, our method im-
proves by 10.7%. This suggests that explicitly generating intermediate images is not necessary to
obtain strong visual reasoning, as long as the latent space itself captures the right reasoning structure.
Figure 6 further shows that this advantage grows with difficulty: our method degrades more gracefully
as the maze becomes larger, reaching a +19% gap over the strongest latent baseline at Level 32.
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Table 2 | Visual-centric reasoning benchmark results (accuracy %). Bold: best; underlined:
second best. ": reproduced via original checkpoint/code; *: our re-implementation. CVB.=CVBench,
HRB=HRBench, MME=MME-RealWorld-Lite, Jig.=Jigsaw.

Method ‘ v* BLINK MMVP MMStar CVB. HRB-4K HRB-8K MME Jig. Avg.
Closed-source models
GPT-40 66.0 60.0 70.7 61.6 80.1 59.0 55.5 52.0 53.0 62.0
GPT-4v 58.0 58.3 51.0 56.0 69.5 56.5 52.0 45.0 47.0 54.8
GPT-40-mini 57.0 53.6 56.0 54.8 68.0 56.0 51.0 37.4 46.0 53.3
Claude 3.7-Sonnet 72.0 56.6 64.0 65.1 80.0 68.0 64.0 49.0 52.0 63.4
Base model & supervised fine-tuning
Qwen2.5-VL-7B 76.2 55.7 56.0 63.9 74.5 68.6 64.9 39.7 50.4 61.1
Vanilla SFT 81.3 57.2 58.5 66.0 77.0 70.5 66.8 42.0 52.5 63.5

Tool-calling & think-with-image methods
DeepEyes Zheng et al. (2025) | 83.2F  59.37  61.37  67.77  80.4f 75.1 72.6 53.2 54.5f 67.5
Thyme Zhang et al. (2025b) 81.9 56.1 62.47 65.9 79.87 77.0 72.0 55.2  54.8f 67.2

Latent reasoning methods
Mirage Yang et al. (2025b) 80.7+  57.4% 57.6f  65.7F  76.3¢ 69.8% 66.45  423%  536f 63.3

CoVT Qin et al. (2025) 78.0 56.0 58.7 68.9% 80.0 72.9 69.4 51.47 52.7% 65.3
Monet Wang et al. (2026) 832 57.70 6037 683" 79.77 710 68.0 555  54.6' | 66.5
LVR Li et al. (2025b) 81.7 56.7° 71.7 67.21 78.3" 71.4° 67.6 44.37 52.4% 65.7
VaLR Jeon et al. (2026) 868 647 603 723 876  732F  69.7F  483F 557F | 687
SkiLa Tong et al. (2025) 84.3 56.7 75.3 64.8 81.6 72.0 66.5 541  53.97 67.7
Scaffolding Encoder 87.4:05 64.8:04 73.3:05 72.1:x04 86.4x04 73.6x05 71.1:x05 53.4:06 56.0:05 70.9:03

Scaffolding Encoder+RL 90.6:0.4 67.2+0.4 76.7+05 73.5:04 88.4:04 77.5:04 74.1:05 57.3:05 59.7:04 73.9:03

A vs. Qwen2.5-VL-7B ‘ +14.4 +11.5 +20.7 +9.6 +13.9 +8.9 +9.2 +17.6 +9.3 +12.8

4.2. Visual-Centric Reasoning Benchmarks

To demonstrate that Scaffolding Minds generalizes beyond spatial planning, we evaluate on nine
established visual-centric reasoning benchmarks: V* Wu and Xie (2024) (fine-grained attribute/spatial
reasoning), BLINK Fu et al. (2024) (core perception), MMVP Tong et al. (2024b) (visual shortcomings),
MMStar Chen et al. (2024a) (vision-indispensable), CVBench Tong et al. (2024a) (2D/3D under-
standing), HRBench-4K and HRBench-8K Wang et al. (2024a) (high-resolution), MME-RealWorld-
Lite Zhang et al. (2025c¢) (real-world scenarios), and Jigsaw Lyu et al. (2025) (spatial reasoning). For
these tasks, the scaffold encoder uses annotated helper images such as cropped regions of interest
and highlighted spatial relationships. We train on a mixture of open-source multimodal reasoning
data, and provide the detailed data construction pipeline in Appendix A.1.

Results. Table 2 and Figure 1a show that the same latent-learning strategy transfers beyond Frozen-
Lake. First, compared with the supervised fine-tuning baseline, our method improves the average
score by 10.4%, showing that the learned latent space remains useful even on visual-centric reason-
ing benchmarks without explicit planning outputs. Second, compared with prior latent reasoning
methods, our method improves the strongest prior average by 5.2%. The gain is smaller than on
FrozenlLake, but it is consistent across several benchmarks that require spatial discrimination and
fine-grained visual comparison, suggesting that the benefit comes from learning better intermediate
visual targets rather than from task-specific tuning. Third, compared with prior thinking-with-images
style methods, our method improves the strongest prior average by 6.2%, indicating that strong
visual-reasoning gains do not require generating additional images at inference time when the latent
representation is already optimized for the downstream task.

The per-benchmark pattern provides additional insight. Our gains are concentrated on benchmarks
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that stress spatial and fine-grained visual distinctions: we improve by 20.7% on MMVP, by 17.6% on
MME-RealWorld-Lite, and by 13.9% on CVBench relative to the base model. We also achieve the best
results on CVBench, HRBench-4K, and HRBench-8K, which suggests that the learned latent space
remains effective when precise regional evidence and higher-resolution understanding are required.
The smallest relative gains appear on HRBench-4K (+8.9%) and Jigsaw (+9.3%), suggesting that
very high-resolution and combinatorial spatial reasoning may benefit from stronger or more diverse
training-time helper images than the current setup provides. Overall, the strongest gains appear
where reasoning depends on selecting the right visual evidence rather than merely preserving generic
image features.

4.3. Ablation on Key Contributions

SFT visual target ablation. To identify which
Stage 1 design choice drives the gain over prior
latent reasoning methods, we compare four |
Stage 1 configurations under the same Qwen2.5- 801
VL-7B backbone with no Stage 2 RL applied: 1
SFT without latent tokens as a control; Mean i
Pooling (No Opt.), the prior-work objective that 20 FZ
L2-regresses latent tokens onto frozen off-the- 0 fg L/”‘w L/”‘z 4 {"‘32
shelf vision-encoder features (Li et al., 2025b); FrozenLake Level

Attn Pooling, which replaces L2 regression with

cross-attention pooling and the downstream
task loss but keeps the vision encoder frozen;

and our Attn Poc?l%ng +Tuned VE, which addition- Figure 7 | Stage 1 visual target ablation on FrozenLake.
ally tunes the vision encoder through the same Mean Pooling (No Opt.) uses the frozen off-the-shelf vi-
task loss. Each successive setting changes only  sjon encoder; the other two settings use the downstream
one factor, isolating two design dimensions: the  task loss.

encoding objective and vision-encoder tunabil-

ity. As shown in Figure 7, switching the objective from L2 regression to the downstream task loss
with cross-attention pooling lifts accuracy by +4.3%, and additionally tuning the vision encoder lifts
accuracy by a further +10.0%; together they account for the full +14.3% gap over the prior-work
Mean Pooling (No Opt.) baseline. Target optimization, not the objective swap, drives the bulk of the
improvement, supporting our central claim that the quality of the optimized latent target is the dominant
factor in latent visual reasoning.

100

Accuracy (%)
B D
o O

(=]

] SFT Attn Pooling
@72 Mean Pooling (No Opt.) [l Attn Pooling+Tuned VE

RL method comparison. To compare Stage 2 optimization under the same scaffolding-encoder
Stage 1 checkpoint, we apply three RL recipes: No Sampling on Latent, which applies GRPO to text
tokens and leaves the latent block untouched; VLPO (Wang et al., 2026), which evaluates old-policy
rollout latents with a fixed-variance Gaussian centered at the current-policy output but does not
sample latent actions; and our Scaffolding RL, which samples a Gaussian adjustment with learned
mean and variance on top of the generated latent prior. As shown by the solid lines in Figure 2
(With Scaffolding Encoder), No Sampling on Latent adds only +0.6% and quickly plateaus, while
VLPO reaches +1.8% but fluctuates because its deterministic Gaussian formulation does not create
alternative latent rollouts. Scaffolding RL attains the largest and most stable gain of +3.0%. Sampling
learned adjustments on top of the Stage 1 prior is essential for converting reward into reliable latent-space
exploration.
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Stage 1 and Stage 2 are complementary. Figure 2 compares the three Stage 2 RL methods
With Scaffolding Encoder (solid lines) and Without Scaffolding Encoder (dashed lines, the prior-work
frozen-VE mean-pool Stage 1). Without the scaffolding encoder, our Scaffolding RL yields a +5.2%
gain — larger than the +3.0% with the scaffolding encoder (more headroom) — yet finishes far
below our pipeline’s final accuracy. Strikingly, the worst RL method with the scaffolding encoder (No
Sampling on Latent) still ends above the best RL method without it (Scaffolding RL). This shows that
Scaffolding RL refines the target that Stage 1 establishes but cannot recover from a weak Stage 1; a
strong scaffolding encoder is what places the Stage 2 reward signal on a high-accuracy starting point
in the first place.

4.4. Ablation on Hyperparameters

Number of latent tokens K. We sweep K € Table 3 | Number of latent tokens K on
{1,2,4,8,16} on FrozenLake (Levels 8-32) while FrozenLake (Stage 1 only, accuracy %).

keeping all other Stage 1 settings fixed (Table 3).
Accuracy rises sharply from K=1 (63.5%) to K=4
(72.0%), then falls back at K=8 (70.8%) and K=16
(69.0%); K=4 is the best setting at every level. This
non-monotonic pattern reflects two opposing pres-
sures: too few tokens cannot encode a multi-step spa- 94.0 79.0 63.0 52.0|72.0
tial plan, while too many tokens add redundancy that 93.0 780 61.0 51.0| 70.8
latent generation must learn to match. K=4 strikes 16 | 91.0 76.0 59.0 50.0 | 69.0
the balance between expressiveness and learnability.

| L8 L16 124 L32 |Avg.

85.0 70.0 54.0 45.0 | 63.5
88.0 74.0 57.0 48.0 | 66.8

o Hh N~ | R

Table 4 | Helper image choice on FrozenLake (Stage 1 only, accuracy %). Scaffolding encoder v:
our scaffolding encoder is used; x: a frozen off-the-shelf vision encoder is used as in prior work.

Helper image ‘ Scaffold. enc. ‘ L8 L16 L24 L32 ‘ Avg.

85.0 67.0 52.0 40.0|61.0
92.0 76.0 58.0 46.0 | 68.0

85.0 66.0 50.0 39.0 | 60.0
94.0 79.0 63.0 52.0|72.0

Red-arrow overlay

X
v

. X
Value-function heatmap /

Helper image choice. We cross two helper images on FrozenLake — the dense value-function
heatmap (our default) and a sparse red-arrow overlay that draws the optimal path on the raw grid —
with the choice between our scaffolding encoder and a frozen off-the-shelf encoder (Table 4, 2x2).
First, a frozen off-the-shelf encoder cannot exploit a richer helper image: with this encoder, the dense
heatmap is actually slightly worse than the sparse red-arrow overlay (60.0 vs. 61.0), because the
encoder was trained on natural images and hard to utilize the non-natural heatmap. Second, the
scaffolding encoder fixes this. It beats the off-the-shelf encoder for both helpers, with the largest gain
on the non-natural heatmap (+12.0%, 60.0 — 72.0) versus only +7.0% on the red-arrow overlay
(61.0 — 68.0); the ordering between helpers also flips, with the heatmap now beating the red-arrow
overlay (72.0 vs. 68.0).
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5. Related Work

Think about Image. This line of work treats the image as a static precondition and reasons about
it purely in language space, extending textual chain-of-thought Kojima et al. (2022); Wei et al.
(2022) to vision-language models such as Qwen2.5-VL Bai et al. (2025), LLaVA Liu et al. (2023), and
Gemini Gemini Team (2023) by verbalizing the visual evidence into a natural-language reasoning
chain Bavishi et al. (2023); Cheng et al. (2025); Dong et al. (2025); Mitra et al. (2024); Mondal
et al. (2024); Shao et al. (2024a); Wei et al. (2024); Xu et al. (2024); Zhang et al. (2024). While
effective for queries that can be summarized in text, this paradigm is constrained to discrete tokens
and tends to be lossy for tasks that require carrying fine-grained spatial or perceptual evidence across
multiple reasoning steps. In contrast, our method inserts continuous latent visual tokens directly into
the reasoning chain, so the model can carry such evidence forward without verbalizing it.

Think with Image. A second line of work lets the model actively manipulate or generate intermediate
images during reasoning. Tool-augmented systems call external tools or code to crop, zoom, or
annotate the input Hu et al. (2024); Lu et al. (2023); Yang et al. (2023); Yao et al. (2023); image-
generation systems autoregressively visualize new images Gu et al. (2025); Li et al. (2025c); Xu et al.
(2025); Yang et al. (2025a); Zhang et al. (2025b) or use diffusion-based generation He et al. (2025);
and RL-driven variants train the VLM to decide when to invoke a tool or emit a new image Meng et al.
(2025); Suetal. (2025); Zheng et al. (2025). These methods preserve visual evidence across reasoning
steps but pay a substantial inference-time cost from explicit image manipulation or generation. In
contrast, our method retains a similar multi-step visual reasoning capability while operating entirely in
latent space, at near-base-VLM inference cost.

Latent Reasoning. A more recent line replaces explicit intermediate images with a compact block
of continuous latent tokens inserted into the reasoning chain, building on observations that explicit
chain-of-thought has its own limitations Chen et al. (2024b); Pinker (1994); Silver et al. (2016). On
the text side, related work has explored pause and planning tokens Goyal et al. (2024); Wang et al.
(2024b), compressed CoT Cheng and Van Durme (2024); Shen et al. (2025), continuous reasoning
spaces Hao et al. (2024); Liu et al. (2024), latent internalization of CoT Deng et al. (2023, 2024);
Zelikman et al. (2022), latent diffusion Kang et al. (2025, 2026), and looped architectures Saunshi
et al. (2025); Teoh et al. (2025). In the multimodal setting, prior methods derive the latent target
from a frozen off-the-shelf vision encoder (e.g., SigLIP Tschannen et al. (2025)) applied to a helper
image, through variants including L2 feature regression, vision-aligned distillation, policy-optimized
embeddings, and sketchpad-style decoders Chen et al. (2025); Jeon et al. (2026); Li et al. (2025b);
Qin et al. (2025); Tong et al. (2025); Wang et al. (2026); Yang et al. (2025b); Zhang et al. (2025a).
Methodologically, this family is closely related to joint-embedding predictive architectures LeCun
(2022) and learning-using-privileged-information Vapnik and Vashist (2009), and conceptually echoes
the idea of fading instructional scaffolds in cognitive science Vygotsky (1978); Wood et al. (1976). In
contrast to prior multimodal latent methods that inherit a fixed general-purpose target from a frozen
vision encoder, our method trains a scaffolding encoder end-to-end through the downstream task loss
— turning the latent target itself into an optimized component of the system — and pairs it with an
input-adaptive RL sampler whose mean and variance are learned functions of the latent prior.
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6. Conclusion

We present Scaffolding Minds, a two-stage framework that addresses two limitations of latent visual
reasoning. In Stage 1, we replace the off-the-shelf vision encoder used by prior work with a learnable
scaffolding encoder that produces a latent target optimized end-to-end for the reasoning task. In
Stage 2, we introduce a learned Gaussian latent policy that samples residual actions around the
Stage 1 prior, enabling reward-driven exploration of alternative latent reasoning trajectories rather
than merely regularizing a deterministic latent output. The two stages are complementary, and
together improve over the strongest prior latent baseline by +9.5% on FrozenLake spatial planning
(widening to +19% at 32x32). These results show that both the quality of the latent target and direct
exploration in latent space are important for latent visual reasoning.
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A. Limitation and Future Work

In line with previous latent reasoning methods, our approach relies on the availability of an inter-
mediate helper image during training; how to extend the framework to settings where such helper
images are unavailable or expensive to obtain remains an open question. In addition, while we use
value-function heatmaps as the natural helper-image choice for FrozenLake, we do not exhaustively
search alternative helper-image designs, and automatically proposing helper images for new domains
is left to future work.

B. Scaffolding RL: Detailed Derivation

This appendix provides the full mathematical derivation of the Scaffolding RL objective summarized
in Section 3.3.

Setup. Let x denote the model input (image and query), and let z°!d = fo4 (%) and 2% = fy(x) denote
the Stage 1 latent priors produced by the rollout and current policies. Their Gaussian heads produce
pild, azld and p‘z, a‘z, respectively. For rollout i, the old latent policy samples a residual adjustment at

each latent position k:

old old old\2 old _ ,old old
Sk ~ N(’Jk » (0) )’ a =2, +8, . (6)
Stacking all positions gives the rollout latent action a?ld = [a?lld, cee a?f]. Conditioned on x and a?ld,

the model samples a text answer y; ~ mg_, (- | X, a?ld) of length T;.
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Block-level latent importance ratio. We evaluate the same sampled latent action under the rollout
and current factorized diagonal Gaussians:

2

1 a‘.’}{d.—zg.—pz.
ps(a? | x) = ]_[]_[ \/_0 exp —5( - ’J) . 9 {6.60a), )
k,j k.j

k=1 j=1

where j indexes the d latent dimensions. The block-level latent importance ratio is p%at(B) = pe(afld |
X) / Pogy (@' | X).

Token-level text importance ratio. For the discrete answer trajectory we use the standard per-token
ratio: pi(6) = w9 (Yie | Yi,<t X, @) / o, (Vie | Vi<t %, @019).

Combined clipped objective. Scaffolding RL optimizes a GRPO-style clipped objective that sums
the latent term and the text term:

LrL ———Z

i=1

m1n( lat(g)a;, clip(p!2(6), 1-¢, 1+€)A )

+
Hir
L

m1n(pfetXt(6)Al, clip(p;(6), 1-¢, 1+e)Ai)

Ti

G
1
- Zl 7 2, P o 150 1 e 1) (8)

c3|h

where ¢ is the GRPO clipping threshold, G is the rollout group size, A; is the group-relative advantage,
sie = (Vi<t> X, a?ld) is the token-generation state, ¢ is the fixed Stage 1 reference policy, and B is
the KL coefficient. Since the K latent tokens are predicted jointly, the latent term acts on the sampled
latent block as a whole rather than on individual autoregressive steps. During Stage 2, fy and both
Gaussian heads remain trainable; no gradient is stopped or detached through z°.

C. Experimental Setup Details

C.1. FrozenLake

Data. We use the FrozenLake suite from VSP Wu et al. (2024). Training data covers even levels from
8 to 32 (8x8 to 32x32 grids), with the per-level training set growing from 50 examples at Level 8 to
650 at Level 32 in steps of 50, for a total of 4,550 training examples. Each level has a held-out test set
of 100 examples that we use for evaluation. All grid images are padded to a unified 32x32 resolution
before being passed to the vision encoder, so that token counts and positional encodings are constant
across difficulty levels. The four representative levels reported in Table 1 (8, 16, 24, 32) are chosen
to span the full difficulty range; per-level results across all even levels are provided in Appendix E.

Backbone and architecture. Unless noted otherwise, all results use Qwen2.5-VL-7B Bai et al. (2025)
as the shared VLM backbone. The scaffolding encoder is implemented as a trainable copy of the VLM’s
vision encoder followed by a cross-attention pooling module that compresses the resulting visual
tokens into K=4 latent tokens. Latent generation reuses the full VLM weights with K=4 learnable
embeddings that attend to the shared representation to produce the latent block in a single forward
pass. In Stage 2, the mean and variance heads are two-layer MLPs operating on the shared VLM
hidden states at the latent positions.
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Optimization. Stage 1 (scaffolding encoder + latent generation) uses AdamW with learning rate
2x107° for latent generation and 5x10~> for the scaffolding encoder, weight decay 0.01, batch size
32, cosine schedule with linear warmup over the first 5% of steps, and BF16 mixed precision. We train
for 3 epochs over the FrozenLake training set. Stage 2 (Scaffolding RL) uses GRPO with rollout group
size G=8, clipping €=0.2, learning rate 1x10~°, and KL penalty Bx;=0.001 against the Stage 1 model;
the mean head is zero-initialized and the variance head is initialized to 0=0.05. Latent generation
loss weights are Ajypenc=1.0 and A,5=0.5 (default; see Appendix E.1).

Compute. All experiments use 8xNVIDIA A100 (80GB). Stage 1 takes approximately 7 hours per
run; Stage 2 takes approximately 3 hours per run, giving a total of ~10 hours per configuration.
Inference is performed on a single A100.

Evaluation. We report exact-match accuracy: a generated path is correct only if it both reaches
the goal and avoids every hole. The model outputs the full path as a sequence of directional moves
(Up/Down/Left/Right); paths that pass through a hole are scored as zero reward, consistent with
the VSP setup. All baselines are trained and evaluated by us under the identical data, backbone, and
evaluation protocol.

C.2. Visual-Centric Reasoning Benchmarks

Training data. We train on a mixture of open-source multimodal reasoning data covering all nine
visual-centric reasoning benchmarks listed in Section 4.2. For each benchmark we use the official
training split when available; for benchmarks without a designated training split (notably MMVP),
we hold out 30% of the released questions as a test set and use the remaining 70% for training. Each
Zebra-CoT training example already includes its paired intermediate helper image Li et al. (2025a),
which the scaffolding encoder consumes directly; we do not generate a separate helper image.

Hyperparameters. We reuse the same hyperparameters as for FrozenLake without further tuning:
K=4 latent tokens, Ajatent=1.0, A;35k=0.5, AdamW with the same schedule, and the same Stage 2
GRPO setup. Training runs for 2 epochs over the combined visual-centric reasoning mixture. Compute
matches the FrozenLake setup (8xA100, ~10 hours total).

Evaluation. We follow each benchmark’s standard protocol, which is multiple-choice accuracy on
V*, BLINK, MMVP, MMStar, CVBench, HRBench-4K, HRBench-8K, MME-RealWorld-Lite, and Jigsaw.

D. Helper Image Generation and Analysis

This appendix describes how the helper images used at training time are generated for each task family,
lists the per-benchmark strategies, and analyzes the effect of helper image choice on FrozenLake.

D.1. FrozenLake: Value-Function Heatmap
import numpy as np

def value_iteration(grid, gamma=0.85, theta=le-7):
"""Optimal state-value function for Frozen-Lake grid.
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Codes: 1=start, 2=goal, -1=hole, O=safe."""
n_rows, n_cols = grid.shape
V = np.zeros_like(grid, dtype=float)
actions = [(-1,0), (1,0), (0,-1), (0,1)]
is_terminal = lambda r,c: grid[r,c] in (-1,2)
while True:
delta = 0.0
for r in range(n_rows):
for ¢ in range(n_cols):
if is_terminal(r,c): continue
v_old = V[r,c]
Vlr,c] = max(
((0. if grid[nr,nc]==-1 else
1. if grid[nr,nc]==2 else 0.)
+ gamma * (0. if grid[nr,nc] in (-1,2)
else V[nr,ncl))
if O<=nr<n_rows and 0<=nc<n_cols
else gamma * V[r,c]
for dr,dc in actions
for nr,nc in [(r+dr, c+dc)])
delta = max(delta, abs(v_old - V[r,c]l))
if delta < theta: break
V[grid == -1] = 0.0; V[grid == 2] = 1.0
return V

D.2. Visual-Centric Reasoning Benchmarks

For visual-centric reasoning benchmarks, every Zebra-CoT training example already contains an
intermediate helper image paired with its query Li et al. (2025a). The scaffolding encoder consumes
this provided helper image directly during Stage 1 training; we do not generate a separate helper
image for these tasks.

E. Additional Experimental Results

This appendix reports additional results on loss weights, model scale, efficient fine-tuning, and
inference efficiency.

E.1. Latent Generation Loss Weights

We sweep the matching weight Aj,en: and task weight A4 of the Generation Phase objective on
FrozenLake (Levels 8-32, Table 5). Both terms are useful but neither alone is sufficient. Pure matching
(Atask=0, 64.8) is the weakest setting: the predicted z matches z* but receives no direct gradient on
whether those matches help the VLM answer correctly. Pure task loss (A5en=0, 67.0) is stronger,
but without a matching anchor the predicted latent can drift away from the scaffolding encoder’s
optimized target space. The default Ajaeen:=1.0, A:25=0.5 achieves the best average accuracy (72.0%),
with matching providing a stable learning signal and task supervision keeping the predicted latent
useful for answer generation.
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Table 5 | Latent generation loss weights on FrozenLake (Lv. 8-32, accuracy %). Ajatens and Aask
weight the latent matching term and the task loss term, respectively.

Matent Ak | L8 L16 124 132 | Avg.

1.0 0.0 [ 88.0 72.0 54.0 45.0 | 64.8
00 1.0 | 90.0 75.0 56.0 47.0 |67.0
1.0 0.5 | 94.0 79.0 63.0 52.0|72.0
1.0 1.0 |92.0 77.0 60.0 51.0|70.0
0.5 1.0 |93.0 78.0 62.0 52.0|71.3

E.2. Effect of Model Scale and LoRA Fine-tuning

To check that the framework’s gains are not specific to the 7B backbone or to full fine-tuning, we
repeat the FrozenLake experiment under two variants: a smaller Qwen2.5-VL-3B backbone, and a
parameter-efficient LoRA setup on the same Qwen2.5-VL-7B backbone (rank r=32, a=64, dropout
0.05, applied to all attention and MLP projection matrices). Both runs use the same data, helper
images, hyperparameters, and 3-seed evaluation as the main run; only the backbone size or trainability
scope changes. Table 6 reports the joint result. At 3B scale, Scaffolding Encoder+RL improves over
the 3B SFT baseline by +17.0% on average, and the gap widens with grid size, reaching +18% at
Level 32; its +5.5% improvement over the strongest prior latent baseline is preserved. The LoRA
setup also improves by +17.0% over LoRA SFT, although its absolute average remains below 3B full
fine-tuning (58.8% vs. 63.8%). Full fine-tuning at 7B remains the strongest configuration.

Table 6 | Effect of model scale and LoRA fine-tuning on FrozenLake (accuracy %). Left: Qwen2.5-
VL-3B with full fine-tuning. Right: Qwen2.5-VL-7B with LoRA r=32. Our numbers are means over 3
seeds.

Qwen2.5-VL-3B (full FT) Qwen2.5-VL-7B (LoRA r=32)
Method Lv.8 1Lv.16 Lv.24 Lv. 32 ‘ Avg. | Lvv.8 Lv.16 Lv.24 Lv.32 ‘ Avg.
SFT 75.0 60.0 38.0 14.0 46.8 70.0 52.0 32.0 13.0 41.8
SFT+GRPO 76.5 62.0 40.0 16.0 48.6 71.0 54.0 34.0 14.0 43.3
LVR Li et al. (2025b) 78.0 63.0 41.0 18.0 50.0 73.0 56.0 36.0 16.0 45.3

Mirage Yang et al. (2025b) | 79.0 65.0 43.0 20.0 | 51.8 740 58.0 38.0 18.0 | 47.0
VaLR Jeon et al. (2026) 83.0 71.0 51.0 28.0 | 583 | 80.0 650 44.0 24.0 | 53.3
Scaffolding Encoder 86.0+.6 73.0+7 56.0+.7 30.0+8|61.3+6|84.0+.7 64.0+.8 48.0+8 32.0+.8|57.0+5
Scaffolding Encoder+RL |88.0+5 76.0+6 60.0:+7 32.0:+8|63.8+.4|82.0+6 67.0+7 51.0+7 35.0:8|58.8+4

E.3. Inference Efficiency

At inference time, the scaffolding encoder is no longer used: only latent generation (Stage 1) and the
lightweight adjustment heads (Stage 2) run alongside the base VLM. Latent generation adds K=4
latent tokens to the model’s forward pass and reuses the VLM’s vision encoder and first six Transformer
layers; the adjustment heads are two small MLPs over the existing hidden states. End-to-end latency
on a single A100 is 272 ms per query, a +4.6% overhead over the 260 ms Qwen2.5-VL-7B baseline
(Table 7). Latent reasoning baselines all sit in a similar low-overhead regime (+2 to +8%), with the
differences driven primarily by the number of latent tokens K each method inserts and by whether
they introduce additional auxiliary heads. Image-generation methods such as MVoT Li et al. (2025c¢)
need to decode and re-encode a full intermediate image at each reasoning step, paying a >3x latency
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penalty over the base VLM. Scaffolding Minds achieves stronger reasoning gains than these methods
(Table 1) at less than 5% inference overhead.

Table 7 | Single-query latency on FrozenLake (single A100, BF16). Latency is wall-clock time for
the full forward pass averaged over 100 queries; K is the number of latent tokens each method inserts
(— for image-generation methods that emit a full image instead of latent tokens).

Method ‘ K Latency (ms) Overhead vs. base
Qwen2.5-VL-7B (base) | — 260 —
Latent reasoning methods
Mirage Yang et al. (2025b) 4 266 +2.3%
LVR Li et al. (2025b) 4 267 +2.7%
VaLR Jeon et al. (2026) 4 268 +3.1%
SkiLa Tong et al. (2025) 4 269 +3.5%
CoVT Qin et al. (2025) 8 274 +5.4%
Monet Wang et al. (2026) 8 276 +6.2%
Scaffolding Encoder+RL (Ours) | 4 272 +4.6%
Image-generation & tool-calling methods

DeepEyes Zheng et al. (2025) — ~540 +108%
Thyme Zhang et al. (2025b) — ~680 +162%
VPRL Xu et al. (2025) — ~820 +215%
Diff Thinker He et al. (2025) — ~910 +250%
MVoT Li et al. (2025c¢) — ~980 +277%
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