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Motivation

e Can LLMs serve as accurate world models?

 How can world models benefit LLM agents?

 Gap between LLMs’ commonsense priors and environment dynamics.

Target Item: Diamond {_}

Neurosymbolic Learning
Action Rules: If the 'tool'
is not appropriate for the
'object' being mined, the
action will fail, ...

Planned actions:
1.Mine stone with
- wooden pickaxe;

'_ mining a diamond with

f:l the wrong pickaxe

LLM Agent

Planned actions:

| Symbolic Knowledge: [] | 6.craft an iron

Prediction | pickaxe
1.success = True, ...
i | iron pickaxe
3.success = True, ... ——

WALL-E mining diamond

7.Mine diamond with

|LLM World Model
| Symbolic Knowledge: [If the 'stone pickaxe'
| ii not appropriate for the 'diamond'...,

> (B A ]

| Prediction:
ict]| 6.success = False,

feedback = "stone pickaxe cannot ..."

| suggestion = "use iron pickaxe ..."

6,7.success = True, ...

“LLM priors” vs “real environment
transitions”



Overview of WALL-E

* We propose WALL-E, a training-free method
for world alignment.
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NeuroSymbolic Learning of Code Rules

1.
2.

(" . . )
NeuroSymbolic Learning of Code Rules
e N
Stage 1. Exploration of Trajectory Data Stage 2. Learning Symbolic Knowledge
- _Readlajeclolyt —k:t | ________}{__ _osmiherealtrajeciory” "
[
[ LLM ] [ Program ]
Action Rules Knowledge Graph Scene Graph
1. For action 'craft', .__,‘
if the player does not ﬁ{///
have enough materials... 'ﬁ
the action will fail "nodes":[{"id":1,wood}..]| | "nodes": [{"id":1,plains}]
2. For action ... "edges":[(1,2),(2,3),...]] |"edges":[(1,2),(2,3),...]
2/
'
( Stage 4. Code Rule Set Pruning via Maximum Set Coverage hYE Stage 3. Translating Symbolic Knowledge to Code
L. e =~ Prompt: Implement the learned rules in Python function
s o) . ,'O (@) Q_ . ~ “. to evaluate a observation and action, optionally using
-0 (o) h " e . -~ the Knowledge Graph or Scene Graph as extra arguments.
‘ o “ ) ) 0O v O, Input: [textual rules, knowledge graph, scene_ graph]
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A (@) O,/ :CodeRulg)_ir “w . CodeRule 1 def CodeRule 0 (cbservation, action, knowledge graph):
e 1 r S e if state["inventory"].get(material, 0) < quantity:
O 0O/ e
~ s PECEY
T def CodeRule i (cbservation, action, scene graph):
{3/ Regions covered by selected/dropped CodeRules if "Unexplored" not in location items:
k\C) / © Transitions can/cannot be predicted by world model L )
J

Compare predicted vs real trajectories.

Extract Action Rules, Knowledge Graph, Scene Graph. 4.

3. Translate symbolic knowledge > Python code rules.

Prune rules via verification + maximum coverage.



Model-Predictive Control (MPC)

Agent queries world model: “What happens

if |do a¢in 0:?”

World model predicts: next state, success

flag, feedback, suggestion.

checks.

Algorithm 1 Model-Predictive Control (MPC)

1: Input: o,, R
2: Initialize: fb < [], sug < [|, count < 0

Code rules verify and correct predictions.

LLM agent replans until predictions pass all

_3:. repeat  _ _ _ _ _ _ _ _ _ _ _ _ _
I 40 a; « LLMAGENT(oy, b, sug) !
L *eqAOV .
V5" T6p0, /b, sug, flags T T T T T T T 1
: ALIGN(RCOde: fLLMwma O, at) I
: [*eq.(8)*/ '
e -

6: ~ count < count +1

7. if flag then

8: break /*Action accepted*/

9: endif

10: until count > REPLANLIMIT
11: Output: a¢, 0¢41
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Experiments & Results

Mars (Minecraft-like)

RL-based methods LLM-based methods

Metrics

Mod. Type

+16 -52% reward
gain in Mars.

W

——

98% success in

I
PPO* DreamerV3* ReAct* Reflexion* Skill Library* IfR* | WALL-E I
Default 19+14 11.5+1.6 7716 6.0X£1.7 8.0+21 90+23 los5+21 I
Terrain —0.1+0.6 93+22 74+27 64+3.0 95+29 8.0+3.7 J10.7+£2.6
Survival —0.6 £0.5 86+4.1 6.4+3.7 46+39 79+29 77+37 13.8+4.4]|
Reward 1 Task. Dep.  2.1+1.2 88+28 50+21 32+1.6 15+1.9 56:29 led+2.9,
Terr. Surv. 0.0+0.7 7T1+2.1 6.7+25 49+25 3.0+25 6.8+1.9 | 59 £2.7
Terr. Task. —0.7+0.3 6.6 +0.7 48+20 53+25 55+15 6.9+1.8 58+22 |
Surv. Task. —-0.6+0.4 9.6+ 3.4 1.5+1.3 1.0+ 1.6 23+15 3.3+1.4 132+1.4
All three 0.1+£0.8 5.1+1.8 0.7+£16 —044+07 —0.5£0.5 0.1+0.5 |1.3:|:1.6 |
Average 0.0 7.9 46 3.6 4.2 55 ¢ 671 |
Default 1.3+ 1.7 14.24+1.3 8.0+1.5 53+09 83+13 13.0+ 2.1 |20.3:i: 1.8!
Terrain 03+0.1 13.0+1.6 76+26 74+1.6 119+ 34 11.8+2.9 27.8+1.7]
Survival 0.24+0.0 10.8 £2.8 8006 55+£1.7 9.7+ 2.0 11.0+3.7 150.8 +1.1
Score (%)+ Task.Dep. 17+06  121+19 46+16 2208 1.5+ 0.6 6.9+25 19.3+20]
Terr. Surv. 04+0.1 79+1.3 71430 47+1.6 28+0.6 6.7+ 0.8 8.6 1.9
Terr. Task. 0.1+0.1 42+40.1 3.8+03 55+1.7 4.1 4+0.7 714+25 147+20
Surv. Task. 0.1+0.1 159+ 26 1.34+0.2 1.1+0.1 1.94+0.1 21+04 I3.3:I:1.9 |
All three 06+0.2 40+0.3 1.0+£03 02=+0.1 0.24+0.0 0600 2.2 +1.6
Average 0.6 10.3 5.2 4.0 5.0 74 ! 153 |
ALFWorld
Method Success Rate (%) 1 1004
Avg. Pick Clean Heat Cool Examine Picktwo —~ gp-
X
BUTLER 26 31 41 60 27 12 29 b
GPT-BUTLER 69 62 81 85 78 50 47 < 80
DEPS 76 93 50 80 100 100 0 ad (I
AutoGen 77 92 74 78 86 83 41 B 70+ 11
ReAct 74 79 54 96 85 83 51 ", 11
AdaPlanner 91 100 100 89 100 97 47 S 60 I
Reflexion 86 92 94 70 81 90 88 v I
RAFA e __ .9 _100_ _97__.91 _ 9 _ _100_ _ _82 _ 501 11
I WALL-E (ours) 98" T 100~ "100~ 96 — To0 100 9T 7, ! R
Human Performance 91 - - - - - - 1 23 .4

6 7

I{eration Times

peosteas - ALFWorld after 4
Reflexion iterations.
AdaPlanner

8 9 10



Analysis & Ablations

Comparison between WALL-E and
induction from reflection (IfR)

—e— WALL-E(ours)
14 4 IfR

Reward
()]
Score (%)
=
o

oo

0o 1 2 3 4 5 0 1 2 3 4 5
Iteration Times Iteration Times

Comparison between WALL-E and
LLM agents with skill library

1004 —e— WALL-E(ours) /
Skill Library

S 801 61
9 =
£ 401
o
Q
20- 41
0+ T T T T r r T T T T T
o 1 2 3 4 5 0o 1 2 3 4 5

Iteration Times Iteration Times

Ablation study of WALL-E with different symbolic

knowledge (KNWL) types

Symbolic KNWL Mars ALFWorld

Action Rules KG/SG Reward{ Score (%) 1 Success Rate (%) 1

v 5.1 8.3 95
o v_ 44 52 8
A v___ 67 ___ 153 _ _ _ __ 98 ____|

Metrics w/o Pruning W/ Pruning - Rule Set Limit _ _ _

1 3 5 7 : no limit (9) !
Reward 1 1.5 43 57 62 651 67 :
Score (%) 1 1.6 81 95 128 1451 153 |




Conclusion & Takeaways @

* World Alighment: LLMs become accurate world models when aligned with symbolic
knowledge.

* WALL-E: A model-based neurosymbolic agent powered by MPC and training-free
rule learning.

* Reliable & Adaptive: Better prediction, safer decisions, rapid adaptation in open-
world tasks.

* Scalable Path Forward: Toward trustworthy LLM-based embodied agents.



Thanks for listening!

Siyu Zhou
Siyu.Zhou-2@student.uts.edu.au
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