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Abstract

Automated vehicles lack natural communica-
tion channels with other road users, making
external Human—Machine Interfaces (eHMIs)
essential for conveying intent and maintaining
trust in shared environments. However, most
eHMI studies rely on developer-crafted mes-
sage—action pairs, which are difficult to adapt
to diverse and dynamic traffic contexts. A
promising alternative is to use Large Language
Models (LLMs) as action designers that gen-
erate context-conditioned eHMI actions, yet
such designers lack perceptual verification and
typically depend on fixed prompts or costly
human-annotated feedback for improvement.
We present SEE2REFINE, a human-free, closed-
loop framework that uses vision—language
model (VLM) perceptual evaluation as auto-
mated visual feedback to improve an LLM-
based eHMI action designer. Given a driv-
ing context and a candidate eHMI action, the
VLM evaluates the perceived appropriateness
of the action, and this feedback is used to iter-
atively revise the designer’s outputs, enabling
systematic refinement without human super-
vision. We evaluate our framework across
three eHMI modalities (lightbar, eyes, and
arm) and multiple LLM model sizes. Across
settings, our framework consistently outper-
forms prompt-only LLM designers and man-
ually specified baselines in both VLM-based
metrics and human-subject evaluations. Results
further indicate that the improvements gener-
alize across modalities and that VLM evalua-
tions are well aligned with human preferences,
supporting the robustness and effectiveness of
SEE2REFINE for scalable action design. !

1 Introduction

Automated vehicles (AVs) are expected to reach
Level 4 autonomy within a decade (Agrawal et al.,

"The source code, prompts, Blender scenarios, and ren-
dered clips are available at https://anonymous.4open.
science/r/eHMI_LLM_finetuning-3A74
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Figure 1: SEE2REFINE uses VLM-based perceptual
evaluation as automated visual feedback to design, eval-
uate, and iteratively refine LLM-based eHMI action
designers without human supervision. In contrast, stan-
dard LLM-based designers rely on static prompts and
lack perceptual grounding for improvement.

2023; Chen et al., 2023). Without human drivers,
AVs usually lack effective communication chan-
nels with other road users, such as pedestrians, cy-
clists, and human drivers (Fagnant and Kockelman,
2015). This gap causes confusion and distrust, lead-
ing to traffic issues (Colley et al., 2025). External
Human-Machine Interfaces (eHMIs) are emerging
as promising solutions to address this communi-
cation challenge (Dey et al., 2020a). eHMIs can
comprise devices such as mechanical eyes (Chang
et al., 2022), mechanical arms (Gui et al., 2024b),
and lightbars (Dey et al., 2020b) mounted on the
exterior of AVs. These devices serve as communi-
cation interfaces that convey messages like “I am
stopping”. For instance, an eHMI can effectively
express directional intent through eye gazing, fin-
ger pointing, or illuminating particular sections of
a lightbar (Gui et al., 2024a).
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With eHMIs, researchers typically design eHMI
interactions via predefined actions, limiting adapt-
ability in dynamic and unpredictable environ-
ments (Dey et al., 2020a; de Winter and Dodou,
2022). To address this rigidity, LLMs offer a data-
driven alternative by generating context-dependent
eHMI actions from traffic scenarios, reducing the
reliance on manually defined rules (Radford et al.,
2019). Moreover, prior work shows that, when
equipped with carefully crafted system prompts,
LLM-based action designers can perform at a level
comparable to that of human designers (Xia et al.,
2025). However, text-based prompts can only cap-
ture a portion of the details involved in eHMI in-
stallation and are unable to convey rich visual in-
formation, such as sizes, speeds, and observation
angles, which are essential for designing actions in
dynamic scenarios (Tellex et al., 2020; Cao et al.,
2024; Majumder et al., 2024).

Using human feedback to guide the extraction of
knowledge related to specific types of eHMI serves
as a viable solution. Reinforcement Learning from
Human Feedback (RLHF) (Bai et al., 2022a) has
proven effective in developing LLMs at the expert-
level in specific tasks. However, applying RLHF to
the eHMI LLM designer involves extensive human
annotations, similar to other RLHF studies (Kauf-
mann et al., 2023; Jin et al., 2023; Wang et al.,
2025). Reinforcement Learning from Al Feed-
back (RLAIF) offers an alternative approach by
leveraging visual perception capabilities of Vision-
Language Models (VLMs) to provide judgments
that are close to human-level (Lee et al., 2024a;
Lu et al., 2024). To develop a framework capable
of designing, evaluating, and self-improving in a
cost-effective, rapid, and automated way, we pose
the following research question:

How to use VLMSs’ perception feedback
to improve an LLM-based eHMI action
designer without human annotations?

In this work, we propose SEE2REFINE that fea-
tures LLM designers to autonomously design, eval-
uate, and iteratively refine eHMI actions, utilizing
visual perception from VLMs as automated feed-
back in a cost-effective manner. In our experiments,
we trained separate DesignerLL.M models for each
of the three eHMI modalities: lightbar, eyes, and
arm. After three rounds of iterative learning, the
DesignerLLM models exhibited a clear alignment
in preferences with VLM raters. Additionally, our
sampling method to expand the action database ef-

fectively reduces annotation costs and time without
compromising performance. Subsequently, we re-
cruited 18 participants to evaluate the eHMI actions
generated by five LLMs: two 7B models (one base
model, one DesignerLLM) and three state-of-the-
art models. Extensive results show that utilizing
the visual perception of VLMs can also enhance
human evaluation scores. The main contributions
can be summarized as follows:

* We propose a new SEE2REFINE framework that
integrates VLM-based perceptual evaluation as
automated visual feedback to improve LLM-
based eHMI action designers (DesignerLLM).

* We discuss methods for effectively expanding
the action database while maintaining equivalent
VLM preference alignment performance.

* We conduct a user study to demonstrate that
aligning with VLM raters’ preferences can also
enhance human evaluation scores.

2 Related Works

eHMI Action Planning. Existing eHMI action-
planning mostly follows predefined, designer-
authored rules per modality: text/icons use traffic-
rules messages (Eisele and Petzoldt, 2022; Eisma
et al., 2021); color/light use flashing patterns based
on intuitive color associations (Bazilinskyy et al.,
2019; Dey et al., 2020b); and anthropomorphic
cues (e.g., eyes, arm gestures) draw on nonverbal
communication principles (Mahadevan et al., 2018;
Ochiai and Toyoshima, 2011). While effective,
these manual designs are labor-intensive and hard
to scale to complex real-world scenarios (Gui et al.,
2023; de Winter and Dodou, 2022). Recent work
uses LLMs for eHMI action planning via prompt
engineering (Xia et al., 2025), but this remains
prompt-dependent and largely task-level, lacking
mechanism-level understanding, requiring more ad-
vanced methods for higher-quality action planning.

VLM-based perceptual evaluation as feed-
back. Reinforcement Learning from Al Feed-
back (RLAIF) replaces the collection of human
preferences in RLHF by using stronger teacher
models to generate reward signals (Bai et al.,
2022b; Lee et al., 2023). In multimodal settings,
VLMs can be fine-tuned as rubric-following judges
for images/videos with human-level agreement
competitive with GPT-4V (Lee et al., 2024a; Lu
et al., 2024; Chen et al., 2024). Systems such
as Prometheus-Vision, WildVision-Arena/Bench,
and MLLM-as-a-Judge show that VLM judges can
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Figure 2: Our SEE2REFINE framework includes: scenario and action database construction (Section 3.1), format-
aware fine-tuning (Section 3.4), and iterative preference-based learning (Section 3.5). A shared action database
supports all three components, storing generated actions and expanding to enhance DesignerLL.M’s performance.

follow instructions and output pointwise/pairwise
scores that preserve human preference order-
ings (Lee et al., 2024a; Lu et al., 2024; Chen et al.,
2024), while VHELM and LLaVA-Critic further
standardize multimodal evaluation and reduce re-
liance on closed models (Lee et al., 2024b; Xiong
etal., 2025). Multimodal variants of RLAIF/RLHF-
V use Al-generated preferences to train reward
models and optimize LVLM policies with minimal
human labeling (Ahn et al., 2024; Yu et al., 2025;
Sun et al., 2023). For eHMI, VLM judges correlate
well with human ratings on LLM-generated action
clips, enabling closed-loop optimization where an
LLM proposes actions, a VLM scores them, and up-
dates (e.g., policy gradient or DPO-style) refine the
space without human studies (Wang et al., 2024).

3 Method

As shown in Figure 2, our SEE2REFINE framework
contains (1) Scenario-Message Pair Generation, (2)
Model Asset & Action Rendering, (3) Multi-Metric
Evaluation System, (4) Format-aware Fine-tuning,
and (5) Iterative Preference-based Learning.

3.1 Scenario-Message Pair Generation

We first generate traffic scenarios by combining six
different factors, inspired by existing eHMI sce-
nario studies (Dey et al., 2020a; Colley and Rukzio,
2020). The factors we consider are listed below.
By combining these factors, we generate a total of
6,912 unique condition combinations.

e Communication Relationships (4): 1st-/3rd-

person perspective X one-to-one/one-to-many.
* Emitter (2): Self-driving car; delivery robot.

* Receiver (4): Vehicle driver; pedestrian; cyclist;
motorcyclist.

* Message Type (8): Instruction, advisory, ques-
tion, answer, current, historical, predictive, warn.

¢ Direction (12): 1 to 12 o’clock.

 Safety Implications (3): Critical (0-5 m), mod-

erate (5—-10 m), routine (>10 m).

Second, conditioned on these scenarios, we
generate 20,736 intended messages containing
scenario information using larger LLMs, includ-
ing OpenAl GPT-4.1 (OpenAl, 2025), Claude
3.7 Sonnet (Anthropic, 2025), and Qwen3-235B-
A22B (Qwen Team, Alibaba Cloud, 2025). To
eliminate redundancy, we employ a sentence trans-
former (Reimers and Gurevych, 2019) to compare
messages. We sample 70% of these messages us-
ing the farthest point sampling algorithm (Eldar
et al., 1997) to ensure sufficient variance. In addi-
tion, we conduct a small user-rating study on 200
randomly selected scenario—message pairs. Two
eHMI researchers independently rate the validity
of each pair on a 7-point Likert scale (1=Strongly
Disagree, 7=Strongly Agree). The mean rating is
5.3 (SD=1.9), between “Somewhat Agree” (5) and
“Agree” (6), suggesting that the generated scenarios
were generally of high quality.

Third, we build an initial action database for the
later co-learning process. Using the same LLMs
as in the second step, we generate two structured
action sequences per model for each modality (six
candidates per scenario). We then render these
actions (Section 3.2) and score them with VLM
raters (Section 3.3), saving the scored actions to
the shared database.
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Figure 3: Overview of the six eHMI 3D models combining three modalities (lightbar, eyes, arm) and two emitter
types (self-driving car, delivery robot). Rendered videos are generated in Blender from the message receivers’

perspective under a defined camera direction and distance.

3.2 Model Asset and Action Rendering
3.21

In this study, we focus on three eHMI modalities:
lightbar, eyes, and arm. The first two modalities
represent classic eHMI designs (Dey et al., 2020a;
Deb et al., 2018; Rouchitsas and Alm, 2019; Ben-
derius et al., 2017; Colley et al., 2020) with sim-
pler control mechanisms, while the arm modal-
ity requires managing more parameters, which
presents additional challenges for Designer LL.M.
In Blender (Blender Foundation, 2025), we imple-
mented each modality in two message emitter types
(self-driving cars and delivery robots), resulting in
six 3D models (Figure 3 (a)). Modality descriptions
and permitted actions are as follows:

* Eyes are mounted on the front of the vehicle.
The pupil is parameterized in polar coordinates:
angle in [0°,360°] (0°=up, counterclockwise)
and radius in [0, 1] (O=center, 1=edge) (Chang
et al., 2022; Gui et al., 2022).

Light Bar is mounted on the vehicle front,
slightly extending to both wings. It has 16
binary lighting regions (0O=off, 1=on); e.g.,
“0000000011111111” denotes left-half off and
right-half on (vehicle perspective). Brightness
is fixed and color is cyan (Dey et al., 2020b).
Arm is mounted on the vehicle top and consists
of five single-axis joints (shoulder, upper arm,
forearm, hand, fingers) operating within limited
ranges (Gui et al., 2024b).
We also specify transition speeds between action
states. The eye and arm transitions range from 0.5
to 2.0s (0.1s steps), while the lightbar transitions
range from 0.1 to 1.0s (0.1s per step). This enables
smooth sequences while preserving temporal detail
at the video FPS.

Model Development and Definition

3.2.2 Rendering Pipeline

For rendering, we typically consider three condi-
tions: camera direction, camera distance (relative to
the object), and background scenes, as illustrated in
Figure 3 (b). Regarding camera direction, aligned
with Section 3.1, we create 12 cameras arranged
in clockwise order. Regarding camera distance,
which reflects the safety implications (Section 3.1),
we position the cameras at three different distances.
These positions can be accessed via Python to gen-
erate videos that simulate the perspectives of other
road users. We use a plain background, unlike the
previous work (Xia et al., 2025), to avoid contex-
tual cues and reduce rendering time. Removing
scene backgrounds decreases rendering time to ap-
proximately 1/10, while lower GPU memory usage
also enables more parallel threads, further reducing
wall-clock time by around 4x for batch rendering.
We render action videos using Blender ver-
sion 4.5 (Blender Foundation, 2025) on a GPU-
equipped device featuring four NVIDIA GTX Ti-
tan cards with 24 GB of RAM each, which allows
for up to 16 concurrent threads. The average ren-
dering time for 1,000 clips is approximately one
hour, with each thread consuming around 1.1 GB of
GPU RAM. Each frame is rendered at a resolution
of 512x512 pixels, centered on the eHMI-equipped
AV, as shown in Figure 3 (c). These clips are ren-
dered at four FPS, with a maximum action change
rate for each eHMI set to ensure that the frame
rate captures all relevant details, following Nyquist-
Shannon sampling theorem (Nyquist, 1928).

3.3 Multi-Metric Evaluation System

Recent studies show that VLMs demonstrate ca-
pabilities and preferences similar to those of hu-



mans (Lee et al., 2024a; Lu et al., 2024; Chen
et al., 2024). In our task, we aim to borrow knowl-
edge from existing Human-Computer Interaction
research (Colley et al., 2020; Colley and Rukzio,
2020; Colley et al., 2025) and use the features of
VLMs to develop a multi-metric evaluation system.

To simulate the human perception process, we
design a two-phase assessment: Phase 1 (without
revealing the intended message) and Phase 2 (with
the intended message disclosed). Each phase as-
sesses different aspects using standardized 9-point
Likert rating scales.

Phase 1 assesses how effectively the eHMI com-
municates without prior knowledge of the message,
simulating real-world reception scenarios.

* Intention Recognition (text + certainty, 9-pt):

Infer the message from the animation only; out-
put (i) an interpreted message sentence and (ii)
a 9-point certainty score (1=unclear, 5=neutral,
9=unambiguous).
Targeting (9-pt): Rate the confidence that the
message is directed to the receiver (1=not for the
receiver, S=uncertain, 9= clear for the receiver).
Trust (9-pt): Rate trust in AV/eHMI (1=dis-
trust/avoid, S=neutral, 9=full trust).

Similarity (9-pt, post-hoc): Compare the VLM-
interpreted message with the intended mes-
sage (from the emitter scenario) using a small
LLM judge (1=contradictory, S=partially simi-
lar, 9=equivalent).

L]

Phase 2 reveals the intended message to the
VLM evaluator and assesses how well the observed
eHMI behavior aligns with this communication
goal. This phase evaluates the quality of the design
from an informed perspective.

» User Acceptance (9-pt): Willingness to accept
the eHMI in daily life given the scenario, in-
tended message, and actions (1=reject, S=uncer-
tain, 9=fully accept).

* Consistency (9-pt): Alignment between the
perceived meaning of the actions shown and
the revealed intended message (1=contradictory,
5=mixed, 9=fully aligned).

3.3.1 Kernel Score: Composite Quality Metric

We later define a kernel scoring function that ag-
gregates the evaluation metrics as a unified quality
indicator. Given the six scores obtained from the
VLM evaluation: target score ¢, user acceptance u,
consistency c, certainty x, similarity s, and trust 7.
We compute the kernel score K as:

K=(kxs)+t+717+u+ec (1)

3.4 Format-aware Fine-tuning

This phase trains DesignerLLM-Apprentice to
reliably output eHMI-specific action formats, as il-
lustrated in Figure 2. We fine-tune two base model
sizes, Qwen2.5-7B-Instruct and Qwen2.5-1.5B-
Instruct (Qwen Team, 2024) (Qwen Team, 2024)
as “apprentices” for later optimization. Training
data is sampled from the shared action database by
selecting the candidate action with the best kernel
score per scenario.

3.5 [Iterative Preference-based learning

We utilize an iterative Direct Preference Optimiza-
tion (DPO) approach (Du et al., 2024; Rafailov
et al., 2023) to progressively enhance the ability
of DesignerLLM-base models to generate high-
quality eHMI action designs. Our pipeline involves
multiple cycles of sampling, rendering, evaluation,
and fine-tuning.

3.5.1 Importance-based Scenario Sampling

Expanding the action database is common in DPO-
style iterative training (Du et al., 2024), but regener-
ating actions for all scenarios is costly, and random
sampling can overlook hard cases. We therefore
use importance sampling to prioritize scenarios that
benefit most from additional generations.

For each scenario 7, the shared action database
stores tuples (i,m, K]™"), where m indexes the
source model/round and K" is the kernel score.
From these records, we compute K> =
max,, K™, K} = min,, K", AK; = K> —
K™ and the candidate count N;. We define the
importance score:

(AK oy — AK;) Ko™
( Klpest):&
i

I = x 0.5, (2)

where AK . = max; AKj and n; = N;/6 — 1
(assuming 6 generations of baseline). It prioritizes:
e Low best scores K Zbe“ (room for improvement)
* Small gaps AK; (limited diversity)
* High worst scores K}'"' (easier to improve)
* Fewer previous sampling attempts
We normalize scores such that max; I; = 1, then
sample 20% of scenarios per round by default.

3.5.2 Diverse Action Generation

For each sampled scenario, we generate diverse
eHMI action sequences with the current fine-tuned



model using diverse beam search (Vijayakumar
et al., 2016) (six beam groups with one beam each).
Each output is validated against modality-specific
JSON schemas (eyes/arm/lightbar) via Pydantic,
and invalid formats are discarded. We then ren-
der and evaluate the valid actions using the same
pipeline as the initial database, compute their ker-
nel scores, and append them to the shared action
database. Repeating this step iteratively expands
the candidate set and improves both diversity and
quality over training rounds.

3.5.3 Preference Pair Construction

After expanding the shared score database, we form
DPO preference pairs (y ™,y ™) per scenario, where
y™T is a higher-quality action than y~. This setup
is analogous to human preference ordering, as dis-
cussed in prior work (Xia et al., 2025). Pair extrac-
tion is two-stage. (1) Max—min: for each scenario
1, select the highest and lowest-scoring actions,

(yj,y;) = (argmrngf”, argn}rianim), 3)

only if the score gap AK; > dnin (default iy =
4.0), to ensure a strong preference signal. (2) High-
gap extras: collect additional pairs within the sce-
nario with K["* — K"? > din, sort by gap, and
keep the top p% (default 30%) to enhance training.

4 Experiment

4.1 Experimental Settings

Devices and Software. LLM inference and
video rendering run locally on a 4 xRTX TITAN
(24GB GPU RAM each) machine. Fine-tuning
(Format-aware Fine-tuning; Iterative Preference-
based learning) is performed on cloud GPUs with
up to 2xA100 (40GB GPU RAM each). We
use Transformers for inference (Wolf et al., 2020)
and LLaMA-Factory for fine-tuning (Zheng et al.,
2024). VLM inference is performed remotely using
GPT-5-mini (OpenAl, 2025).

Training Setup. All finetuning processes use
ShareGPT-formatted data (Chiang et al., 2023)
with an 80/20 train/test split. We fine-tune with
LoRA (Hu et al., 2022) in bfloat16: 3 epochs for
Format-aware Fine-tuning and 1 epoch for DPO
(to reduce overfitting, similar to prior works (Bai
et al., 2022b; Touvron et al., 2023; Liu et al., 2024)).
DPO uses weight=1, sigmoid loss, and a preference
coefficient of 0.01.

Computation Cost. VLM rating achieves ap-
proximately 90 evaluations per second with 8
threads. Single-thread inference requires about
7 seconds per scenario for the 7B model and 6
seconds per scenario for the 1.5B model. The ren-
dering takes roughly 45 seconds per clip, operating
in batch parallelization. Fine-tuning duration is
approximately 3 hours for the 7B model and 1 hour
10 minutes for the 1.5B model in Format-aware
Fine-tuning, and around 5 hours (7B) or 3 hours 30
minutes (1.5B) per DPO round. Excluding dataset
construction and assuming three DPO rounds, the
total co-learning time amounts to at least 60 hours
for the 7B model and 38 hours for the 1.5B model.

4.2 Results

4.2.1 Alignment with VLM Rater Preferences.

We evaluate how well DesignerLLM aligns
with VLM rater preferences to validate the
effectiveness of our framework. @ We com-
pare DesignerLLM-7B with DesignerLLM-1.5B,
DesignerLLM-Apprentice-7B, the Qwen2.5-7B-
Instruct base and the initial action database (Sec-
tion 3.1). We report all learning metrics and a
diversity measure, adapted from the Action Ref-
erence Score (ARS) (Xia et al., 2025), which as-
sesses the average similarity between pairs of ac-
tion sequences. Notably, these five models use
three different prompts, as described in the caption
of Table 1.

Preference alignment. Table 1 shows that all
DesignerLLLM variants outperform the initial ac-
tion database on all metrics, indicating a success-
ful alignment with VLM raters. Gains are larger
for Phase 2 metrics (acceptance, consistency) than
Phase 1 metrics (targeting, trust, similarity), with
trust and similarity improving the least (also dis-
cussed in Section 4.2.3).

Effect of multi-round learning. Comparing the
post-SFT base models (DesignerLLM-base) with
the final models (DesignerLLLM) confirms that it-
erative preference-based learning is necessary to
further distill VLM preferences into DesignerLLM.

4.2.2 Ablation Studies

We conduct ablations to (1) test whether Scenario
Sampling and Diverse Action Generation improve
the speed—performance trade-off, and (2) track De-
signerLLLM performance across different rounds.

Module effectiveness. We remove each module
while fixing the sampling ratio at 20% to keep train-
ing tractable (full regeneration would exceed 13



VLM rater Metrics

Modality Source / Configuration Div. T
UA1T Cons.T Targ.?T Trust? Sim.7T KS.71

DesignerLLM-7B" (Full) 5.889  6.061 6.577 6.874 0.373  28.017 63.580
DesignerLLM-1.5B" 5725  5.898 6.516 6.865 0.351 27.473 63.888

) DesignerLLM-Apprentice-7B"  4.847 4.763 6.273 6.796 0377 25382 61974
Lightbar  Qwen2.5-7B-Instruct* 4382  4.125 5.909 6.705 0.362  23.759 53.441
Initial Action Database? 4444 4203 6.197 6.784 0.365 24.244 58.378

w/o Div.Beam 5.011 5.234 6.377 6.806 0.370  24.534 56.332

w/o Imp.Samp. 5.097 5.386 6.439 6.839 0.372  24.884 54.034
DesignerLLM-7B" (Full) 6.010  6.083 6.929 6.925 0.432 28.839 8.492
DesignerLLM-1.5B" 5.828 5.919 6.773 6.901 0421 28.246  8.229
DesignerLLM-Apprentice-7BT  5.461 5.533 6.598 6.813 0400 27.158  7.242

Eyes Qwen2.5-7B-Instruct” 5.171 5.042 6.629 6.869 0435  26.642 10.726
Initial Action Database* 5.110  5.103 6.455 6.843 0413  26.269  7.770

w/o Div.Beam 5.633  5.649 6.706 6.908 0428 27.747 7.812

w/o Imp.Samp. 57706  5.732 6.761 6.900 0424 27936 7976
DesignerLLM-7BT (Full) 6.569  6.974 7.354 6.759 0428 30.531 14.721
DesignerLLM-1.5B" 6.495  6.820 7.313 6.768 0423  30.218 14.896
DesignerLLM-Apprentice-7Bf  6.109  6.362 7.156 6.614 0413  29.128 15.022

Arm Qwen2.5-7B-Instruct” 5202  5.156 6.807 6.686 0412 26.640 10.891
Initial Action Database? 5935  6.090 7.142 6.730 0425 28.759 16.282

w/o Div.Beam 6.359  6.622 7.237 6.732 0417  29.766  16.920

w/o Imp.Samp. 6.366  6.594 7.233 6.755 0425 29.694 16.788

Table 1: Comprehensive VLM evaluation and ablation results. I denotes the structured prompt with explicit format
guidance; T is a simplified version of I without format guidance; * refers to an enhanced prompt adapted from prior
work (Xia et al., 2025). For ablation, we show the removal of Scenario Sampling (Imp.Samp.) and Diverse Action

Generation (Div.Beam) modules.

days). As shown in Table 1, omitting either mod-
ule causes a clear performance drop, especially for
the lightbar modality, where the decline is roughly
twice that of the other modalities on average.
Across-round behavior. We further compare
DesignerLLM-7B across 3 rounds (Table 2),
adding Formatting Errors (F.Err.) to quantify out-
put validity. Notably, lightbar shows degraded for-
mat accuracy after finetuning, likely because its
16-bit status strings (e.g., “0000000011111111”)
encounter issues with continuous sequences of dig-
its in current LLMs (Spathis and Kawsar, 2023;
Hugging Face, 2024).

4.2.3

Metric choices are inherited from prior eHMI work,
but their effectiveness for VLM raters is unclear.
Therefore, we analyze the VLM score distribu-
tions for three milestones: (1) the initial action
database, (2) DesignerLLM-Apprentice-7B, and
(3) DesignerLLM-7B. As illustrated in Figure 7 in
the Appendix, metrics behave differently over train-
ing. Phase 2 metrics (User Acceptance, Consis-
tency) improve most clearly: their means increase

Metric-wise Analysis

and distributions tighten, suggesting that they are
the most sensitive and reliable signals for VLM-
based evaluation. In contrast, Phase 1 metrics show
weaker trends; targeting improves slightly, while
trust changes little and provides poor preference
separation in the initial database, making it less use-
ful for forming training pairs. This likely reflects
a mismatch between VLM- and human-perceived
trust in our setting.

4.3 Human Preference Alignment

We conducted a user study to (1) test whether im-
provements transfer from VLM raters to people,
and (2) examine potential gaps between VLM and
human preferences. Details are in Appendix A.
Setup. We evaluated two common modalities
(eyes, lightbar) on eight scenario-message pairs
from prior work (Xia et al., 2025). We com-
pared five models: DesignerLLM-base, Designer-
LLM, and three commercial LLMs (OpenAl GPT-
5, Claude Opus 4.1, Grok 4). Each model generated
actions that were rendered as 1080p videos at 12
FPS with full scene context (80 videos total).
Participants and measures. We recruited 18 par-



VLM rater Metrics

Modality Stage Div.? FEErr. (%) |
UA1 Cons.?T Targ.?” Trust?t Sim.T K.S.1
Apprentice  4.847  4.763 6.273 6.796 0.377 25382 61974 <0.01
Lichtbar Round1 5.673 5.888 6.526 6.826 0.352 27425 66.628 6.06
& Round2 5.920 6.152 6.637 6.848 0.359 28.110 62.983 10.06
Round3 5.889 6.061 6.577 6.874 0.373  28.017 63.580 11.31
Apprentice  5.461 5.533 6.598 6.813 0400 27.158 7.252 0
Eves Round1 5.707 5.742 6.733 6.733 0423 27917 8.229 0
y Round2 5.834 5.921 6.790 6.912 0.427 28305 8.606 0
Round3 6.010 6.083 6.929 6.925 0.432 28.839 8.492 0
Apprentice  6.109 6.362 7.156 6.614 0.413  29.128 15.022 0
Arm Roundl 6.377 6.604 7.235 6.754 0.426  29.826 16.458 0
Round2 6.471 6.743 7.301 6.755 0.432 30.168 15.197 0
Round3 6.569 6.974 7.354 6.759 0.428 30.531 14.721 <0.01
Table 2: Different Round Performance and Output Format Error Comparison.
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Figure 4: Human ratings of five models on six subjective metrics for (a) eyes and (b) lightbar. Bars show mean
scores (1-9) with error bars; mental workload is rescaled from 1-20 to 1-9. Ranks are shown above bars (#1 best).
DesignerLLM (7B) ranks 4th for both modalities, outperforming the base model and approaching commercial
models. T denotes a simple eHMI description; * denotes an enhanced prompt adapted from (Xia et al., 2025).

ticipants (21-30 years, M=26, SD=2.7), split
evenly by modality. For each scenario, participants
rated videos in two stages: without the intended
message (targeting, trust, perceived safety, mental
workload) and with the intended message revealed
(acceptance, consistency).

Results. Across both modalities, DesignerLLM
consistently outperformed the base model and
ranked 4th overall (Figure 4). Relative to the base
model, DesignerLLM improved average scores by
7.7% (eyes) and 7.9% (lightbar), with the largest
gains in targeting (15.4% eyes; 12.6% lightbar) and
acceptance (5.0% eyes; 12.5% lightbar). Commer-
cial models achieved higher absolute ratings, but
the improvements from our framework were sta-
tistically meaningful for most metrics, indicating

that VLM-aligned training also yields measurable
benefits for human-perceived eHMI quality.

5 Conclusion

We introduce SEE2REFINE leveraging VLM per-
ceptual feedback as an automated approach to pro-
gressively enhance the capabilities of LLM-based
eHMI action designers. We perform extensive ex-
periments and explore methods for effectively ex-
panding the action dataset while preserving align-
ment with VLM preference performance. Addi-
tionally, we conduct a user study demonstrating
that insights from VLM raters can also improve
human perception scores. Finally, our work serves
as an important practice in improving the message
delivery capabilities of LLM-actuated systems.



Limitations

Collaborative Learning with Human Users.
The current setup demonstrates that, with the
SEE2REFINE system, LLM-based eHMI action
designers can achieve higher human perception
scores, despite using VLM as an efficient substitute
for real human annotators. However, as noted in
previous work (Xia et al., 2025), the preference or-
der between a human and VLM is consistent only
when the rating score difference between two ac-
tions is sufficiently large. Replicating the nuanced
preferences of individuals from different cultural
backgrounds or age groups remains challenging.
Therefore, incorporating a real human annotator
into the refinement process would be valuable.

There are two aspects worth exploring. First,
effective fine-tuning of VLM rater models could
further improve system performance. However,
collecting enough data for a single round of fine-
tuning is still costly, so the potential marginal gains
from such fine-tuning merit careful consideration.
Second, rating alone is often not an information-
rich method for annotation. If we consider our
system as a simulation of a real teacher, employing
a teaching approach, using rich cues such as voice,
gestures, posture, and other non-verbal signals,
could serve as a more natural and effective way
to teach LLM designers accurate scenario-action
pairs. This approach could also help reduce the am-
biguity associated with preference pairs, thereby
enabling more effective distillation of human pref-
erences into the LLM training process.

Real-World Simulation and Learning. In the
current implementation (Section 3.1), we utilize
generated scenarios and rendered action videos as
visual cues for VLM raters. This approach has
proven to be both effective and efficient. How-
ever, it primarily focuses on simulating the main
elements of typical traffic scenarios, such as au-
tomated vehicles, while overlooking other factors
that could influence the visual perception outputs
for both VLM raters and human road users, such
as lighting conditions, obstructions, and other en-
vironmental factors. Therefore, the challenge is to
incorporate more visual elements that accurately
simulate real-world scenarios in rendered videos,
while maintaining reasonable rendering times to
enhance the robustness of LLM-based action de-
signers in practical applications. One potential
trade-off solution is to combine different levels
of visual detail within the same training session.

For example, including videos with rich visual ele-
ments for only a small portion of the training data
could improve robustness while keeping overall
training costs relatively low.
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A User Study Details

In this section, we further evaluate the preference
alignment of DesignerLLM models with human
participants for two purposes: (1) to demonstrate
that our co-learning framework can also enhance
the perceptual experience of human users, and (2)
to compare and analyze differences in preferences
between VLMs and human raters, thereby explor-
ing potential directions for future research.

A.1 Study Design and Procedure

A.1.1 Experimental Setup.

We selected two eHMI modalities (lightbar and
eyes) as simpler and common modalities for
the user study. FEight traffic scenario—message
pairs were adopted from prior work (Xia et al.,
2025) covering common interactions between AVs
and other road users. Five LLMs were tested:
two 7B-parameter models (DesignerLLM-base,
trained after Format-aware Fine-tuning, and De-
signerLL.M, after Iterative Preference-based Co-
learning) and three state-of-the-art models (Ope-
nAl GPT-5, Claude Opus 4.1, and Grok 4). Each
model generated eHMI actions that were rendered
into 1080p (1980x1080) videos at 12 FPS to en-
sure smooth playback for participants in Blender.
Unlike the videos provided to VLM raters (Sec-
tion 3.2.2), these videos include rich contextual
information. A total of 80 videos were created.
Rendering all scenarios with detailed meshes and
visual effects takes approximately 10 hours of com-
putation.

A.1.2 Interface Design.

The user study was implemented and deployed us-
ing Gradio. Separate interfaces were created for the
two eHMI modalities. Each interface consisted of
five components: (1) a welcome page, (2) an intro-
duction to general eHMI concepts and the specific
modality, including two demonstration videos, (3)
a demographic information section, (4) main rat-
ing pages for eight scenario—message pairs, and (5)
an ending page. The interface included a session-
based resume function, allowing participants to
continue later using their assigned ID.

A.1.3 Data Collection and Flow.

In the demographic section, participants anony-
mously reported their age, gender, and familiarity
with eHMIs. For the main user rating pages, eight
scenarios are evaluated across different pages, each
presented in two stages: the first stage, where the
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intended messages are not provided, and the second
stage, where the intended messages are included.
This results in a total of 16 pages. On each page,
five videos are shown to participants in a random-
ized order. As illustrated in Figure 5, each video
assessment follows a horizontal layout, with the
video on the left and the questionnaires on the right.
To ensure no scores are missed, a verification mech-
anism is in place: participants must complete the
current page before proceeding to the next, ensur-
ing the completeness of the questionnaires. Each
session took approximately 5 minutes to complete.

A.2 Participants

We recruited 18 participants aged 21 to 30 (mean
age: 26, SD = 2.7), consisting of nine males and
nine females. They were evenly assigned to eval-
uate the lightbar and eye modalities. Among the
participants, one was highly familiar with eHMISs,
possessing extensive knowledge or experience; two
had some familiarity, having heard about eHMIs
before; and the remaining fifteen were unfamiliar
with eHMIs. All participants received a $10 gift
card as compensation.

A.3 Measurements

To assess the quality of eHMI actions generated
by different LLLMs, participants rated each video
using standardized perceptual and cognitive met-
rics commonly used in eHMI studies (Colley et al.,
2020; Colley and Rukzio, 2020; Colley et al., 2025).
Two measurement sets were used, depending on
whether the intended message of the eHMI was
provided.

Without Intended Message. Participants rated
their initial impressions of the eHMI using four
metrics:

¢ Message Targeting (1-9): The extent to which
the eHMI message was directed toward the par-
ticipant.

* Trust (1-9): The participant’s confidence in and
willingness to rely on the eHMI communication.

* Perceived Safety (1-9): The participant’s sense
of safety or anxiety during the interaction.

* Mental Workload (1-20): The cognitive effort
required to interpret the eHMI actions.

With Intended Message. After revealing the
intended messages, participants reassessed using
two metrics:

» User Acceptance (1-9): The willingness to ac-
cept the eHMI in daily life.
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* Consistency (1-9): The perceived alignment
between the displayed eHMI motion and its in-
tended message.

A.4 Result Analysis

Prior to analysis, normality of these participant-
level means was assessed with the Shapiro—Wilk
test and showed no serious deviations (p > 0.05)
for both modalities. Because the study used a
within-subjects design with five model conditions,
each metric was analyzed using repeated-measures
ANOVA.

A.4.1 Reliability Analysis

We assessed the reliability of the subjective rat-
ings before analyzing model effects. Cronbach’s
alpha was used to evaluate internal consistency
within each metric across the five models. Inter-
nal consistency was excellent for both modalities
(eye: a = 0.925; lightbar: o = 0.953), with all
metrics exceeding o = 0.90. Inter-rater reliabil-
ity, estimated with the intraclass correlation coeffi-
cient (ICC), was low (eye: IC'C = 0.131; lightbar:
1CC = 0.087), indicating limited absolute agree-
ment across participants. Because our analyses
focus on within-subject, relative comparisons in
a single session, high internal consistency is the
primary requirement; the low ICC limits general-
ization to settings requiring stable scores across
raters or sessions (Koo and Li, 2016).

A4.2 Eye Modality Performance

For the eye modality condition with 9 participants,
repeated measures ANOVA revealed significant
main effects of model type across all six metrics:

Message Targeting. The ANOVA showed a
significant main effect of model type (F'(4,32) =
5.41, p = 0.002, n? = 0.403). Grok 4 (M = 5.47,
SD = 0.89) and OpenAl GPT-5 (M 5.47,
SD = 0.88) achieved the highest ratings, while
the base model Qwen2.5-7B-Instruct showed the
lowest performance (M = 4.21, SD = 1.65). No-
tably, DesignerLLM (M = 4.86, SD = 1.21)
demonstrated a 15.4% improvement over the base
model, indicating that our co-learning framework
successfully enhanced message targeting metric
despite its modest 7B parameter size.

Trust. A significant main effect was observed
(F(4,32) 4.66, p = 0.005, n?> = 0.368).
Grok 4 (M = 5.43, SD = 1.04) achieved the high-
est trust ratings, followed by OpenAl GPT-5 (M =
5.32, SD = 1.15). DesignerLLM (M = 4.65,



® Please imagine the following traffic scenario

You are a pedestrian waiting for an autonomous taxi on the right roadside among a crowd of
people also waiting for taxis (please imagine that scenario). You notice a taxi approaching you

with its eHMI displaying some actions.

2 Message Targeting (1=Definitely Not For Me, 5=Uncertain Targeting, 9=Definitely For Me)

1 2 3 4 5 3 7

< Trust (1=Complete Distrust, 5=Neutral Trust, 9=Complete Trust)

1 2 3 4 5 3 7

1 2 3 4 5 3 7

§) Perceived Safety (1=Extremely Unsafe, 5=Neutral Safety, 9=Extremely Safe)

& Mental Workload (1=Very Low Demand, 10=Moderate Demand, 20=Very High

Demand)

(a) First stage (without intended messages)

@ Please imagine the following traffic scenario

You are a pedestrian waiting for an autonomous taxi on the right roadside among a crowd of
people also waiting for taxis (please imagine that scenario). You notice a taxi approaching you

with its eHMI displaying some actions.

@' Intended Message that the eHMI want to convey

! ? 1am unable to pick you up here. Please walk forward in my direction to a suitable pickup spot.
. . J User Acceptance (1=Strongly Reject, 5=Neutral Acceptance, 9=Fully Accept)
1 2 3 4 5 3 7 8 9
s 9 a Consistency (1=Completely Inconsistent, 5=Moderately Consistent, 9=Perfectly Consistent)
0

(a) Second stage (with intended messages)

Figure 5: The layout for each video assessment is in two stages. In the first stage, participants rated their initial
impressions of the eHMI using four metrics, without any reference to the intended messages. In the second stage,
after the intended messages were revealed, participants re-evaluated their impressions using two different metrics.

Scene 5

Figure 6: Demonstration of 3D scenarios used in the user study.

SD = 1.32) achieved a 7.9% improvement over
the base model (M = 4.31, SD = 1.64), demon-
strating the framework’s effectiveness in generating
more trustworthy eHHI action design.

Perceived Safety. Model type significantly af-

fected perceived safety ratings (F'(4,32) = 4.82,
p = 0.004, n> = 0.376). Grok 4 (M = 5.65,
SD = 0.90) and OpenAl GPT-5 (M = 5.53,
SD = 1.04) achieved the highest ratings. Design-

erLLM (M = 5.00, SD = 0.89) showed a 7.1%
improvement over the base model (M = 4.67,
SD = 1.06), suggesting enhanced safety-oriented
action generation through our framework.

Mental Workload. Analysis revealed signifi-
cant differences in mental workload (F'(4,32) =
4.23, p = 0.007, 772 = 0.346). Lower scores in-
dicate better performance; Grok 4 (M = 9.49,
SD = 1.52) and OpenAl GPT-5 (M = 9.51,
SD = 1.40) imposed the lowest cognitive load,
while the base model imposed the highest (M =
10.97, SD = 1.38). DesignerLLM (M = 10.67,
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SD = 1.42) demonstrated a 2.7% reduction in
mental workload compared to the base model, indi-
cating more intuitive eHMI outputs.

User Acceptance. The ANOVA indicated a sig-
nificant main effect (F'(4, 32) = 4.23, p = 0.007,
n? = 0.346). Grok 4 (M = 5.39, SD = 1.19)
and OpenAl GPT-5 (M = 5.31, SD = 1.28)
achieved the highest acceptance ratings. Design-
erLLM (M = 4.38, SD = 1.48) showed a 5.0%
improvement in acceptance over the base model
(M = 4.17, SD = 1.46), validating the practical
applicability of our framework’s outputs.

Consistency. Significant differences emerged
across models (F'(4,32) = 3.73, p 0.013,
n? = 0.318). Grok 4 (M = 5.32, SD = 1.27)
and OpenAl GPT-5 (M = 5.29, SD = 1.31)
achieved the highest consistency ratings. Design-
erLLM (M = 4.39, SD = 1.36) exhibited 8.1%
better consistency than the base model (M = 4.06,
SD = 1.64), demonstrating more reliable message
convey capability.



Overall, DesignerLLM achieved an average
rank of 4 across all metrics in the eye modality,
substantially outperforming the base model (rank
5) with an average improvement of 7.7% across
all metrics while maintaining competitive perfor-
mance relative to commercial models with signifi-
cantly larger parameter counts.

A.4.3 Lightbar Modality Performance

For the lightbar modality condition with 9 partic-
ipants, repeated measures ANOVA also revealed
significant main effects for five of six metrics:

Message Targeting. The ANOVA showed a sig-
nificant main effect (F'(4, 32) = 6.34, p < 0.001,
n? = 0.442). Grok 4 (M = 5.35, SD = 1.03),
OpenAl GPT-5 (M = 5.31, SD = 1.08), and
Claude Opus 4.1 (M 5.32, SD 0.95)
achieved the highest ratings. DesignerLLM (M =
4.75, SD = 1.39) demonstrated a 12.6% improve-
ment over the base model (M = 4.22, SD =
1.33).

Trust. A significant main effect was observed
(F(4,32) 4.40, p 0.006, > = 0.355).
OpenAl GPT-5 achieved the highest trust (M =
5.53, SD = 1.09), followed by Claude Opus 4.1
(M = 5.50, SD = 0.97) and Grok 4 (M = 5.47,
SD = 1.00). DesignerLLM (M = 5.04, SD =
1.17) substantially outperformed the base model
(M = 4.67, SD = 1.20) by 7.9%, approaching
the performance of commercial models.

Perceived Safety. Model type significantly af-
fected safety perceptions (F'(4,32) = 3.94, p =
0.010, n? = 0.330). OpenAl GPT-5 (M = 5.65,
SD = 0.90) and Grok 4 (M = 5.60, SD = 1.02)
achieved the highest ratings. DesignerLLM (M =
5.25, SD = 1.12) showed a 7.1% improvement
over the base model (M = 4.90, SD = 1.21).

Mental Workload. No significant difference
was observed across models (F'(4,32) = 1.20,p =
0.331, n? = 0.130). Nonetheless, OpenAl GPT-
5 (M = 9.47, SD = 1.90) imposed the lowest
cognitive load numerically. DesignerLLM (M =
10.06, SD = 1.74) showed a 3.8% reduction in
workload compared to the base model (M = 10.46,
SD = 1.83).

User Acceptance. The ANOVA indicated highly
significant effects (F'(4,32) = 13.55, p < 0.001,
n? = 0.629), representing the largest effect size
across all metrics and modalities. OpenAl GPT-
5(M = 531, SD = 1.47), Claude Opus 4.1
(M =5.29, 5D = 1.29), and Grok 4 (M = 5.06,
SD = 1.58) achieved the highest acceptance rat-
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ings. DesignerLLM (M = 4.33, SD = 1.66)
achieved a substantial 12.5% improvement over
the base model (M = 3.85, SD = 1.75), repre-
senting the largest single-metric gain.

Consistency. Significant model differences were
found (F(4,32) = 7.54, p < 0.001, n? = 0.485).
OpenAl GPT-5 (M = 5.40, SD = 1.39) and
Claude Opus 4.1 (M 5.28, SD 1.31)
achieved the highest ratings. DesignerLLM (M =
4.39, SD = 1.23) demonstrated 3.5% improved
consistency over the base model (M 4.24,
SD =1.15).

In the lightbar modality, DesignerLLLM main-
tained an average rank of 4.0, consistently outper-
forming the base model (rank 5.0) across all metrics
with an average improvement of 7.9%, demonstrat-
ing cross-modality robustness of our co-learning
framework.

A4.4 Summary

The human evaluation results demonstrate that our
co-learning framework successfully enhances a
7B parameter model (DesignerLLLM) to generate
significantly more acceptable eHMI actions com-
pared to its base model counterpart (Qwen2.5-7B-
Instruct). Across both modalities, DesignerLLM
achieved an average improvement of 7.8% across
all metrics, with the most substantial gains ob-
served in message targeting (15.4% for eye, 12.6%
for lightbar) and user acceptance (5.0% for eye,
12.5% for lightbar). While commercial models
with substantially larger parameter counts (GPT-5,
Grok 4, Claude Opus 4.1) achieved higher absolute
ratings, DesignerLLLM’s consistent rank-4 perfor-
mance across both modalities and all six metrics
validates the effectiveness of our framework. No-
tably, the large effect sizes observed across most
metrics (n? ranging from 0.318 to 0.629) indicate
that model choice has a substantial impact on per-
ceived eHMI quality. These results confirm that
our framework not only improves automated VLM-
based evaluation scores but also translates to mean-
ingful enhancements in real human user experience,
achieving competitive performance with a fraction
of the computational resources required by com-
mercial alternatives.
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Figure 7: Boxplot of metric distributions at different training milestones. User Acceptance and Consistency both
show increasing averages, with their distributions becoming more concentrated. In contrast, Trust exhibits minimal
change.
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