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ABSTRACT

We explore neuro-symbolic approaches to generalize actionable knowledge, en-
abling embodied agents to tackle complex tasks more effectively in open-domain
environments. A key challenge for embodied agents is the generalization of
knowledge across diverse environments and situations, as limited experiences of-
ten confine them to their prior knowledge. To address this issue, we introduce a
novel framework, NESYC, a neuro-symbolic continual learner that emulates the
hypothetico-deductive model by continually formulating and validating knowl-
edge from limited experiences through the combined use of Large Language Mod-
els (LLMs) and symbolic tools. Specifically, we devise a contrastive generality
improvement scheme within NESYC, which iteratively generates hypotheses us-
ing LLMs and conducts contrastive validation via symbolic tools. This scheme
reinforces the justification for admissible actions while minimizing the inference
of inadmissible ones. Additionally, we incorporate a memory-based monitoring
scheme that efficiently detects action errors and triggers the knowledge refine-
ment process across domains. Experiments conducted on diverse embodied task
benchmarks—including ALFWorld, VirtualHome, Minecraft, RLBench, and a
real-world robotic scenario—demonstrate that NESYC is highly effective in solv-
ing complex embodied tasks across a range of open-domain environments.

1 INTRODUCTION

Recent advances in neuro-symbolic systems—integrating Large Language Models (LLMs) with
symbolic tools (Frederiksenl [2008; |Gebser et al.| [2019)-have gained much attention for embodied
task planning (Lin et al.| |2024; [Liu et al., 2023). These systems decouple contextual understand-
ing—such as observation and instruction translation—from actionable knowledge including action
preconditions and effects. Yet, these systems have not been thoroughly explored in open-domains,
where the environment is not restricted to pre-defined tasks or knowledge and embodied agents must
manage diverse scenarios. Conventional approaches rely on symbolic representations of expert-level
actionable knowledge, which limits their applicability and effectiveness in real-world situations. The
unpredictable and dynamic nature of open-domains often leads to incompleteness and inconsistency
in knowledge, thus complicating the decision-making process of embodied agents.

In neuro-symbolic systems, generalizing prior actionable knowledge in open-domain environments
presents practical challenges: (1) inherent lack of flexibility in symbolic systems to apply knowledge
to unfamiliar environments, (2) limited methods to bridge the gap between the prior knowledge and
new environments, leading to repeated action errors in complex situations, and (3) mislabeling of
action affordances or insufficient feedback, caused by the inability to retain labeled experiences,
which hinders the agent’s ability to generalize knowledge and improve decision-making.

To address the challenges posed by adopting neuro-symbolic approaches in open-domains, we draw
inspiration from the hypothetico-deductive model (Smokler,|1966). This model emphasizes falsifica-
tion through experiences and emulates the scientific inquiry process by continually forming hypothe-
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Figure 1: The concept of NESYC. In the leftmost part, domain shift leads the agent to fail by trying
to grasp an oversized drawer’s broad surface, which is infeasible. The remaining parts contrast two
approaches: Case 1 treats LLMs and symbolic tools as separate functions for semantic parsing and
logical reasoning, while Case 2 integrates them into a collaborative process, enabling NESYC to
generalize actionable knowledge and compute logically valid actions for open-domain environment.
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ses, rigorously testing them against available observations, and iteratively revising them. Guided by
this model, we explore knowledge generalization strategies that interleave inductive and deductive
reasoning, aiming to generalize knowledge applicable in open-domains and enable embodied agents
to adapt more effectively to unpredictable situations. We introduce a novel framework, NESYC, a
neuro-symbolic continual learner that combines the strengths of LLMs and symbolic tools to ef-
fectively formulate and apply knowledge in open-domains. In Figure[T} unlike conventional neuro-
symbolic approaches relying on pre-defined actionable knowledge, NESYC uses accumulated ex-
periences to generalize knowledge. This enables NESYC to execute actions effectively in the given
environment while continually generalizing actionable knowledge to adapt across open-domains.

Specifically, we devise two key components in NESYC. First, we employ a contrastive generality
improvement scheme that iteratively generates hypotheses using LLMs and conducts contrastive
validation through symbolic tools. This scheme reinforces the validity of admissible actions while
minimizing the inference of inadmissible ones, combining the generalization capabilities of LLMs
with the logical rigor of symbolic tools to generalize actionable knowledge. Second, we implement a
memory-based monitoring scheme that efficiently detects action errors and triggers the knowledge
refinement process, continually expanding the agent’s coverage of actionable knowledge.

To evaluate NESYC, we conduct experiments on ALFWorld (Shridhar et al., [2020c), Virtual-
Home (Puig et al., 2018)), Minecraft in |Silver & Chitnis| (2020), RLBench (James et al., |2020),
and a real-world robotic scenario, demonstrating its applicability in open domains. Compared to the
advanced baseline AutoGen (Wu et al., 2023a), NESYC achieved task success rate improvements
of 33:6% on ALFWorld, 43:9% on VirtualHome, 53:7% on Minecraft, and 52:6% on RLBench.

The contributions of our work are as follows: (1) We present the neuro-symbolic continual learner
NESYC based on the hypothetico-deductive model to enable generalization of actionable knowl-
edge in open-domain environments. (2) We devise two schemes tailored for actionable knowledge
generalization in NESYC: contrastive generality improvement and memory-based monitoring. (3)
We validate NESYC through experiments on diverse benchmarks and real-world scenarios, demon-
strating its effectiveness and significant performance improvements in open-domain environments.

2 BACKGROUND AND PROBLEM FORMULATION

2.1 INDUCTIVE LOGIC PROGRAMMING (ILP)

ILP (Muggleton & De Raedt, |1994) is a machine learning technique where the learned model is
represented as a logic program, or hypothesis (i.e., a set of rules), derived from a combination of
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examples and background knowledge. A common setting in ILP is Learning from Interpretations
(LFI), where each example is an interpretation represented as a set of facts (Cropper &@yman
2022). Given a prograBK denoting the background knowledge, along with sets of positive exam-
plesE* and negative examplé&s , the goal is to nd an optimal hypothesi$ satisfying:

8e2 E*;eis aninterpretation ofl [ BK:
8e2 E ;eis not an interpretation dff [ BK:

@)

Here, BK functions similarly to features in traditional machine learning, but it is more ex-
pressive, as it can include relations and information associated with examples. During- LFI,
subsumption (Sakarrja, 2001) is key in determining whether a hypothesis subsumes examples, check-
ing if the hypothesis can be interpreted as the examples through variable substitution. Further details
can be found ih Cropper & Dumait (2022), which offers an in-depth overview of ILP.

2.2 ANSWERSET PROGRAMMING (ASP)

ASP (Lifschitz| 2010) is a declarative programming paradigm well-suited for solving complex com-
binatorial problems like planning, particularly in non-monotonic domains where the dynamics and
actions of embodied environments can alter future states. An ASP solver (Gebser et al., 2019) com-
putes one or moranswer setgepresenting valid solutions by encoding problems as logic programs
composed of rules in the following form:

A:-Bi;iii;Bm: notBp+r:ii:; notBy: (2)

andB; (1 i n) is an atom. Théneadrepresents the conclusion, and thedy speci es the
conditions, which include both positive conditior®,(:::; B, ), that must hold true, and negated

negated conditions to be false unless evidence to the contrary is provided. A rule with an empty
bodyis afact (e.g.,A), while a rule with an emptyeadis a constraint representing conditions

that must not be satis ed. ASP is well-suited for evaluating the coverage of hypotheses in ILP by
identifying which examples are satis ed (Law et al., 2D20), and it also proves effective for planning
in complex, dynamic environments (Cabalar et|al., 2019). These capabilities are essential to our
framework, enabling knowledge generalization through the interplay of induction and deduction.

2.3 PROBLEM FORMULATION

The open-domain embodied task planning problem is formulated as a(fbp® A;F). Here,D
represents the domain space for open-domain environments, Svkigmotes the state space. Due

to partial observability| (Sutton & Bartd, 2018), the agent perceives observaiiohs at each
timestep, which provide partial information about stat2 S. A is the action space. The function

F maps a domainl 2 D to its speci ¢ goal states and dynamiegd) = fGq; Tqg (Hallak et al.,
2015). For a given domaith, Gy S represents the goal states derived from the instructiohgset
whileTqg : S A!'S models how actions affect state transitions within the domain, de ning the
environment dynamics. In open-domain environments, the agent may not have full knowledge of
Tq, making it essential to adapt to the environment. The objective?% is formulated as:

X
=argmax E SR(st; (] or;ia)) 3
t
whereiqg | ¢4 corresponds t@y 2 Gy, and SR: S A!f 0;1g indicates whether the agent
successfully completes the task given current states. Pokgfects actiom; based on observation
o, and instructioriy (Yoo et al., 2024; Brohan et al., 2023; Huang et al., 2024).

3 NESYC: A NEURO-SYMBOLIC CONTINUAL LEARNER

3.1 OVERALL FRAMEWORK

We propose MSyC, a neuro-symbolic continual learner designed to generalize actionable knowl-
edge for embodied agents in open-domain environments. To effectively utilize the limited experi-
ences of agents, this framework integrates the capabilities of LLMs and symbolic tools. It maximizes
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Figure 2: The structure of B85y C. NESY C iterates (i) Rule Reformulation and (ii) Rule Application
phases. In (i), generalized knowledges reformulated via contrastive generality improvement. In
(ii), R is applied and continually adapted to the environment via memory-based monitoring.

the consistencies of experiences with admissible actions via common-sense reasoning and minimizes
contradictions from experiences with inadmissible actions via symbolic reasoning. To achieve this,
our framework operates in two phases: (i) Rule Reformulation and (ii) Rule Application, as illus-
trated in Figure 2. Each phase is enabled by contrastive generality improvement and memory-based
monitoring schemes, respectively, both of which are implemented via the interleaved collaboration
of LLMs and symbolic tools. In thRule Reformulation phase, Sy C employs a contrastive gen-

erality improvement scheme based on ILP to formulate generalized knowledge from accumulated
experiences. An LLM leverages common-sense reasoning to generate hypotheses, while a symbolic
tool ensures their logical consistency through systematic validation. The iterative and re ective na-
ture of this scheme allows the resulting knowledge to achieve both accuracy and broad applicabil-
ity across domains. In thRule Application phase, Sy C employs a memory-based monitoring
scheme based on ASP for embodied task planning, where experiences are collected and categorized
based on admissible and inadmissible actions. The LLM offers a contextual understanding of obser-
vations, while the symbolic tool computes precise actions using the current actionable knowledge.
If an action failure is detected during task execution based on observatia8s,(\Nthen re-enters

the phase (i), triggering the knowledge re nement to better adapt to the environment.

3.2 RJULE REFORMULATION

As shown in Figure 2, BSy C reformulates generalized knowledgewhich represents causal rules

for action preconditions and effects derived from the experienc& sdb achieve this, BSYC
employs the contrastive generality improvement scheme based on ILP. The experieficasein
translated into an example €t comprising positive examples* and negative examples

based on action affordances. The generality improvement process is both iterative and re ective,
driven by the hypothesis generatog,, and the hypothesis interpretefyerp, Which collaboratively

re ne the hypotheses. Through this process, the interpretability of the hypotHeasgsogressively
enhanced, reinforcing the logical justi cation and reasoning with respeett@andE , until R is
obtained. Algorithm 1 lists the rule reformulation phase &S\ C.

Semantic parser.To extract ground rules (i.e., rules without variables) from the experience set
T, the semantic parsersen, utilizes in-context learning with an LLM, following neuro-symbolic
approaches (Olausson et al., 2023; Pan et al., 2023). Focusing on action preconditions and effects,
transition. The parsersemand the example sé& are formulated as:

E=f( serl t);C 1)i( ;¢ 1)2Tg where sem: 7! (st ;& 1;81):  (4)
Examples are partitioned into positive &'t and negative s&€ based on action affordance ;.
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Hypothesis generator.To induce hypothesead that satisfy both positive and negative examples,
we guide the LLM to extract background knowledB& , which enhances context and facilitates
the alignment of hypotheses with the examples. We therBlseto generated by employing a
structured prompt that incorporates thaubsumption technique from ILP, combined with a batch
sampling strategy. Thesubsumption technique allows us to determine if one clause is more general
than another by nding a substitutionthat makes one clause imply the other. To simplify this pro-
cess, we leverage the LLMs' multi-step reasoning capabilities via a subsumption Chain-of-Thought
(CoT) prompt, denoted dg,, The hypothesis generatoky, is then de ned as:

hyp 1 (B HY 15 laus 11,1) 71 (HL; BK) where B ¥ E: (5)
Here,B is a batch ok randomized examples, aht], is the hypotheses at batch iteratioreedback
I}dbl from the previous interpretation step 1, provided by the hypothesis interpretefer,, guides

the update of'. Thelsyp, explicitly derivesBK , which serves as intermediate rationales chaining
theE toH. The generateBK is then reused by inerp to validateH} as input for symbolic tool.

Hypothesis interpreter. To validate the hypotheseék , we employ a symbolic tool (i.e., ASP solver)
to assess the interpretability of each hypothésisor including the positive exampleS* and
excluding the negative examplEs . We de ne the hypothesis interpretefer : (E; H'; BK) 7!

(H; lap), whereR is the optimized hypothesis, afg, is a feedback for the hypothesis generator
hyp- TheH andlgp, are determined by:

“satisfy” if i = itermax
feedback with H{F) otherwise

ltdb =

(6)

wheret = arg maxy o4+ HI(H) and the scoring function Hl is de ned as:
HI(H;E;BK ) = frpr(H;E*;BK) fepr(H;E ;BK): (7)

If an interpretation step reaches its maximunti is accepted as generalized knowled®jeThe
generalizability of a hypothesis across the enHraés assessed using HI, following an approach
similar to the contrastive learning objective (Oord et al., 2018). We déme andf tpr as metric
functions that evaluate the False Positive Rate (FPR) and True Positive Rate (TPR) for H given
with respect to th& andBK . In the formulation of rpr andf tpgr, we prioritize examples from the
current environment by assigning them higher weights than existing examples, thereby ensuring that
knowledge improvement is aligned to the current environment. Details are provided in Appendix D.

3.3 RULE APPLICATION

As shown in Figure 2, generalized knowledgés used to complete embodied tasks speci ed by the
user instruction. Speci cally, NESYC employs a symbolic tool and a memory-based monitoring
scheme, utilizing ASP for action planning. During task execution, the error hangllenanages in-
teraction experiences from the environment via the action execuyfgrstoring them in the working
memoryM . If an inadmissible action is detected,, triggers the re nement oR by re-entering the
phase (i), wher® is integrated into the experience JetWith the re nedR, NESY C effectively
adapts to unpredictable situations. Algorithm 2 lists the rule application phase.

Task planner. In computing action plans, a symbolic tool that takBss;; g) as input programs is
used, following Tran et al. (2023); Aeronautiques et al. (1998), wReiethe generalized knowl-
edge for action preconditions and effedsjs a current state, arglis goal state. Since the current
and goal state is often not clearly speci ed in the environment, the semantic paggsgn Eq.(4)
translates the trajectory; into a programmatic form aof;, and the instruction into g. Based on
these inputs, the task plannepan computes action plarf3 to transition froms; to g, utilizing R.
Formally, the panis de nedas pan: (R;st;0) 7! P.

Action executor. From action plan$® deduced by task plannerya,, an individual plan can be
chosen by action executoree to perform relevant actions in the environment, starting from the
current stefi; i.e., exe: (P;St;Q9) 7! a. Note that o performs actiore;, sending observation
o+1 from the environment along with the result of the action taken, to the error hangler

Error handler. To maintain consistency between the predicted state changes and actual observa-
tions, the error handler ¢ monitors task execution using the memory-based retention of trajectory
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samples. Due to the dynamic nature of embodied environments, planning basggd.@iten falls
short of task completion. Based on the execution resulig,measures action affordance and
rewrites the next observatiap,; to provide a more attentive representation of the environment. We
de ne ¢ to trigger the re nement of generalized knowledgébased on action affordance

Phase (i) ifc =1
Phase (i) ifc =0

Whenc; =1, even though the action is successfully executed, the changes in the observations might
invalidate the preconditions for the next action. To resolve thig,updates the current observation

via sem and panre-plans accordingly. When =0, the action fails, necessitating the re nement

of generalized knowledg®. . appends all pairs of ¢+1, ¢;) to working memoryM , including

those forc; =0. This robustly re nesR by re-entering the phase (i) with the updated experience set
T=TI[M , continually improving the understanding on the environment.

Next phase= where o i ( ;8041 ) 7! C; 041 (8)

Algorithm 1 Rule Reformulation Algorithm 2 Rule Application
Agent:_ sem  hyps interp Agent  sem plan exer err
EXxperience set Experience set , Generalized knowledge
Example seE ; Working memoryM ;
Hypothesesi ; trajectory []

Optimized hypothesi#l ; 1:t  0;(o;i) envreset()
Generalized knowledge ; 2 .appendio)
Subsumption CoT prompd,p 3:forl t itermaxdo
Feedback prompfa, = ™ 4 (st & 1;8t) serl )
1: forall ;¢ 2T do 5 g senll)

2 E E[ senr( ) 6. P plan(R; St 0)

3: end for 7 & exe(P)

4: while B! = ; do 8 01 env.stefa)

5. forall batchB 2 E do 9 G041 err(;@¢; 041 )
6: H;BK hyp(B; H; Isub ldb) 10: .concaf[a;; 0r+1 ])

7: endfor 11: M M .append ;c:))
8 Ml interp(E; H; BK ) 12:  if ¢ =0 then

9:  if lgp is not “satisfy”then 13: T T[M ;H R
10: H B’/ 14: R  Re-entering phase (i)
11:  endif 15: M5 [0+1]

12: end while 16:  endif

13: retun R H 17: end for

4 EVALUATION

4.1 EXPERIMENT SETTING

Environments. For evaluation, we utilize several embodied benchmarks such as ALFWorld, Virtu-
alHome, Minecraft, and RLBench. Additionally, we conduct experiments with a real-world robot to
demonstrate HSY C's effectiveness and applicability in real-world complex tasks. For open-domain
evaluation, we use three environment settings, categorized by their level of dynamics, which result
in signi cant state changes. In $taticsetting, object states, goal conditions and action effects are
consistent across episodes. lh@v Dynamicsetting, object states change unpredictably within an
episode, though goal conditions and action preconditions remain consistetigh Bynamicset-

ting, both object states, goal conditions, and even the preconditions of actions change unpredictably
within an episode. For each task, we generate rephrased instructions using ChatGPT (Ouyang et al.,
2022) based on the templated instructions from each benchmark, similar to Szot et al. (2023).

Dataset.We utilize a few expert-level episodic experience data from environments with conditions
identical to theStaticsetting. Each experience captures state transitions, including an initial observa-
tion, action taken, execution result, and resulting next observation. Note that this experience dataset
represents about 7% of the evaluation task episodes used in our experiments.

Evaluation metrics. We use several evaluation metrics, consistent with prior works (Shridhar et al.,
2020b;c). SR (%) measures the percentage of tasks successfully completed, de ned as meeting all
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Table 1: Performance comparison of open-domain embodied task planning for static and two dy-
namic environment con gurations. Variations for each metric are reported with three seeds.

ALFWorld Static Low Dynamic High Dynamic
Methods | SR GC Step | SR GC Step | SR GC Step
LLM-planner | 106 2.8 177 34 209 37 9.8 2.7 222 38 268 40 7.3 24 171 34 211 37
ReAct 358 35 482 41 517 43 | 341 43 452 45 506 45 | 187 35 281 41 335 43
Re exion 390 37 635 44 670 45 | 374 44 648 43 706 41 | 211 44 415 43 436 42
AutoGen 585 44 778 37 8Ll 35 | 512 45 693 39 756 42 | 309 42 506 45 588 44
CLMASP 88:5 219 89:1 2:8 89:1 2:8 | 588 44 633 44 718 41 | 238 39 365 44 458 45
NESYC 829 34 835 34 836 33 | 789 37 79:4 37 80:0 3:6|70:7 41 755 39 7614 38
VirtualHome Static Low Dynamic High Dynamic
Methods | SR GC Step | SR GC Step | SR GC Step
LLM-planner | 21:5 0:5 332 0:4 330 97 | 205 0.6 327 0:8 298 2.7 | 148 34 277 29 215 22
ReAct 400 50 519 45 448 08 | 346 36 468 34 359 37 | 172 21 324 1.2 188 20
Re exion 362 1.7 475 20 164 11 | 354 1.9 466 1.0 365 1:8 | 155 0:9 297 1.6 164 11
AutoGen 443 2:2 548 27 458 22 | 432 1:2 544 1:4 449 1:2 | 189 09 330 1.7 206 1.0
CLMASP 764 0:8 89:1 0:8 841 0.0 | 289 04 425 02 289 04 0:0 0:0 131 0.0 00 0.0
NESYC 82:3 0:4 874 06 84:2 0:6 | 79:6 1:9 858 1:1 80:8 1:9 | 7755 1:3 84:1 0:6 79:0 1:2
Minecraft Static Low Dynamic High Dynamic
Methods \ SR GC Step | SR GC Step | SR GC Step
LLM-planner | 311 1:5 412 1.4 425 2.4 | 289 42 319 1.6 370 16 | 233 27 258 1.3 289 04
ReAct 344 1.6 383 14 444 27 | 278 1:6 316 1.7 405 40 | 211 1.6 247 28 306 36
Re exion 411 1:6 472 1.3 490 1:6 | 300 27 340 27 391 23 | 2111 1.6 240 24 309 4.0
AutoGen 511 42 522 34 539 2.8 | 333 27 366 24 382 25| 256 31 283 36 327 42
CLMASP 94:4 3:1 95:4 1:7 95:8 1:3 | 522 57 557 64 591 55 | 489 31 509 36 528 28
NESYC 922 1:6 943 09 953 1:.0 | 91:1 1:6 93:2 1:4 94:1 1:4 | 87:8 57 89:9 59 90:9 59
RLbench Static Low Dynamic High Dynamic
Methods | SR GC Step | SR GC Step | SR GC Step
LLM-planner | 167 57 233 29 355 19 | 167 229 208 1.4 274 1.0 | 183 29 217 14 272 19
ReAct 233 29 258 14 365 1.7 | 2117 28 233 114 308 16 | 183 29 200 25 268 25
Re exion 333 28 414 51 475 33 | 217 29 244 21 321 25 | 233 28 233 28 296 28
AutoGen 433 86 542 46 579 33 | 233 29 286 27 321 23 | 217 58 233 29 289 19
CLMASP 94:5 4:2 95:8 2:8 96:0 2:7 | 0:0 0:0 60 0:8 250 20 | 0:0 00 37 07 123 09
NESYC 855 27 885 09 919 07 | 81:5 455 84:8 4:5 88:7 3:6 | 79:0 6:6 81:8 7.0 86:2 6:2

goal conditions. GC (%) measures the success rate of individual goal conditions. Step (%) measures
the percentage of the action sequences that align with the ground-truth sequence from the start.

Baselines.We implement several baselines, categorized into three groups: i) an LLM-based plan-
ning method_.LM-planner (Song et al., 2023). ii) Multi-agent frameworks includiRgAct (Yao

et al., 2023)Re exion (Shinn et al., 2024), andutoGen (Wu et al., 2023a). iii) neuro-symbolic
approaches such &ogPrompt (Singh et al., 2023) an@LMASP (Lin et al., 2024).

NESY C implementation. For the symbolic tool, we use the ASP solhaingo (Lifschitz, 2019)
(version 5.7.1). The LLM mainly used is GPT-40 (version gpt-40-2024-08-06) with temperature O.
For fair comparisons, the same LLM con guration is applied across all baselines.

Detailed explanations of the experiment settings are in Appendix B.

4.2 MAIN RESULTS

In Table 1, we evaluate the performance of embodied task planning in open-domain settings, com-
paring each method's action plans based on their use of experiences, primarily through in-context
learning. NESY C consistently outperforms the most competitive baseheoGen, across all test
settings Statig Low Dynami¢ andHigh Dynamig and on evaluation metrics (SR, GC, and Step).
Speci cally, NESYC achieves an average improvemen#i6f2% in SR,38:7% in GC, and38.4%

in Step across the evaluated benchmarks.

In the Static setting, the conventional neuro-symbolic approd&hMASP, outperforms NSy C

due to its use of additional expert-level knowledge tailored to the given environment. However,
NESYC achieves comparable performance by generalizing knowledge solely from the provided
experience data. As the dynamicity of the environment incre&edASP, which lacks the abil-

ity to reformulate its knowledge, exhibits a noticeable decline in performance, even falling behind
LLM-based approaches. In contrasg 8k C remains robust across a range of open-domain settings,
including bothLow DynamicandHigh Dynamicenvironments. By continually re ning generalized
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knowledge from accumulated experiencegMC maintains consistent performance across the
benchmarks that involve varying action types and environmental dynamics. In RLBench, speci -
cally, the focus is on ne-grained physical control and interaction, constrained by factors such as
actuator range, grip force, and balance. These precise physical constraints, which are critical for
task success, pose signi cant challenges for LLM-based approaches and can lead to substantial
performance drops even with subtle environmental changes for neuro-symbolic agents. In contrast,
NESYC controls a robotic arm with precision and stability by continually re ning its knowledge,
resulting in robust performance across all open-domain settings.

4.3 ANALYSIS

Table 2: Performance evaluation on robustness to experience incompleteness. "Logic Exp.' denotes
the logic expression (i.e., Natural Language, Imperative Programming, or Declarative Program-
ming). 'Re ne' indicates if the logic is re ned, witl® for no re nement and- for re nement.

ALFWorld CompleteExperience Set NoisyExperience Set ImperfectExperience Set
Logic Exp. | Method | SR GC Re ne SR GC Re ne SR GC Re ne
NL Autogen 546 87 737 77 é 546 87 634 84 é 576 86 760 74 é
Imperative | ProgPrompt| 727 7.8 98:5 2:1 é 485 87 611 85 é 485 82 674 82 é
CLMASP 97:0 3.0 980 25 é 697 80 788 7:1 é 546 87 682 81 é

Declarative

NESYC 909 50 960 34 90:9 5.0 919 47 84:9 6:2 899 53

Robustness to experience incompletenedn.Table 2, we evaluate the robustness &3\ C upon

varied experience quality. The experience sets are categorized by their incompletemagketan-

cludes suf cient actionable knowledgipisycontains mislabeled action affordances, &ngerfect

omits some actionable knowledge. Although the baselines use expert knowledge in different forms,
they similarly assume that provided knowledge is either noisy or imperfect. |IGdhapletecase,

with full expert knowledgeProgPrompt andCLMASP perform best in GC and SR, respectively.
However, NeSy C not only achieves task planning performance comparal@l& MASP with com-

plete experiences but also demonstrates robust performance with incomplete experiences through its
knowledge generalization strategy.

LLM SR 0 SR GC U GC HI G Hi
A Llama-3-8B 439 402 439 402 0344 0:378
GPT-40-mini 41.9 787 447 793 0634

! ! !
! ! !
Claude-3.0-Opus 507 ! 767 536 ! : !
Claude-3.5-Sonet 51:4 ! 784 542 | 802 0559 ! 0:615
| | |
! ! !
! ! !

A Llama-3-70B 5838 851 604 866 0709 0:762
A GPT-40 64:2 90:2 670 905 0752 0:786
A GPT-4 69:6 892 733 898 0784 0:804

Table 3: Contrastive generality improvement scheme evaluation

on environments. SR, GC, and HI measure the performance of

the generalized knowleddge on the rst interpretation stepl

SR, 0 GC andu HI report scores after iterative adjustment. Figure 3: HI score evaluation.

Impact by different LLMs. We examine the dependency of the contrastive generality improve-
ment scheme on various LLMs in the phase (i). Table 3 speci es the impact of different LLMs

on the planning performance, measured in SR, GC, and HI between each initial hypothesis (i.e.,
SR, GC, Hl in the table) and its corresponding updated one (.6SR, U GC andu HlI) after

the improvement process. As shown, updated hypotheses consistently achieve performance gains in
planning for all tested LLMs with the exception of smaller Llama-3-8B. These results indicate the
robustness of our contrastive generality improvement across capable LLMs. However, smaller mod-
els like Llama-3-8B reveal certain limitations in the scheme's effectiveness. In Figure 3, we further
illustrate the consistency of these results, emphasizing the alignment between the HI score of the
updated hypotheses and other traditional metrics.

Comparison on different dynamics predicatesFigure 4 shows differences in performance with
respect to different dynamics predicates in Table 4. The performance is based on the comparison
between expert-level actionable knowledge, initial hypotheses, and updated hypotheses. In Figure 4,
the blue arrows indicate the improved performance of updated hypotheses from their respective ini-
tial ones. As shown, thAttribute dynamics predicates, which pertain to relatively static features,
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Category  Num. Predicates

grabbable, cuttable, cawpen, readable,

haspaper, movable, pourable, cream,

Attribute 20  hasswitch, hasplug, drinkable,lookable,
body.part, surfaces, sittable, lieable,
person, hangable, clothes, eatable

closed, open, pluggedut, pluggedin,

Status 10 on, off, sitting, lying, clean, dirty

obj_ontop, ontop, insideoom,
Spatiality 9 obj_inside, inside, orchar,
. . . obj_nextto, nextto, between
Figure 4: F1 score evaluation on predicate cat
egories. Colors indicating LLMs are consistefable 4: Dynamics Predicates. The predicates are
with those used for different LLMs in Table 3categorized based on their dynamics.

consistently achieve high F1 scores; converstatusand Spatiality dynamics predicates show
variability due to their dynamic natures on physical states and spatial relations. While the improve-
ment varies across different predicates and LLMs, predicates related to common-sense knowledge
tend to show better improvement overall.

Table 5: Ablation on two reasoning components &N C. "w/o. gy refers to replacindgy, with
a simple LLM prompt, and "w/o. ASP sol." indicates using LLM prompting for planning instead of
the ASP solver. The symbdl ™' denotes replacement with another LLM prompting technique.

ALFWorld Static Low Dynamic High Dynamic

Method | SR GC Step SR GC Step SR GC Step
NESYC 8219 3:4 835 34 836 33 789 37 794 37 800 36 70:7 41 755 39 76:4 38
w/o. lsup 415 44 457 45 517 45 390 44 421 45 484 45 366 43 433 45 493 45
ASP sol! SymbCoT| 715 41 89:8 2:7 92:3 24 602 44 800 3:6 853 3:2 276 40 480 45 589 44
ASP sol! CoT 691 42 876 30 892 28 585 44 772 38 815 35 244 39 499 45 593 44
w/0. ASP sol. 488 45 777 38 817 35 358 43 591 44 700 41 171 34 415 44 514 45

wi/o. lsyp & ASP sol. 252 39 579 45 663 43 98 27 306 4.2 412 44 33 1.6 198 36 273 4.0

Ablation study. In Table 5, we conduct an ablation study assessing the impact of reasoning com-
ponents in NESYC, speci cally the subsumption CoT prompd,, and the ASP solver used for
planning. The w/olsy, NESYC experiences an average 38.5% decrease in SR, underscoring the
importance of structured prompting for generating background knowledge and hypotheses. The next
three rows present the results when we replace the ASP solver in the task plganerth different
LLM-based reasoning methods: "ASP dol.SymbCoT' employs an LLM as a symbolic reasoning

tool, following the symbolic CoT (Xu et al., 2024), 'ASP sbl. CoT' refers to the use of standard

CoT (Wei et al., 2022), and "w/o. ASP sol.' represents a naive prompting without an ASP solver.
Using an LLM in place of the ASP solver can simplify planning, often improving GC and Step
performance for shorter sequences by reducing the strictness required by symbolic tools. However,
they exhibit lower reliability in task completion, as indicated by reduced SR. Furthermore, replacing
bothlsy, and the ASP solver with simple LLM prompting, denoted as “W.& ASP sol., leads

to a signi cant degradation in task performance.

Figure 5: Real-world desk rearrangement tasks. InitiallgSNC does not include knowledge for
picking up Hanoi blocks from experiences. After failureg3N C re nes to enhance grasping ca-
pabilities, enabling the robot to successfully complete the desk rearrangement task.
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Real-word scenario.In Figure 5, we illustrate the real-world experimental setup for demonstrating
the practical applicability of HSyC. The task involves rearranging a desk, with scattered blocks

of a Hanoi Tower and other objects. Using the same experience set of the RLBench experiments,
NESYC restructures actionable knowledge for the real-world robot and re nes the knowledge to
handle unfamiliar objects, such as the Hanoi blocks. The robot successfully completes the instruc-
tion, highlighting the practical applicability of &5y C.

Table 6: Comparison of LLM feedback and Human feedbacIBihary case, the LLM solely cal-
culates action affordances but does not rewrite the next observati@ausecase, the Human and
LLM, respectively, calculate action affordances and rewrite the next observatiGuidiancecase,
the Human and LLM additionally incorporate corrected experiences.

Real-world Static Dynamic Real-world Static Dynamic Real-world Static Dynamic
Binary | SR GC SR GCj| Cause | SR GC SR GC| Guidance | SR GC SR GC

LLM 66.6 87.0 444 79.7 LLM 556 814 333 721
LLM 222 592 111 42"* Human ‘ 778 926 556 85; Human ‘ 889 981 667 943

In Table 6, we compare different types of feedback integrated into experiences via memory-based
monitoring. In both theéBinary and Causecases, we observe that the error handlgf effectively

re nes actionable knowledge, comparable to high-quality human feedback, by directly measuring
action affordances and rewriting the next observations based on the action taken. However, in the
Guidancecase, while accurate guidance from humans is effective, LLM guidance often adds errors
in experience representations, resulting in performance degradation.

5 RELATED WORK

LLM-based task planning approaches have opened new avenues for leveraging linguistic knowledge
to guide agent behaviors in embodied environments (Brohan et al., 2023; Huang et al., 2023b; Song
et al., 2023; Driess et al., 2023; Zhao et al., 2024; Singh et al., 2023; Wu et al., 2023b; Wang
et al., 2023). Meanwhile, neuro-symbolic systems combine the capabilities of neural networks with
symbolic reasoning tools to enhance explainability, reliability, and exibility (Olausson et al., 2023;
Pan et al., 2023; Fang et al., 2024; Yang et al., 2023; Ishay et al., 2023). These systems often rely on
fully de ned symbolic knowledge for embodied control (Lin et al., 2024; Liu et al., 2023; Agarwal

et al., 2024; Cornelio & Diab, 2024), which constrains their applicability and effectiveness in open
domains. Recent advancements in LLM-based multi-agent frameworks have enhanced problem-
solving capabilities by fostering the collaborative interaction between agents, external tools, and
environments (Yao et al., 2024; Hao et al., 2023; Shinn et al., 2024; Yao et al., 2023; Wu et al.,
2023a). Further details on related work are in Appendix C.

6 CONCLUSION

We presented the 88y C framework to enable effective embodied task planning in open domains
by continually generalizing actionable knowledge from experiences. The framework adapts neuro-
symbolic approaches via two schemes, contrastive generality improvement, and memory-based
monitoring, which enable the interleaving of inductive and deductive knowledge re nement in a
continual learning manner. Experiments on ALFWorld, VirtualHome, Minecraft, RLBench, and
real-world robotic scenarios demonstrate the robustness and applicabilig&f@across diverse

open domains. In static settings, although using pre-de ned expert knowledge involves trade-offs,
our model still shows clear advantages over other LLM-based and neuro-symbolic approaches.

Limitation and future work. As reported in Figure 3 and Table 3gSY C encounters dif culties

when applied to smaller LLMs, such as Llama-3-8B; performance improvements are rarely achieved
due to persistent rule con icts and errors during the rule reformulation phase. We plan to explore
neuro-symbolic knowledge distillation for resource-ef cient embodied control with smaller LLMs.

Ethical concerns.LLMs operating in environments with hazardous tools (e.g., knives and forks)
can lead to unsafe outcomes if errors occur. Therefore, strict and transparent safety guidelines must
be implemented to verify all outputs, and we are committed to providing them.
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A RELATED WORK

Embodied Control with Large-Language Models.Integrating LLMs into embodied control sys-

tems has opened new opportunities to leverage extensive linguistic knowledge to guide agent be-
havior. LLMs offer exible and generalizable control of embodied agents in realistic environments,
including real-world scenarios (Brohan et al., 2023; Huang et al., 2023b; Song et al., 2023; Driess
etal., 2023; Zhao et al., 2024; Singh et al., 2023; Wu et al., 2023b; Wang et al., 2023). Our work aims
to achieve robust performance in LLM-based embodied control within open-domain environments
by integrating the strengths of LLM common-sense reasoning and symbolic reasoning tools.

Neuro-Symbolic Approaches.Neuro-symbolic approaches combine the strengths of neural net-
works with symbolic systems, enhancing explainability, generalizability, and exibility. Recently,
systems augmented with LLMs have signi cantly advanced in solving traditional logic problems
within Natural Language Processing domains (Olausson et al., 2023; Pan et al., 2023; Fang et al.,
2024; Yang et al., 2023; Ishay et al., 2023). Research interest is growing in adapting neuro-symbolic
approaches to embodied domains (Lin et al., 2024; Liu et al., 2023; Agarwal et al., 2024; Cornelio &
Diab, 2024). While existing approaches depend on the complete provision of expert-level symbolic
knowledge for embodied control, our work addresses scenarios where this knowledge is insuf cient
or inapplicable due to the unpredictable nature of open-domain environments.

Large Language Model-based multi-agent frameworkLLM-based multi-agent frameworks have
recently garnered signi cant attention, with many works improving their problem-solving abilities
through collaboration among autonomous agents. Recent advancements in multi-agent architecture
show a trend toward integrating diverse techniques, where agents interact with external tools and
environments to improve planning, execution, and iteration (Yao et al., 2024; Hao et al., 2023; Shinn
etal., 2024; Yao et al., 2023; Wu et al., 2023a). Our work introduces a novel multi-agent framework
that emulates the hypothetico-deductive model, with a focus on generalizing actionable knowledge
in dynamic environments.

B ENVIRONMENT SETTINGS

B.1 ALFWORLD

We use ALFWorld (Shridhar et al., 2020c), an advanced simulator that integrates the text-based
interactive environment of TextWorld @ et al., 2018) with the visual and physical interaction
capabilities of the ALFRED benchmark (Shridhar et al., 2020a). This integration bridges the gap
between abstract reasoning and physical action. ALFWorld includes 108 different object types (e.g.,
bread) and 37 receptacle types (e.g., plate) spread across 120 diverse indoor scenes (e.g., kitchen).
The platform supports 3554 unique tasks, each crafted by combining these elements with one of
six instruction types (e.g., pick & place), such as “Put a keychain in a plate and then put them on a
shelf.” Details of the instructions and executable plans are provided in Table 7, and visualizations of
various indoor scenes and observations in ALFWorld are depicted in Figure 6.

(a) Example of Pick & Place (b) Example of Examine & in Light

Figure 6: Task examples set of ALFWorld

15



Published as a conference paper at ICLR 2025

Table 7: Instructions and executable plans in ALFWorld

Type

Example

Pick & Place

Pick Two & Place
Clean & Place
Heat & Place

Cool & Place
Examine & in Light

Instructions

Apply spray bottle to toilet.

Locate two glass bottles and place them on the shelf.
Wash a mug and place it in the coffee machine.
Refrigerate the heated tomato.

Chill the wine bottle and place it on the dining table.
Examine the compact disc beneath the desk lamp.

Goto [Receptacle Object]

Open [Receptacle Object]

Close [Receptacle Object]

Pickup [Object] [Receptacle Object]
Put [Object] [Receptacle Object]
Heat [Object] [Receptacle Object]
Cool [Object] [Receptacle Object]
Clean [Object] [Receptacle Object]
Slice [Object] [Instrument Object]
Examine [Object]

Examine [Receptacle Object]

End

Plans

Goto countertop

Open garbagecan

Close garbagecan

Take cloth from countertop
Put plate in/on diningtable
Heat mug with microwave
Cool apple with fridge

Clean tomato with sinkbassin
Slice tomato with knife

Examine cloth

Examine countertop

Finish

B.2 VIRTUALHOME

We also utilize VirtualHome (Puig et al., 2018), a simulation platform designed for modeling every-
day household activities in a 3D environment. This platform aids in the training and evaluation of
agents who understand and execute complex task sequences based on language instructions. Virtual-
Home includes 188 different object types (e.g., Fridge) across 7 unique environment IDs. It supports
2821 distinct tasks, each created by combining these elements with various instruction types, such
as “Throw away newspaper”. Details of the executable actions are provided in Table 8, and visual-
izations of various indoor scenes and observations are depicted in Figure 7.

(a) Example of environment & observation

(b) Example of environment & observation

(c) Example of environment & observation

Figure 7: Environment examples set of VirtualHome
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Table 8: Instructions and executable plans in VirtualHome

Type Example

Pick & Place Locate an apple on the kitchen table.

Pick & Place Detect an apple and convey it onto the kitchen table.

Pick & Place Can you place apple upon the kitchen table?

ick & Place Undertake the endeavor to scout for the apple, hold it,
P move position the apple on the kitchen table.
Instructions Pick & Sit Grab a book and sit on the bed. .

Pick & Sit Scour the room for the book, rmly grab it, seek the bed,
and ease yourself onto the bed.

Pick & Sit Begin the mission to fetch t_he book, seize tht_a_book,
move to the bed, and relax into a seated position on the bed.

Pick & Sit Embark upon the quest to get the book, pick the book,
nd the bed, and calmly take a seat on the bed.

TurnLeft Turnleft

TurnRight Turnright

StandUp Standup

Walk [Object1] Walk kitchen

Run [Object1] Run kitchen

Walkforward Walkforward

Walktowards [Objectl] Walktowards kitchen

Sit [Object1] Sit chair

Plans Grab [Objectl] Grab apple

Open [Objectl] Open fridge

Close [Objectl] Close fridge

SwitchOn [Object1] Switchon stove

SwitchOff [Objectl] Switchoff stove

Drink [Object1]

Touch [Objectl]
LookAt [Object1]

Put [Objectl] [Object2]

Putin [Object1] [Object2]

Drink waterglass
Touch stove

Lookat stove
Putback apple table
Putin apple fridge

B.3 MINECRAFT

In this study, we also utilize the Minecraft environment from PDDLGym (Silver & Chitnis, 2020)

as a benchmark for testing task planning in complex outdoor scenarios. This environment is one of
the seven classical planning domains written in PDDL that we empirically tested our approach on, as
mentioned in the main text. Minecraft provides a unique setting for evaluating planning algorithms

in a dynamic, open-world context. Key Features:

» Outdoor Environment Simulation: Unlike many indoor-based benchmarks, Minecraft

simulates an outdoor environment, presenting challenges more akin to real-world scenar-
ios. The environment includes fundamental materials such as wood, stone, and grass, with

which agents must interact by moving, processing, and storing them.
« Distinct Skill Requirements: Tasks in Minecraft demand a different set of skills compared

to indoor environments, including resource gathering, crafting, and construction. Addi-
tionally, agents need to continuously assess the current state of their tasks and adapt their
strategies as the environment changes, requiring dynamic task management skills. The en-
vironment also provides sequentially complex task instructions that agents must interpret
and execute. These instructions involve multiple steps that must be performed in a speci ¢
order.

These characteristics make the Minecraft environment particularly suitable for testing egocentric
planning approaches. It challenges agents to operate effectively in a complex, dynamic world where
the ability to adapt to changing circumstances, manage resources ef ciently, and execute multi-step
instructions is crucial. The open-world nature of Minecraft, coupled with the complexity of the

provided commands, allows for the creation of diverse and challenging scenarios. This provides a
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robust testbed for evaluating the exibility and effectiveness of planning algorithms in environments
that more closely resemble real-world outdoor settings and task complexities.

Details of the executable actions are provided in Table 9, and visualizations of various grid worlds
and observations are depicted in Figure 8.

Table 9: Instructions and executable plans in Minecraft

Type Example
Move & Equip Move to location 2-4 and equip grass-O0.
Collect & Move Collect grass-1 and move to location 1-1.

Instructions Craft & Equip Craft planks from new-1 and equip them.
Move & Inventory Move to location 0-3 and store new-0 in the inventory.
Equip & Inventory Equip grass-2 and store log-3 in the inventory.
Craft & Inventory Craft planks from new-0 and store them in the inventory.
Recall [Object] Recall log-1.
Move [Location] Move loc-2-4.

Plans CraftPlank [Object] [Object]  Craftplank new-0 log-1.
Equip [Object] Equip grass-0.
Pick [Object] [Location] Pick grass-1 from loc-1-1.

(a) Example of “Get new-0 item and go to loc-0-3.”
(b) Example of “Equip grass-2 and get log-3.”
Figure 8: Environment examples set of Minecraft
B.4 RLBENCH

We implement a tabletop manipulation environment using the RLBench (James et al., 2020) with
a Franka Emika Panda 7-DoF robotic arm. This setup integrates precise robotic control with a rich,
interactive environment, bridging the gap between abstract reasoning and physical manipulation.
Our environment consists of 12 diverse objects arranged within a customizable workspace on a
wooden table. The objects include everyday items and structural elements: a charger, 2 walls, steak
and chicken, a grill, a wine bottle, a cap, 2 windows (right and left), and handles for each window.
The position of each object is randomly assigned for each instance of the environment, creating
unique con gurations every time. The scene is illuminated by 3 directional lights to ensure consistent
visual input. For perception, we employ a stereo camera system and a monocular wrist camera,
providing RGB, depth, and segmentation mask data for each frame. Additionally, the system can
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