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Abstract
Vision-language models for autonomous driving
(AD-VLMs) have been widely adopted to inte-
grate visual perception, language reasoning, and
decision-making, yet they still pose serious safety
risks under perturbations, misleading instructions,
and long-tail traffic interactions. Existing safe-
guards have shown effectiveness in mitigating un-
safe behaviors. However, these safeguards usu-
ally introduce external constraints explicitly, mak-
ing the repair dependent on limited predefined rules
or prompt regeneration, which weakens general-
ization to unseen scenarios and increases genera-
tion latency. To address these, we propose LA-
TENTGUARD, a latent world logic repair frame-
work that models safety logic inside the hidden
representation space of AD-VLMs. Specifically,
LATENTGUARD learns logic-induced feature shifts
from unsafe outputs and their counterfactual safe
alternatives, enabling the model to repair unsafe
hidden states toward safer world-consistent rep-
resentations. To further improve generalization,
we introduce conditional latent logic modeling and
future-consistency regularization, which encourage
repaired states to follow safer latent world evolu-
tion beyond the current output. Experiments on
VRU-Accident and NAVSIM show that LATENT-
GUARD reduces unsafe response rate from 32.6%
to 18.8% and improves PDMS from 82.3 to 84.6.
Closed-loop and human-in-the-loop case studies
further validate that LATENTGUARD can repair un-
safe AD-VLMs responses in realistic driving inter-
actions while preserving driving behavior.

1 Introduction
Vision-language models (VLMs) have been widely adopted
in autonomous driving (AD), forming AD-VLMs as
a promising direction for visual perception, language-
conditioned reasoning, and planning-oriented decision mak-
ing [Sima et al., 2024; Ma et al., 2024; Gopalkrishnan et
al., 2024]. Given driving scenes and textual instructions,
AD-VLMs are expected to recognize traffic participants, in-
fer scene-level risks, and generate driving-relevant responses

<Question> What is the ego vehicle’s action?

<Answer> The ego vehicle should Drive Straight Stop.
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Figure 1: Illustration of LATENTGUARD. LATENTGUARD repairs
unsafe AD-VLMs responses by shifting the latent representation
from an unsafe state to a safer world-consistent state.

or actions. However, their deployment still faces serious
safety challenges. Under adversarial perturbations, mislead-
ing instructions, rare vulnerable-road-user interactions, and
long-tail traffic scenarios, AD-VLMs may produce outputs
that appear plausible but are unsafe in the dynamic driving
world [Zhang et al., 2025a; Zhang et al., 2026]. These fail-
ures are often not merely output-level mistakes; they can orig-
inate from latent semantic, causal, or interaction-level misun-
derstandings before decoding.

To address these problems, safeguards have become an im-
portant solution for mitigating unsafe behaviors [Ravichan-
dran et al., 2025; Wang et al., 2025], especially logic-based
safeguards that introduce interpretable and controllable safety
constraints [Zhang et al., 2025a; Zhang et al., 2026]. Ex-
isting methods usually protect models by injecting explicit
rules, checking generated actions, or regenerating prompts
and outputs according to external safety logic. Although ef-
fective in known scenarios, they are limited by predefined
rule coverage and rigid correction patterns. Real-world AD
safety involves implicit intentions, multi-agent negotiation,
and context-dependent causal relations, which are difficult to
exhaustively enumerate. Moreover, prompt or output regener-
ation introduces extra inference overhead and may still fail to
repair the hidden representation that causes unsafe responses.

This motivates a latent-space view of safety repair for AD-
VLMs. Instead of treating safety as an external rule set af-
ter generation, we argue that safety logic should be modeled



inside the hidden representation space. Inspired by world-
model studies showing that latent representations can encode
scene dynamics, agent interactions, and traffic-level regular-
ities [Hu et al., 2022; Hu et al., 2023; Wang et al., 2024;
Zheng et al., 2024], we define these safety-relevant hidden-
state regularities as latent world logic. From this view, re-
pairing an unsafe AD-VLMs output requires learning how
the feature representation changes when safety logic is intro-
duced into the reasoning process.

In this paper, we propose LATENTGUARD, a latent world
logic repair framework for safeguarding AD-VLMs. Instead
of injecting explicit rules during inference, LATENTGUARD
introduces safety logic implicitly by learning the feature-layer
changes induced by counterfactual safe correction. During
training, unsafe outputs are paired with safe alternatives ob-
tained from safety correction, expert annotation, simulator
verification, or safe future supervision, and the corresponding
hidden-state differences are used as feature-level repair su-
pervision. This converts explicit or counterfactual safety evi-
dence into latent repair knowledge, allowing LATENTGUARD
to model how unsafe representations should move toward
safer and world-consistent states. Based on this supervision, a
conditional latent logic module learns diverse repair patterns
and regenerates executable hidden-state repair signals from
the scene, instruction, original output, and failure cue. At in-
ference time, LATENTGUARD only uses the learned prior and
repair decoder, without requiring explicit rule search, coun-
terfactual safe alternatives, or replacement of the original de-
coder. To improve generalization beyond current-output re-
pair, we further introduce a training-only future-consistency
regularizer that encourages repaired latent states to align with
safer world evolution. We evaluate LATENTGUARD on VRU-
Accident and NAVSIM, where LATENTGUARD reduces un-
safe response rate from 32.6% to 18.8% and improves PDMS
from 82.3 to 84.6. We also conduct physical-world case stud-
ies to examine the effectiveness of latent repair. Our contri-
butions are summarized as:

• We formulate AD-VLMs safety repair as a latent world
logic repair problem, moving beyond explicit rule enu-
meration, prompt regeneration, and output correction.

• We propose LATENTGUARD, a latent world logic re-
pair framework that learns logic-induced feature shifts,
regenerates hidden-state repair signals, and regularizes
them with future consistency.

• Comprehensive experiments on accident-centric scenar-
ios, common driving scenarios, and physical-world case
studies demonstrate the effectiveness and generalization.

2 Related Work
Safeguards for AD-VLMs. Safety guards aim to pre-
vent foundation models [Brohan et al., 2023; Kim et al.,
2024] from producing unsafe behaviors through rule fil-
ters, external checkers, action-level correction, or model-level
guardrails [Zhou et al., 2025]. RoboGuard converts safety
rules into executable temporal-logic constraints [Ravichan-
dran et al., 2025; Gokhale et al., 2025], while RoboSafe
uses executable safety logic with reflective and predictive

reasoning to mitigate contextual risks [Wang et al., 2025].
GuardAgent employs a separate guard agent for knowledge-
enabled safety inspection [Xiang et al., 2024], and SafeMind
studies cascaded safety modules across task understanding,
perception, planning, and action generation [Chen et al.,
2025]. HomeGuard and EMBGuard extend embodied safe-
guards to contextual risk detection and hazard-aware plan-
ning [Lu et al., 2026; Choi et al., 2026]. In autonomous driv-
ing, recent work further introduces logic-based safeguards
for physical-world agents. SafeAuto enhances VLM-based
driving with structured safety knowledge and uses first-order
logic with probabilistic graphical reasoning to verify pre-
dicted actions [Zhang et al., 2025a]. GuardAD formulates
driving safety as evolving Markovian safety logic and revises
unsafe actions for autonomous-driving models [Zhang et al.,
2026]. These methods show the effectiveness of explicit
logic for safeguarding physical-world AI systems. However,
they mainly operate at the rule, symbolic-state, output, or
action-revision level, and rely on manually specified logic,
external checking, or predefined safety predicates. As a re-
sult, existing safeguard methods still leave open how safety
regularities can supervise feature-level repair of unsafe AD-
VLMs hidden states [Meng et al., 2022; Zou et al., 2023;
Turner et al., 2023; Wu et al., 2024].

World Models for Autonomous Driving. World-model
research increasingly emphasizes learning compact world-
state abstractions in latent space rather than reconstructing
all low-level observations. LeCun et al.’s Joint-Embedding
Predictive Architecture (JEPA) advocates world modeling
by predicting missing or future representations in an ab-
stract embedding space [LeCun, 2022], and later works,
such as I-JEPA and V-JEPA, further show that latent fea-
ture prediction can capture semantic and temporal regularities
from images and videos [Assran et al., 2023; Bardes et al.,
2024]. This latent-space perspective has also been explored
in AD world models [Shi et al., 2025; Zheng et al., 2025;
Jia et al., 2026; Wang et al., 2026]. MILE learns latent dy-
namics and driving policies from video observations [Hu et
al., 2022], GAIA-1 and DriveDreamer generate realistic or
controllable future driving scenes [Hu et al., 2023; Wang et
al., 2024], DriveDreamer-2 introduces language-conditioned
driving video generation [Zhao et al., 2025], and OccWorld
models 3D occupancy evolution for planning-oriented pre-
diction [Zheng et al., 2024]. These works suggest that la-
tent driving representations can encode agent motion, scene
dynamics, road topology, interactions, and temporal consis-
tency. However, existing world-model studies mainly focus
on prediction, generation, simulation fidelity, or planning util-
ity, while their latent-space insights have rarely been used to
derive logic-induced representation shifts for repairing un-
safe behaviors produced by AD-VLMs [Tian et al., 2024;
Mao et al., 2023] under adversarial perturbations, misleading
instructions, or high-risk traffic interactions.

3 Method
3.1 Overview
Given a visual driving input x and a language instruction q,
a base AD-VLMs produces an output y from its hidden rep-
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Figure 2: Overall framework. LATENTGUARD learns logic-induced feature shifts from unsafe responses and counterfactual safe alternatives,
regenerates hidden-state repair signals through a conditional latent logic module, and regularizes the repaired state with safer future evolution.

resentation h. Instead of filtering or rewriting the output af-
ter generation, LATENTGUARD repairs the hidden represen-
tation that leads to unsafe behavior. The key idea is to learn
latent world logic from counterfactual correction: when an
unsafe response is changed into a safer alternative, the cor-
responding feature-level change indicates how safety logic
should act inside the model.

Given the original output, LATENTGUARD extracts a
failure cue f to summarize the unsafe behavior, such as
vulnerable-road-user conflict, unsafe yielding, misleading-
instruction compliance, collision risk, or red-light inconsis-
tency. The overall repair process is

(x,q,y, f) → ∆ĥ → h̃ → ỹ, (1)

where ∆ĥ is the predicted hidden-state repair signal, h̃ is the
repaired representation, and ỹ is decoded by the original AD-
VLMs head. Thus, LATENTGUARD performs safety repair
inside the latent reasoning state without explicit rule enumer-
ation, output regeneration, or decoder replacement.

3.2 Latent World Logic Supervision
The first step is to learn what a safe latent repair should look
like. When the original output is unsafe, we denote it as y−

and denote its hidden representation as h−. For each un-
safe response, we construct or retrieve a counterfactual safe
alternative y+ that keeps the original task intent while re-
moving the unsafe behavior. This safe alternative can be ob-
tained from explicit safety logic, expert correction, simulator-
verified decisions, safe labels, or safe future supervision.

The safe alternative is not used as a fixed output template.
Instead, it is used to reveal how the internal representation

should change when safety logic is introduced. Let h+ be
the hidden representation associated with y+, obtained by
teacher-forcing the safe response, projecting the safe alter-
native into the selected hidden layer, or using an aligned
lightweight projection module. The logic-induced feature
shift is defined as

∆h∗ = h+ − h−. (2)

This target describes the feature-level effect of safety correc-
tion. In other words, explicit or counterfactual safety evi-
dence is distilled into a latent repair target. After training on
many such pairs, the repair module learns how unsafe hidden
states should move toward safer and world-consistent states,
without requiring counterfactual alternatives.

To avoid learning trivial conservative behavior, we only
keep counterfactual pairs that satisfy two conditions. First,
the safe alternative must reduce driving risk compared with
the unsafe response. Second, it must preserve the original
task semantics, rather than simply refusing, stopping in all
cases, or producing irrelevant safe-sounding text. This fil-
tering is important for AD-VLMs because overly conserva-
tive outputs may appear safe locally but can destroy planning
utility or violate the instruction. The retained pairs therefore
provide supervision for meaningful safety repair rather than
generic output suppression.

3.3 Conditional Latent Logic Repair
Different unsafe cases may require different repair patterns.
A vulnerable-road-user conflict may require yielding, slow-
ing down, shifting attention to the pedestrian, or rejecting a
misleading instruction. A red-light inconsistency may require



revising scene understanding, correcting action preference, or
suppressing an unsafe instruction-following tendency. There-
fore, LATENTGUARD does not learn a single deterministic
repair vector for all failures. Instead, it uses a conditional
latent logic module to model diverse repair patterns.

The repair module takes the scene, instruction, original
output, and failure cue as input, and predicts a hidden-state
repair signal ∆ĥ. Internally, the module uses a compact latent
repair code to capture the type of safety correction needed for
the current case. During training, this latent code is guided
by the teacher shift ∆h∗; during inference, it is inferred only
from the current context. This design allows the model to
learn diverse latent repair modes while avoiding rule search.

The predicted repair signal is supervised by the logic-
induced feature shift:

Llogic =
∥∥∥∆h∗ −∆ĥ

∥∥∥2
2
+ βLKL, (3)

where the first term learns the feature-level repair direction,
and LKL regularizes the training-time latent repair code to-
ward the inference-time latent distribution. This regulariza-
tion makes the repair module usable when the safe alternative
and teacher shift are unavailable. The coefficient β controls
the strength of this latent distribution alignment.

After obtaining the repair signal, LATENTGUARD updates
the hidden representation as

h̃ = h− + α∆ĥ, (4)

where α is a fixed or learned repair strength. A small gate can
predict α from the failure cue, so that safe or low-risk sam-
ples receive little intervention while high-risk samples receive
stronger repair. The repaired output is then generated by the
original AD-VLMs decoder:

ỹ = DΘ(h̃). (5)

This keeps the original decoder unchanged and makes LA-
TENTGUARD a lightweight safety adapter.

3.4 Future-Consistent Regularization
A repaired output should not only look safer at the current
step; it should also be compatible with safer future driving
evolution. For example, a response may mention slowing
down, but its latent state may still preserve an unsafe interac-
tion pattern that leads to collision-prone future behavior. To
reduce such superficial repairs, LATENTGUARD introduces a
training-only future-consistency regularizer.

We use a frozen rollout source W . This rollout source is
not trained or deployed as part of LATENTGUARD . It only
provides future-oriented supervision during training. Given
the repaired output ỹ and the counterfactual safe alternative
y+, W produces two future latent trajectories: one induced
by the repaired response and one induced by the safe alterna-
tive. The future-consistency loss is

Lfuture =

K∑
k=1

∥∥Wk(x, ỹ)−Wk(x,y
+)

∥∥2
2
, (6)

where K is the rollout horizon and Wk(·) denotes the future
latent state at step k. This loss encourages the repaired rep-
resentation to move toward the future region associated with

safe driving behavior. It gives temporal meaning to the latent
repair, rather than treating safety as a single-step correction.

In addition to future consistency, we use two lightweight
regularization terms. The risk regularizer encourages the re-
paired output to have lower risk than the unsafe response.
The conservative consistency regularizer discourages unnec-
essary hidden-state changes when the original response is al-
ready safe. Together, these terms prevent two common failure
modes: under-repair, where the output becomes superficially
safe but remains dynamically unsafe, and over-repair.

3.5 Training and Inference
The full objective is
L = Ltask+λlLlogic+λfLfuture+λrLrisk+λcLcons. (7)

Here, Ltask supervises the final answer, action, or planning-
oriented response, while the other terms correspond to logic-
induced feature-shift learning, future-consistency regulariza-
tion, risk reduction, and conservative consistency.

During training, we first freeze or lightly adapt the base
AD-VLMs , then construct unsafe-safe pairs and extract their
hidden-state differences as repair targets. The conditional la-
tent logic module is trained with Eq. (7) to predict hidden-
state repair signals, while the original decoder can remain
frozen. At inference time, LATENTGUARD only uses the
scene x, instruction q, original output y, and failure cue f .
It predicts a repair signal, updates the hidden representation,
and decodes the repaired output through the original AD-
VLMs head, without using safe alternatives, teacher shifts,
explicit rule search, or future rollout.

4 Experiments
4.1 Experiment Setting
Datasets. We evaluate LATENTGUARD on two datasets.
VRU-Accident [Kim et al., 2025] is used for accident-
centric evaluation, focusing on high-risk traffic cases.
NAVSIM [Dauner et al., 2024] is used for common-scene
evaluation, focusing on planning-oriented driving perfor-
mance under ordinary traffic scenarios.

Models. We evaluate LATENTGUARD on four representa-
tive AD-VLMs: DriveLM [Sima et al., 2024], Dolphins [Ma
et al., 2024], EM-VLM4AD [Gopalkrishnan et al., 2024],
and DriveWorld-VLA [Jia et al., 2026]. DriveWorld-VLA
is included as a stronger VLA-style model with latent world
modeling ability. For each model, LATENTGUARD is applied
to the selected multimodal reasoning or planning layer, while
the base model and original output head are kept frozen.

Baselines. We compare LATENTGUARD with the vanilla
model and representative safeguard methods, including
RoboFactory (RF) [Qin et al., 2025], Code-as-Monitor
(CM) [Zhou et al., 2025], SafeAuto (SA) [Zhang et al.,
2025a], and GuardAD (GA) [Zhang et al., 2026]. We also
include deterministic latent repair (Det. Repair) in ablation
studies, which removes conditional latent modeling and pre-
dicts a single hidden-state repair direction.

Implementation Details. For each scene x and instruction
q, the base model produces an output y and hidden represen-
tation h, and a failure cue f is constructed to indicate the un-
safe factor. During training, counterfactual safe alternatives



Table 1: Main results on VRU-Accident. “+Method” denotes adding
the corresponding safeguard to the Vanilla model. URR denotes un-
safe response rate, RRR denotes risk recognition rate, RSR denotes
repair success rate, and FC denotes future consistency.

Model Method Acc. ↑ URR ↓ RRR ↑ RSR ↑ FC ↑

DriveLM Vanilla 61.8 36.4 56.7 – 52.1
DriveLM +RF 60.9 33.8 59.5 39.6 53.0
DriveLM +CM 60.6 32.9 60.8 41.2 53.8
DriveLM +SA 62.4 29.7 64.9 48.5 57.9
DriveLM +GA 63.1 24.8 68.6 58.3 62.4
DriveLM +LATENTGUARD 64.0 20.6 71.4 63.7 70.9

Dolphins Vanilla 64.5 33.7 59.4 – 55.2
Dolphins +RF 63.6 31.6 61.3 42.8 56.4
Dolphins +CM 63.2 30.8 62.6 44.0 56.1
Dolphins +SA 65.0 27.9 66.8 51.7 60.5
Dolphins +GA 65.4 23.0 70.5 61.4 65.8
Dolphins +LATENTGUARD 66.3 19.2 73.1 66.5 74.0

EM-VLM4AD Vanilla 66.7 31.2 62.5 – 57.0
EM-VLM4AD +RF 65.9 29.4 64.1 44.5 57.8
EM-VLM4AD +CM 65.6 28.7 65.3 45.9 58.6
EM-VLM4AD +SA 67.1 25.8 69.2 53.9 62.7
EM-VLM4AD +GA 67.6 21.1 72.8 64.2 67.6
EM-VLM4AD +LATENTGUARD 68.5 18.3 75.0 69.1 75.2

DriveWorld-VLA Vanilla 70.4 28.9 65.8 – 60.1
DriveWorld-VLA +RF 69.6 27.0 67.2 47.6 60.9
DriveWorld-VLA +CM 69.1 26.4 68.1 48.4 61.8
DriveWorld-VLA +SA 70.8 23.8 71.9 56.8 66.0
DriveWorld-VLA +GA 71.3 19.4 75.6 67.5 70.5
DriveWorld-VLA +LATENTGUARD 72.1 16.9 78.0 72.3 78.2

are obtained through an offline pre-search guided by multiple
safeguard methods, such as SafeAuto and GuardAD. We se-
lect candidates that reduce unsafe behavior while preserving
the original task intent, and use their hidden-state differences
from unsafe responses as logic-induced feature-shift supervi-
sion. During inference, this pre-search is removed.

Metrics. On VRU-Accident, we report task accuracy
(Acc.), Unsafe Response Rate (URR), Risk Recognition Rate
(RRR), Repair Success Rate (RSR), and Future Consistency
(FC). RSR is reported only for methods with safeguard or re-
pair intervention, and is therefore not applicable to Vanilla
models. On NAVSIM, we report PDMS, No Collision (NC),
Drivable Area Compliance (DAC), time-to-collision safety
score (TTC), Comfort (Comf.), and Ego Progress (EP).

4.2 Main Results
Results on Accident Scenarios. Tab. 1 reports the compari-
son on VRU-Accident dataset.

❶ Across the four models, LATENTGUARD reduces the av-
erage URR from 32.6% to 18.8%, achieving a 13.8-point ab-
solute reduction and a 42.4% relative reduction over Vanilla.
Meanwhile, the average Acc. increases from 65.9 to 67.7.
This indicates that LATENTGUARD does not simply suppress
responses or over-conservatively reject risky cases, but im-
proves safety while preserving task correctness.

❷ Compared with RF and CM, whose average URR val-
ues are 30.5% and 29.7%, LATENTGUARD achieves a much
lower average URR of 18.8%. It also improves the average
RRR to 74.4, compared with 63.0 for RF and 64.2 for CM.
This suggests that detecting unsafe outputs after generation is
less effective than repairing the hidden reasoning state.

❸ Compared with SA and GA, LATENTGUARD further
improves average RSR from 52.7 and 62.9 to 67.9, and im-

Table 2: Main results on NAVSIM. “+Method” denotes adding the
corresponding safeguard or repair module to the Vanilla model.
PDMS is the main planning score. NC, DAC, TTC, Comf., and
EP evaluate collision avoidance, drivable-area compliance, time-to-
collision safety, ride comfort, and ego progress.

Model Method PDMS ↑ NC ↑ DAC ↑ TTC ↑ Comf. ↑ EP ↑

DriveLM Vanilla 76.8 92.0 90.8 84.5 99.4 69.8
DriveLM +RF 76.1 93.3 91.4 86.0 99.0 68.5
DriveLM +CM 75.8 93.8 91.7 86.6 98.8 68.0
DriveLM +SA 77.6 94.6 92.6 88.2 99.1 69.1
DriveLM +GA 78.7 95.4 93.3 89.5 99.2 70.0
DriveLM +LATENTGUARD 79.6 96.2 93.8 90.4 99.5 70.9

Dolphins Vanilla 79.0 94.0 92.1 86.0 99.5 72.5
Dolphins +RF 78.4 95.0 92.8 87.4 99.1 71.0
Dolphins +CM 78.1 95.3 93.0 88.0 98.9 70.5
Dolphins +SA 79.9 96.0 93.8 89.4 99.3 72.0
Dolphins +GA 80.9 96.5 94.4 90.5 99.4 72.8
Dolphins +LATENTGUARD 81.8 97.0 95.0 91.6 99.6 73.6

EM-VLM4AD Vanilla 82.0 95.8 93.7 88.8 99.6 75.6
EM-VLM4AD +RF 81.4 96.4 94.1 90.0 99.2 74.3
EM-VLM4AD +CM 81.1 96.8 94.5 90.4 99.0 73.7
EM-VLM4AD +SA 82.8 97.1 95.0 91.5 99.4 75.2
EM-VLM4AD +GA 83.7 97.5 95.6 92.4 99.5 76.1
EM-VLM4AD +LATENTGUARD 84.5 97.8 96.0 93.1 99.7 77.0

DriveWorld-VLA Vanilla 91.3 99.1 98.2 96.1 100.0 85.9
DriveWorld-VLA +RF 90.8 99.2 98.3 96.5 99.8 84.6
DriveWorld-VLA +CM 90.6 99.3 98.4 96.8 99.7 84.1
DriveWorld-VLA +SA 91.6 99.3 98.5 96.9 99.9 85.5
DriveWorld-VLA +GA 92.0 99.4 98.6 97.1 100.0 86.1
DriveWorld-VLA +LATENTGUARD 92.4 99.5 98.8 97.4 100.0 86.7

proves average FC from 61.8 and 66.6 to 74.6. These gains
suggest that logic-induced feature shifts provide more effec-
tive and temporally consistent repair than directly applying
structured safety knowledge or revising the final action.

❹ The improvement is consistent across DriveLM,
Dolphins, EM-VLM4AD, and DriveWorld-VLA. On the
strongest DriveWorld-VLA model, LATENTGUARD still re-
duces URR from 28.9% to 16.9% and improves FC from 60.1
to 78.2. This shows that latent world logic repair remains
useful even when the base model already has stronger world-
level representation ability.
Results on Common Scenarios. Tab. 2 reports the compari-
son on NAVSIM.

❶ Across the four models, LATENTGUARD improves the
average PDMS from 82.3 to 84.6, with consistent gains
on every evaluated model. This indicates that latent repair
improves safety-oriented driving behavior while preserving
common-scene planning utility.

❷ The improvements are more evident on safety-related
metrics. Compared with Vanilla, LATENTGUARD increases
the average NC from 95.2 to 97.6 and the average TTC from
88.9 to 93.1. These results show that LATENTGUARD im-
proves collision avoidance and time-to-collision safety, which
is consistent with its goal of repairing unsafe latent states.

❸ External monitoring methods improve some safety
scores but tend to reduce driving progress. For example, +RF
and +CM reduce the average EP from 76.0 to 74.6 and 74.1,
respectively. In contrast, LATENTGUARD improves the aver-
age EP to 77.1, suggesting that hidden-state repair avoids the
rigid intervention pattern of output-level safeguards.

❹ On DriveWorld-VLA, LATENTGUARD improves PDMS
from 91.3 to 92.4, NC from 99.1 to 99.5, TTC from 96.1 to



Table 3: Component ablation on DriveWorld-VLA. URR, RSR, and
FC are reported on VRU-Accident, while PDMS, NC, and EP are
reported on NAVSIM.

Variant URR ↓ RSR ↑ FC ↑ PDMS ↑ NC ↑ EP ↑

Full LATENTGUARD 16.9 72.3 78.2 92.4 99.5 86.7
w/o logic-induced feature shift 23.7 55.1 68.4 91.0 99.0 85.6
w/o latent distribution 19.8 64.0 72.5 91.7 99.2 86.1
w/o failure cue 22.4 58.7 70.1 91.3 99.1 85.8
w/o future consistency 18.9 68.2 64.8 92.0 99.3 86.4
w/o repair gate 17.5 70.4 74.6 90.6 99.4 84.9
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Figure 3: Mechanism and failure-type visualization. Full LATENT-
GUARD obtains the strongest feature-shift alignment and future con-
sistency among the repair variants, and its URR reduction covers
multiple accident-related failure types.

97.4, and EP from 85.9 to 86.7. This indicates that LATENT-
GUARD can complement latent-world-model-based models.

4.3 Ablation Studies
Component Ablation. We ablate the main components

of LATENTGUARD on DriveWorld-VLA and report results
on both VRU-Accident and NAVSIM. As shown in Tab. 3,
removing logic-induced feature-shift supervision causes the
largest safety degradation, increasing URR from 16.9% to
23.7% and reducing RSR from 72.3 to 55.1. Removing the
latent distribution or failure cue also weakens repair, show-
ing that diverse correction modes and explicit risk context are
both important. Future consistency mainly affects temporal
reliability, with FC dropping from 78.2 to 64.8. Removing
the repair gate only slightly affects URR, but reduces PDMS
and EP, indicating that adaptive repair strength is necessary
for preserving common-scene utility.

Feature-Shift and Failure-Type Analysis. Fig. 3 ex-
amines whether the predicted repair signal matches the in-
tended logic-induced feature shift and whether the repair ef-
fect generalizes across accident types. Full LATENTGUARD
improves shift alignment from 55.8 to 73.4 over determinis-
tic repair and increases safe-unsafe separation from 49.3 to
63.9. Removing future consistency keeps reasonable align-
ment but reduces FC from 78.2 to 64.8, indicating that
feature-shift matching alone is insufficient for temporally re-
liable repair. Across failure categories, LATENTGUARD re-
duces URR most strongly on misleading instruction, VRU
conflict, and collision-prone decisions, while the smaller gain
on drivable-area violations suggests that geometry-sensitive
errors still require stronger spatial grounding.
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Figure 4: Ablation diagnostics on DriveWorld-VLA. (a) Removing
each loss term is reported as degradation relative to the full objective.
(b) Repair strength controls the safety-utility trade-off; the learned
gate preserves utility while maintaining low URR.
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Figure 5: Closed-loop case in CARLA. The top row shows Vanilla
DriveLM producing an unsafe maneuver that leads to a collision,
while the bottom row shows DriveLM+LATENTGUARD repairing
the unsafe latent state and generating a collision-avoiding decision.

Objective and Sensitivity Analysis. As shown in Fig. 4,
removing Llogic causes the largest URR increase, confirm-
ing the importance of feature-shift reconstruction. Remov-
ing Lfuture produces the largest FC drop, indicating its
role in temporal consistency. Removing Lcons mainly hurts
PDMS, which shows that conservative consistency helps pre-
vent over-repair on safe samples. For repair strength, a small
α under-corrects unsafe states, whereas a large α lowers URR
but hurts PDMS and EP.

5 Case Study
5.1 Closed-loop Simulation Evaluation
We evaluate LATENTGUARD on Bench2ADVLM [Zhang et
al., 2025b] in a closed-loop CARLA setting, where model
predictions affect future observations and long-horizon driv-
ing outcomes. We use CARLA 0.9.15 with a LLaMA-based
DriveLM model, and compare Vanilla DriveLM with Driv-
eLM+LATENTGUARD under the same perception inputs, de-
coding settings, and simulation configurations.

LATENTGUARD improves the route success rate from
8.46% to 13.84%, corresponding to a 63.6% relative gain, and
reduces the collision rate from 65.0% to 34.0%. As shown
in Fig. 5, Vanilla DriveLM produces an unsafe maneuver in
a dynamic interaction scene and eventually collides with the
surrounding vehicle. With LATENTGUARD enabled, the un-
safe hidden state is repaired toward a safer interaction-aware
representation, leading to a collision-avoiding decision. This
result suggests that latent world logic repair can improve



Pedestrian

Figure 6: Human-in-the-loop evaluation. The frames show a rep-
resentative pedestrian-rush scenario. Under the same observations,
Vanilla DriveLM outputs Drive, while DriveLM+LATENTGUARD
revises the unsafe response to Stop.

closed-loop driving behavior under compounding scene dy-
namics, rather than only correcting isolated outputs.

5.2 Human-in-the-loop Evaluation
We further conduct a human-in-the-loop evaluation with a
vehicle-simulator platform. A human driver operates the ve-
hicle in a risky pedestrian-crossing scenario, where a pedes-
trian suddenly rushes into the ego lane. We record syn-
chronized observations and collision outcomes, and then
feed the same observations to Vanilla DriveLM and Driv-
eLM+LATENTGUARD for action prediction. Following prior
evaluation practice [Sato et al., 2021], a trial is counted as a
collision if the model fails to output a safe stop within a 2.5s
window before the annotated collision time.

Over 20 trials per condition, the collision rates are 20%,
55%, and 25% for human driving, Vanilla DriveLM, and
DriveLM+LATENTGUARD, respectively. Compared with
Vanilla DriveLM, LATENTGUARD reduces the collision rate
by 30 percentage points. As illustrated in Fig. 6, the
pedestrian-rush scenario is highly collision-prone; under the
same scene observations, Vanilla DriveLM outputs Drive,
whereas DriveLM+LATENTGUARD repairs the unsafe latent
state and outputs Stop. These results show that LATENT-
GUARD can effectively suppress unsafe driving decisions in
human-in-the-loop interactions and narrow the gap between
AD-VLMs decisions and human driving behavior.

6 Discussion
Relation to explicit safety logic. LATENTGUARD does

not discard explicit safety logic; instead, it changes how such
logic is used. During training, explicit rules, expert correc-
tion, simulator checks, and safe future supervision provide
counterfactual safe alternatives for learning latent repair tar-
gets. During inference, however, LATENTGUARD no longer
enumerates rules or searches for safe alternatives. This makes
latent repair less dependent on rigid rule templates, while still
allowing explicit verification to remain as a fallback.

Closed-loop effect. The case studies suggest that latent
repair can bring larger benefits in interactive settings than
in single-step evaluation. In offline benchmarks, LATENT-
GUARD reduces average unsafe response rate from 32.6% to

Table 4: Efficiency analysis on VRU-Accident. We report inference
time (seconds) and standard deviation σ over 10 runs. The fastest
safeguard method in each row is in bold.

Model Vanilla +RF +CM +SA +GA +LATENTGUARD

Time Time σ Time σ Time σ Time σ Time σ

DriveLM 1.36 1.89 0.16 1.76 0.25 1.79 0.24 1.77 0.25 1.38 0.12
Dolphins 2.75 4.23 0.48 3.88 0.67 3.49 0.59 3.54 0.56 2.76 0.31

18.8%. In closed-loop CARLA evaluation, it improves route
success from 8.46% to 13.84% and reduces collision rate
from 65.0% to 34.0%. In the human-in-the-loop pedestrian-
rush scenario, DriveLM+LATENTGUARD reduces the colli-
sion rate from 55% to 25%. These results indicate that cor-
recting an unsafe latent state can prevent error accumulation
over future observations and actions.

Safety-utility balance. A key requirement for AD-VLMs
safeguards is to reduce risk without making the model overly
conservative. LATENTGUARD lowers unsafe response rate
while preserving normal driving utility: average PDMS im-
proves from 82.3 to 84.6, and ego progress increases from
76.0 to 77.1. The repair gate is important for this balance. Re-
moving it only slightly changes URR from 16.9% to 17.5%,
but reduces PDMS from 92.4 to 90.6 and ego progress from
86.7 to 84.9. This suggests that adaptive repair strength helps
LATENTGUARD intervene on risky states while avoiding un-
necessary changes on safe cases.

Efficiency Analysis We further evaluate the inference ef-
ficiency of different safeguards on DriveLM and Dolphins.
Following prior safeguard evaluation, we report the average
inference time and standard deviation over 10 runs on VRU-
Accident. As shown in Tab. 4, explicit safeguards introduce
additional inference cost due to rule checking, prompt regen-
eration, or action-level revision. In contrast, LATENTGUARD
performs repair through a lightweight latent adapter and does
not require online rule enumeration, counterfactual search,
or future rollout during inference. Therefore, its additional
computation is negligible after feature extraction and decoder
reuse. The rounded inference time of LATENTGUARD is al-
most same as the Vanilla, i.e., 1.38s on DriveLM and 2.76s
on Dolphins. These results suggest that LATENTGUARD can
improve safety without increasing inference latency.

7 Conclusion

This paper presents LATENTGUARD, a latent world logic re-
pair framework for safeguarding AD-VLMs. Instead of re-
lying on explicit rule enumeration or post-hoc output cor-
rection, LATENTGUARD learns safety repair from feature-
layer changes induced by logic-enhanced safe correction.
Unsafe outputs and counterfactual safe alternatives define
logic-induced representation shifts, which supervise a con-
ditional latent module to regenerate hidden-state repair sig-
nals. Future-consistency regularization further encourages
repaired representations to align with safer future evolu-
tion during training. Experiments on VRU-Accident and
NAVSIM show that LATENTGUARD improves both accident-
scene safety and common-scene driving utility, while closed-
loop and human-in-the-loop case studies further validate its
effect in interactive driving scenarios.
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