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Figure 1. iMotion-LLM generates feasible, safety-aligned trajectories from human instructions. It uses two datasets, InstructWaymo
(direction-based) and Open-Vocabulary InstructNuPlan (safety-focused), to support instruction-conditioned generation and justification.

Abstract 1. Introduction
We introduce iMotion-LLM, a large language model

(LLM) integrated with trajectory prediction modules for Trajectory prediction is a core component of autonomous
interactive motion generation. Unlike conventional ap- driving pipelines, enabling the ego vehicle to anticipate
proaches, it generates feasible, safety-aligned trajecto- surrounding agents and plan safe maneuvers [27]. Large-
ries based on textual instructions, enabling adaptable and scale benchmarks such as the Waymo Open Motion Dataset
context-aware driving behavior. It combines an encoder- (WOMD) [19] and the Waymo Sim Agents Challenge [45]
decoder multimodal trajectory prediction model with a pre- have advanced prediction accuracy and realism, but they
trained LLM fine-tuned using LoRA, projecting scene fea- provide limited controllability: models forecast futures
tures into the LLM input space and mapping special tokens from past motion without explicit mechanisms to direct
to a trajectory decoder for text-based interaction and inter- agent behavior. As autonomous systems mature, the ability
pretable driving. To support this framework, we introduce to control generated trajectories, particularly through nat-
two datasets: 1) InstructWaymo, an extension of the Waymo ural language, becomes essential for scenario generation,
Open Motion Dataset with direction-based motion instruc- safety testing, and interpretability.

tions, and 2) Open-Vocabulary InstructNuPlan, which fea- Recent research has explored language-conditioned traf-
tures safety-aligned instruction-caption pairs and corre- fic and trajectory generation, including LANG-TRAJ [7],
sponding safe trajectory scenarios. Our experiments val- InteractTraj [61], ProSim-Instruct [56], and others [20, 55,
idate that instruction conditioning enables trajectory gen- 64, 65]. While these methods demonstrate progress in
eration that follows the intended condition. iMotion-LLM scene-level realism or simulation-based evaluation, none
demonstrates strong contextual comprehension, achieving provide a rigorous framework for measuring controllabil-
84% average accuracy in direction feasibility detection ity under diverse language inputs. In contrast, our work es-
and 96% average accuracy in safety evaluation of open- tablishes Instruction-Conditioned Trajectory Generation as
vocabulary instructions. This work lays the foundation for a task: we pair large-scale real-world datasets with textual
text-guided motion generation in autonomous driving, sup- instructions, introduce a direct metric for instruction adher-
porting simulated data generation, model interpretability, ence (IFR), and compare against strong trajectory predic-
and robust safety alignment testing for trajectory genera- tion backbones to ensure preserving trajectory quality.

tion models. Our code, pre-trained model, and datasets are

. - £ = i Our framework lays the foundation for next-generation
available at: vision-cair.github.io/iMotion-LLM/.

AV systems that can reason and act safely based on lan-
*This work was done outside of Meta in a personal capacity. guage. While NuPlan [6] enables sampling of challenging
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cases through scenario mining, our setting emphasizes se-
mantically controlled trajectories. This is similar in spirit
to concurrent efforts [7, 56], but distinguishes itself by pro-
viding a rigorous evaluation of controllability. As a result,
developers can not only represent challenging scenarios,
but also manipulate agent motion to stress-test downstream
planning under diverse conditions, where prior work such as
LCTGen [55] has shown that such manipulation can signif-
icantly degrade the performance of policy-based planners.
Our contributions are:

We introduce two new datasets: InstructWaymo
and Open-Vocabulary InstructNuPlan, which augment
open-loop driving scenarios with direction-based and
free-form, safety-aligned instructions.

We develop instruction-conditioned models, including an
LLM-based approach that integrates feasibility and safety
reasoning for trajectory generation.

We propose Instruction Following Recall (IFR), an ef-
fective metric to evaluate adherence to instructions.

2. Related Work

Multimodal Large Language Models. Large Language
Models (LLMs) have significantly advanced in recent
years [, 5, 16, 48, 57, 58], with models like GPT-4 [1]
demonstrating remarkable abilities in generating coherent,
contextually relevant text across numerous domains. With
the strong performance of LLMs, there is an emergence of
multi-modal LLMs (MLLMs) [3], which extend the LLMs
with reasoning abilities across diverse modalities. Notable
works include VisualGPT [8], Flamingo [3], MiniGPT-
4 19, 66], LLaVA [37, 38], and InstructBLIP [15]. These
works used visual instruction tuning to align with human
intentions. There are some extensions that focus on detec-
tion and segmentation [4, 35, 59, 66], videos [36, 40, 63],
and 3D [23, 25, 62]. Our work focuses on MLLMs for mo-
tion prediction tasks.

Trajectory Prediction Models for Driving Scenarios.
Trajectory prediction analyzes agents’ historical tracks
on maps to forecast joint future positions. Early ap-
proaches used LSTMs [2, 24] for encoding agent states
and CNNs [13, 21, 50] for rasterized scene images.
GNNs [11, 29, 43] later improved agent interaction model-
ing. Transformer-based models like SceneTransformer [47]
and WayFormer [46] enhanced prediction efficiency but fo-
cused mainly on encoding vectorized representations. Mo-
tion Transformer [53, 54] and GameFormer [31] achieved
better accuracy through improved decoding, while Mo-
tionLM [51] adopted LLM-like structures without incorpo-
rating language reasoning capabilities. Earlier work also
examined social-awareness in [49].

Multimodal Large Language Models for Autonomous
Driving. The emergence of LLMs has sparked adaptations
for autonomous driving [10, 17, 26, 28]. GPT-Driver [41]
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Table 1. Direction categories with their corresponding presence
proportion in the train set.

Left U-turn
4,575

Stationary  Straight
16,748 863,910

Right  Left
184,286 221,762

and SurrealDriver [33] demonstrate LLMs’ transformative
impact on motion planning and maneuver generation. How-
ever, most methods focus on text or image inputs, overlook-
ing vector representation’s benefits for motion prediction.
Vector representation abstractly captures essential driving
scenario information. Like Driving with LLMs [10], we in-
tegrate LLMs with vector-based data, but while [10] intro-
duced QA-focused benchmarks representing motion as sin-
gle quantized actions (acceleration, braking, steering), we
focus on multi-modal multi-agent trajectories, better align-
ing with existing trajectory prediction modules for safer,
more reliable motion prediction.

Conditional and Promptable Trajectory Generation.
Several works explore controllable or instruction-driven tra-
jectory generation. InteractTraj [61] and TrafficGen [20]
generate synthetic data with controllability over traffic
density or interactions but evaluate mainly on realism.
Diffusion-based methods like CTG and CTG++ [64, 65]
add goal- or LLM-guided constraints, while LCTGen [55]
edits scenarios from free-form text, though without repro-
ducible benchmarks or controllability metrics. Closer to
our setting, LANGTRAIJ [7] and ProSim-Instruct [56] pair
trajectories with instructions, but support limited instruc-
tion types and report only realism-based simulation met-
rics. In contrast, we provide large-scale datasets, a dedi-
cated controllability metric (IFR), and rigorous benchmark-
ing against strong trajectory prediction backbones, while
also enabling textual justification of feasibility and safety
alignment with driving scenarios, establishing Instruction-
Conditioned Trajectory Generation as a standalone task.

3. Motion Instruction Datasets

3.1. InstructWaymo Dataset

InstructWaymo offers a new perspective on WOMD [18] by
making trajectory generation instructable and language de-
scriptive. Inspired by the mAP calculation used in WOMD,
which evaluates model performance across various driving
behaviors, we designed a module that categorizes future
motion based on direction, speed, and acceleration. In-
structWaymo uses future direction information as instruc-
tions alongside detailed motion descriptions such as two-
step direction, speed, and acceleration, which are presented
as captions to be used as output text for driving behavior in-
terpretation by models. Additionally, the feasibility of each
instruction (direction) is calculated, adding an extra layer of
comprehension by identifying feasible and infeasible direc-
tions for each driving scenario.

InstructWaymo is publicly available as a script to aug-
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Figure 2. Open-Vocabulary InstructNuPlan pipeline for generating safe/unsafe instruction-caption pairs using GPT-40 mini, guided by
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ment WOMD. This data augmentation is applied to approx-
imately 400K driving scenarios, which are preprocessed
similarly to the GameFormer preprocessing method. Each
scenario includes up to 32 neighboring agents, with a to-
tal of 33 agents, including the ego agent. Each agent in
the scene is considered a focal agent (the ego-view agent),
resulting in 4.2M samples across different focal agents.
Among these, 1.3M samples involve a unique vehicle as the
focal agent with a valid trajectory and detected instructions.
Direction. Direction is fundamental for instructing navi-
gation; we adopted the WOMD direction bucketing script
to obtain five conceivable direction conditions encompass-
ing five classes listed in Table | with their statistics. The
statistics shows a bias toward some behaviors like moving
straight. We use driving directions as instructions in the ex-
periments on InstructWaymo.

Speed and Acceleration. Following the intuition used in
[44], we categorize trajectories of moving vehicles based
on speeds and relative change in speeds. For that, we de-
fined S5-speed categories and 9-acceleration categories; the
suggested upper threshold and the categories are listed in
the supplementary.

Feasibility of directions. We define the feasibility of direc-
tions into three categories: 1) Ground-Truth direction (GT),
which is based on the ground-truth future trajectory and
hence is always assumed to be a feasible direction; 2) Fea-
sible directions (F), which are derivable directions but not
the GT direction; 3) Infeasible directions (IF), which is the
complement set of feasible directions. To assess feasibility,
we consider a set of candidate destination lanes relative to
the ego vehicle’s current location and heading. These candi-
date destinations are possible locations on associated lanes
within a range determined by the vehicle’s speed (maximum
range r). This range is calculated based on a maximum
speed increase of 15 km/h within 8 seconds, not exceeding
the road speed limit, and within a maximum range of 60 me-
ters, indicating a safe range of acceleration or deceleration.
For the feasibility of staying stationary, we detect if the ve-
hicle current speed is within 65 km/h, allowing it to slow
down to stop in 8 seconds. These heuristics are grounded
in general safe driving practices and are configurable in the
codebase that is publicly available.

LLM Instruction and caption. Using the extracted at-
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tributes, we construct a templated pair comprising an input
instruction and an output caption for the LLM. The input
instruction specifies the target (final) direction the ego ve-
hicle should reach. The output caption—generated autore-
gressively—covers the target direction and an interpretable
execution plan: two intermediate wayfinding steps, along
with indicative speeds and accelerations that realize the fi-
nal direction. This pairing makes the model’s adherence to
the instruction explicit and verifiable.

3.2. Open-Vocabulary InstructNuPlan Dataset

Open-Vocabulary InstructNuPlan extends NuPlan [6] to
explore instruction-conditioned trajectory generation be-
yond predefined instruction sets. Unlike InstructWaymo,
which focuses on structured direction-based commands,
this dataset introduces diverse open-vocabulary instruc-
tions, enabling more flexible and context-aware motion
generation. It also emphasizes safety alignment, distin-
guishing between safe and unsafe behaviors to evaluate
an autonomous vehicle’s ability to follow safe instruc-
tions while rejecting unsafe ones. This dataset serves as a
benchmark for assessing instruction-following capabilities
in real-world driving scenarios. The full process of generat-
ing open-vocabulary instruction-caption pairs for a driving
scenario is illustrated in Figure 2. The scenario type is pro-
vided in the original NuPlan dataset [6].

Selected Scenario Types. To capture diverse driving con-
texts, we select 14 scenario types from the NuPlan dataset,
spanning a wide range of real-world decision-making chal-
lenges such as interactions with pedestrians, vehicles, and
road infrastructure. The chosen scenarios include: Ac-
celerating at crosswalk, Traversing crosswalk, Waiting for
pedestrian to cross, Following lane (with/without/with slow
lead), Stopping with lead, Starting protected/non-protected
turns (cross/non-cross), Behind bike, Behind long vehicle,
and Traversing intersection. We sample an equal number
of examples per type, yielding 7,119 training and 124 test-
ing scenarios. From each, we generate multiple safe and
unsafe instruction—caption pairs using GPT-40 mini, result-
ing in 115,097 training and 2,078 testing pairs. Following
WOMD conventions, we use 1.1 seconds of past motion to
predict 8 seconds into the future.

Safety Grounding and Instruction Generation. To gen-
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erate safety-aligned instruction—caption pairs, we construct
metadata that explicitly defines safe and unsafe behaviors
for each scenario type, following established traffic rules
and autonomous driving best practices. Each scenario is an-
notated with up to 10 safe and 10 unsafe behaviors. Given
a scenario, we load its metadata, determine the ego vehi-
cle’s future motion, and match it against predefined behav-
ior categories (not moving, stopping, waiting then moving,
slowing down, speeding up, slowing down then speeding
up, speeding up then slowing down, maintaining speed).
From this, we retrieve guidelines specifying safe and un-
safe outcomes. For instance, in a waiting for a pedestrian to
cross scenario, if the ego vehicle’s behavior is not moving,
the safe instruction is “Do not move; the vehicle should re-
main stationary while a pedestrian is crossing”, whereas any
movement is considered unsafe. This process ensures that
instructions generated by GPT-40 mini are both context-
aware and safety-aligned.

Context-Enriched Instruction Generation. Beyond la-
beling safe vs. unsafe behaviors, we generate instructions in
two formats to test the model’s ability to handle explicit and
implicit cues: 1. With context: explicitly references scene
elements (e.g., “Slow down before the intersection due to
oncoming traffic.”). 2. Without context: abstract, context-
agnostic phrasing (e.g., “Reduce speed to 30 km/h.”). This
dual formulation enables a more comprehensive assessment
of contextual understanding. For captions, we always in-
clude contextual details to remain aligned with the instruc-
tion.

4. iMotion-LLM

4.1. Baselines

Non-Conditional Baselines. Transformer-based trajectory
prediction models like GameFormer [30] and MTR [52]
typically consist of two components: a Scene Encoder and a
Multimodal Trajectory Decoder. The Scene Encoder fuses
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observed map and agent information into scene context em-
beddings (scene tokens) € RF* 4w where dgcene is the em-
bedding dimension. Each embedding maintains a fixed cor-
respondence to its source (e.g., ego vehicle motion is always
the first token), which preserves spatial grounding. The
decoder then uses cross-attention with these embeddings
as keys and values (K, V), and M learnable queries Q €
RMXdsene to predict a Gaussian Mixture Model (GMM) of
future multimodal trajectories. These two modules—Scene
Encoder and Multimodal Trajectory Decoder—form the
backbone of such models and are illustrated in Figure 3 in
green.

Conditional Baselines. c¢GAN [42] introduces a foun-
dational approach for incorporating conditional labels in
image generation. Inspired by this, we enable decod-
ing in originally non-conditional transformer-based base-
lines to be conditioned on a given instruction label. In
the decoder, we introduce an additional learnable query,
Q € R1*dwene which is fused with the motion generation
queries, Q. The fusion is performed by adding ()’ element-
wise to each of the M motion queries. When training the
conditional baselines without the use of LLM components
(i.e., the orange components in Figure 3), Q' is learned
through a simple embedding layer that takes a categorical
class as input. When integrating an LLM with the base
model—leveraging its capability to process diverse natu-
ral language instructions—(@’ is instead derived from the
LLM’s output embeddings. Further details on training the
conditional baseline are provided in the pseudo-code in the
supplementary material.

4.2. Text-Guided Trajectory Generation

To enable natural-form text-based guidance and interaction,
we incorporate an LLM into pre-trained conditional base-
lines consisting of a Scene Encoder and a Multimodal Tra-
jectory Decoder. To enable this integration design, illus-
trated in Figure 3, four main blocks are required: 1.LLM



Projection module. 2.LLM itself. 3.Scene Mapper. 4.In-
struction Mapper.

LLM Projection. Inspired by Vision Language Models
(VLMs) [14, 67], we employ a simple linear projection
layer to map input scene embeddings to R¥*drLa | align-
ing with the LLM embedding dimension d 1 ;.

LLM. All projected scene embeddings, along with the input
text instruction, are fed into the LLM, which generates out-
put tokens representing the ego-vehicle token, the instruc-
tion token, and additional textual tokens that form an output
caption after grounding the input instruction.

Scene Mapper. We map the instruction-grounded ego to-
ken from R!*un back to R ¥4 using a multilayer per-
ceptron (MLP), referred to as the Scene Mapper. This
mapped token replaces the corresponding ego token and
is combined with the remaining keys and values from the
Scene Encoder, which bypass the LLM. Together, they
serve as the keys and values for the Multimodal Trajectory
Decoder.

Instruction Mapper. Following the Scene Mapper, we
project the instruction token back to the motion generation
model’s embedding space (R!* %) using an MLP. The re-
sulting vector is then fused with the motion query () via
element-wise addition

Output Caption. Along with generating scene and instruc-
tion tokens, the LLM has the capability of outputting text
that describes how the instruction is executed, a textual de-
cision ("[Accept]’ or ’[Reject]’) to indicate whether an in-
struction is feasible or not, and a safety justification for ac-
cepting or rejecting the instruction.

5. Experiments

5.1. Datasets Setup

Waymo Open Motion Dataset (WOMD). For training For
training unconditional baseline models, we use the WOMD
dataset [ 18], which consists of more than 400K driving sce-
narios. Considering each agent out of 32 agents as the focal
agent, we construct 4.2M training examples to reproduce
the results of GameFormer [30] and MTR [52]. We con-
sider a trajectory window of 9 seconds, with 1.1 seconds of
observed history.

InstructWaymo. Using InstructWaymo, we train condi-
tional models on 1.3M samples, each pairing the ego vehicle
with one of five direction instructions. Each scenario is an-
notated with a ground-truth (GT) instruction, additional fea-
sible (F) alternatives, and infeasible (IF) instructions. For
non-LLM conditional baselines, we train from scratch us-
ing GT only. In contrast, iMotion-LLM additionally in-
corporates IF instructions during fine-tuning to strengthen
feasibility awareness. For evaluation, we use 1,500 exam-
ples balanced across GT/F/IF. Trajectory training follows
WOMD settings, except we restrict the dataset to cases
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where the ego agent is a vehicle.

Open-Vocabulary InstructNuPlan. For open-vocabulary
fine-tuning and testing of iMotion-LLM, we use this dataset
with 115,097 training examples and 2,078 test examples.
We split the test samples into four categories: safe without
context, safe with context, unsafe without context, and un-
safe with context. We use the same trajectory training setup
as WOMD.

Metrics.  Traditional trajectory metrics such as mi-
nADE/minFDE capture geometric accuracy but do not as-
sess whether a model follows the instructed direction.
We therefore introduce Instruction Following Recall (IFR),
which measures the fraction of generated trajectories whose
final direction matches the instructed direction. We ex-
tract directions from predictions using the same direction-
extraction module as for ground truth. Formally, for IV sce-
narios and M generated trajectories per scenario,

1 N 1 M )
FR= <> — S k[t = o]
i=1 j=1

where DI"U jg the instructed direction bucket for scenario

i, and Df:?d is the direction bucket extracted from the j-th
generated trajectory. Higher IFR indicates stronger instruc-
tion adherence, while minADE/minFDE quantify trajectory
quality. In addition, we evaluate feasibility and safety de-
tection with classification accuracy, and report justification-
quality metrics in the supplementary material.

5.2. Qualitative Results of iMotion-LLM

In Figure 4, iMotion-LLM generates context-aware trajec-
tories for unsafe (left) and safe (right) instructions, effec-
tively assessing safety and providing grounded, diverse pre-
dictions with safety-aligned justifications.

Unsafe Instructions Results. The first unsafe case (top-
left) instructs an abrupt stop in a crosswalk, risking pedes-
trians. iMotion-LLM flags this, with five of six trajectories
avoiding the stop. The second case (middle-left) instructs
maintaining speed while turning, risking loss of control.
iMotion-LLM detects this, generating varied-speed trajec-
tories and reinforcing the need to decelerate. The third
case (bottom-left) instructs acceleration near a crosswalk,
ignoring pedestrians. iMotion-LLM flags the risk, produc-
ing both cautious and aggressive trajectories, with textual
reasoning aiding safety filtering.

Safe Instructions Results. The first safe case (top-right)
instructs slowing for a slow-moving lead vehicle and stop-
ping. iMotion-LLM correctly follows this, generating adap-
tive trajectories and reinforcing its understanding of dy-
namic agent interactions. The second safe case (middle-
right) instructs a left-favoring trajectory at a controlled
speed. iMotion-LLM correctly follows this, recognizing the
unprotected turn even though it is not explicitly mentioned
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Figure 4. iMotion-LLM Qualitative Results. Qualitative results showcasing three unsafe instructions (left) and three safe instructions
(right). The results demonstrate iMotion-LLM’s capability to generate relevant trajectories, assess the safety of given instructions, and

provide reasoning for its decisions.

Table 2. InstructWaymo Results. Instruction Following Recall
(IFR) on feasible instruction types: Ground-Truth (GT), Feasible
(F), minADE and minFDE, and the feasibility detection capability
of different models.

. . Feasibility
Model GT-IFR1 F-IFR1 minADE/minFDE | Detection
GameFormer [30] 66.89 15.21 0.78 / 1.64 X
MTR [52] 53.46 16.64 0.74/1.62 X
C-GameFormer 83.10 48.70 0.65/1.20 X
C-MTR 64.29 52.22 0.67/1.39 X
ProSim-Instruct 86.32 2491 352739 X
iMotion-LLM 87.30 52.24 0.67/1.25

in the ground truth response, showcasing strong contextual
reasoning. The final safe case (bottom-right) instructs ac-
celerating to 16 km/h while turning. iMotion-LLM clas-
sifies this as safe, generating diverse paths. Notably, one
trajectory takes a left turn, highlighting the model’s ability
to explore multiple reasonable options.

5.3. Results on InstructWaymo

Task and Metrics. To evaluate iMotion-LLM, we assess
the ability of trajectory generation models to follow a given
categorical direction using the Instruction-Following Re-
call (IFR) metric. Additionally, we evaluate the model’s
ability to reason about instruction feasibility by measur-
ing the accuracy of accepting feasible instructions (GT or
F) and rejecting infeasible ones (IF). To complement the
instruction-following evaluation, we also report minADE
and minFDE on GT-instruction examples to assess the qual-
ity of the generated trajectories. These conventional metrics
ensure that the model not only follows instructions but also
produces accurate and realistic motion plans.
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Table 3. Open-Vocabulary InstructNuPlan Results. comparison
of two different types of input complex instructions in NuPlan:
Safe and Unsafe. We also split the evaluation into instructions with
and without context. IFR is not reported for unsafe instructions, as
corresponding ground-truth trajectories are unavailable.

I/P Instruction Context Accuracy (%) IFR 7T
Safe X 96.61 68.96
Safe 98.39 70.22
Unsafe X 95.00 N/A
Unsafe 96.88 N/A

Evaluated Models. Although unconditional models such
as GameFormer [30] and MTR [52] do not take instruc-
tions or direction categories as input, we evaluate them as
lower-bound baselines to assess the effectiveness of the con-
ditional baselines and iMotion-LLM. This comparison is
not intended to demonstrate superiority over unconditional
models, as the tasks differ fundamentally, but rather to an-
alyze whether incorporating instruction-following capabil-
ities enables instructable trajectory generation, as imple-
mented in C-GameFormer, C-MTR, and iMotion-LLM.

For training iMotion-LLM, we use a conditionally
adapted and pretrained version of GameFormer, referred
to as C-GameFormer. We adopt a mixed training strategy:
70% of the data consists of ground-truth (GT) instructions
paired with their corresponding trajectories, while the re-
maining 30% consists of infeasible (IF) instructions, for
which no ground-truth trajectory is provided—only the tex-
tual instruction indicating that it should be rejected. Dur-
ing training, the text loss is always backpropagated, while
the trajectory loss is applied only when a corresponding
ground-truth trajectory is available (i.e., for GT instruc-
tions). Table 2 summarizes the evaluation results of the
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Figure 5. Qualitative comparison of three challenging Instruct-
Waymo scenarios. Non-conditional GameFormer in red, C-
GameFormer in blue, and iMotion-LLM in

models.

Results of Non-Conditional Baselines. = While non-
conditional MTR and GameFormer can generate realis-
tic driving trajectories, their generated trajectories do not
necessarily follow the ground truth direction (GT-IFR), as
shown in Table 2. Moreover, as expected, the recall of tra-
jectories generated in other feasible directions (F-IFR) is
very low, as these models were neither optimized to cover
a diverse range of directions for the same driving scenario
nor prompted to do so during inference.

Results of Conditional Baselines. Table 2 shows that
making models conditional, namely C-GameFormer and C-
MTR, improve IFR for both GT and F instructions, while
also reducing trajectory error as indicated by lower mi-
nADE and minFDE scores. This demonstrates that pro-
viding the intended direction as an input signal helps mod-
els generate more accurate and instruction-aligned trajec-
tories. For comparison with recent approaches, we eval-
uate ProSim-Instruct, pretrained on ProSim-Instruct-450k,
which is based on WOMD and uses instructions similar
to InstructWaymo; in our setting, however, we evaluate
single-agent conditioning under the same scenarios and in-
structions. Although ProSim-Instruct achieves comparable
GT-IFR, it suffers from degraded trajectory quality as mea-
sured by minADE/minFDE, reflecting its emphasis on stan-
dard realism-oriented metrics. In contrast, iMotion-LLM
maintains strong trajectory quality while further improv-
ing IFR, and introduces a key advantage: the ability to
generate textual justifications and detect instruction feasi-
bility. Qualitative results in Figure 5 illustrate these im-
provements: GameFormer fails to cover diverse directions
due to its non-conditional nature, C-GameFormer enables
instruction adherence, and iMotion-LLM achieves the best
alignment, including in challenging cases such as stop. No-
tably, iMotion-LLM reaches 52.24% F-IFR despite not ob-
serving such instructions during training, compared to only
2491% for ProSim-Instruct, highlighting both the gains
of our approach and the persistent challenge of generaliz-
ing to alternative controllable driving modes in instruction-
conditioned trajectory generation.
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5.4. Results on Open-Vocabulary InstructNuPlan

Task and Metrics. In open-vocabulary instructions,
iMotion-LLM is the only model that can address this chal-
lenge through its language processing capabilities. We eval-
uate its performance by assessing its ability to determine
instruction safety in a given driving scenario, the primary
metric for this task. Additionally, we compute Instruction-
Following Recall (IFR) based on the alignment of safe in-
structions with the ground-truth trajectory, as they are de-
rived from it and the scenario type.

Safety Detection. As shown in Table 3, the model demon-
strates strong performance in distinguishing between safe
and unsafe instructions, with slightly higher accuracy in de-
tecting unsafe instructions. This may be attributed to cer-
tain examples containing explicitly unsafe directives, such
as “speed up without stopping for the pedestrian crossing.”
Interestingly, the model maintains high safety detection ac-
curacy even without additional context. When context is
included, accuracy improves slightly, which aligns with the
evaluation setup where contextual information serves as an
additional hint rather than an inherent advantage.
Open-Vocabulary Instruction Following. The IFR per-
formance in Table 3 indicates that iMotion-LLM retains
a reasonable level of IFR, surpassing the non-conditional
GameFormer baseline reported on InstructWaymo (Table
2), though not reaching the performance of iMotion-LLM
on InstructWaymo. Given that the instructions are in natural
language and do not necessarily correspond to a predefined
direction category, unlike in InstructWaymo where IFR is
computed based on structured directional commands, the
results remain reasonable. Additionally, qualitative exam-
ples suggest that the model exhibits greater diversity in the
generated trajectories on Open-Vocabulary InstructNuPlan
compared to InstructWaymo.

5.5. Ablation Studies

We conducted a series of ablation studies to analyze the in-
fluence of different key components on iMotion-LLM per-
formance.

Impact of Class-Balanced Sampling. Given the strong
class imbalance in motion directions, we compare results
with and without class-balanced sampling for GT instruc-
tions for fine-tuning iMotion-LLM. As shown in Table 5,
balanced sampling leads to consistent improvements in both
GT-IFR and F-IFR across most instruction classes.

LLM Backbone Comparison. To assess the impact
of the LLM’s capabilities, we evaluate iMotion-LLM
with various backbones. While LLaMA-7B achieves the
best instruction-following recall overall, Mistral-7B shows
stronger safety justification accuracy in NuPlan. Table
4 presents a full comparison. All other experiments use
LLaMA-7B as the LLM model.



Table 4. Comparison of LLMs on InstructWaymo (left) and Open-Vocabulary InstructNuPlan (right). GT/F/IF-Acc denotes the feasibility
detection accuracy. Safe/Safe+Context refer to instructions without and with context, and Avg Acc reports overall safety detection accuracy.

InstructWaymo

LLM minADE/FDE  GT-IFR GT-Acec F-IFR

Open-Vocabulary InstructNuPlan
F-Acc IF-Acc Safe IFR Safe+context IFR Avg Acc

LLaMA-7B [58]

0.67/1.25 87.30 9733  52.24
0.67/1.25 86.61 9793  47.23
0.69/1.33 79.31 9720 3536
0.70/1.35 80.81 94.47  36.56

62.27 9273 68.96 70.22 96.25
64.87  95.00 63.69 63.95 97.25
63.93 91.13 62.05 63.20 96.50
39.80  06.13 62.26 62.75 96.25

Table 5. Effect of class-balanced sampling. GT-IFR and F-IFR
across instruction classes, comparing fine-tuning iMotion-LLM
with and without class-balanced sampling.

Class Without Balance With Balance
GT-IFR1 F-IFR1T GT-IFR1 F-IFR?T
Stationary 27.61 0.83 51.00 16.89
Straight 92.11 26.61 98.83 70.39
Left 80.78 19.56 95.94 68.11
Right 82.28 19.83 97.61 68.56

Left U-turn 94.00 32.33 93.11 37.28

Effect of LLM Mapper Depth. We compare projection
modules of varying depth. As shown in Table 6, the combi-
nation of linear and 2-layer MLP achieves the best perfor-
mance across all metrics except GT-Acc and F-Acc.

Training Strategy for Backbone Modules. We evaluate
different fine-tuning configurations: freezing the backbone,
fine-tuning only the trajectory decoder, only the scene en-
coder, and full fine-tuning. Training only the decoder pro-
vides the best balance between performance and stability,
as shown in Table 7.

6. Limitations

IFR Metric. Our IFR metric uses discrete directional
thresholds (as in WOMD), which capture basic direction-
following but not alignment under complex or open-
vocabulary instructions. ~ VLM-based evaluation is a
promising alternative, though current VLMs struggle with
BEV-rendered inputs.

Dataset Bias. The datasets may inherit biases from pre-
processing and class imbalance. Vectorized maps introduce
lossy simplifications, and Open-Vocabulary InstructNuPlan
relies on guided prompts to reduce hallucination, which
may limit generalization to unconstrained instructions.
Multi-Agent Support. iMotion-LLM is designed for
single-agent controllability and shows reduced performance
in multi-agent prediction. Richer datasets and models ex-
plicitly supporting interactive instructions are needed; ini-
tial multi-agent results are included in the supplementary.
Generalization. The lower performance on alternative fea-
sible instructions suggests limited robustness. Strong re-
sults on ground-truth instructions may partly reflect biases
from future log conditioning rather than true controllable

Table 6. Projection Layer Ablation. Comparison of different
input/output projection architectures. 2L and 4L denote 2-layer
and 4-layer MLPs.

In-proj Out-proj minADE/FDE | GT-IFRT GT-Acct F-IFRT F-Acct IF-Acc?
0.78/1.58 80.78 97.40 36.83 65.87 92.13

Linear Linear

Linear MLP 2L 0.67/1.25 87.30 97.33 52.24 62.27 92.73
MLP2L MLP2L 0.82/1.77 66.49 97.13 21.42 63.20 92.13
MLP 4L MLP 4L 0.76 / 1.57 68.73 97.13 16.49 63.93 91.07

Table 7. Ablation on Backbone Fine-Tuning. Comparison of
different fine-tuning strategies in iMotion-LLM.

Training Strategy ~ minADE/FDE | GT-IFR1 GT-Acct F-IFRT F-Acct IF-Acc?

Frozen 0.78/1.64 68.46 97.00 27.19 63.00 9233

Traj Decoder Only 0.67/1.25 87.30 97.33 52.24 62.27 92.73

Scene Encoder Only 0.70/1.33 82.32 97.33 39.04 64.53 90.33

Fully Finetuned 0.76 / 1.57 74.53 97.20 41.70 66.07 91.60
generation.

Computation. LLM-based models incur higher inference
costs than lightweight predictors. While advances in sparse
attention [68], quantization [34], activation sparsity [39],
and hardware-aware frameworks [60] improve efficiency,
LLM-based modeling is currently more suited to offline ap-
plications.

7. Conclusion

In conclusion, we present iMotion-LLM, a large language
model for Instruction-Conditioned Trajectory Generation.
By leveraging textual instructions, it produces contextu-
ally relevant, safety-aligned trajectories while interpreting
diverse commands. Through LoRA fine-tuning of a pre-
trained LLM, iMotion-LLM maps scene features into the
LLM input space, enabling grounded and interpretable mo-
tion reasoning. Despite the added compute cost of LLMs,
the improvements in interpretability, flexibility, and safety
alignment justify the trade-off for safety-critical offline
applications such as simulation. Our results show that
iMotion-LLM, guided by InstructWaymo, effectively aligns
with feasible instructions and rejects infeasible ones. Open-
Vocabulary InstructNuPlan further enhances safety-aware
decision-making. This work lays the foundation for text-
guided motion generation in autonomous driving, enabling
simulation of challenging scenarios and robust safety rea-
soning. Further dataset and training details are provided in
the supplementary, and all code and models are publicly re-
leased for reproducibility.
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