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Abstract

Advancing from usable to collaborative auton-
omy requires driving systems to execute passen-
ger instructions safely and reliably. This work
formulates instruction realization as scheduling
across multiple motion planners and presents
a dual-loop framework that provides a trans-
parent decision chain from natural language
to vehicle control. The outer loop uses a
small language model (SLM) for high-level,
low-frequency semantic reasoning and sched-
ule generation, while the inner loop performs
low-level, high-frequency schedule execution
and vehicle control. To compensate for the
SLM’s limited capacity, the framework in-
tegrates receding-horizon scheduling to seg-
ment long-horizon instruction tasks, a domain-
specific language (DSL) that restricts SLM out-
puts to a scheduling-oriented subspace, and
reinforcement learning in high-fidelity urban
traffic to refine the SLM’s DSL proficiency
and scheduling performance. Experiments
show that the framework improves instruction-
completion rates while maintaining high safety
and compliance relative to multiple baselines.

1 Introduction

A key requirement for autonomous driving (AD)
systems (e.g., robotaxis) to evolve from merely us-
able to truly collaborative is the safe realization of
passenger instructions (Xing et al., 2021). As illus-
trated in Figure 1, such instructions are typically
open-ended, colloquial, and context-dependent. Re-
liable instruction realization enhances passenger ex-
perience and supports human—vehicle interaction
(HVI) in complex traffic.
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I feel unsafe!

Ok. I will make a lane
change and overtake.

Figure 1: Passenger instruction realization. For clar-
ification, our goal is reliable execution of occasional
maneuver-level passenger instructions rather than con-
tinuous real-time language control.

Mapping language to driving is challenging.
This task can be cast as a partially observable
markov decision process (POMDP) over open-
ended language, stochastic traffic states, and con-
tinuous vehicle control (Lauri et al., 2023). The
resulting combinatorial explosion makes conven-
tional deterministic template- or rule-based meth-
ods either brittle due to limited rule coverage, or
expensive to maintain, since each added rule may
conflict with many existing ones (Hu et al., 2025).
Consequently, mainstream onboard HVI systems
are confined to infotainment and navigation, leav-
ing the realization of maneuver-level open-ended
instructions an underexplored problem.

Recent large language model (LLM)-based AD
research offers new avenues to address this chal-
lenge (Mahmud et al., 2025). Leveraging internet-
scale knowledge and semantic reasoning, LLMs
are being integrated into AD pipelines primarily
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via: (i) LLM-agent methods, which emphasize
explicit reasoning, external memory, and struc-
tured workflow to interpret traffic semantics, in-
teraction intents, and risks, generating text-based
control decisions. (ii) Vision—Language—Action
(VLA) methods, which realize an end-to-end
“see—speak—control” loop by aligning linguistic and
visual representations of traffic scenes and aug-
menting a vision—language model (VLM) with ad-
ditional modules that regress continuous vehicle
control commands.

Despite early progress, most LLM-based AD
methods still face the following challenges, to vary-
ing degrees, in realizing passenger instructions. A)
Passenger Instruction Understanding & Execu-
tion. Most existing approaches rely on fixed and
standardized prompts (e.g., “predict the trajectory
for the next 3 seconds”, “turn left at the next inter-
section”) to condition LLM-based driving decision-
making (Luo et al., 2025; Wen et al., 2024), rather
than interpreting and executing open-ended lan-
guage requests. In this paradigm, language is po-
sitioned as an in-vehicle auxiliary modality for
improving driving performance, rather than as a
HVI interface accessible to passengers. B) Effi-
cient & Traceable Language-to-Action Mapping.
VLA models typically lack explicit consistency
constraints between generated text and action, leav-
ing the decision process as an end-to-end black box
(Huang et al., 2024; Wang et al., 2025b). Although
LLM agents can expose their decision process (Chi
et al., 2025), they often depend on complex work-
flows (Qian et al., 2025; Sima et al., 2024) or large,
highly capable LLMs (Wen et al., 2024), creat-
ing substantial deployment burdens under onboard
compute and latency constraints. C) High-Fidelity
Evaluation & Continuous Evolution. Most LLM-
based AD studies are restricted to open-loop evalu-
ation on datasets such as nuScenes (Caesar et al.,
2020) and Waymo, or validation in game-like sim-
ulators such as Highway-Env (Leurent, 2018) and
CARLA (Dosovitskiy et al., 2017). It remains un-
clear whether LLMs can operate reliably in high-
fidelity closed-loop simulation with real-world ur-
ban traffic, and whether they can further support
continuous evolution in such environments.

To address these challenges, a dual-loop instruc-
tion—realization framework is proposed. The outer
loop employs a language model for high-level, low-
[frequency semantic reasoning, interpreting instruc-
tion intent and generating scheduling plans for mul-
tiple motion planners. The inner loop performs

low-level, high-frequency scheduling execution and
vehicle control, establishing a safe and transparent
decision-making chain from language to driving.
To further enable a small language model (SLM)
with limited capacity to handle scheduling, first,
a receding-horizon scheduling mechanism is pro-
posed to decompose long-horizon instruction real-
ization into shorter segments, reducing the reason-
ing complexity of each SLM decision while increas-
ing scheduling adaptability. Second, a domain-
specific language (DSL), SchedulingDSL, is intro-
duced to constrain the SLM’s output to a subspace
semantically aligned with the scheduling task, fa-
cilitating concise and precise expression of com-
plex scheduling logic. Last, reinforcement learning
(RL) in the nuPlan simulator (Karnchanachari et al.,
2024) is used to refine the SLM, supporting continu-
ous evolution of both its mastery of SchedulingDSL
and its scheduling performance in complex urban
traffic. Closed-loop evaluation in nuPlan shows
that the proposed 0.5B-parameter SLM framework
increases instruction realization rate by 8% over a
671B-parameter baseline while matching special-
ized AD comfort and safety and remaining safety-
robust under inference-latency perturbations.

2 Related Work

This section reviews recent work on integrating
LLMs into AD systems, organized into two cate-
gories: LLM-based methods and LLM-enhanced
methods.

2.1 LLM-Based AD Methods

LLM-based AD has emerged as a prominent
paradigm for integrating LLLMs into AD systems
(Mahmud et al., 2025). These methods place LLMs
(or VLMs) directly in the vehicle control loop,
jointly modeling semantic reasoning and driving
decisions within a unified representation space.
Broadly, they fall into two categories: LLM-agent
and VLA approaches. LLM-agent methods process
scene descriptions, multi-view images, or BEV
representations and, using CoT reasoning, exter-
nal memory, or structured workflows, generate
text-based driving actions, trajectories, or control
commands (e.g., GPT-Driver (Mao et al., 2023),
DiLu (Wen et al., 2024), Agent-Driver (Mao et al.,
2024), Poutine (Rowe et al., 2025), OmniDrive
(Wang et al., 2025a), FutureSightDrive (Zeng et al.,
2025b)). In contrast, VLA methods augment LLMs
with action heads or expert modules that decode
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multimodal features into low-level trajectories or
control (e.g., LMDrive (Shao et al., 2024), Driv-
eLM (Sima et al., 2024), Traj-LLM (Liu et al.,
2025), AutoVLA (Zhou et al., 2025), Senna (Jiang
et al., 2024), SimLingo (Renz et al., 2025), IRL-
VLA (Jiang et al., 2025), Alpamayo-R1 (Wang
et al., 2025b)) .

2.2 LLM-Enhanced AD Methods

LLM-enhanced AD methods do not treat LLMs
as primary generators of low-level control. In-
stead, LLMs serve as auxiliary modules that se-
mantically augment off-the-shelf AD pipelines, typ-
ically during the offline training phase or within
low-frequency online decision layers. Represen-
tative directions include: using LLMs offline to
synthesize interpretable rules or decision trees
for scenario-specific policies (e.g., ADRD (Zeng
et al., 2025a)); employing LLMs during training
to provide semantically rich supervision signals
and language-conditioned targets (e.g., VLM-AD
(Xu et al., 2024), DIMA (Hegde et al., 2025),
Words2Wheel (Han et al., 2024)); and mapping
language inputs through LLMs into optimization
weights, cost functions, executable scripts at run
time to enable language-conditioned control (e.g.,
LanguageMPC (Sha et al., 2025), Diffusion-ES
(Yang et al., 2024), Lampilot (Ma et al., 2024),
DriveAsSay (Cui et al., 2024)).

Despite notable gains in driving performance,
LLM-based and LLM-enhanced approaches, taken
together, still face the aforementioned challenges
for HVI scenarios, including passenger instruction
realization, language—action consistency, and con-
strained onboard computational resources. More-
over, most LLM-enhanced methods operate as
open-loop semantic parsers and lack a principled
mechanism to reconcile slow LLM inference with
high-frequency vehicle control (Liu et al., 2026).

Drawing on control design principles (e.g., hi-
erarchical decoupling (Gong et al., 2021), time-
scale separation (Kokotovic et al., 1976) and event-
triggered scheduling (Tabuada, 2007)), a dual-loop
framework is proposed. This decoupled design
preserves decision traceability while mitigating la-
tency impact on safety. Receding-horizon schedul-
ing, SchedulingDSL, and RL post-training further
enable a compact SLM to perform scheduling.

3 Method

3.1 Problem Formalization

This study formulates instruction realization as a
language-guided partially observable markov deci-
sion process (POMDP) (Lauri et al., 2023):

(S7A7y7T7Z7I’R)7 (1)

where z; € S, u; € A, and y; € ) denote the
state, action, and observation at time ¢. The transi-
tion and observation kernels are 7 (2’ | x,u) and
Z(y | x). A belief state by(z) = P(z; = = |
hy) € B is maintained given the history h; =
{y0, uo, - .., us—1,y: }. Given a maneuver-level in-
struction ¢ € Z, it can be mapped into a driving

behavior sequence {x; }j]\i(f ), with M (t) € Nso.
Each k; has a completion region G; C & and is
completed once z; € G;.

Let n; € {0,..., M (¢)} be the number of com-
pleted behaviors and Z; = (z, n;) the augmented

state. Progress along {x;} is rewarded by

Pre+1, Tyl = ng + 1,

R(T¢, ut, Tey1) =
0, otherwise,
(2)

where p; > 0 is the scalar reward for the comple-
tion of the behavior ;,

ne+ 1, i1 € Gnyta, 3)
N1 = .
N, otherwise,

with the initial condition ng = 0, and the episode
terminates once ny = M(¢).

Let © collect learnable parameters of an
instruction-conditioned policy, it can be obtained
by maximizing the expected cumulative reward:

N()-1

Y Eupro (o) R(Ee, s Fr1)
t=0

s.t. Plzy € Ssate, VE < N(2) | bo] > 1 —¢,

E,p(z)

“)
where P(Z) denotes the instruction distribution,
N (1) the instruction-dependent time horizon, Sgafe
the safe state set, and ¢ the tolerated risk.

Equation (4) defines an ideal objective under par-
tial observability. In practice, the belief is approxi-
mated by a textual traffic-graph encoding of the cur-
rent observation (Wen et al., 2024), which serves
as the information state for outer-loop scheduling.
The chance constraint is not enforced explicitly;
safety is instead enforced online via constrained
inner-loop MPC with a safety fallback.
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Figure 2: A dual-loop SLM-enhanced instruction-realization framework. (a) The SLM-enhanced outer loop,
operating on the slow time scale 7, performs semantic reasoning and generates SchedulingDSL scripts ¢. The inner
loop, operating on the fast time scale ¢, executes ¢ and computes the control actions u;. (b) Given an instruction ¢

(e.g., “We are about to turn. Don’t miss it.”’), the SLM gy first maps it to a driving behavior sequence {x; }JM:(IL )
(e.g., [Decelerate, Right Lane Change, Accelerate], so M (:) = 3). It is then prompted to generate, for each
K, a SchedulingDSL script implementing the segment [Cruise, x;, Cruise]. The resulting scheduling process can
be viewed as condition-based switching among multiple MPC-based motion planners, driven by SchedulingDSL-
defined predicates and real-time environmental feedback. (c) A GRPO-based RL post-training stage is introduced to
improve the SLM’s proficiency in SchedulingDSL semantics, syntax, and planner scheduling.

3.2 Framework Design
3.2.1 Dual-Loop Framework Overview

Figure 2 (a) illustrates the dual-loop framework,
which approximates the solution to Equation (4)
via two nested receding-horizon processes. This
decoupled design follows a straightforward phi-
losophy: assign each subsystem the portion of the
problem it is inherently suited to address. The outer
loop runs at low frequency and employs an SLM
as a high-level semantic scheduler, translating pas-
senger instructions into human-readable Schedul-
ingDSL scripts that schedule multiple motion plan-
ners over receding horizons. The inner loop runs
at high frequency and acts as a low-level execution
module, invoking the selected planner and solving
a receding-horizon model predictive control (MPC)
problem to produce safe control commands (Darby
and Nikolaou, 2012).

3.2.2 Outer Loop: SLM-Enabled Scheduling

Outer-loop decision epochs. As shown in Fig-
ure 2 (b), the outer loop is cast as a receding-
horizon scheduling process. Let Q = {1,...,q}
denote the index set of available motion planners

and ¢ € @ the SchedulingDSL script. The realiza-
tion of instruction ¢ can be partitioned into outer
decision epochs

D=7 <M< <1 <... 5

At epoch 7, the system has access to the current
belief b;, and the number of completed behaviors
nr,. The next behavior to execute is indexed by

Jk = Nm + 1, (6)

where ¢ is considered complete once ji > M ().

SLM-enhanced structured policy. Given the be-
lief b, and the next behavior x, , the SLM gy gen-
erates a scheduling script

¢k = gﬁ(brka ij)v @)

to be executed over an outer-loop horizon N°" ¢
N~ ¢. In implementation, b, is approximated by a
textual traffic graph from the observation y,, . The
instruction ¢ is omitted in Equation (7) because it is
parsed only once at instruction arrival to generate
the behavior sequence {; }]Ai(f ), which already en-
codes the instruction intent. Formally, the semantic
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interpretation of the script is given by

ér:{0,..., N~ 1} xB—=Q, (8

which, for each local time index ¢ — 7, and b; € B,
selects a motion planner index via

T <t<Tk + Nout,

(©))
Given ¢, the corresponding inner-loop planner
mlae) produces the control action

q = ¢t — 71, b1), st

up = %) (by). (10)

This factorization defines a structured policy class
for Equation (4), where the policy mg is realized
as the composition of the SLM-based scheduler gy
and the planner family {7(®},c0.

Outer-loop scheduling objective. At each outer
decision epoch 7, the SLM generates a script ¢y
intended to maximize the cumulative reward over
the next N°" steps:

Tk—‘rNOU't—l
* ~ ~
o, € arg IéléigE E R(Zt, ut, Te41) ‘
t=Ty
ka I nTka ¢ .

(1D
The SLM gy parameterizes a scheduling policy that
approximately optimizes Equation (11).

Receding-horizon update rule. The outer loop
updates the scheduling script in a receding-horizon
manner. Let n; denote the completed behavior
number at ¢. The next outer decision epoch 71 is
given by

i1 =min {t > 74 : ny > n,, ort = 7+ N}
12)
Thus, a new outer-loop decision is triggered either
when (i) a new behavior is completed (i.e., the ego
vehicle enters the next completion region Gy, 41
so that ny > nr, ), or (ii) the outer horizon N out
is reached, whichever occurs first. At 7541, the
SLM re-evaluates the current traffic context to gen-
erate the next script ¢4 1, thereby implementing a
receding-horizon scheduling scheme.

Behavior-sequence segmentation with buffers.
The proposed receding-horizon scheduling embeds
each driving behavior «; into a local segment

[Cruise, kj,Cruise],

(13)

where Cruise acts as a buffer behavior that
smooths the transition into and out of the task-
specific maneuver ;. For a generic sequence
{K; }jj\/i(f), this construction yields the decompo-

sition {[Cruise, ;, Cruise] }jjvi(f), introducing ex-

plicit entry and exit phases around each driving
behavior.

3.2.3 Inner Loop: MPC-Based Planning

The inner loop realizes the selected high-level
behavior by activating one of the MPC-based
planners {7(9},cg (cascaded with an LQR con-
troller) and generating continuous control actions.
Each planner (%) encodes a distinct behavioral
mode (e.g., Cruise, Left/Right Lane Change,
Acceleration, Deceleration). Given the active
planner index ¢; and the belief b;, the inner loop
extracts a state estimate z; from b; and solves a
receding-horizon MPC problem over an inner-loop
horizon N'™ € Ny.

Let f denote the nominal vehicle dynamics, and
let ¢(9) and Vf(q) be the stage and terminal cost

functions. At time ¢, the active planner (%) solves:

(ufs- - Uy, Nin_q) = arg  min
U ey Nin_q
Nin—1
Z 09 (24 gy ugn) + Vf(qt)(fL’tJrNin)
k=0

S.t. Xy = Iy,

Titkt1 = f(Tttk, Utrk),
Ti+k € Ssafea Utk € Aa
k=0,..., N®—1,

(14)
where S, ¢ and A are the safe-state and admissible-
action sets used in Equation (4). Only the first con-
trol input of the optimal sequence is applied, i.e.,
u¢ = ujy, and the problem (14) is re-solved at the
next time step ¢ 4 1 with updated state estimate and
(possibly updated) planner index ¢, yielding a
standard receding-horizon MPC loop. The inner
loop also implements a safety fallback: if a risk
metric (e.g., time-to-collision) falls below a thresh-
old, a conservative safety planner (e.g., Emergency
Brake) overrides the scheduled planner mlae),

3.2.4 Dual-Loop Framework Advantages

The dual-loop design provides the following advan-
tages. i) Decomposing long-horizon behavior se-
quences into short local segments reduces SLM in-
ference complexity, shortens the credit-assignment
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horizon during reinforcement learning, and en-
ables dense, segment-level rewards. ii) At each
decision epoch, the SLM regenerates a schedul-
ing plan based on the current scene to adapt to
traffic changes, while Cruise phases buffer tran-
sitions between instruction-related maneuvers and
enforce comfort constraints. iii) The hierarchical
architecture exposes a traceable chain from high-
level instructions to low-level actions, while the
MPC loop remains responsible for enforcing safety
constraints under risky instruction realizations and
SLM inference latency.

3.3 SchedulingDSL

3.3.1 DSL Design Objectives

SchedulingDSL is a linear temporal logic (LTL)-
inspired DSL for succinct scheduling plan specifi-
cation by SLMs. It encodes traffic-safety seman-
tics as predicates over interpretable, safety-relevant
quantities and uses standard logical and temporal
operators with descriptive predicate names, thereby
constraining the output space and improving RL
tractability for capacity-limited SLMs.

3.3.2 Syntax, Primitives, and Operators

SchedulingDSL consists of the following basic con-
structs:

Unit symbols. m, s, and m_s, which make safety
thresholds explicit in the DSL and help prevent unit
inconsistencies across physical quantities.

State query functions. gap(role),
ttc(role), thw(role), and speed(role)
for accessing the current traffic state, where
role € {front, left_rear,...} indexes surround-
ing vehicles by relative position. is_lane_exist
and is_lane_change_completed, which capture
discrete structural information about the road
topology and the ego vehicle state.

Operators. Boolean operators ~ (not), & (and),
| (or); comparison operators >, <; temporal op-
erators for, until; and a scheduling operator
then, for composing complex safety conditions
and scheduling procedures.

Syntax. A SchedulingDSL formula ¢ is defined
recursively as:

Yu=p [~ | hi&s |l | (15)
Pr.until(ee) | .for(€) | 1.then(q).

Here, p is an atomic predicate over interpretable
state quantities; 1.for () requires that ¢ hold con-
tinuously for at least duration £ along the recent tra-
jectory; 11.until (1)) requires that ¢ hold at ev-
ery step until ¢ first becomes true; and v).then(q)
triggers the selection of planner ¢ € Q once ¥
has held true, thereby instantiating the mapping
@ = ¢r(t — 7k, by) in Equation (9). A compari-
son between general-purpose language (GPL) and
SchedulingDSL is provided in Appendix C.

3.4 RL-based Post Training

To enhance the SLM’s proficiency in Schedul-
ingDSL and planner scheduling, generated scripts
are executed in a closed-loop high-fidelity simula-
tor. The resulting scalar rewards are then used to
update the SLM parameters via a Group Relative
Policy Optimization (GRPO)-based RL objective:

JO)=E

(ﬂjk ,ka )~D7 {Qﬁ}z}ilNgG,old(-‘ka 7Kjk)
|
(min(r; 4(6) A; p, clip(r;,1(0),
h=1

G |3
1 1
[* § : i

L—e,1+¢€)Ain)) — BDkL(90ll96,01d)];

(16)
where (£, , by, ) are sampled from the training data.
For each (k;, , b7, ), the SLM samples a group of G
individual SchedulingDSL scripts {%}il The
advantage of the i-th SchedulingDSL program is
calculated by normalizing the group-level reward
(R}, via

G
A - R; — mean({Ri}izl)’

sd({R:})

(17)

which is broadcast to all tokens, i.e., fli’h = /11
Token-wise likelihood ratios are computed as

90(¢2,h’bmv K s ¢.§€,<h)

rin(0) = ‘ R
! 90,01d( Dy |07 Kjis D 1)

(18)

To ease RL exploration, a two-level reward R €
[0,1] is used: R = 0.5 if the generated script is
syntactically valid, and R = 1.0 if the valid script
further completes the task without safety violations.

4 Experiment

4.1 Experimental Setting

Dataset. Experiments use a dataset derived from
the nuPlan simulator (Karnchanachari et al., 2024),
which reconstructs approximately 1,300 hours of
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Method LM Backbone Realization 1 Collision-Free 1 TTC 1 Drivable 1 Speed 1 Direction T Comfort 1

Specialized AD Method

LogReplay N.A. N.A. 0.86 0.84 1.00 0.98 1.00 0.98
IDM N.A. N.A. 0.87 0.76 0.90 1.00 0.98 0.93
PDMClosed N.A. N.A. 0.97 0.86 0.98 1.00 1.00 0.98
DiLu+ [DeepSeekV3-671B N.A. 1.00 0.84 0.96 0.99 1.00 0.34

Instruction-Realization Methods
Diffusion-ES|DeepSeekV3-671B 0.28 0.82 0.80 0.80 0.99 1.00 0.95
DiLu++ |DeepSeekV3-671B 0.51 0.92 0.73 0.96 0.97 1.00 0.34
OSGS  |DeepSeekV3-671B 0.84 0.99 0.88 0.97 0.97 1.00 0.70
Ours Qwen2.5-0.5B 0.91 0.99 0.91 0.97 0.97 1.00 0.95

Table 1: Quantitative comparison of instruction realization performance. Each metric is in the [0, 1] range, with
average metrics computed across multiple random seeds.

real-world driving. The dataset comprises 1,050
instruction-scenario pairs, where each scenario is
specified by simulation initialization data such as
road geometry and surrounding traffic.

Metric. Evaluation metrics include: 1) instruc-
tion realization—the proportion of instructions suc-
cessfully completed; 2) collision avoidance—the
fraction of scenarios completed without ego-fault
collisions; 3) TTC—the minimum time-to-collision
margin; 4) drivable area—the fraction of time the
ego vehicle remains within drivable regions; 5)
speed limit—the fraction of time the vehicle obeys
posted limits; 6) direction compliance—the frac-
tion of time the vehicle travels in the correct lane
direction; and 7) comfort—the fraction of time
vehicle dynamics stay within predefined comfort
bounds. Metrics are normalized to [0, 1] to sum-
marize how effectively open-ended instructions are
translated into safe, rule-compliant driving.

Baselines. Baselines are grouped into specialized
AD methods that track a global route from expert
demonstrations, and instruction-realization meth-
ods that prioritize passenger instructions (poten-
tially deviating from the route). Specialized AD
baselines include: 1) LogReplay (Karnchanachari
et al., 2024) (expert-trajectory replay); 2) IDM
(Treiber et al., 2000) (longitudinal single-lane car-
following); 3) DiLu+, adapted from DilLu (Wen
et al., 2024) by replacing discrete actions with 1Hz
motion-planner selection for continuous control;
and 4) PDM (Dauner et al., 2023) (nuPlan state-of-
the-art simulation baseline). Instruction-realization
baselines include: 5) Diffusion-ES (Yang et al.,
2024), which uses an LLM to modulate planning
objective for diffusion-based trajectory generation;
6) DiLu++, which extends DiLu+ with historical ac-

tions and environment context; and 7) OSGS (Liu
et al., 2026) (One-Shot GPL Scheduling), which
uses an LLLM to generate one-shot Python scripts
to schedule multiple motion planners.

See Appendix A for dataset detail, distributed
training environment construction, and hyperpa-
rameter selection.

4.2 Quantitative Comparison

Table 1 compares the proposed method with base-
lines. For instruction realization, the proposed
method with a 0.5B-parameter SLM scores 0.91.
OSGS uses a 671B-parameter general-purpose
LLM with GPL-based scheduling and scores 0.84.
This gap arises mainly from the weak semantic
alignment between GPL and scheduling (Shi et al.,
2024). DiLu++ scores 0.51, reflecting low decision
consistency. Diffusion-ES scores 0.28, likely be-
cause it relies on expert-demonstration priors and
provides limited control over trajectory generation
(see Appendix C for detailed explanation).

For safety and regulatory compliance, the pro-
posed method matches specialized AD methods,
despite operating under more risky instruction-
realization conditions. This is enabled by a two-tier
safety architecture: SchedulingDSL allows planner
switching only when safety preconditions are met,
while MPC-based motion planners use real-time en-
vironmental feedback to compute trajectories that
meet safety constraints.

For ride comfort, the proposed method attains a
score of 0.95. A key contributor is the treatment
of Cruise as a buffer state in receding-horizon
scheduling, which biases the vehicle toward sta-
ble, low-jerk behavior between highly dynamic
maneuvers. In contrast, OSGS, which lacks this
buffer, often switches directly between aggressive
behaviors (e.g., acceleration immediately after lane
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Method | RL Training SchedulingDSL Receding | Realization
X X X 0.00
X X 0.00
Ours » 077
0.91

Table 2: Ablation study on key components including
receding-horizon scheduling, SchedulingDSL, and RL-
based post-training.

change), yielding a comfort score of 0.74. The de-
cision inconsistency problem leads to the lowest
comfort scores for DiLu+ and DiLu++. Diffusion-
ES, while limited in instruction realization, benefits
from expert-demonstration priors that yield natural
trajectories and considerable comfort performance.

4.3 Training Dynamics

Figure 3 traces the evolution of reward, response
length, and realization score during training. The
steadily increasing reward indicates progressive ac-
quisition of SchedulingDSL syntax and semantics
by the SLM. From early to mid training, the growth
in response length suggests that the SLM begins
to include more details and intermediate reasoning
steps in its scheduling plans (Guo et al., 2025).

In later training, however, both response length
and testing realization score drop sharply even as
the training reward continues to rise. Case stud-
ies attribute this pattern to overfitting: the SLM
collapses to nearly fixed scheduling plans across
training scenarios and suppresses intermediate rea-
soning, memorizing specific training instances in-
stead of learning a generalizable scheduling pro-
cedure (Kirk et al., 2024; Fan et al., 2025). As a
result, responses become shorter and generalization
to unseen cases deteriorates.

4.4 Ablation Study

Table 2 reports an ablation study of the three com-
ponents: receding-horizon scheduling, Schedul-
ingDSL, and RL-based post-training. Regardless
of the post-training, the SLM attains a realization
score of O when tasked with generating an entire
long-horizon scheduling plan in a single shot using
GPL (i.e., Python). This failure reflects both the
limited reasoning capability of the SLM and the
difficulty of searching a vast, weakly constrained
output space that lacks the domain-specific struc-
ture needed to reliably guide scheduling decisions
(Geng et al., 2023; Shi et al., 2024).

Even with DSL and RL, requiring the SLM to
produce a long-horizon schedule in one shot re-

mains challenging: it increases task complexity,
reduces adaptability, and yields sparse RL rewards.
The receding-horizon scheduling mitigates these is-
sues by decomposing long-horizon tasks into short-
horizon subtasks (Mettler and Toupet, 2005; Mat-
tingley et al., 2011). This decomposition lowers the
reasoning burden, enables timely schedule revision,
and provides denser reward signals, thus resulting
in higher realization scores.

. Latency
Metric T 7S 3s
Realization | 0.68 0.43 0.37
Collision | 0.98 098 0.98
TTC 0.92 0.88 0.90

Table 3: Latency sensitivity analysis.

Table 3 shows that the proposed dual-loop frame-
work maintains robust safety performance under
language-model inference latency (a detailed anal-
ysis is provided in Appendix B). Appendix C ex-
plains why SchedulingDSL is better suited to plan-
ner scheduling than GPL, and provides qualitative
analysis of the instruction-realization methods. An-
imatied results are provided in the supplementary
material.

5 Conclusion

This study formulates passenger maneuver-level
instructions as a motion-planning scheduling prob-
lem and proposes a dual-loop, SLM-enhanced
framework that decouples semantic reasoning from
vehicle control across timescales while preserving
decision transparency. To compensate for the lim-
ited capacity of SLMs, the framework combines
receding-horizon scheduling, a SchedulingDSL,
and RL post-training to decompose long-horizon
instruction tasks, constrain SLM outputs, and
improve DSL proficiency and scheduling perfor-
mance. Experiments on the high-fidelity nuPlan
simulator show that, with a 0.5B-parameter SLM,
the framework outperforms the 671B-parameter
LLM-based baseline OSGS by 8%, achieving
an instruction-realization score of 0.91. It also
matches the safety, rule-compliance, and comfort
of specialized AD methods, and remains safety-
robust to language-model inference delays.

6 Limitations

Further work is required before real-vehicle de-
ployment: i) Visual Integration: Since visual in-
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Figure 3: Training dynamics on training and testing data.

puts convey richer semantics than text alone, in-
tegrating VLM for instruction understanding re-
mains essential. ii) Simulation Augmentation: nu-
Plan lacks ego-view image rendering, constraining
closed-loop evaluation of prevailing VLA frame-
works. Integrating 3D reconstruction methods (e.g.
3D Gaussian Splatting) for nuPlan would enable
more comprehensive assessment.

7 Ethical considerations

This work explores a preliminary approach to real-
izing passenger instruction for autonomous driving.
Experiments are conducted solely in simulation
and are not directly deployable on real vehicles.
Misinterpretation or unsafe plan generation (e.g.,
under adversarial instructions) could lead to haz-
ardous behavior in the real world. Any deployment
would require independent safety constraints and
rigorous validation/testing. In addition, Al assis-
tant was used for language editing of this paper; no
personal or restricted data was shared; the authors
are responsible for the paper.
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Simulator. The proposed framework is evaluated
on the nuPlan high-fidelity urban driving simulator
(Karnchanachari et al., 2024). It exposes the ego
vehicle to realistic urban traffic and supports fully
continuous, low-level control: policies must gen-
erate acceleration and steering actions that are ap-
plied through an explicit vehicle dynamics model.
The nuPlan environment includes pedestrians, traf-
fic signals, and complex urban layouts, offering a
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Instruction Intent

Examples

Proportion

Lane Change

"Exit is just around the corner, get ready for the escape.",
"It is not safe to keep tailgating this car.",
"I feels like we are kinda camping out in the fast lane.", ...
“We’re kind of stuck in slow-mo here — think we can ease by?”,

41.43%

Overtake

Pull Over

Accelerate

Decelerate

Compositional

Cruise

"Look at him, he is basically crawling.",
"Let us pass that slowpoke in front!", ...

"Can we chill here for a bit? My butt needs a break from all this sitting.",
"I could really use a quick pause, don’t you think? Right here works.’,
"This feels like a nice place to hit pause for a minute, don’t you think?", ...
"Pretty sure the cars behind us are plotting our assassination.",
"Bro, we just got smoked by bicycles.",

"I thought this was a highway, not a sightseeing parade!", ...

"This isn’t a highway, it’s a neighborhood street.",

"Are you in a race or something?",

"Mind easing up a bit? I'm not in a hurry.", ...

"Could you gradually move us into the right lane after the turn?",
"Could you overtake after we get around the corner?",

"Hang tight for three, then slide by.", ...

"Is the left lane looking better to you?",

"Change to right lane now!",

"Is the left lane looking better to you?", ...

11.43%

12.86%

10.00%

12.86%

8.57%

2.85%

Table 4: Examples and distribution of passenger instructions.

ﬂ Your Task &
You are a Robotaxi assistant. The current mode is “Cruise”. Refine and adapt the above DSL code to
“{driving_behavior}”, then return to “Cruise”.

execute the

# Warning !

- Use only the operators/variables/methods shown in the DSL Examples.
- Ground your DSL in the Current Scene Description.

- Keep the conditions minimal.

# Current Scene Description ©@
{scene_context}

# DSL Examples =
Here are some DSL examples for only reference.

# Output Format & DSL Example
First answer the questions below, then provide ONE final DSL code block.
QI: Which actors can affect command execution of “{driving_ behavior}” in the current scene?
Q2: What safety checks enable swift execution of “{driving_behavior}™?
Q3: What factors should be excluded to keep DSL minimal?
\\Thc DSL code for execution of *“{driving_behavior}™ and then return to "Cruise" is: /

Figure 4: Prompt template for receding-horizon schedul-
ing. The scene context is encoded as a structured textual
description, following DilLu (Wen et al., 2024), and a
DSL example is given in the following content.

closer proxy to the challenges of real-world robo-
taxi deployment.

Data. The evaluation data comprises 1,050 in-
struction—scenario pairs. Each scenario is a 15 s
traffic simulation sampled at 10 Hz (150 time steps).
As shown in Table 4, the instructions are written in
natural, conversational language with diverse syn-
tax and vocabulary, and frequently use personal pro-
nouns and modal verbs (e.g., “you,” “we,” “could”)
to approximate human interaction. They deliber-
ately avoid explicitly specifying the driving intent,
requiring the language model to infer this implicit
intent via semantic reasoning grounded in the traf-
fic context. Approximately 70% of the instruction

tasks involve high-risk maneuvers in urban envi-
ronments (e.g., lane changes, overtaking), enabling
targeted safety evaluation in complex urban scenar-
ios. All 1,050 annotated instruction—scenario pairs
are reserved exclusively for evaluation. Training
data are generated by additional simulation rollouts
of the IDM policy in the same base scenarios, using
alternative initial traffic states that do not overlap
with the test episodes.

Training setup. Performing GRPO-based RL
fine-tuning in nuPlan is nontrivial. In some text-
generation RL settings, a rollout can be scored
immediately by comparing outputs with ground-
truth targets or by querying a reward model. In
this work, the language model outputs a schedul-
ing plan, and reward is obtained by executing the
plan in the closed-loop simulation and scoring the
resulting vehicle trajectories and safety outcomes.
GRPO typically relies on sampling multiple roll-
outs under an unchanged policy for the same sce-
nario to compute group-relative advantages. For
consistent evaluation and higher throughput, these
rollouts should be executed in batches within fixed
simulation configurations; per-rollout full reset and
repeated map/scenario loading can substantially
reduce training throughput. Towards this end, a
distributed simulation service is built on Ray, en-
capsulating multiple nuPlan simulator instances as
long-lived workers for parallel rollout execution.
The simulator service accepts batched rollout re-
quests containing scheduling plans and scenario
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Latency

Metric Is o 3s
Realization | 0.68 0.43 0.37
Collision | 0.98 0.98 0.98
TTC 092 0.88 0.90

Table 5: Latency sensitivity analysis.

identifiers, dispatches them to Ray workers, and
returns per-rollout rewards along with trajectory-
and safety-related metrics as each simulation com-
pletes.

In addition, nuPlan and the RL fine-tuning stack
Verl require conflicting dependency versions (e.g.,
PyTorch), making it difficult to run both within a
single Python runtime environment. To resolve
this, the simulator service and the RL training pro-
cess are separated into two Conda environments
and connected via a lightweight FastAPI interface:
the nuPlan side runs simulations and reports re-
ward/metric summaries, while the RL side con-
sumes these results to compute policy gradients.
The two components communicate over HTTP,
forming an end-to-end training loop without modi-
fying either dependency stack.

Hyperparameters. Experiments are conducted
on a workstation with AMD EPYC 7313 CPUs
and 4 NVIDIA A6000 48G GPUs. All the base-
line methods were run using the hyper-parameters
and checkpoints recommended in their original
papers or project repositories to ensure fairness.
The proposed framework fine-tunes Qwen2.5-0.5B-
Instruct on the constructed data using a GRPO-style
objective (see Equation (16)) for 7 epochs with it-
erative PPO-style policy updates. Input prompts
are truncated to 750 tokens, and 4 trajectories are
sampled per prompt, each with a maximum length
of 4,000 tokens, using decoding hyper-parameters
temperature = 0.7, top-p = 0.8, and top-k = 20. Op-
timization uses AdamW optimizer with a learning
rate of 1 x 1075 and 2 PPO epochs per update.
The training batch size is 4 prompts, with PPO
mini batches of size 4 and a per GPU micro batch
size of 1 implemented via gradient accumulation.
To limit policy drift, KL regularization toward a
fixed reference policy is applied with coefficient
1x 1073

B Latency Sensitivity Analysis

As shown in Table 5, controlled delays are intro-
duced into the outer-loop language-model decision

(a) GPL-based Plan, python, 622 tokens

(gap("front")>5*m) & (ttc(""rear")>1.0*s)

Sp )>=1.5%m_s).for_(1%*s)
|(gap("left_front")>
[(thw("left_front

[((speed("left_front!
llc_ ok =lane ok & f r ok & Ir_ok & If ok
llc_ok.then("Left Lane Change")

cru_ok =is_lane_change_completed()
cru_ok.then("Cruise")

peed("ego")).for_(0.5*s)) )

(b) DSL-based Plan, SchedulingDSL, 143 tokens

Figure 5: Comparison between GPL (i.e, Python) and
DSL (i.e., SchedulingDSL) when presenting the same
scheduling logic.

and their impact on instruction realization rate and
safety metrics is measured. It can be observed that
increasing the injected latency decreases the suc-
cess rate of instruction tasks. This is because most
evaluation instructions correspond to lane-change
maneuvers that require timely lateral motion, so
additional delay causes the ego vehicle to miss fea-
sible lane-change opportunities. Besides, because
the language model is invoked multiple times dur-
ing execution, the effective end-to-end latency is
approximately proportional to the per-call delay
and the number of model invocations. Neverthe-
less, the decoupled dual loop architecture, in which
a feedback-driven inner loop continuously operates,
and enforces emergency behaviors, keeps the safety
metrics almost unchanged under added inference
delays. This result demonstrates the safety robust-
ness of the proposed framework to language model
inference latency.

C Visualization Results and Qualitative
Analysis

Comparison between GPL and DSL. Figure 5
compares a Python implementation with a Schedul-
ingDSL specification that encodes approximately
equivalent scheduling logic for the same driving
intent. SchedulingDSL encapsulates safety metrics
(gap, thw, ttc) as first-class domain primitives
and supports built-in temporal constraint operators
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Figure 6: Open-ended passenger instruction realization. Animations are provided in the supplementary material.

L3 Passenger Instruction: “Could we hop over to the left?”
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Figure 7: Comparison with Diffusion-ES and DiLu++ on the left-lane-change scenario. Animations are provided in
the supplementary material.
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3 Passenger Instruction: “You are totally blocking the poor guy behind us!”
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Figure 8: Comparison with Diffusion-ES and DiL.u++ on the right-lane-change scenario. Animations are provided

in the supplementary material.

8 Passenger Instruction: “I feel unsafe behind that

truck!”
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Figure 9: Comparison with One-Shot GPL Scheduling (OSGS) on the left-lane-change scenario. Animations are

provided in the supplementary material.

(e.g., for, until), making rule specification closer
to declarative constraint composition. In contrast,
the Python script must explicitly implement met-
ric computation, actor binding, and temporal state
maintenance, expanding high-level semantics into

substantially more procedural detail. Moreover, the
DSL adopts a reactive semantics of “trigger the
action when the condition holds,” whereas Python
relies on yield from and wait_until to explic-
itly encode trigger conditions as control-flow wait
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3 Passenger Instruction: “I think our exit is going to be from the right soon.’
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Figure 10: Comparison with One-Shot GPL Scheduling (OSGS) on the right-lane-change scenario. Animations are

provided in the supplementary material.

points, which tends to introduce additional bound-
ary handling and state management in implementa-
tion.

Although SchedulingDSL is implemented on top
of Python, it is more than a thin syntactic wrapper.
The SchedulingDSL introduces an explicit LTL-
based domain model (defined in Section 3.3.2) for
scheduling—safety metrics, actor roles, and tem-
poral guards—as named primitives with a fixed
semantics, rather than leaving these concerns to
ad hoc helper functions and state variables. As a
result, different driving intents can be expressed
using a common vocabulary and structure, yielding
specifications that are shorter, more uniform, and
easier to inspect for correctness than their procedu-
ral counterparts.

Passenger instruction realization. Figure 6 il-
lustrates how passenger instructions are realized:
(a) pull over, with a right lane change and stop; (b)
accelerate, with the ego vehicle speeding up; (c)
left lane change, with the ego vehicle moving into
the left lane.

Because longitudinal maneuver instructions are
lower risk and relatively easy to execute, most of
instruction realization methods can achieve consid-
erable success rates on these tasks. The following
qualitative analysis therefore focuses on lateral ma-
neuver instructions, which are higher risk, yield
lower success rates, and constitute the majority of
the dataset.

Comparison with Diffusion-ES and DiLu++.
Figure 7 illustrates execution of a left-lane-change

command on a congested road segment. In
Diffusion-ES, encoding the passenger instruction
as an objective function does not adequately guide
the diffusion model to generate a left-lane-change
trajectory; the ego vehicle instead continues to ac-
celerate in its original lane. DiLu++ completes the
lane change but merges into the target lane with an
insufficient longitudinal gap to the preceding vehi-
cle, substantially increasing safety risk. With the
SchedulingDSL mechanism, the proposed method
initiates the lane change only after verifying suffi-
cient gaps to both the leading and following vehi-
cles in the target lane, thereby satisfying the com-
mand while reducing safety risk.

In the right-lane-change scenario in Figure 8§,
Diffusion-ES first accelerates, then performs a sta-
ble lane change along a smooth trajectory during
the subsequent high speed phase and ultimately
merges successfully. In contrast, DiLu++ makes
several unsuccessful lane change attempts in the
initial stage, then gradually adopts a more conser-
vative behavior and eventually abandons the lane
change. The proposed method correctly identifies
the temporal gap created by the deceleration of the
leading vehicle in the right lane and responds with
timely acceleration, completing the lane change
quickly while maintaining trajectory continuity and
stability.

For Diffusion-ES, incorporating expert demon-
stration priors during training substantially im-
proves performance in closed-loop autonomous
driving (Yang et al., 2024). Nonetheless, this prior
could also lead to ineffectiveness for instruction-
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realization tasks. The main limitation arises during
test-time optimization. When initial candidate tra-
jectories are strongly shaped by the expert prior and
thus far from instruction-aligned behavior, even
multi-step truncated diffusion inversion with iter-
ative refinement rarely returns them to a feasible
region that satisfies the instruction. Once the ini-
tialization bias becomes too strong, inversion and
correction primarily yield local adjustments around
the original prior rather than the global shift re-
quired to match the intended instruction. In addi-
tion, using an objective function to guide trajectory
generation during test-time optimization may intro-
duce instability and reduce controllability. In sev-
eral scenarios, the guidance signal drives the policy
toward overly conservative local optima, such as
“safe-but-no-progress” behavior in which the ve-
hicle remains stationary for extended periods and
fails to execute the required actions and achieve the
instructed goals.

In DiLu++, the main bottleneck is context infla-
tion from long horizon interactions. As the interac-
tion number between the LLM and the environment
grows, accumulated observations and action histo-
ries enlarge the context at each decision step and
complicate reasoning and planning. In this regime,
the LLM is more likely to misjudge the instruction
execution state. For example, when instructed to
perform a single lane change, the LLM may re-
peatedly trigger lane change maneuvers because of
unstable state tracking. Such inconsistent decisions
cause frequent switching among driving strategies
and degrade instruction realization and passenger
comfort. Nonetheless, in some cases, frequent in-
teraction between the LLM and the environment
can also be beneficial. DiLu+ does not use histori-
cal information and instead acts as a purely reactive
agent. Its decision paradigm, driven by frequent
environmental feedback at 1 Hz, improves online
adaptability and collision avoidance in autonomous
driving.

Comparison with OSGS. This experiment fur-
ther compares the proposed method with the One-
Shot GPL Scheduling (OSGS) baseline. In Figure
9, the OSGS baseline adopts a conservative lane-
change plan, initiating the maneuver only when the
lateral gap is sufficiently large. During the lane
change, interference from a cross-traffic vehicle
forces the ego vehicle to decelerate, and the ma-
neuver cannot be completed within the finite sim-
ulation horizon. In contrast, the proposed method

initiates the lane change immediately after acceler-
ating, allowing the ego vehicle to enter the target
lane earlier and satisfy the passenger instruction
more promptly.

Nonetheless, a more aggressive strategy does
not necessarily yield consistent benefits. As shown
in Figure 10, in a congested segment the OSGS
baseline changes lanes too early, limiting its ability
to increase speed while merging and preventing a
smooth integration into the faster traffic flow on
the right. The proposed method instead maintains
a cruising phase to build a speed advantage and
executes the lane change only once its speed has
increased and sufficient space is available in the
target lane, thereby improving merge success and
overall traffic efficiency.

Overall, the proposed method offers three key
advantages over the OSGS baseline: i) Although
the DeepSeek V3 model in OSGS has stronger gen-
eral intelligence, it often violates the required re-
sponse template during instruction interpretation
and schedule generation. Consequently, its out-
puts cannot be reliably parsed by downstream mod-
ules, reducing the instruction execution success
rate. The proposed framework alleviates this prob-
lem via RL-based post-training. ii) The GPL-
based scheduling plans in OSGS are substantially
longer and more complex than SchedulingDSL-
based plans (see Figure 5). Even large models such
as DeepSeekV3 struggle to produce fully correct
long-horizon schedules with high probability. The
proposed framework instead uses SchedulingDSL
to constrain plan complexity and adopts a receding-
horizon scheduling mechanism that decomposes
long-horizon tasks into shorter sub-tasks, thereby
improving the overall success rate. iii) In OSGS,
the LLM functions as a purely open-loop seman-
tic parser, generating a schedule only once for a
given instruction. In contrast, the proposed method,
through receding-horizon scheduling, allows the
LLM to iteratively update the scheduling policy
using environmental feedback, further increasing
the completion rate of instruction-following tasks.
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