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LLM-Enhanced A2C with Trajectory Importance Weighting for
Diverse Environments Autonomous Driving
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Abstract

Existing A2C autonomous driving systems suffer from slow convergence due to sparse reward structures and
performance issues under diverse conditions. To address these, sSA2C-T methods for distinguishing environment-specific
experiences and context-based RL using LLM hints have been proposed, but they exhibit performance variance across
multiple environments due to fixed threshold-based filtering. This study proposes a trajectory importance-weighted
LLM-augmented A2C learning method integrating LLM reasoning and A2C real-time learning. The LLM optimizes
learning through action advice, adaptive difficulty adjustment, and trajectory importance evaluation. Experimental
results confirmed an average reward improvement of 15.5% and a 3.1% success rate increase across all weather

conditions, demonstrating that LLM contributes to enhancing A2C learning performance.
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Algorithm 1. LLM action advising pseudocode

Input © vehicle_pos (x, y), heading_angle (deg),
target_pos (x, y), dist_to_target,
obstacles [ {x1, y1}, {x2, y2}, ... ],
llm_client, cache

Output: action_advice

1. normalized_obs <«
normalize_observation(vehicle_pos, heading_angle,

target_pos, dist_to_target)

2. obs_list < sort_by_distance(obstacles,
vehicle_pos)

3. nearest_dist < euclidean(vehicle_pos,
obs_list0))

4. normalized_obs <« append(normalized_obs,
obs_list, nearest_dist)
5. cache_key —
generate_hash(normalized_obs)
6. if cache.has(cache_key):
7. return cache.get(cache_key)
8. prompt —
generate_situation_prompt(normalized_obs)
/| Prompt Template:
// "You are an autonomous driving assistant.
/I Analyze the current driving situation and
recommend the best action.

/I Current State:

/I = Vehicle position

/I - Heading angle
degrees

/I - Target position : ({tc.2f}, {ty-.2f})

[/ - Distance to target: {dist.2f}

s ({xe2f), {y-2f)
- {angle:. 11}

/I Nearby QObstacles (sorted by distance):

/I - Obstacle 1: position ({o1.x:.2f},
{oty:2f}), distance {d1:2f} <~ WARNING: very close
/| - Obstacle 2: position ({02.x:.2f},
{02.y:.21}), distance {d2:.2f}
I -..

1l

/I Available Actions:

/' 0=tumleft | 1=go straight | 2=
tumn right | 3 = reverse

Il

/I Respond with only a single integer (0, 1,
2 or 3.
9. advice < lIm_client.call(prompt)

/| Output Example: 2

/I (A =5 2Y FofS(d=
% 25 Yoz 1Y)
10. cache.store(cache_key, advice)
11. return advice

1.80) 2/
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Algorithm 2. Difficulty controlling pseudocode

Input : performance_metrics { success_rate,
avg_reward, avg_ep_length },
recent_history [ episode_1, ..., episode_n ],
current_difficulty, llm_client, cache
Qutput: difficulty_decision € { increase, maintain,
decrease }
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1. cache_key <«
generate_cache_key(performance_metrics,
recent_history)

2. if cache.has(cache_key):

3, return cache.get(cache_key)

4. prompt «—
format_performance_prompt(performance_metrics,

recent_history, current_difficulty)

/I Prompt Template:

/I "You are a curriculum controller for
autonomous driving RL.

Il

/I Recent performance over last {n}
episodes:

/I - Sucoess rate
{success_rate}%

/I - Average reward
{avg_reward:.1f}

/I - Avg episode length : {avg_ep_length}
steps

/I = Current difficulty

1l

/| Based on this performance, decide the
difficulty adjustment.

/' Respond with only one word: increase,
maintain, or decrease.”
5. response < lim_client.call(prompt)

/| Output Example: "increase”

/| (MSE 72% T2 — 0| A5 4F,

// Environment Manager?} ChS CtHA
stAdo=z M3l
6. decision <« parse_decision(response)
7. cache.store(cache_key, decision)
8. retun decision

: {current_difficulty}

34 HH "It & SRE &R =¥
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Done ajectory Wrinai Replay Buffer
Evaluator
[}

% 4 AN "ot &=
Fig. 4. Trajectory evaluation loop

Y45 AA HyF F29o 325 Yehith 9
JJ/\Cﬂ S5 LLM Trajectory Evaluator7} ZAA
ARE ZEZER jgitol #AZ A5, B4
NA2E 2oz Hrleth LM Az o

F9% 7t 7% LLM B.7F A2C

VV/inal = Wbase + ﬂ * I/Zlm (1)

A MY W, = 2 7l $8% W, & LLM
B7b A90.1-102 A7t3h, B LM B} A
o Wty HlgS AFske 34 7tE Agelth At
H HF 85 7IsAE A2Ce] A9 A HEdA
e VAR B8H0 S a8Ae BUG
duEF 32 A4 B FEIEot

202|E 3 HY P sEAE

Algorithm 3. Trajectory evaluator pseudocode

Input : trajectory { steps, total_reward, reached_target,
collisions, path_deviation,
sharp_tums },
[lm_client, base_importance_weight,
[lm_importance_weight
Output: importance_weight (W._final)

1. total_reward < suml(trajectory.rewards)
2. W_base <« normalize(total_reward)
3. prompt —
format_trajectory_prompt(trajectory)

/| Prompt Template:

/| "Evaluate the learning value of this
autonomous driving trajectory.

/l

/| Trajectory Summary:

/I - Steps : {steps}

/[ - Total reward . {total_reward:.1f}
/| - Reached target : {reached target}
/I - Coliisions : {collisions}

/| - Path deviation
/I - Shamp tumns

: {path_deviation}
: {sharp_turns}

/| Rate the learning value from 1 to 10,
/| where 10 means highly valuable for

fraining.

/| Respond with only a single integer.”
4. response < |Im_client.call(prompt)

/| Output Example: "8"

/I (&& 71X =8 — W.im = 8/10 = 0.8)
5. lim_score < extract_score(response)  or
50
6. W._lIm <« clamp(lim_score / 10.0, 0.1,
10)
7. W final <~ W_base +
[lm_importance_weight x W_Iim

// W-_final = 0.7 x W_base + 0.3 x 0.8 =

0.7 x W_base + 0.24
8. return W_final
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Table 1. Experimental environment configuration
Operating system Ubuntu 24.04
Framework Python 3.12
Library PyTorch 24.0+ROCm6.34
CPU Ryzen 9 7900X3D
GPU AMD Radeon RX 7900XTX
Memory 32 GB
LLM Claude 4 Sonnet
LLM difficulty interval 20 episodes
LLM action interval 10 steps
Epi r
e o
Base importance 0.7
LLM importance weight 0.3
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Table 2. Performance comparison results by weather
conditions

) LLM-Enhanced | Baseline

Wheathers Metrics 2C 200
Clear Avg reward 32042 285.02
weather | Success rate 85.2% 84.6%
Ll Avg reward 314.05 261.08
Success rate 84.8% 80.1%

sy Avg reward 298.92 260.05
Success rate 82.2% 80.0%

. Avg reward 291.70 255.26
Success rate 82.6% 77.7%
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Fig. 6. Performance comparison graphs results by weather conditions
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