
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 8483–8500
October 24-29, 2026 ©2026 Association for Computational Linguistics

Latent Dreaming: Let Language Think Yet Latent See in Driving VLA

Zhixuan You1,2* Ruixu Zhang1* Junjie Wang1*

Yuxin Meng1 Lisheng Wu3 Lei Zhou3 Wei-Bin Kou1† Yujiu Yang1†

1Tsinghua University 2Sichuan University
3Yinwang intelligent Technology Co., Ltd

youzhixuan@stu.scu.edu.cn rx-zhang25@mails.tsinghua.edu.cn

{wangjunjie, wbkouqvb, yang.yujiu}@sz.tsinghua.edu.cn

Abstract

Vision-language-action (VLA) models for au-
tonomous driving typically express interme-
diate reasoning entirely in text, which may
discard decision-relevant visual information.
We propose Latent Dreaming (LatDM), a la-
tent–text reasoning framework that comple-
ments textual chain-of-thought with continuous
latent states. LatDM uses latent blocks to pre-
serve visually grounded spatial and temporal in-
formation, while text handles semantic abstrac-
tion and decision communication. A pretrained
visual encoder provides latent supervision dur-
ing training, and the model autonomously inter-
leaves latent and textual reasoning at inference.
Experiments on VLADBench, CODA-LM, and
NuInstruct show consistent improvements over
the underlying VLA backbone, while ablations
confirm that the latent channel contributes be-
yond standard textual fine-tuning.

1 Introduction

Textual chain-of-thought (CoT) has become a com-
mon interface for vision-language-action (VLA)
models in autonomous driving (AD). In general, a
VLA model first describes its observations and rea-
soning process in natural language, then generates
a driving action. This paradigm implicitly assumes
that the hidden states required for VLA reasoning
can be adequately expressed in textual space. For
dynamic AD tasks, this assumption is fragile (Yu
et al., 2026). Critical information such as pedes-
trian motion trends and local interaction intentions
is inherently continuous, spatial, and temporally
correlated, rather than naturally represented as dis-
crete textual tokens.

However, existing AD VLA models (Sima et al.,
2024; Tian et al., 2025; Wang et al., 2024; Xu
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et al., 2024; Shao et al., 2024; Hao et al., 2025)
overwhelmingly adopt textual CoT (Sprague et al.,
2025; Stechly et al., 2024) as the sole reasoning
channel. Textual CoT is asked to simultaneously
serve three roles: (i) visual evidence, such as de-
scribing lanes, agents, and spatial relations with
sufficient fidelity for downstream decisions; (ii)
semantic abstraction, including inferring intent, in-
voking traffic rules, and weighing risk; and (iii)
answer formatting, such as producing the final ac-
tion label, bounding box, or free-form description.
Forcing a single discrete token stream to carry all
three burdens is representationally inefficient.

We additionally observe that this representa-
tional tension is measurable. In a separate diag-
nostic on NuInstruct reasoning actions under a six-
camera, multi-frame protocol, a linear probe on the
final hidden states of MiMo-Embodied-7B (Hao
et al., 2025) achieves 93.2% accuracy, while its
greedily decoded text reaches 72.0%. This ∼21-
point difference reveals a hidden-to-text readout
gap: the decoded response does not recover all
decision-relevant information that is linearly avail-
able in the hidden states. The diagnostic does not,
by itself, identify the vocabulary projection as the
unique cause of the remaining errors.

To address this hidden-to-text readout gap, we
propose Latent Dreaming (LatDM), an autore-
gressive latent–text decomposition that assigns
each representational medium the role it is best
suited for. Concretely, LatDM consists of three
stages: visual encoder pre-training, dual-track su-
pervised fine-tuning, and hybrid-mode inference.

Visual Encoder Pre-training. We first train a
self-supervised visual encoder that maps each driv-
ing image to a fixed-length set of continuous latent
vectors. The encoder adopts SAM ViT-B as its vi-
sual backbone, followed by a linear projection and
a cross-attention module that encodes each frame
into 16 vectors of dimension 4096. The training ob-
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Figure 1: Overview of the proposed LatDM.

jective is to enable the encoder to preserve spatial
structure and perceptual detail on a per-frame basis
without label supervision. Once trained on ∼209k
unlabeled driving frames, the encoder is frozen for
all subsequent stages.

Dual-Track Supervised Fine-tuning. We then
fine-tune the VLA base model using LoRA adapta-
tion. Concretely, we introduce N cascading latent-
text blocks within a single assistant turn to provide
intermediate supervision. Each block contains one
<latent-start> token, K <latent-pad>
tokens, and one <latent-end> token, fol-
lowed by a textual reasoning segment. The text
segments carry abstraction and communication,
while the latent blocks retain visual information
in continuous form. We additionally insert a
<final-answer> boundary token between the
last reasoning segment and the final answer span,
marking the transition into answer mode. At
<latent-pad> positions, a continuous regres-
sion head predicts latent vectors supervised by
the frozen encoder’s output on the corresponding
training frame, using a combined MSE and cosine-
direction loss. At text positions, the standard lan-
guage head generates reasoning segments and the
final answer under cross-entropy supervision. The
two losses are combined to form the fine-tuning
objective. To close the train–test exposure gap
within latent blocks, we employ a two-phase sched-
ule: (i) a teacher-forcing warm-up that lets the re-
gression head learn a stable next-latent prediction
mapping, followed by (ii) autoregressive unrolling
where, within each latent block, the first slot is
anchored to the ground-truth latent and the subse-

quent K − 1 slots use the regression head’s own
previous predictions as input embeddings.

Hybrid-Mode Inference. At inference time, the
model autonomously switches between text mode
and latent mode via a lightweight state machine
triggered by boundary tokens. Upon generating
<latent-start>, the model enters latent mode
and autoregressively produces K continuous vec-
tors through the regression head; after the block,
it returns to text mode. The assistant turn thus al-
ternates latent blocks and text segments in a struc-
tured sequence, terminated by a purely textual final
answer following the <final-answer> token.
The external interface is unchanged: the model re-
ceives the observed first frame and a text question,
and returns a text answer. No test-time oracle latent
is required.

Prior AD-oriented implicit-CoT methods (Lu
et al., 2026; Tan et al., 2025; Shang et al., 2026;
Peng et al., 2025; Zhang et al., 2026) typically su-
pervise latent variables with teacher trajectories or
bounding boxes. In contrast, LatDM derives its
latent supervision entirely from a frozen visual en-
coder independently applied to the corresponding
training frames. In sequential SFT examples, later
frames serve only as training targets; at inference,
only the first frame is observed, and later latent
blocks are self-generated. This design requires no
planning annotations, making LatDM applicable to
VQA tasks beyond trajectory planning.

In summary, the proposed LatDM is illustrated
in Figure 1, and the main contributions are:

• We identify and quantify the hidden-to-text in-
formation bottleneck in driving VLA models,
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revealing a ∼21.2 gap between hidden-state
probe accuracy and text-decoded accuracy.

• We propose LatDM, an autoregression-
oriented latent-text decomposition that carries
visually supervised hypotheses in continuous
latent blocks across the generated sequence,
while reserving text for intent inference and
decision communication.

• We design a three-stage pipeline comprising
self-supervised visual encoder pre-training,
dual-track VLA fine-tuning, and automati-
cally switched hybrid-mode inference. Ex-
periments on VLADBench, CODA-LM, and
NuInstruct show consistent improvements,
and ablations support the contribution of the
latent channel.

2 Related Work

2.1 Language-Centric Reasoning in AD VLA

VLAs (Yang et al., 2026) emerged as a prominent
paradigm for AD action generation. Works such
as DriveLM (Sima et al., 2024), DriveVLM (Tian
et al., 2025), OmniDrive (Wang et al., 2024),
DriveGPT4 (Xu et al., 2024), LMDrive (Shao et al.,
2024), and MiMo-Embodied (Hao et al., 2025)
adapt general-purpose multimodal models to driv-
ing question answering, scene comprehension, and
planning tasks, enabling models to express environ-
mental understanding, behavioral intent, and deci-
sion rationale in text. Further methods such as Rea-
son2Drive (Nie et al., 2024) and RAG-Driver (Yuan
et al., 2024) improve driving reasoning through
textual CoT, retrieval augmentation, or structured
rationales. This trend shows that language provides
a unified interface for supervision, evaluation, and
human-machine interaction in AD VLA systems.

While language-centric reasoning is effective for
high-level rules, intent explanation, and answer or-
ganization, dynamic AD decisions often depend on
continuous, spatially and temporally correlated vi-
sual evidence. More broadly, temporal intention lo-
calization studies model hidden intent as the cumu-
lative effect of subtle pre-event visual cues rather
than a single overt action (Qi et al., 2024). Ac-
cordingly, LatDM retains textual reasoning in AD
VLAs while introducing continuous visual states
into the reasoning process.

2.2 Continuous States for Multimodal
Reasoning

In parallel with language-centric reasoning, recent
research has begun to question whether interme-
diate reasoning states must be expressed entirely
in textual form. Continuous or implicit CoT meth-
ods (Hao et al., 2024; Zelikman et al., 2024; Goyal
et al., 2024; Lv et al., 2026) attempt to replace
the textual reasoning process with hidden states,
continuous embeddings, or latent vectors, demon-
strating that language is not necessarily the optimal
representational space for all computational steps.
In AD, several works introduce world-model ob-
jectives (Wang et al., 2023; Hu et al., 2023; Gao
et al., 2024), implicit action representations (Peng
et al., 2025; Zhang et al., 2026), or trajectory-level
latent states (Tan et al., 2025; Shang et al., 2026) to
support planning and embodied decision-making.
These studies reflect an emerging trend: multi-
modal decision models are evolving from purely
textual reasoning chains toward continuous states.

We focus on employing continuous visual states
in reasoning. LatDM interleaves continuous latent
vectors with textual tokens along the reasoning tra-
jectory. This design preserves the external interface
while allowing intermediate visual information to
remain continuous rather than requiring every rea-
soning step to be rendered as vocabulary tokens.

3 Latent Dreaming (LatDM)

3.1 Overview
We present LatDM, a latent-text decomposition
scheme that assigns visual evidence to continuous
latent blocks and reserves discrete text tokens for
abstraction and communication. The interface is
unchanged: the model consumes a driving image
and a textual question, and outputs a textual answer.

In LatDM, the latent channel’s continuous vec-
tors retain compact geometric and photometric in-
formation. The text channel’s discrete tokens ex-
press traffic rules, intent inference, risk assessment,
and the final formatted answer. The two channels
play complementary roles. The interleaved struc-
ture supports cross-channel information flow: text
segments can attend to preceding latent vectors,
while later latent blocks condition on preceding
text and latent context.

The architecture comprises four components:
(i) the frozen MiMo visual tower, which encodes
the externally provided image; (ii) a separate
frozen latent-target encoder, which produces com-
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pact continuous supervision targets during training;
(iii) the MiMo-Embodied-7B language backbone,
augmented with special boundary tokens and a la-
tent regression head; and (iv) a hybrid generation
protocol that alternates between text decoding and
latent vector regression.

3.2 Visually Grounded Latent Targets

The visual encoder Eϕ :R3×H×W →RK×D maps
a single frame into K=16 continuous vectors of
width D (matching the backbone hidden size). It
is trained once on driving frames and then frozen
for all subsequent fine-tuning stages. For any train-
ing frame, it produces a fixed supervision target in
RK×D for the LLM’s latent predictions.

Architecture. Inspired by the SAM ViT-B back-
bone (Kirillov et al., 2023) and the cross-attention
compression design used in Vary (Wei et al., 2024),
the visual encoder contains three components: (i) a
SAM ViT-B backbone followed by two convolu-
tional downsampling stages, producing a 16×16
spatial feature grid; (ii) a linear projection to the
LLM hidden dimension, yielding patch features
p∈R256×D; (iii) a Q-Former-style cross-attention
bottleneck with K=16 learnable queries that com-
presses p into c∈RK×D.

Self-supervised pre-training. We train the vi-
sual encoder Eϕ end-to-end with a self-supervised
reconstruction objective. A symmetric cross-
attention head with 256 learnable queries decom-
presses c back to p̂∈R256×D, and we minimize:

Lrec = MSE
(
p̂, sg[p]

)
+0.1·

(
1−cos(p̂, sg[p])

)
,

(1)
where sg[·] denotes stop-gradient. The pre-training
corpus consists of 209,501 unlabeled AD frames
sampled from nuScenes (Caesar et al., 2020) and
the dynamic-scene subset of VLADBench (Li et al.,
2025). Once trained, the visual encoder is retained
and frozen for all downstream stages.

Design rationale and underlying merit. Using
same-frame reconstruction as the encoder objective
makes a latent target available for any individual
driving frame without 3D boxes, trajectories, or
planning annotations. This differs from learning
a future-frame predictor: each target is the frozen
encoding of the frame being represented. In se-
quential SFT examples, later observed frames are
nevertheless used as training-only targets for later
latent blocks.

3.3 Latent-Text Interleaved Trajectory
We introduce the following additional spe-
cial tokens: <LS> (<|latent_start|>),
<LP> (<|latent_pad|>), and <LE>
(<|latent_end|>) for latent block open-
ing, slot placeholders, and closing, respectively,
and <FA> (<|final_answer|>) for the final
answer boundary.

The model input consists of the system prompt,
the question q, and only the first frame I1. For a
sequential training example, block n is supervised
by the frozen target Eϕ(In); frames In>1 are used
only to construct training targets and are not ex-
posed through the VLA visual input. At inference
time, no target frames or cached encoder outputs
are available, and all latent blocks are generated
by the model. The assistant turn contains N latent
blocks, each followed by a text reasoning segment
sn, and terminates with <FA> and the answer y:

<LS>

K︷ ︸︸ ︷
<LP> · · ·<LP> <LE>︸ ︷︷ ︸

Latent block 1

s1

· · · (2)

<LS>

K︷ ︸︸ ︷
<LP> · · ·<LP> <LE>︸ ︷︷ ︸

Latent block N

sN <FA> y,

where <LP> at slot k is supervised by a continuous
vector Zk

n ∈ RD produced by the frozen latent-
target encoder for the corresponding training frame,
sn denotes textual reasoning tokens, and y is the
final answer.

3.4 Training Objective and Strategy
Dual-track loss. The training loss jointly super-
vises text tokens and latent vectors:

L = LCE + λLlat, (3)

where λ balances the two terms across training.
Let Mtxt denote the set of text token positions

that contribute to the language modeling loss. We
assign per-position weights wℓ ∈ {1, wans}, where
wans is applied to the <FA> boundary, the answer
tokens, and the closing <|im_end|> token. The
text loss is a weighted next-token CE loss:

LCE =
∑

ℓ∈Mtxt

wℓCE
(
Whℓ, xℓ+1

)
/

∑

ℓ∈Mtxt

wℓ,

(4)
where W is the LLM head and hℓ is the hidden
state at position ℓ.
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Let Mlat = {ℓ : xℓ+1 = <LP>} denote the
positions whose next token is a latent placeholder in
one assistant turn. The latent loss supervises each
predicted vector against the frozen encoder target,
combining MSE with a cosine direction term:

Llat =
1

|Mlat|
∑

ℓ∈Mlat

[ 1

D
∥R(hℓ)− Zℓ+1∥22+

0.1
(
1− cos(R(hℓ), Zℓ+1)

)]
, (5)

where R : RD →RD is a single linear projection
layer and Zℓ+1 denotes the ground-truth latent vec-
tor at the corresponding <LP> slot, obtained from
the frozen visual encoder, and hℓ is the hidden state
at position ℓ. The MSE component encourages
magnitude matching, while the cosine component
directly penalizes directional mismatch between
the predicted and target vectors.

Two-phase training schedule. A fundamental
challenge in training autoregressive latent genera-
tion is exposure bias: during training, the model
receives ground-truth latent vectors as input con-
text, but at inference time it must condition on its
own imperfect predictions. Within continuous la-
tent sequences of K = 16 steps, errors compound
rapidly because there is no discrete argmax to snap
predictions to valid tokens.

We address this with a two-phase schedule. In
Phase 1 (the first training epoch), latent blocks are
fully teacher-forced: at each position k, the input
embedding is set directly to the ground-truth target
Zk−1
n produced by the frozen encoder. This allows

the regression head to learn a stable mapping with-
out compounding prediction errors. In Phase 2
(the subsequent four epochs), we switch to autore-
gressive unrolling: within each block, the first slot
remains anchored to the ground-truth target Z0

n,
and for k≥1 the model’s own prediction Ẑk−1

n is
used as input for position k. This phase reduces
within-block exposure bias and teaches the model
to be more robust to its own prediction noise, while
retaining the first-slot training anchor.

Backbone adaptation. The backbone LLM is
fine-tuned with LoRA adapters throughout both
phases. Three additional components are trained
from scratch: (i) the regression head R :RD→RD;
(ii) three trainable input-embedding rows for <LS>,
<LE>, and <FA>; and (iii) the corresponding three
output rows of the LM head. The <LP> embedding
row is never referenced because its input position is
always overridden by an injected continuous vector.
Because the visual encoder’s output dimension D

matches the backbone hidden size, no auxiliary
embedding projection is needed.

3.5 Free-Mode Inference

At inference time, the model autonomously alter-
nates between text and latent modes. It emits text
tokens via the language model head until producing
<LS>, then switches to latent mode and generates
exactly K = 16 continuous vectors through the re-
gression head R. After K slots, the state machine
deterministically emits <LE> and resumes text de-
coding. This alternation may repeat multiple times
within a single response. The token <FA> ends the
reasoning phase and triggers the final answer span.

Each latent slot requires one autoregressive
Transformer step plus a lightweight linear regres-
sion head; it does not invoke a separate diffusion
process or visual decoder. No oracle latent vectors
are injected, and all continuous states are generated
by the model itself.

4 Experiments and Analyses

Experiments are designed to answer: (i) whether
LatDM improves over representative driving-
specialized and general-purpose VLA/VLM base-
lines; (ii) to what extent the gains can be at-
tributed to the proposed latent–text training; (iii)
where the gains emerge across perception-, relation-
, and decision-centric categories; and (iv) how the
learned latent channel affects downstream decision
beyond textual reasoning alone.

4.1 Experimental Setup

Benchmarks and metrics. We evaluate LatDM
on three driving-oriented benchmarks: VLAD-
Bench (Li et al., 2025), CODA-LM (Chen et al.,
2025), and NuInstruct (Ding et al., 2024). VLAD-
Bench evaluates fine-grained autonomous-driving
understanding across five domains and ten aspect-
level scores; we report all aspect-level scores to-
gether with the official Total score. CODA-LM
evaluates open-ended driving-scene responses with
three task-level scores: General Perception, Re-
gional Perception, and Driving Suggestion; we re-
port all three scores and additionally report Total,
computed as their unweighted average. NuInstruct
evaluates instruction-following driving tasks; we
evaluate the full test set and report Action Accu-
racy (Act. Acc.), defined as the percentage of
samples whose predicted action matches the refer-
ence action. Predicted actions are extracted with

8487



the same output parser across all evaluated models.
All metrics are reported in percentage points.

Evaluation protocol. For baseline models, we
follow the original input protocol of each bench-
mark: CODA-LM uses single-frame inputs, while
VLADBench and NuInstruct use multi-frame in-
puts. In contrast, LatDM is evaluated under a
stricter single-frame setting across all benchmarks:
only the first frame is provided as external visual
input, and subsequent frame-level latent states are
generated internally. For reproduced results, in-
cluding InternVL3.5-8B and LatDM, we follow
the official benchmark scoring procedures while
retaining the input settings described above.

Baselines and result sources. We compare
LatDM with both general-purpose VLMs and
driving-specialized VLA/VLMs, including GPT-
4o, Qwen2.5-VL-7B (Bai et al., 2025), LLaVA-
Video-7B (Zhang et al., 2024), DriveLM-B-
4B (Sima et al., 2024), MiniCPM-V-2.5-8B (Yao
et al., 2024), CODA-VLM-8B (Chen et al., 2025),
InternVL3.5-8B (Wang et al., 2025), and MiMo-
Embodied-7B (Hao et al., 2025). Published results
are taken from the corresponding benchmark or
model papers when available, while InternVL3.5-
8B and LatDM are reproduced under the same eval-
uation protocols. Since LatDM is built on MiMo-
Embodied-7B, MiMo-Embodied-7B serves as the
closest backbone reference.

Training setup. Unless otherwise specified,
LatDM is trained on the full 53,672-sample latent–
text supervision mixture with LoRA adaptation. It
uses a frozen latent target encoder to provide frame-
level latent supervision and follows a two-phase
schedule with teacher-forcing warm-up followed
by autoregressive latent unrolling. At inference
time, LatDM generates latent vectors by itself and
produces a standard textual answer; no test-time
oracle latent or external visual target is used. Addi-
tional implementation details are provided in Ap-
pendix A.

4.2 Main Results
Table 1 summarizes the main comparison across
three driving-oriented benchmarks. LatDM con-
sistently improves over its MiMo-Embodied-7B
backbone and the general-purpose InternVL3.5-8B
baseline on available benchmarks. Notably, LatDM
uses only single-frame external visual input across
all benchmarks, while the baseline results follow
the original benchmark input protocols.

The largest gains appear on VLADBench.

LatDM improves the official Total score from 61.95
to 79.43 over its MiMo-Embodied-7B backbone,
and also outperforms all reported VLADBench
baselines by a large margin. The gains are espe-
cially pronounced on relation- and decision-centric
aspects, including signal relation, lane relation, in-
tention judgment, and meta decision-making. The
complete VLADBench breakdown in Table 3 fur-
ther shows that the improvement is not limited to
the selected aspects in the main table.

On NuInstruct, LatDM improves action accu-
racy from 81.43 to 85.19 over MiMo-Embodied-
7B, indicating that the latent–text interface bene-
fits action-level driving decisions rather than only
descriptive scene understanding. On CODA-LM,
LatDM achieves the best score on Driving Sug-
gestion and the second-best Total score among
models with all three task-level scores available.
Although CODA-VLM-8B remains the strongest
CODA-LM-specialized reference, LatDM remains
competitive while achieving clear advantages on
VLADBench and NuInstruct. Overall, these results
suggest that driving VLA reasoning benefits from
augmenting textual reasoning traces with a contin-
uous latent channel, especially for relation- and
decision-centric driving tasks.

4.3 Component Ablations
We ablate key components of LatDM, including
its latent prediction interface and boundary design,
under the same backbone, training data, and evalua-
tion protocols. All ablation variants are evaluated at
Epoch 4 to isolate component effects under a fixed
training budget. Table 2 reports compact results on
VLADBench and NuInstruct, which directly eval-
uate temporal driving decisions and action-level
prediction.

The ablation results show that LatDM outper-
forms both the text-only and non-autoregressive
latent-training variants under the same Epoch-4
protocol. Removing the latent channel decreases
VLADBench Total from 79.02 to 74.64 and NuIn-
struct action accuracy from 85.04 to 84.44, sug-
gesting that the gains are not explained by standard
textual fine-tuning alone. The non-autoregressive
variant remains close on VLADBench but drops
substantially on NuInstruct. This variant retains
continuous latent targets and the regression loss but
injects ground-truth latents at every slot during SFT,
thereby isolating the contribution of within-block
autoregressive rollout.

Removing the explicit <FA> boundary causes
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Method Visual Input
VLADBench CODA-LM NuInst.

Sig. Rel. Lane Rel. Int. Judg. Ego Act. Meta Dec. Total Gen. RP Sug. Total Act. Acc.

General-purpose VLMs
GPT-4o Single/Multi 41.25 51.18 47.79 65.75 48.04 56.00 – – – – –
Qwen2.5-VL-7B Single/Multi 28.78 40.14 53.42 58.87 35.48 50.75 – – – – –
LLaVA-Video-7B Single/Multi 30.58 53.61 59.52 56.50 41.19 51.73 – – – – –
MiniCPM-V-2.5-8B Single/Multi – – – – – – 41.12 57.20 48.48 48.93 –
InternVL3.5-8B Single/Multi 39.85 52.75 52.40 62.27 45.24 56.58 26.52 45.95 25.04 32.50 59.25

Driving-specialized VLA/VLMs
DriveLM-B-4B Single/Multi 30.56 44.06 60.89 56.60 46.31 49.83 – – – – –
CODA-VLM-8B Single/Multi – – – – – – 55.04 77.68 58.14 63.62∗ –
MiMo-Embodied-7B Single/Multi 42.02 56.57 57.18 71.57 49.52 61.95 – – – 58.55† 81.43

LatDM (Ours) Single 81.01 84.92 86.08 79.96 72.14 79.43 47.74 56.05 75.51 59.77 85.19

Table 1: Main results on three driving VLA benchmarks. Visual Input follows the definition in Section 4.1. For
VLADBench, Total denotes the official benchmark score. For CODA-LM, Total denotes the unweighted average of
three task-level scores when all are available. ∗ denotes a CODA-LM-specialized reference result; † indicates that
only the CODA-LM Total score is available from the source.

Variant VLADBench NuInst.
Total Act. Acc.

MiMo-Embodied-7B 59.27 81.43

LatDM (ours) 79.02 85.04
w/o latent channel 74.64 84.44
w/o autoregressive latent rollout 78.10 81.05
w/o ⟨FA⟩ boundary 43.93 83.98

Table 2: Matched component ablations of LatDM at
Epoch 4. All rows use the same training budget and
evaluation protocol; the LatDM control is distinct from
the Epoch 5 checkpoint in Table 1.

VLADBench Total to drop sharply from 79.02 to
43.93, while NuInstruct action accuracy also de-
creases from 85.04 to 83.98. The boundary marks
the transition from interleaved reasoning to answer-
only decoding; this ablation therefore evaluates the
importance of this boundary-and-decoding control
mechanism.

4.4 Fine-grained Analyses

We further analyze where LatDM gains come from
using the complete VLADBench aspect breakdown
and epoch-level training dynamics.

Complete VLADBench breakdown. Table 3 re-
ports the complete ten-aspect breakdown of VLAD-
Bench across its five official domains. LatDM
improves over both MiMo-Embodied-7B and
InternVL3.5-8B on all ten aspects. The largest
gains appear in relation-, intention-, and decision-
centric aspects, including Signal Element Relation,
Lane Element Relation, Intention Judgment, and
Meta Decision-Making. This trend is consistent
with our motivation that continuous latent blocks

Domain Aspect MiMo InternVL LatDM

TKU Road Traffic Signals 67.78 67.77 74.25
Road Passage Provisions 79.55 72.94 82.72

GER Background 69.29 71.07 86.61
Foreground 71.89 59.44 77.44

TGG Signal Element Relation 42.02 39.85 81.01
Lane Element Relation 56.57 52.75 84.92

TAC Intention Judgment 57.18 52.40 86.08
Behavior Understanding 51.96 40.11 57.99

EDP Ego Action Reasoning 71.57 62.27 79.96
Meta Decision-Making 49.52 45.24 72.14

Total 61.95 56.58 79.43

Table 3: Complete aspect-level results on VLADBench.

provide an additional channel for preserving struc-
tured visual evidence required by traffic interac-
tions and driving decisions.

Training dynamics. Figure 2 shows downstream
performance across training epochs on the full 53K
mixture. VLADBench improves after warm-up and
then approaches its final score, while CODA-LM
and NuInstruct action accuracy fluctuate within a
narrow range in later epochs. This suggests that au-
toregressive latent unrolling does not lead to brittle
checkpoint behavior.

4.5 Hidden-to-Text Bottleneck Analysis

We further examine the hidden-to-text bottleneck
discussed in Sec. 1 after LatDM training. This di-
agnostic separates two factors: whether the correct
driving action is encoded in the model’s contin-
uous hidden states, and whether the same action
can be recovered from the model’s final text out-
put. To this end, we compare two readouts from
the same input: a linear probe trained on hidden
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Figure 2: Training dynamics across three benchmarks.

Model Pre-LLMPost-LLM Text Gap

Frozen MiMo (Think) 91.42 90.45 56.44 34.01
LatDM (Free-Mode) 90.77 91.01 76.19 14.82

∆ vs. frozen −0.65 +0.56 +19.75−19.19

Table 4: Hidden-to-text gap before and after LatDM on
NuInstruct binary action prediction. Post-LLM probe
accuracy remains nearly unchanged, while text-decoded
action accuracy improves substantially.

states and the action parsed from greedy text de-
coding. If the hidden-state probe is accurate but the
decoded text is inaccurate, then decision-relevant
information is present internally but lost during
hidden-to-text projection. We define the hidden-to-
text gap as Post-LLM probe accuracy minus greedy
text-decoded action accuracy.

We conduct this diagnostic on NuInstruct under
a matched single-frame binary action setting for
both the frozen MiMo backbone and LatDM. For
both models, we use the same front-camera frame
as visual input and normalize the output space into
binary driving actions. We fit 5-fold stratified linear
probes on Pre-LLM visual features and Post-LLM
final hidden states, and compare them with greedy
text-decoded action accuracy.

Table 4 shows that the frozen MiMo backbone
already contains strong action information in its
continuous hidden states, but much of this infor-
mation is not recovered by text decoding. Un-
der the matched single-frame setting, the frozen
model achieves 90.45% Post-LLM probe accu-
racy but only 56.44% text-decoded accuracy, re-
sulting in a 34.01-point hidden-to-text gap. Af-
ter LatDM training, Post-LLM probe accuracy
changes only marginally, from 90.45% to 91.01%,
whereas text-decoded accuracy rises from 56.44%
to 76.19%. This reduces the hidden-to-text gap

from 34.01 to 14.82 points. These results sug-
gest that LatDM mainly improves the readout of
decision-relevant information into textual answers,
rather than merely making the internal hidden state
more linearly separable. Additional protocol de-
tails, full per-position probes, and representation
geometry are provided in Appendix D.2.

4.6 Case Studies

Figure 3 shows a representative VLADBench In-
tention Judgment case where the boxed motorcy-
cle gradually moves toward the ego lane and the
ground truth is yes. This case requires temporal
evidence across frames: the cut-in intention is am-
biguous from a single image. LatDM observes only
the first frame and generates three future-oriented
latent hypotheses. Its interleaved latent–text trace
anticipates the possible lane change and answers
yes. In contrast, the frozen MIMO-EMBODIED-
7B backbone observes all four frames, but its text
chain of thought concludes that no lane-changing
behavior is visible, leading to an incorrect no. This
example illustrates that self-generated latent hy-
potheses can support action reasoning from a single
observation.

5 Conclusion

We introduced LatDM, a latent–text decomposi-
tion framework for AD VLA models. LatDM aug-
ments textual reasoning with a continuous latent
channel supervised by a frozen visual encoder and
performs hybrid latent–text generation without or-
acle latent inputs. Across VLADBench, CODA-
LM, and NuInstruct, LatDM improves over repre-
sentative baselines, while ablations and analyses
show that the latent channel benefits relation- and
decision-centric reasoning beyond text-only fine-
tuning. hese results suggest that continuous latent
reasoning can serve as a useful complement to text-
only CoT for visually grounded driving decision-
making.

6 Limitations

LatDM currently adopts a single-frame external-
input protocol at inference time: only the first
frame is provided as visual input, while subsequent
frame-level latent states are generated internally.
This setting is stricter than standard multi-frame or
multi-view benchmark protocols, but it may also
introduce accumulated errors over long temporal
horizons, heavy occlusion, or rare dynamic scenar-
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MiMo

[image_1] [image_2] [image_3] [image_4]; 
Based on the given autonomous driving image sequence, at 
the moment of the last image, does the Electric vehicle 
within the red box in the image have the intention to cut in? 
Answer 'yes' or 'no', note no explanation needed.

LatDM

Latent block 1 Latent block 2 Latent block 3[image_1]; 
Based on the given autonomous driving image sequence, at the 
moment of the last image, does the Electric vehicle within the 
red box in the image have the intention to cut in? 
Answer 'yes' or 'no', note no explanation needed.

 Input Ground Truth：yes

predicted, not input

same

<think>So, let's look at the image. 
The electric vehicle (motorcycle) is in the right lane. 
To determine if it's intending to cut in, we check its position 
and movement. 
Since there's no indication of lane changing or merging 
behavior visible, and it's just moving forward,
the answer is no.</think> 
<answer>no

[Latent Block 1] Reasoning: The vehicle’s trajectory and 
positioning suggest a maneuver toward a different lane, 
indicating intent to cut in.\nLean: yes
[Latent Block 2] Reasoning: Consistent trajectory and 
positioning maintain indication of lane-changing intent.\nLean: 
yes
[Latent Block 3] Reasoning: Consistent trajectory and 
positioning across frames maintain indication of lane-changing 
intent.\nConclusion: yes
[final answer]yesOutput

Figure 3: Case study on VLADBench Intention Judgment.

ios. Future work may combine LatDM with sparse
additional visual observations for more robust long-
term driving reasoning.
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Appendix

This appendix provides supplementary details and
analyses that support the main paper. Appendix A
describes implementation details of LatDM, includ-
ing visual-encoder pre-training, dual-track SFT,
and free-mode inference. Appendix B summarizes
evaluation details such as benchmark splits, met-
rics, and input protocols. Appendix C reports addi-
tional experimental results, including hyperparam-
eter sensitivity. Appendix D provides mechanistic
analyses of the latent channel, including attention
rollout, hidden-state probing, and slot-level prob-
ing.

A Method and Implementation Details

A.1 Visual Encoder Pre-training
We train the visual encoder Eϕ (Sec. 3.2) once with
a self-supervised feature reconstruction objective
and then keep it frozen. It uses a SAM ViT-B back-
bone followed by two convolutional downsampling
stages, a linear projection to the LLM hidden width
D = 4096, and a Q-Former-style cross-attention

bottleneck with K = 16 learnable queries to pro-
duce latent slots c ∈ R16×D. A symmetric decom-
pressor reconstructs the projected patch features
for the feature-space loss in Eq. 1.

The encoder is pre-trained on 209,501 unlabeled
driving frames from nuScenes (Caesar et al., 2020)
and VLADBench (Li et al., 2025). We train for
two epochs with AdamW, fp16 precision, a co-
sine schedule, and an effective batch size of 24
on six RTX 4090 GPUs. The learning rates are
1× 10−5 for the SAM backbone and 1× 10−4 for
the newly initialized modules. After pre-training,
the encoder is frozen and used to construct frame-
level latent targets {Z∗

n}Tn=1 ∈ RT×K×D for SFT.
The encoder is never trained to predict a different
future frame. During SFT, however, sequential ex-
amples use the frozen encodings of later observed
frames as training-only targets for subsequent la-
tent blocks; only the first frame is exposed through
the VLA visual input.

A.2 Latent–Text Dual-Track SFT

The SFT stage adapts MiMo-Embodied-7B with
the dual-track objective in Eq. 3. The base back-
bone and visual tower are kept frozen; we train only
LoRA adapters, the latent regression head R, and
the input/output embedding rows of <LS>, <LE>,
and <FA>. The <LP> row remains frozen because
every latent-slot input is replaced by a continuous
vector.

Textual-reasoning supervision. We construct in-
termediate textual reasoning targets with the frozen
MiMo model before SFT. For each target segment,
the model receives the question, the correspond-
ing training frame, the reference answer, and any
preceding reasoning segments. These targets are
therefore answer-conditioned rationales rather than
independently generated solutions. The conclusion
of each target is deterministically aligned with the
reference answer.

The box below reports the representative prompt
used for a multi-frame, discrete-answer training ex-
ample. Placeholders in braces are populated from
the training manifest. This prompt is used only to
construct SFT targets offline; later training frames
are not supplied to LatDM at inference time.
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Representative multi-segment reasoning prompt

System message
You are an autonomous driving reasoning assistant. Look
at the scene, reason about other road users and traffic rules,
then produce the appropriate ego-vehicle action.

User message for segment t
Question: {question}
Reference answer: {reference answer}
Previous reasoning so far: {segments
1, . . . , t− 1}
The previous-reasoning field is omitted for the first seg-
ment.

Frame-specific instruction
• t = 1: This is the first frame (frame 1 of N ). The final

answer is known to be “{reference answer}.” Start the
reasoning trace toward this answer.

• 1 < t < N : This is frame t of N . State what is new in
this frame’s contribution, building on the accumulated
reasoning without restating it.

• t = N : This is the final frame. Consolidate the accu-
mulated reasoning across all frames and commit to the
reference answer.

Reasoning constraint
Do not directly describe visual content. Reason from
intent inference, traffic rules, and prior expectations. For
example, prefer an abstract statement such as “Standard
right-of-way rules and the absence of conflicting intent
support proceeding” to a literal inventory of objects, colors,
or positions in the frame.

Required output
Reasoning: <1-2 abstract sentences
focused on this step>
Lean: {reference answer} (t < N)
Conclusion: {reference answer} (t = N)

For a five-frame manifest example, this produces four
Reasoning–Lean segments followed by one Reasoning–
Conclusion segment.

Hyperparameter Value

Base model MiMo-Embodied-7B
Trainable modules LoRA, R, <LS>/<LE>/<FA>

rows
LoRA rank / α / dropout 128/256/0.05
LoRA targets attention and MLP projections
Regression head R Linear(D→D), D = 4096
Latent slots K 16
Latent loss MSE +0.1(1− cos)
Latent loss weight λ 10.0
Answer-span weight wans 3.0
Max sequence length 2048
Visual max pixels 802,816
Training samples 53,672
Epochs 5.0
Batch / accum. / GPUs 1/8/8
LoRA LR / head LR 2× 10−5 / 2× 10−4

Optimizer AdamW, wd 0.01
Precision bf16
Phase 1 / Phase 2 first 1 / subsequent 4 epochs

Table 5: Dual-track SFT hyperparameters. The base
backbone and visual tower are frozen throughout train-
ing.

Training is performed on 8 NVIDIA H20 GPUs.
We use a cosine learning-rate schedule with 5%
warm-up and DeepSpeed ZeRO-2. The latent tar-
gets are direct outputs of the frozen latent-target
encoder without additional normalization. During
Phase 1, ground-truth latent targets are provided at
every latent position. During Phase 2, the first slot
in each block remains anchored to its target and the
remaining slots are generated autoregressively.

A.3 Free-Mode Inference

For LatDM, all results in Tab. 1 are obtained with
the free-mode inference protocol in Sec. 3.5. The
model autonomously alternates between text tokens
and latent blocks before emitting the final answer.
No oracle latent vectors or encoder-generated tar-
gets are provided at inference time.

Each latent block contains K = 16 slots. Free-
mode inference imposes no hard lower bound on
the number of latent blocks, and the model may
emit <FA> before four blocks have been gener-
ated. The four-block setting acts only as a fallback
for long pre-answer text segments: while fewer
than four blocks have been emitted, the state ma-
chine inserts <LS> when a pre-answer text seg-
ment reaches its allocated budget. It does not pre-
vent the model from emitting <FA> earlier. We
cap the maximum number of latent blocks at eight.
After the model emits <FA>, latent-control tokens
are forbidden and decoding continues only in the
textual answer mode until <|im_end|>. We use
greedy decoding with repetition penalty disabled.
The text-token budget is 512 for VLADBench and
NuInstruct, and 1024 for CODA-LM.

Complexity and parameter overhead. LatDM
does not introduce a separate model-scale branch.
If standard decoding has length L, adding B latent
blocks with K slots extends the sequence to ap-
proximately L+BK, so the Transformer attention
complexity remains O((L + BK)2). Each latent
slot requires one autoregressive Transformer step
followed by a linear D→D regression head. Be-
yond LoRA, the trainable additions comprise this
head and the input/output rows for three special
tokens. No diffusion process, visual decoder, ora-
cle latent, or future observation is used at inference
time.

B Benchmark and Evaluation Details

We evaluate LatDM on three autonomous driving
VLA benchmarks: VLADBench, CODA-LM, and
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Measure NVIDIA Ascend Difference or agreement

Successful latent-target construction (%) 100.0 100.0 0.0 pp
Mean latent-target slot norm 60.6615 60.6615 2.36×10−6%
Paired latent-target cosine similarity – – 0.999999999986
Mean relative latent-target ℓ2 error – – 5.30×10−6

Mean reasoning segments per example 2.73 2.73 100.0% agreement
Mean tokens per reasoning segment 35.76 35.78 0.07%
Reasoning segments shorter than 10 tokens (%) 0.0 0.2 0.2 pp
Examples containing repeated reasoning segments (%) 6.0 8.5 2.5 pp
Reasoning segments containing visual terms (%) 3.5 3.7 0.2 pp
Greedy-decoded reasoning-segment ROUGE-L – – 0.731

Mean tokens per complete training sequence 1297.7 1297.5 0.02%
Training sequences truncated at 2,048 tokens (%) 0.0 0.0 0.0 pp

Table 6: Cross-accelerator comparison of training-target generation on the same 200-example evaluation subset.
The final column reports either the difference between aggregate statistics or paired agreement between outputs,
as appropriate. The comparison assesses consistency across the two hardware platforms and does not establish
equivalence between trained models or downstream performance.

NuInstruct. For each benchmark, we follow the of-
ficial evaluation protocol when available and report
the metric used in Tab. 1.

For VLADBench, following the official scoring
protocol, we evaluate the 28 scored tertiary tasks
with 11,193 QA instances; the Trajectory task is
excluded from the reported Total. LatDM is eval-
uated with the first frame as its visual input. We
report the official rule-based score.

For CODA-LM, we evaluate on the official test
split with 2,123 QA instances. This benchmark
is image-based, so LatDM follows the standard
single-image input setting. We report the official
GPT-based S1/S2/S3 scores.

For NuInstruct, we evaluate on the official test
split with 1,330 samples. Since the original bench-
mark contains multi-view driving inputs, LatDM
uses the first front-camera frame under its single-
frame latent interface. We report action accuracy
by extracting the final driving action from each
free-form response and mapping it to the canonical
action labels before comparison.

Overall, LatDM is evaluated under a constrained
visual interface for benchmarks that originally pro-
vide sequential or multi-view visual observations.

C Additional Experimental Results

C.1 Hyperparameter Sensitivity

Figure 4 reports hyper-parameter sweeps on the
7K subset at epoch 5. Across the tested settings,
LatDM remains stable around the selected configu-
ration, suggesting that the observed gains are not
caused by a brittle hyper-parameter choice.

C.2 Cross-Accelerator Consistency of
Training-Target Generation

To assess whether training-target generation is con-
sistent across accelerator platforms, we repeat the
construction of latent and textual reasoning targets
on Ascend hardware. The evaluation uses a fixed,
stratified sample of 200 training examples, compris-
ing 80 examples from CODA-LM, 60 from VLAD-
Bench, and 60 from NuInstruct. The VLADBench
portion spans all scored task categories present in
the sampled data, and the full evaluation includes
both single-frame and multi-frame inputs. With
identical model weights and preprocessing configu-
rations, we execute the frozen latent-target encoder
in FP32 and MiMo-Embodied-7B in BF16 on two
Ascend 910B2 NPUs. On NVIDIA hardware, the
latent targets are generated on H20 GPUs and the
textual reasoning targets on RTX 4090 GPUs. The
Ascend textual-reasoning generation uses random
seed 20260828 and retains the original prompting
and decoding protocol: greedy decoding for the
first and final segments and sampling with T = 0.6
and p = 0.95 for intermediate segments. The com-
parison is restricted to the construction of training
targets before SFT and does not evaluate the equiva-
lence of trained models or benchmark performance.

All 200 examples yield valid targets on As-
cend. The latent targets are numerically consis-
tent across platforms: tensor shapes match for
every example, the mean paired cosine similar-
ity is 0.999999999986, and the mean relative ℓ2
error is 5.30×10−6. Because text generation is
autoregressive, small hardware-dependent numeri-
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cal differences may alter surface forms even under
matched decoding settings. We therefore compare
distributional statistics and paired text similarity
rather than requiring byte-identical outputs. For
greedily decoded segments, the mean ROUGE-L
is 0.731. Mean segment length and mean full-
sequence length differ by 0.07% and 0.02%, respec-
tively. These results support consistent training-
target generation across the two hardware platforms
for this fixed subset; they do not establish equiva-
lence for complete training runs, learned models,
or downstream performance.

D Mechanistic Analysis of the Latent
Channel

D.1 Attention Rollout

Sec. 3.1 posits an information flow between the
latent and text channels: text reasoning tokens can
attend to latent vectors during generation. During
SFT, the per-frame supervision in Sec. 3.3 aligns
latent block t with the target encoding of frame
t; under free-mode inference, however, that block
is self-generated from the preceding context and
receives no frame-t pixels. We examine these prop-
erties by recording per-layer attention weights for
generated reasoning-text tokens. The analysis uses
a 60-sample task-balanced subset: 20 NuInstruct
multi-frame samples, 20 VLADBench dynamic
samples, and 20 CODA-LM single-frame samples.
To analyse attention along the generated sequence,
we use a two-pass procedure: we first generate each
response with the standard free-mode protocol and
then replay the resulting sequence while recording
attention weights.

Generated latent hypotheses receive more non-
text attention on sequential examples. Aggre-
gated across reasoning-text tokens, the 7K LatDM
checkpoint allocates 13.2% of its attention to latent
slots on dynamic VLADBench samples, compared
with 2.9% to ViT image patches on the same sam-
ples. Thus, reasoning reads the self-generated la-
tent trajectory more strongly than the observed first-
frame patch features; this comparison concerns at-
tention allocation, not access to later frames. On
the single-frame CODA-LM split, the latent atten-
tion share drops below 2% across all checkpoints,
consistent with less reliance on an extended se-
quence of future-oriented latent hypotheses.

Latent attention is block-local. Fig. 5 shows
that reasoning tokens emitted after latent block b

attend 6.4–10.3× more to block b’s slots than to
earlier blocks, with off-diagonal cells consistently
below 1% on the 53K checkpoints. This atten-
tion pattern is consistent with block-local readout
under the temporal correspondence taught by the
SFT targets. It does not establish a causal mech-
anism or indicate that the corresponding frame is
observed at inference. The 53K main checkpoint
attains the sharpest alignment ratio (9.6×) despite
assigning fewer attention share to latent overall,
indicating more concentrated block-local attention
in this checkpoint.

D.2 Additional Details for Hidden-State
Probing

This section provides additional details for the
hidden-state probing analysis in Sec. 4.5. The
main text reports the hidden-to-text bottleneck di-
agnostic and its headline result: LatDM largely pre-
serves Post-LLM hidden-state decodability while
substantially improving text-decoded action accu-
racy. Here we supplement that analysis with (i) the
full diagnostic protocol, (ii) token-position defini-
tions along the LatDM assistant trace, (iii) full per-
position probing results with Wilson confidence
intervals, and (iv) representation-geometry mea-
surements between the latent and text channels.

Protocol for the hidden-to-text bottleneck di-
agnostic. The hidden-to-text bottleneck analysis
in Sec. 4.5 is designed as a controlled diagnostic
rather than as a main benchmark result. We evalu-
ate both the frozen MiMo backbone and LatDM on
the same NuInstruct planning-with-reasoning ex-
amples, restrict the output space to binary driving
actions, and feed both models the same single front-
camera frame. This matched setting removes differ-
ences caused by camera coverage, label normaliza-
tion, or benchmark-specific decoding. Therefore,
the relevant quantity is the gap between Post-LLM
hidden-state decodability and text-decoded action
accuracy, rather than the absolute accuracy under
the original benchmark protocol.

For the hidden-state readout, we train 5-fold
stratified linear probes with per-fold standardiza-
tion. We probe two representations: the mean-
pooled Pre-LLM visual features and the Post-LLM
hidden state at the user-prompt boundary. Text ac-
curacy is obtained by greedily decoding the same
example and normalizing the generated answer into
the same binary action space. We use the frozen
model’s Think mode as the text comparator be-
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Figure 4: Hyperparameter sweeps on the 7K subset. We evaluate LatDM at epoch 5 under different hyperparame-
ter settings. Performance remains stable around the selected configuration, indicating that the method is not overly
sensitive to a narrow hyper-parameter choice.

cause LatDM’s free-mode generation also emits an
explicit reasoning trace, consisting of latent blocks,
text reasoning, and a final-answer boundary. These
are the closest available reasoning-enabled settings.
A suppressed NoThink mode is not used as the
main comparator because it removes the reason-
ing trace rather than testing whether a reasoning
trace can faithfully externalize the hidden decision
signal.

Position taxonomy. To analyse where action-
predictive information appears along the trained
model’s generation trace, we bucket every last-
layer hidden vector produced during free-mode
inference by the role of its token. Pre-LLM de-
notes the mean-pooled output of the frozen MiMo
visual tower. Post-LLM denotes the last hidden
state at the user-prompt boundary. <LS> and <LE>
denote the latent-block open and close boundary
tokens. <LP>-b1 denotes the K slots of the first
latent block, which re-encode the visible first frame.
<LP>-brest denotes the K×(N−1) self-generated
slots of subsequent latent blocks; during SFT their
targets are encodings of later frames, but those
frames are not provided as pixel inputs at inference.
Text-reasoning denotes the text span between the
last <LE> and the <FA> boundary, while answer
denotes the span after <FA>.

Full per-position probing results. Table 7 re-
ports the 5-fold linear-probe accuracy and Wil-
son 95% confidence intervals for every position
bucket. The imagined latent positions, denoted as
<LP>-brest, achieve the highest accuracy in the en-

Bucket n Acc. 95% CI

Pre-LLM 1235 90.77 [89.03, 92.26]
Post-LLM 1235 91.01 [89.29, 92.48]
<LS> 1235 86.64 [84.63, 88.42]
<LP>-all 1235 87.21 [85.23, 88.95]
<LP>-b1 1235 87.04 [85.06, 88.80]
<LP>-brest 675 92.15 [89.87, 93.95]
<LE> 1235 89.72 [87.90, 91.29]
text-reasoning 1235 89.88 [88.07, 91.44]
<FA> 1235 88.91 [87.03, 90.54]
answer span 1235 86.80 [84.80, 88.58]

Table 7: Per-token-bucket probing accuracy along the
trained model’s free-mode trace on NuInstruct binary
actions. Pre-LLM denotes mean-pooled frozen visual-
encoder outputs; Post-LLM denotes the prompt-end
hidden state; <LP>-b1 denotes the visible-frame latent
block; and <LP>-brest denotes latent blocks for sub-
sequent imagined frames. Unless otherwise specified,
n = 1,235 and the majority baseline is 74.1%. These
are the binary-labeled examples from the 1,240-sample
validation reasoning subset; five non-binary labels are
excluded.

tire trace (92.15%), exceeding both the Post-LLM
hidden state (91.01%) and the visible-frame latent
block <LP>-b1 (87.04%). Thus, action labels are
most linearly decodable at the later generated la-
tent positions in this diagnostic. This association
does not establish that these positions simulate fu-
ture observations. The overall trace also exhibits
a double-peak pattern: a prompt-end peak, a later
latent-block peak, and then a gradual decrease to-
ward the discrete answer, showing that decision-
relevant information remains linearly decodable
across the latent-to-text transition.
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Figure 5: Block-local attention follows the training-time temporal alignment. Panels (a)–(d) show LatDM
trained on 53K examples, the matched 53K control without autoregressive latent rollout, LatDM trained on the
7K subset, and the 7K control without the first-slot training anchor, respectively. For each multi-block sample, we
record the average attention from reasoning-text tokens emitted after latent block b (row) to the latent slots of block
x (column). The upper triangle (x>b) is structurally empty due to causal masking. Within the lower triangle, the
diagonal M [b, b] dominates the off-diagonal by 6.4–10.3× across the evaluated LatDM checkpoints (p ≪ 10−3,
paired bootstrap), supporting block-local use consistent with the temporal alignment imposed during SFT (Sec. 3.3).
This pattern does not imply access to frame-b pixels at inference. The 53K checkpoints attain the sharpest alignment.

Geometric separation between latent and
text channels. Table 8 reports representation-
geometry measurements on the dynamic subset of
VLADBench (n=684 multi-frame samples), with-
out using ground-truth labels. The latent channel
lives in a low-norm, low-rank compressed domain
(∥ · ∥2 ≈ 68, effective rank ≈ 51), while the text-
reasoning channel spans a larger-amplitude space
(∥ · ∥2≈215, effective rank ≈62). Alignment with
the frozen visual-encoder subspace is slightly posi-
tive for latent positions (+0.024) and near zero for
text-reasoning positions (−0.010± 0.011). Within
the same sample, the two channels have low cosine
similarity (cos = 0.16). Finally, latent positions
across blocks of the same sample are almost per-
fectly co-directed (cos=0.99999), indicating that
inter-block differences are subtle within a low-rank
region of the 4096-d latent space.

Protocol differences from the motivation probe.
The motivation probe in Sec. 1 (93.2%→ 72.0%,
∼21 pp gap) was measured on the frozen back-
bone under the original six-camera, multi-frame
protocol with permissive parsing. In contrast, the
controlled diagnostic in Sec. 4.5 uses a strict single-
front-camera protocol with strict binary parsing, so
that the frozen and trained models are compared un-
der the same input distribution. This explains why
the frozen baseline gap in Table 4 is larger (34 pp):
the single-camera strict setting amplifies the conser-
vatism of Think-mode text decoding on the frozen
backbone. In the matched diagnostic, the reduction

in the gap is driven numerically by higher text-
decoded accuracy while Post-LLM hidden-state
decodability remains nearly unchanged.

D.3 Slot-Level Probing of Latent Blocks

We further analyse what each of the K=16 slots
inside a latent block encodes. This probe is a post-
hoc diagnostic on the same LatDM checkpoint used
in Sec. 4; no additional training is performed.

Setup. We collect the regression-head outputs
at inference time on VLADBench (10,941 valid
samples after excluding 252 entries without valid
model outputs) and CODA-LM (2,123 samples),
yielding 13,064 block-1 tensors of shape 16×4096.
For each slot k∈ [0, 15], we train an independent
5-fold logistic-regression probe (ℓ2, balanced class
weights, standardized features) under two proto-
cols: (i) a task-family one-vs-rest binary probe over
12 semantic attributes, including vulnerable-road-
user, lane-related, traffic-light, and CODA-LM
regional-perception categories; and (ii) a within-
task multi-class probe predicting the ground-truth
answer label inside a single task. We use 8 tasks
with discrete answer vocabularies, each contain-
ing 5–6 answer classes. Three baselines con-
trol for slot aggregation: full block (a flattened
65,536-dimensional vector), slot average (a 4,096-
dimensional mean vector), and random slot (one
slot sampled per example).
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Measure latent (<LP>) text-reasoning

mean ∥h∥2 67.98 ± 0.02 215.40 ± 3.44
effective rank (PCA-ent.) 51.40 ± 17.78 61.73 ± 21.16
cos(·, frozen ViT) +0.0238 ± 0.003 −0.0095 ± 0.011
cos(latent, text) (in-sample) 0.1614± 0.0226
cos(block-1 latent, blocks 2..N latent) 0.99999± 6×10−7

Table 8: Representational geometry of the latent and text channels on dynamic VLADBench samples. The channels
differ in norm and effective rank; latent positions show slight positive alignment with the frozen visual encoder,
while text-reasoning positions are near zero.
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Figure 6: Per-sample hidden-state norm and cosine alignment with the frozen visual encoder on dynamic VLAD-
Bench samples. Latent positions form a low-norm region with slight positive alignment to the frozen ViT subspace,
while text-reasoning positions span a larger-amplitude region with near-zero alignment.

Task identity is redundantly decodable across all
slots. Every one of the 16×12 = 192 task-family
probes reaches ≥ 99% accuracy (Fig. 7a). The
three slot-aggregation baselines also yield nearly
identical accuracy: random slot≈ slot average≈
full block≈ 100%. Therefore, task identity is lin-
early recoverable from any individual slot. After
subtracting each row’s mean (Fig. 7b), the residual
per-slot deviations are below 1 pp, suggesting that
task identity is redundantly replicated across the
block. This is consistent with the low-rank geom-
etry reported above: task conditioning is broadly
broadcast along the latent manifold rather than iso-
lated in a single slot.

Slots specialize on within-task visual content.
The picture changes once task identity is held fixed.
Within-task probes reach accuracies far above the
majority-class floor, and slots are no longer inter-
changeable. The gap between the best and mean
slot ranges from +1.7 pp on Lane Recognition to
+26.7 pp on VRU Recognition (Table 9). Fig. 7c
visualizes the full 16×8 accuracy matrix.

Three patterns emerge. First, slot 0 yields the
highest probe accuracy for five of the eight tasks, all

Task n maj. max top-1 ā ∆

VRU Recognition 255 .322 .718 0 .450 26.7
Vehicle Status 194 .361 .912 0 .786 12.6
Traffic Light 658 .444 .799 0 .728 7.1
Right of Way 309 .757 .825 0 .755 7.0
Long/Short Parking 247 .352 .886 0 .839 4.8
Driving Efficiency 182 .341 .660 15 .621 3.8
Pavement Marking 270 .485 .978 2 .945 3.3
Lane Recognition 704 .398 .797 14 .780 1.7

Table 9: Within-task slot probing summary. maj.:
majority-class accuracy; max: accuracy of the best slot;
ā: mean across 16 slots; ∆: max−mean (pp).

of which emphasize direct visual recognition: VRU
recognition, vehicle status, traffic-light recognition,
right-of-way assessment, and long/short parking.
This matches the training design in Sec. 3.4: slot 0
is most directly tied to the ground-truth latent dur-
ing the autoregressive rollout, so the model natu-
rally treats it as the block’s visual summary. Sec-
ond, slots 2, 14, and 15 yield the highest probe accu-
racy for geometric and rule-based tasks, including
pavement-marking recognition, lane recognition,
and driving efficiency. This pattern is consistent
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Figure 7: Slot-level probing of latent blocks. (a) Task-family one-vs-rest probe accuracy across 16 slots × 12
attributes; every cell reaches ≥99%. (b) The same matrix after subtracting each row’s mean: per-slot deviations
are below 1 pp, indicating that task identity is redundantly broadcast across slots. (c) Within-task multi-class
probe accuracy across 8 VLADBench tasks × 16 slots, with rows ordered by ∆max−mean. White outlines mark
the per-task top-1 slot; right-margin annotations report ∆. Slot 0 yields the highest probe accuracy on direct
visual-recognition tasks, whereas slots (2, 14, 15) do so on geometry- and rule-based tasks.

with the within-block autoregressive rollout captur-
ing more abstract reasoning content in some slots.
Third, slot 12 yields the lowest probe accuracy on
three independent tasks, which suggests that the
latent block contains a low-rank specialization pat-
tern rather than a fully uniform 16-channel code.

Implication for the main narrative. Together,
the two probes reveal a two-layer encoding inside
each latent block. Task identity is broadcast redun-
dantly across all 16 slots, so any single slot suffices
to recover which task the assistant is answering. In
contrast, the visual content needed to answer that
task is distributed non-uniformly across slots, with
a tendency for the anchor slot to favor direct visual
recognition, while other slots are stronger for some

rule- and geometry-driven tasks. The latent block
is therefore not a 16-fold copy of the same vector; it
carries structured visual evidence that the text chan-
nel does not have to encode by itself, supporting
the “latent-for-evidence, text-for-communication”
decomposition introduced in Sec. 3.1.
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