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Abstract

Large Language Models (LLMs) have demon-
strated great potential in complex reasoning
tasks, yet they fall short when tackling more
sophisticated challenges, especially when in-
teracting with environments through generat-
ing executable actions. This inadequacy pri-
marily stems from the lack of built-in action
knowledge in language agents, which fails
to effectively guide the planning trajectories
during task solving and results in planning
hallucination. To address this issue, we in-
troduce KNOWAGENT, a novel approach de-
signed to enhance the planning capabilities of
LLMs by incorporating explicit action knowl-
edge. Specifically, KNOWAGENT employs
an action knowledge base and a knowledge-
able self-learning strategy to constrain the ac-
tion path during planning, enabling more rea-
sonable trajectory synthesis, and thereby en-
hancing the planning performance of language
agents. Experimental results on HotpotQA and
ALFWorld based on various backbone models
demonstrate that KNOWAGENT can achieve
comparable or superior performance to existing
baselines. Further analysis indicates the effec-
tiveness of KNOWAGENT in terms of planning
hallucinations mitigation.

1 Introduction

As artificial intelligence (AI) advances, language
agents are becoming increasingly vital for solv-
ing complex problems (Zhang et al., 2023; Sumers
et al., 2024; Yang et al., 2024a). These agents, built
around Large Language Models (LLMs), enhance
their task planning capabilities through a variety
of strategies including task decomposition (Wei
et al., 2022; Yao et al., 2023a; Wang et al., 2023a;
Team, 2023), reflection (Shinn et al., 2023; Sun
et al., 2023a), collaborative division of labor (Hong
et al., 2023; Chen et al., 2023c; Yin et al., 2023;
Qiao et al., 2024), and the utilization of external
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Figure 1: The overview of KNOWAGENT. An agent
could leverage external action knowledge base to ad-
dress and solve complex planning challenges.

tools (Schick et al., 2023; Qiao et al., 2023a). De-
spite the effectiveness of current prompting tech-
niques in providing good planning abilities for
some closed-source language models, these meth-
ods are often limited by the model’s intrinsic under-
standing capabilities and the scope of knowledge it
was trained on. To meet the demands for broad ap-
plication and customization in different areas such
as question-answering (Yao et al., 2023c; Yin et al.,
2023), web browsing (Yao et al., 2022; Deng et al.,
2023; Zhou et al., 2023a), robotics (Ichter et al.,
2022; Ding et al., 2023) and so on, researchers
are exploring Agent Tuning as a means to augment
model capabilities (Chen et al., 2023a; Zeng et al.,
2023; Pan et al., 2023). This involves fine-tuning
models through the synthesis of task-specific tra-
jectories, enabling them to undertake a series of
effective actions to handle complex situations.

However, when it comes to executing planning
tasks, especially in open-source models, there re-
main issues (Liu et al., 2023a; Valmeekam et al.,
2023; Guan et al., 2023). Frequently, models gen-
erate plans that violate established knowledge rules

3709

https://zjunlp.github.io/project/KnowAgent/


or commonsense (Ding et al., 2023), a phenomenon
we name as planning hallucination. This term
describes scenarios where models might gener-
ate unnecessary or conflicting action sequences,
such as “attempting to look up information
without performing a search operation” or
“trying to pick an apple from a table
without verifying the presence of both
the table and the apple”.

To address these issues, we propose KNOWA-
GENT that focuses on leveraging external action
knowledge to enhance synthetic trajectories with
the goal of resolving planning hallucination (see
Figure 1). Our development is grounded on several
key steps: Initially, we create an extensive action
knowledge base, which amalgamates action plan-
ning knowledge pertinent to specific tasks. This
database acts as an external reservoir of informa-
tion, steering the model’s action generation process.
Subsequently, by converting action knowledge into
text, we enable the model to deeply understand
and utilize this knowledge in creating action tra-
jectories. Finally, through a knowledgeable self-
learning phase, we use trajectories developed from
the model’s iterative processes to continually im-
prove its understanding and application of action
knowledge. This process not only strengthens the
agents’ planning abilities but also enhances their
potential for application in complex situations.

Experimental results on HotpotQA (Yang et al.,
2018) and ALFWorld (Shridhar et al., 2021) based
on various backbone models demonstrate that
KNOWAGENT can achieve comparable or superior
performance to existing baselines. Further analy-
sis indicates the effectiveness of KNOWAGENT in
terms of planning hallucinations mitigation. We
summarize our contributions as follows:

• We introduce KNOWAGENT that employs
knowledgeable self-learning to incorporate ex-
ternal action knowledge into models to refine
and augment the intrinsic planning abilities of
language agents.

• We conduct comprehensive experiments that
demonstrate KNOWAGENT can match or sur-
pass other benchmark models on the Hot-
potQA and ALFWorld datasets.

• Further analysis validates the effectiveness of
incorporating action knowledge for planning
purposes. We also showcase the possibility of
employing manually refined action knowledge

from LLMs, thereby reducing human labor
and enhancing performance.

2 Background

Language agents observe the external world primar-
ily by generating inner thoughts and executable ac-
tions. In this paper, we follow and further enhance
the planning trajectory format proposed in Yao
et al. (2023b) to train and evaluate our KNOWA-
GENT. Traditionally, a planning trajectory τ can
be represented by a triplet of Thought-Action-
Observation (T ,A,O), where T indicates the in-
ner thoughts of the language agent, A signifies
executable actions, and O represents the feedback
information from the environment. In terms of this,
the trajectory history H at time t can be defined
as: Ht = (T0,A0,O0, T1, ..., Tt−1,At−1,Ot−1).
Then, the language agent is reinforced to generate
Tt and At based on the history. Given a parameter-
ized probabilistic language agent π with parameters
θ, the process of generating the next step’s thought
based on Ht can be represented as:

p(Tt|Ht) =

|Tt|∏

i=1

πθ(T i
t |Ht, T <i

t ), (1)

where T i
t and |Tt| are the i-th token and the length

of Tt respectively. Subsequently, the action At will
be determined based on Tt and Ht:

p(At|Ht, Tt) =
|At|∏

j=1

πθ(Aj
t |Ht, Tt,A<j

t ). (2)

Similarly, Aj
t and |At| denote the j-th token and

the length of At respectively. Lastly, the feedback
result of the action At will be treated as the obser-
vation Ot and added to the trajectory, generating
a new round of trajectory Ht+1. It’s important to
note that Ai here specifically means the actions in
the trajectory, which is identical to the action ai in
the discussion of the action set Ea later on.

3 KNOWAGENT

Our method, KNOWAGENT, as illustrated in Fig-
ure 2, begins by defining action knowledge. It
then utilizes this knowledge to generate planning
paths, and continuously refines these paths through
a knowledgeable self-learning mechanism, enhanc-
ing the framework iteratively.
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Figure 2: The overall framework of KNOWAGENT. Initially, Action Knowledge to Text converts task-specific
action knowledge into textual descriptions. Next, Planning Path Generation uses prompts and this knowledge to
lead LLMs in planning path creation. Lastly, in Knowledgeable Self-Learning, the model iteratively optimizes using
generated planning trajectories to improve performance.

3.1 Definition of Action Knowledge
Action. Ea = {a1, ..., aN−1} signifies a set of
actions, which encompasses the discrete action that
LLMs must undertake to accomplish specific tasks.

Action Rules. R = {r1, ..., rN−1} outlines the
rules that determine the logic and sequence of ac-
tion transitions within the model. These rules di-
rectly dictate permissible action transitions rk :
ai → aj , based on the inherent relationships
among actions or task-specific requirements.

Action Knowledge. Action Knowledge, repre-
sented as (Ea,R), comprises a defined set of ac-
tions Ea and the rules R governing their transitions.
The combination of action knowledge for different
tasks forms an action knowledge base, also known
as Action KB. The knowledge base will then serve
as essential guidance for generating actions and for-
mulating decisions, essential for reducing potential
plan hallucination problems.

Strategies for Extracting Action Knowledge.
Given the diverse action knowledge involved in
various tasks, fully manual construction is both
time-consuming and labor-intensive. To overcome
this, we leverage GPT-4 (OpenAI, 2023), known
for its strong performance on such tasks (Liu et al.,
2023a; Ouyang and Li, 2023), for initial construc-
tion. Our two-stage process starts with domain ex-
perts providing task knowledge to the LLM, which
generates a preliminary list of actions and rules.

Since the initial output often includes redundancy,
human experts then filter and refine this list. In the
second stage, the refined actions and specifications
are reintroduced to the LLM to produce the final
set of action rules. A detailed comparison of these
two approaches is provided in § 4.3.

3.2 Planning Path Generation with Action
Knowledge

3.2.1 Action Knowledge to Text
Figure 2 illustrates the conversion process from
action knowledge to text. Initially, we establish
the action knowledge base by identifying actions
pertinent to the task’s specific needs, utilizing pre-
vious dataset analyses and the inherent knowledge
of LLMs. This information is then converted into
text format to facilitate subsequent operations. As
an illustration, we reference one action rule in
HotpotQA (Yang et al., 2018) - Search:(Search,
Retrieve, Lookup, Finish). This rule indicates
that Search can lead to multiple pathways: contin-
uing as Search, changing to Retrieve or Lookup,
or progressing to Finish.

3.2.2 Path Generation
Harnessing action knowledge, the model utilizes
this insight to streamline the task’s planning pro-
cess. It achieves this by formulating a coherent
planning path, guided by the application of action
rules R1 ∧R2 ∧ . . . ⇒ P . To facilitate path gener-
ation, we develop specialized prompts that extend
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beyond basic Task Description, integrating seg-
ments as illustrated in Figure 2 (or in Figure 6).

Our approach is thoroughly grounded in action
knowledge and unfolds across four key segments:
(1) It starts with an Overview of Action Knowl-
edge to set the foundational concepts and rules. (2)
This is followed by the Definition of Each Action
Step, detailing the operational aspects and signifi-
cance of each action. (3) Following this, the Prin-
ciple of Planning Path Generation delves into the
constraints on output generation. (4) And finally,
Demonstrations of Planning Paths provide prac-
tical examples, acting as a beacon of inspiration for
adapting these strategies across various contexts.
Each of these segments plays an essential role in ex-
pressing action knowledge, specifying actions, and
clarifying the process of leveraging action knowl-
edge for planning path generation. It’s essential
to understand the distinction between path and
trajectory in this context. The path exclusively
represents the series of actions undertaken by the
agent, while the trajectory includes the model’s
complete output during the problem-solving pro-
cess, incorporating the path as part of its structure.

Here we briefly outline the process of trajectory
synthesis. This trajectory, denoted as τ , is com-
posed of many planned quadruples. Each quadru-
ple (P, T ,A,O), encapsulates the action path P ,
the agent’s internal thoughts processes T , exe-
cutable actions A, and environmental feedback O.
The historical trajectory is reformulated as: Ht =
(P0, T0,A0,O0, . . . , Tt−1,At−1,Ot−1). Based on
this, the agent is poised to generate Pt, Tt, and
At. Considering a parameterized probabilistic
language agent π with parameters θ, the mecha-
nism for generating the subsequent action path,
contingent on Pt, is expressed as: p(Pt|Ht) =∏|Pt|

k=1 πθ(Pk
t |Ht,P<k

t ). Here Pk
t and |Pt| repre-

sent the k-th token and the total length of Pt. And
then we extend the approach used in Equation 1
and 2. The process of deriving thoughts and actions
can be reformulated as:

p(Tt|Ht,Pt) =

|Tt|∏

i=1

πθ(T i
t |Ht,Pt, T <i

t ), (3)

p(At|Ht,Pt, Tt) =
|At|∏

j=1

πθ(Aj
t |Ht,Pt, Tt,A<j

t ).

(4)

Algorithm 1: Trajectory Synthesis and
Knowledgeable Self-Learning

Input: AKm: Task-specific Action Knowledge from
Action KB, including a set of actions Ea

and action rules R; D0: Initial training set;
Dtest: Testing set; ϵ: Hyperparameter.

Output: Optimized models M = {M1,M2, . . .}.
Initialize: Model M0.
for i = 0 until test performance stabilizes do

// Synthesize trajectories.
Ti ← Traj(Mi, AKm, D0)
// Handle trajectories.
if i = 0 then

// Fiter trajectories.
T ′
i ← Filter(Ti, AKm)

else
// Filter and merge trajectories.
T ′
i ← FilterAndMerge(Ti, Ti−1, AKm)

// Fine-tuning.
Mi+1 ← Tune(T ′

i ,Mi)

// Performance check.
if ∆Perf(Mi+1,Mi, Dtest) ≤ ϵ then

break

return Optimized models M

3.3 Planning Path Refinement via
Knowledgeable Self-Learning

In this phase, we introduce knowledgeable self-
learning. Our goal is to help the model understand
the action knowledge more deeply through itera-
tive fine-tuning. As shown in Algorithm 1, our
approach begins with an initial training set D0 and
an untrained model M0, leading to the synthesis
of initial trajectories T0 = {τ1, τ2, . . . , τn}. After
filtering, these initial outcomes inform further train-
ing, producing a preliminary model version, M1.
Subsequently, M1 undergoes re-evaluation on D0

to create new trajectories T1 = {τ ′1, τ ′2, . . . , τ ′n}.
These trajectories, alongside T0, undergo a filtering
and merging process based on action knowledge.
This refined set of trajectories is then utilized to
fine-tune the model, resulting in an improved ver-
sion, M2. We continue iterating until the perfor-
mance improvement on Mtest becomes small, at
which point we halt the iteration process.

Knowledge-Based Trajectory Filtering and
Merging. Our knowledgeable self-learning ap-
proach enhances trajectory quality through two key
phases: (1) Filtering: We start by selecting cor-
rect trajectories, Tcorrect, based on their outcomes.
Specifically for task HotpotQA, we apply action
knowledge to further refine these trajectories. This
refinement involves removing any trajectories that
do not align with the provided AKm, particularly
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Backbone Strategy Method HotpotQA ALFWorld

Easy Medium Hard Average Seen Unseen
GPT-3.5-Turbo Prompting ReAct (Yao et al., 2023b) 47.58 44.38 34.33 42.10 7.86 5.97

GPT-4 Prompting ReAct (Yao et al., 2023b) 64.39 66.18 55.41 62.00 43.57 38.81

Llama-2
7b-chat

Prompting CoT (Wei et al., 2022) 35.80 26.69 18.20 26.90 - -
Prompting ReAct (Yao et al., 2023b) 25.14 19.87 17.39 20.80 1.43 0.75
Prompting Reflexion (Shinn et al., 2023) 35.55 28.73 24.35 29.54 2.86 2.24
Fine-tuning NAT (Wang et al., 2024) 39.33 28.33 23.33 30.33 26.43 24.52
Fine-tuning FireAct (Chen et al., 2023a) 40.56 31.70 24.13 32.13 27.86 25.38

Fine-tuning KNOWAGENT-7b 40.80 32.49 27.12 33.47 29.26 29.35

Llama-2
13b-chat

Prompting CoT (Wei et al., 2022) 37.90 25.28 21.64 28.27 - -
Prompting ReAct (Yao et al., 2023b) 28.68 22.15 21.69 24.17 13.58 9.70
Prompting Reflexion (Shinn et al., 2023) 44.43 37.50 28.17 36.70 18.57 17.16
Fine-tuning NAT (Wang et al., 2024) 46.67 35.33 28.67 36.89 42.38 46.02
Fine-tuning FireAct (Chen et al., 2023a) 51.95 33.93 28.88 38.26 47.86 50.37

Fine-tuning KNOWAGENT-13b 46.97 37.60 33.22 39.26 54.29 58.71

Llama-2
70b-chat

Prompting CoT (Wei et al., 2022) 45.37 36.33 32.27 37.99 - -
Prompting ReAct (Yao et al., 2023b) 39.70 37.19 33.62 36.83 41.43 37.31
Prompting Reflexion (Shinn et al., 2023) 48.01 46.35 35.64 43.33 49.29 47.01
Fine-tuning NAT (Wang et al., 2024) 50.66 43.67 44.33 46.22 75.95 75.62
Fine-tuning FireAct (Chen et al., 2023a) 51.96 47.56 44.60 48.04 77.85 77.61

Fine-tuning KNOWAGENT-70b 56.75 49.90 37.76 48.14 77.14 78.36

Table 1: Overall performance of KNOWAGENT on HotpotQA and ALFWorld. The evaluation metrics are F1
Score (%) and Success Rate (%), respectively. Strategy means the agent learning paradigm behind each method.
The best results of each backbone are marked in bold.

those with invalid actions or disordered action se-
quences. (2) Merging: We then merge trajecto-
ries generated by models across different iterations.
For trajectories addressing the same task, We refine
them based on efficiency, specifically retaining the
more efficient (shorter path) trajectories ensuring
optimal problem-solving effectiveness.

4 Experiments

4.1 Settings

We evaluate KNOWAGENT on HotpotQA (Yang
et al., 2018) and ALFWorld (Shridhar et al., 2021).
We employ Llama-2-{7,13,70}b-chat (Touvron
et al., 2023) as the backbone models, and also apply
KNOWAGENT to Vicuna (Zheng et al., 2023), Mis-
tral (Jiang et al., 2023a), GPT-3.5-Turbo (OpenAI,
2022) and GPT-4 (OpenAI, 2023). We compare
KNOWAGENT with various baselines including
CoT (Wei et al., 2022), ReAct (Yao et al., 2023b),
Reflexion (Shinn et al., 2023), FireAct (Chen et al.,
2023a) and NAT (Wang et al., 2024). More details
about our experiment can be seen in Appendix A.

Method ALFWorld

Seen Unseen

ReAct 13.58 9.70
KNOWAGENT* 30.00 ↑16.42 38.06↑28.36

Table 2: Comparative Experiment of ReAct and
KNOWAGENT* on ALFWorld with Llama-2-13b. Here
label * denotes the version of KNOWAGENT integrated
with action knowledge but not fine-tuned.

4.2 Main Results

KNOWAGENT vs. Prompt-based Methods. In
Table 1, we present the F1 scores and success
rates for KNOWAGENT and various prompt-based
methods evaluated on HotpotQA and ALFWorld.
Firstly, across both datasets, KNOWAGENT con-
sistently outperforms the prompt-based baselines
on open-source models. Notably, the 13b model
achieves a performance increase of ↑15.09% (av-
erage) and ↑49.01% (unseen) over ReAct on the
two datasets. Additionally, our approach surpasses
GPT-4’s performance on ALFWorld with both the
13b and 70b models. Secondly, we conduct addi-
tional experiments on ALFWorld, comparing the
performance of unrefined KNOWAGENT* against
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Figure 3: Ablation study on Action Knowledge within Llama-2 Models on HotpotQA. Here w/ Action KB indicates
the naive KNOWAGENT and w/o Action KB symbolizes removing the action knowledge of the specific task.
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Figure 4: Ablation study on Knowledgeable Self-Learning iteration. We examine the influence of self-learning
iterations on a selection of models, including Llama-2-7b, Llama-2-13b, Vicuna-7b, and Mistral-7b. Here iter0
represents baseline performance prior to any training.

ReAct. The results, shown in Table 2, validate
the effectiveness of action knowledge itself. Addi-
tionally, disparities in effectiveness among differ-
ent prompt methods are observed, aligning with
current research focused on enhancing models’
capabilities to handle complex tasks through di-
verse strategies such as multi-agent specialization.
Specifically, our investigation is geared towards
leveraging external action knowledge to facilitate
models to more accurately complete complex tasks.
This is achieved by minimizing invalid actions (on
HotpotQA) and promoting action sequences that
better reflect real-world situations (on ALFWorld).
Further analysis, especially in relation to invalid
actions in HotpotQA, will be discussed in §4.3.

KNOWAGENT vs. Fine-tuning Methods. Our
comparison here focuses on the fine-tuning results
of KNOWAGENT versus FireAct and NAT. The
results also reveal the efficacy of our method. Un-
like FireAct and NAT, which rely on closed-source
models to generate fine-tuning data, KNOWAGENT

synthesizes its own. On HotpotQA, for example,
FireAct and NAT use 500 trajectories from GPT-
4/GPT-3.5-Turbo, while KNOWAGENT selectively
fine-tunes on fewer than 300 self-synthesized cor-
rect trajectories per iteration. This strategy also
mirrors in ALFWorld. The outcomes suggest that
self-synthesized data, infused with prior knowl-

edge, can achieve results comparable to data syn-
thesized by more advanced models like GPT-4.

4.3 Analysis
The role of action knowledge grows with the in-
crease of iterations in self-learning. Figure 3
shows the ablation results about action knowledge
on HotpotQA with Llama series models. Regard-
less of the number of iterations, the effect of using
action knowledge (w/ action KB) is superior to that
without action knowledge (w/o action KB). Another
interesting finding is that as the number of itera-
tions increases, the performance gap between w/o
action KB and w/ action KB becomes more signifi-
cant, indicating that the advantages of introducing
action knowledge become more apparent. We con-
sider that this can be attributed to the virtuous cycle
between action knowledge and self-learning. Un-
der the constraints of action knowledge, the model
synthesizes high-quality trajectories for iterative
training. In turn, training on more high-quality tra-
jectories allows the model to better learn action
knowledge, leading to the generation of even more
high-quality trajectories.

Iterative training enhances model proficiency.
Figure 4 presents a comparative analysis of the ef-
fects of iterative training across different models.
(1) Number of Iterations. Notably, elevating iter-
ations from one to two results in a substantial opti-
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KnowAgentReAct

Question: Is Children's National Medical Center or MedStar 
Washington Hospital Center the largest private hospital in 
Washington, D.C.?
Thought 1: 
I need to find who is the largest private hospital in Washington, D.C.
by comparing Children's National Medical Center and MedStar Wash
ington Hospital Center.
Action 1: Lookup[Children's National Medical Center]
Observation 1: The last page Searched was not found, ...
Thought 2: Hmm, neither of the addresses is similar to any of the pr
evious Searches. Maybe I need to rephrase the question.
Action 2: Search[question rephrased]
…
Action 3: Finish[not possible]
Observation 3: Answer is INCORRECT

Invalid

Question: Is Children's National Medical Center or MedStar 
Washington Hospital Center the largest private hospital in 
Washington, D.C.?
ActionPath 1: Start
Thought 1: … 
A "Search“ action seems appropriate to gather this information.
Action 1: Search[Children's National Medical Center]
… 
ActionPath 3: Start->Search[Children's National Medical Center]-
>Search[MedStar Washington Hospital Center]
Thought 3: …MedStar Washington Hospital Center is the largest priva
te hospital in Washington, D.C. No further actions are needed as the
necessary information has been obtained.
Action 3: Finish[MedStar Washington Hospital Center]
Observation 3: Answer is CORRECT

Figure 5: KNOWAGENT (the blue one) successfully completes planning, while ReAct (the orange one) exhibits
planning hallucination that contradict action knowledge.

Model Invalid Action Misordered Action

ReAct 2.08% 3.54%
Reflexion 6.87% 3.87%

KNOWAGENT 0.35% 1.23%

Table 3: Unreasonable action rates on HotpotQA with
Llama-2-13b. Here invalid refers to actions that do not
meet the action rule, while misordered means discrep-
ancies in the logical sequence of actions.

mization of performance. Extending the iterations
to four continues to enhance results, although the
gains become progressively smaller. These results
align with previous studie (Li et al., 2023b; Wu
et al., 2023), demonstrating the efficacy of iterative
self-learning in bolstering the model’s comprehen-
sion of the training data. This pattern also reflects
the human learning principle of “Reviewing the
old as a means of realizing the new”. (2) Differ-
ent Base Models. We also explore other backbone
models except for Llama with a 7b parameter scale,
such as Vicuna-7b and Mistral-7b. The result sug-
gests that our method is effective and generalizable
across different pre-trained and fine-tuned models.
Moreover, the performance discrepancies among
them also indicate a variance in the ability of dif-
ferent models to absorb and utilize such structured
external knowledge.

Action knowledge effectively mitigates planning
hallucinations. We show the statistical rates of
invalid and misordered actions generated by differ-
ent methods in Table 3. Given that only the Search
and Finish actions are involved in FireAct, it is
omitted from our analysis here. The results demon-

KNOWAGENT Strategy HotpotQA ALFWorld

7b
Manual 33.47 20.15
Distilled 25.22 18.66

13b
Manual 39.26 52.24
Distilled 25.72 51.49

Table 4: Comparative Experiment on Manual vs. Dis-
tilled Action Knowledge. Manual stands for human-
crafted knowledge and Distilled represents the distilled
knowledge from GPT-4.

strate that incorporating action knowledge signifi-
cantly reduces the frequency of erroneous actions
and the likelihood of invalid action paths, thereby
increasing the precision of the models on the spe-
cific task. To further substantiate this claim, we
refer to the experimental outcomes from KNOWA-
GENT and ReAct within HotpotQA, as demon-
strated in Figure 5. For a given question, ReAct’s
action sequence follows a Lookup->Search pat-
tern, which is problematic due to the dependency of
the Lookup action on the subsequent Search step.
However, with constraints, KNOWAGENT avoids
such faulty sequences, enhancing task accuracy.

Distilled vs. Manually Designed Knowledge.
To investigate whether advanced LLMs can sup-
plant manual efforts in constructing task-specific
action knowledge, we compare the distilled out-
comes from GPT-4 (gpt-4-0613) with our manual-
designed ones, using the same actions but differ-
ent rules (see Table 4). For HotpotQA, the action
knowledge distilled by GPT-4 is more concise, with
fewer cyclical actions than those set by humans.
This efficiency holds for simpler tasks where per-
formance parallels human-defined methods, while
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underperformance is found on more complex tasks
where longer action sequences are required. For
ALFWorld, the GPT-distilled knowledge closely
mirrors what is crafted by humans, underscoring
the model’s capacity to comprehend real-world con-
straints. Aligning with prior research (Ding et al.,
2023; Zhou et al., 2024), this distilled knowledge
aids the model in understanding real-world limi-
tations, showing little difference in effectiveness
compared to human-created one.

Error Analysis. Upon analyzing the capabilities
of KNOWAGENT, we identify its limitations, par-
ticularly in processing complex queries and sum-
marizing long texts. It struggles to distill key in-
formation effectively, often failing to respond ac-
curately. The core issue lies in their insufficient
reasoning and memory capacities for handling long
contexts. Consequently, the generated responses
may be incorrect or misaligned with the posed ques-
tions, such as providing a simple yes/no when a
specific entity is required. In HotpotQA, we iden-
tify two key error types: Inconsistency Error and
Summarization Error, discussed further in Ap-
pendix C, where we also compare our method to
FireAct in terms of model scaling.

Efficiency Analysis. Regarding efficiency, tak-
ing Llama-2-7b in ALFWorld as an example,
KNOWAGENT mandates around 20 hours per cycle,
totaling approximately 40 hours for training. In
comparison, FiReAct, which focuses on training
for precise trajectories, requires more training data.
After incorporating around 710 trajectories synthe-
sized by GPT-4, FireAct’s total training time ex-
tends to approximately 50 hours. Regarding mem-
ory usage, when running on 8 NVIDIA V100 32G
GPUs, both KNOWAGENT and FireAct have simi-
lar memory requirements.

5 Related Work

LLM-Based Agents. LLM-based agents (Wang
et al., 2023b; Xi et al., 2023; Durante et al., 2024)
have emerged as one of the most prevalent AI sys-
tems after the rise of LLMs (Zhao et al., 2023; Qiao
et al., 2023b; Zhu et al., 2023; Li et al., 2024a;
Jiang et al., 2024). They learn to interact with
the external world through action-observation pairs
expressed by natural language. Previous works pri-
marily focus on unlocking the potential of LLMs as
the core of language agents by leveraging human-
crafted (Yao et al., 2023b; Li et al., 2023a; Talebi-

rad and Nadiri, 2023; Qian et al., 2023) or machine-
generated (Zhou et al., 2023b; Chen et al., 2023c,b)
prompts. Recently, there has been a growing em-
phasis on endowing open-source LLMs with agent
capabilities through fine-tuning (Yin et al., 2023;
Qiao et al., 2024; Shen et al., 2024). However,
the training trajectory data for existing language
agent fine-tuning methods largely rely on annota-
tions from LLMs. This can result in the inclusion
of trajectories that violate some action knowledge
rules and are difficult to identify, leading to an un-
stable action performance of the trained language
agents. To improve agent performance and reliabil-
ity, various approaches have been proposed. Sev-
eral works focus on designing specialized strate-
gies to enhance agent capabilities. Guan et al.
(2024) introduces AMOR, an agent framework
that constructs its reasoning capabilities on a Finite
State Machine (FSM). Li et al. (2024c) introduce
a “Formal-LLM” framework for agents, combin-
ing the expressiveness of natural language with the
precision of formal language to enhance agent capa-
bilities. Research efforts (Jiang et al., 2023b; Dou
et al., 2024; Yang et al., 2024b) have also explored
self-improvement approaches, where models con-
tinuously enhance their problem-solving abilities
through iterative learning in complex tasks.

Knowledge-Augmented LLMs. Previous works
(Guu et al., 2020; Lewis et al., 2020; Izacard et al.,
2023) concentrate on knowledge augmentation in
LLMs through retrieval. Due to the rich parameter-
ized knowledge within LLMs (Chen, 2023; Feng
et al., 2023), some other works (Liu et al., 2022;
Yu et al., 2023; Sun et al., 2023b) advocate for
knowledge generation rather than retrieval. With
the emergence of Augmented Language Models
(ALMs), many studies (Trivedi et al., 2023; Li
et al., 2023c; Vu et al., 2023; Qiao et al., 2023a)
have enhanced the reasoning capabilities of LLMs
by incorporating knowledge from external tools
such as search engines, knowledge bases, and
Wikipedia documents. Recent research has ex-
plored various approaches to improve LLMs’ per-
formance in complex environments: some works
(Zhou et al., 2023b; Ye et al., 2023) introduced
structured knowledge to regulate multi-agent work-
flows, while others developed state-aware guide-
lines for environment-specific reasoning (Rozanov
and Rei, 2024; Fu et al., 2024) or focused on special
memory mechanisms for long-horizon tasks (Li
et al., 2024b). In this work, we propose knowledge-
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augmented language agents that incorporate action
knowledge rules to constrain the trajectory gen-
eration, reducing the occurrence of unreasonable
action logic in the generated trajectories.

6 Conclusion

In this study, we introduce KNOWAGENT, a frame-
work designed to mitigate planning hallucinations
by incorporating external action knowledge into
synthetic trajectories. Our method involves uti-
lizing this knowledge to guide the model’s action
generation and employing a knowledgeable self-
learning phase for continuous improvement. Our
experiments across various models demonstrate
that KNOWAGENT effectively competes with or
surpasses other baselines, showcasing the benefits
of integrating external action knowledge to stream-
line planning processes and improve performance.

Limitations

Our limitations are listed as follows:

Task Expandability. The current experiments
are conducted exclusively on the commonsense QA
and household datasets. However, our approach is
also applicable to a broader range of fields includ-
ing medical (Tang et al., 2023), arithmetic (Cobbe
et al., 2021), web browsing (Xie et al., 2023), and
embodied agents (Yang et al., 2023). This suggests
a potential for wider applicability that has yet to be
explored.

Multi-Agent Systems. Presently, our research
focuses on the application of single agents. Future
studies should explore multi-agent systems, such
as Chen et al. (2023c) and Qiao et al. (2024), which
complete planning tasks through division of labor
and collaboration. This enhancement could help
agents better handle complex tasks and adapt to
changing environments.

Automated Design of Action Knowledge Bases.
The creation of action knowledge bases is still man-
ual, time-consuming, and labor-intensive. Even
though we use GPT-4 for distilling action knowl-
edge, manual adjustments are needed. Future work
should aim at automating this process to reduce
manual effort and improve the model’s autonomous
learning and versatility.
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testing, we utilize the same test set as BOLAA (Liu
et al., 2023b), which included 100 samples at each
of three difficulty levels: easy, medium and hard.
To measure performance, we adopt the F1 score as
a benchmark, which also serves as the basis for the
reward metric utilized in BOLAA. More details of
HotpotQA are listed in Appendix B.

ALFWorld (Shridhar et al., 2021) is an inter-
active, text-based household environment where
agent challenge to complete six different types of
multi-step tasks. To train our model, we randomly
selected 85 instances from each task category in
the training set. Furthermore, following previous
research (Shridhar et al., 2021; Yao et al., 2023b),
we use a test set with 140 seen tasks and 134 un-
seen tasks to evaluate our method. In ALFWorld,
we utilize goal-conditioned success rates as our
evaluation metric. We show prompts used for both
datasets in Appendix D.

Baselines Our research concentrates solely on
the performance of a single agent, intentionally ex-
cluding multi-agent studies from our baseline com-
parison. We choose the following baselines here:
(1) Chain-of-Thought (CoT) (Wei et al., 2022) cat-
alyzes in-depth reasoning in large language mod-
els (LLMs) by incorporating intermediate reason-
ing steps within examples. (2) ReAct (Yao et al.,
2023b) enables LLMs to intertwine the genera-
tion of inferential trajectories and actions, allowing
the model to better generalize and adjust its ac-
tion plans. (3) The Reflexion (Shinn et al., 2023)
method utilizes self-reflective feedback to promote
continuous agent development through the assimi-
lation of lessons from past errors, thus refining task
execution. (4) FireAct (Chen et al., 2023a) intro-
duces a novel strategy to fine-tune LLM using di-
verse prompts and trajectories across tasks, demon-
strating that richer fine-tuning data can further el-
evate the performance of agents. (5) Furthermore,
NAT (Wang et al., 2024) is a method to enhance
agent performance by leveraging both successful
and failed trajectories during fine-tuning, showing
that learning from failures can significantly boost
model effectiveness. It’s important to note that our
experiments concentrate on exploring the impact of
external action knowledge on LLMs, and as such,
we have chosen a single-agent framework as the
baseline for comparison.

Implementation. We evaluate KNOWAGENT

on HotpotQA (Yang et al., 2018) and ALF-

World (Shridhar et al., 2021). We employ
Llama-2-{7,13,70}b-chat (Touvron et al., 2023)
as the backbone models, and also apply KNOWA-
GENT to vicuna-7b-v1.5-16k (Zheng et al., 2023),
Mistral-7B-Instruct-v0.1 (Jiang et al., 2023a), gpt-
3.5-turbo-0125 (OpenAI, 2022) and gpt-4-32K-
0613. During the self-learning phase, we set the
number of training iterations to two. Additionally,
we employ an Alpaca-style (Taori et al., 2023) tem-
plating approach for generating input from instruc-
tional data. Our fine-tuning framework leverages
FastChat (Zheng et al., 2023) using DeepSpeed
(Rasley et al., 2020). Most of our experiments are
conducted using NVIDIA V100 32G GPUs. How-
ever, for the experiments involving the 13b and 70b
models in the ALFWorld environment, we utilize
NVIDIA A800 80G GPUs. We detail the hyper-
parameters for training in Table 5, with a default
batch size of 2.

B Datasets

In HotpotQA, we have enriched the action set in
previous works (Yao et al., 2023b; Liu et al., 2023b)
by incorporating Bing Search as an external knowl-
edge source. As a result, we now feature four dis-
tinct actions within HotpotQA to enhance its func-
tionality and performance: (1) Retrieve[entity]: Re-
trieve the exact entity on Wikipedia and return the
first paragraph if it exists. If not, return some sim-
ilar entities for searching. (2) Search[topic]: Use
Bing Search to find relevant information on a speci-
fied topic, question, or term. (3) Lookup[keyword]:
Return the next sentence that contains the keyword
in the last passage successfully found by Search or
Retrieve. (4) Finish[answer]: Return the answer
and conclude the task.

C Error Analysis

Our error analysis in HotpotQA, illustrated in Ta-
ble 6, highlights two primary error types: Inconsis-
tency Error, where the model diverges from the
question during the answering process, and Sum-
marization Error, where the model fails to extract
necessary information from the trajectory, resulting
in incorrect answers. Future enhancements could
focus on improving the model’s long-text process-
ing and reasoning abilities.

We also observe different performance trends
between our method and FireAct when scaling
the model size for HotpotQA. For the 7b model,
KNOWAGENT performs better than FireAct be-
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Name Value
lora_r 8

lora_alpha 16
lora_dropout 0.05

lora_target_modules q_proj, v_proj
model_max_length 4096

per_device_batch_size 2
gradient_accumulation_steps 1

warmup_ratio 0.03
epochs 5

learning rate 1e-4

Table 5: Hyper-parameters used in our paper.

cause it effectively avoids plan hallucination, which
significantly improves task outcomes. With the 13b
model, we observe that FireAct performs better
on easy tasks. This suggests that using more and
higher-quality trajectories (synthesized by GPT-4)
can compensate for the gains from action knowl-
edge, even though planning hallucinations may still
occur. However, this benefit diminishes as task dif-
ficulty increases, and KNOWAGENT continues to
perform better on more challenging (medium and
hard) test cases. For the 70b model, the results
indicate that KNOWAGENT’s advantage is evident
in lower difficulty (Easy, Medium) test cases, but
this advantage decreases in Hard tests. Solving
complex problems involves multi-step reasoning
ability, where FireAct performs better in shorter
in-context settings. The complexity of KNOWA-
GENT’s setup introduces challenges in handling
longer texts, leading to this observed performance
trend.

D Prompt

D.1 Prompt Format
See Figure 6.

D.2 Prompt for HotpotQA
See Table 7.

D.3 Prompt for ALFWorld
See Table 8 to Table 13.
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Error Type Results of KNOWAGENT
Question: Gary Harrison, began his career in the 1970s and has written over how many major-label recorded
songs including several number-one hits, another artist who have recorded his work include Bryan White, an
American country music artist?
ActionPath 1: Start
Thought 1: ... I need to search for information about his career and achievements.
Action 1: Search[Gary Harrison]
Observation 1: Gary Steven Harrison is an American songwriter. Harrison began his career in the 1970s, and has
written over 300 major-label recorded songs, including several number one hits.
ActionPath 2: Start->Search[Gary Harrison]

Inconsistency Error Thought 2: ... I need to find out who has recorded Gary Harrison’s work.
Action 2: Search[Bryan White]
Observation 2: Bryan Shelton White (born February 17, 1974) is an American country music singer and songwriter.
Signed to Asylum Records in 1994 at age 20, White released his self-titled debut album that year.
ActionPath 3: Start->Search[Gary Harrison]->Search[Bryan White]
Thought 3: ...Bryan White has recorded Gary Harrison’s work (Inconsistency). No further actions are needed
as the necessary information has been obtained.
Action 3: Finish[Bryan White]
Observation 3: Answer is INCORRECT
Correct Answer: 300
Question: Are Ruggero Deodato from Italy, and Mexican Alejandro Springall, both film directors?
ActionPath 1: Start
Thought 1: ... To determine if Ruggero Deodato from Italy and Mexican Alejandro Springall are both film directors,
it’s essential to research their professional backgrounds and achievements. A ""Search"" action seems appropriate to
gather this information about each individual.
Action 1: Search[Ruggero Deodato]
Observation 1: Ruggero Deodato (7 May 1939 – 29 December 2022) was an Italian film director, screenwriter,
and actor...
ActionPath 2: Start->Search[Ruggero Deodato]

Summarization Error Thought 2: ... Ruggero Deodato is an Italian film director. I need to search Alejandro Springall next and find his
profession.
Action 2: Search[Alejandro Springall]
Observation 2: Alejandro Springall is a Mexican film director and producer. Springall studied filmmaking
at the London Film School. He returned to Mexico City in 1991 and started working with Mexican film producer
Bertha Navarro, from whom he learned most of his producing skills...
ActionPath 3: Start->Search[Ruggero Deodato]->Search[Alejandro Springall]
Thought 3: ... Alejandro Springall is a film producer. So Ruggero Deodato and Alejandro Springall are
not both film directors (Summarization). No further actions are needed as the necessary information has been
obtained.
Action 3: Finish[no]
Observation 3: Answer is INCORRECT
Correct Answer: yes

Table 6: Error Cases in HotpotQA.
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Action Knowledge Base

(a) The Construction of Action Knowledge Base

Tasks

LLMHuman

(c) Action Knowledge to Text

Extract

Your task is to answer a question ……

Prompt

Task Description：

The Overview of Action Knowledge:

The decision graph is constructed upon a set of  principles 
known as "Action Knowledge", outlined as follows:

Start:(Search, Retrieve)
Retrieve:(Retrieve, Search, Lookup, Finish)
Search:(Search, Retrieve, Lookup, Finish)

……
Here's how to interpret the graph's Action Knowledge:
……

Definition of Each Action Step:

Each node action is defined as follows:
(1) Retrieve[entity]: Retrieve the exact entity on Wikipedia and 
return the first paragraph if  it exists. ….
(2) Search[topic]:  Use Bing Search to ….
(3) Lookup[entity]: ….
…

Principle of Planning Path Generation:

As you solve the question using the above structure, interleave 
ActionPath, Thought, Action, and Observation steps. ……
You may take as many steps as necessary.

Demonstrations of Planning Paths:
Here are some examples:
{examples}
(END OF EXAMPLES)

Actions

- Search: (Search, Retrieve, Lookup, …)
- Retrieve: (Retrieve, Search, Lookup, …)
- Lookup: (Lookup, Search, Retrieve, …)
……

Action Rules

Actions

Action
Rules

Start

Search

Retrieve

Lookup
Finish

HotpotQA

(b) Task-Specific Action Knowledge

Figure 6: The Path Generation process of KNOWAGENT.
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Prompt for HotpotQA
Your task is to answer a question using a specific graph-based method. You must navigate from the
"Start" node to the "Finish" node by following the paths outlined in the graph. The correct path is a
series of actions that will lead you to the answer.
The decision graph is constructed upon a set of principles known as "Action Knowledge", outlined
as follows:

Start:(Search, Retrieve)
Retrieve:(Retrieve, Search, Lookup, Finish)
Search:(Search, Retrieve, Lookup, Finish)
Lookup:(Lookup, Search, Retrieve, Finish)
Finish:()

Here’s how to interpret the graph’s Action Knowledge:
From "Start", you can initiate with either a "Search" or a "Retrieve" action.
At the "Retrieve" node, you have the options to persist with "Retrieve", shift to "Search",

experiment with "Lookup", or advance to "Finish".
At the "Search" node, you can repeat "Search", switch to "Retrieve" or "Lookup", or proceed

to "Finish".
At the "Lookup" node, you have the choice to keep using "Lookup", switch to "Search" or

"Retrieve", or complete the task by going to "Finish".
The "Finish" node is the final action where you provide the answer and the task is completed.

Each node action is defined as follows:
(1) Retrieve[entity]: Retrieve the exact entity on Wikipedia and return the first paragraph if it

exists. If not, return some similar entities for searching.
(2) Search[topic]: Use Bing Search to find relevant information on a specified topic, question,

or term.
(3) Lookup[keyword]: Return the next sentence that contains the keyword in the last passage

successfully found by Search or Retrieve.
(4) Finish[answer]: Return the answer and conclude the task.

As you solve the question using the above graph structure, interleave ActionPath, Thought, Action,
and Observation steps. ActionPath documents the sequence of nodes you have traversed within the
graph. Thought analyzes the current node to reveal potential next steps and reasons for the current
situation.
You may take as many steps as necessary.
Here are some examples:
{examples}
(END OF EXAMPLES)
Question: {question}{scratchpad}

Table 7: Prompt for HotpotQA.
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ALFWorld - Pick
Interact with a household to solve a task by following the structured "Action Knowledge". The
guidelines are:
Goto(receptacle) -> Open(receptacle)
[Goto(receptacle), Open(receptacle)] -> Take(object, from: receptacle)
Take(object, from: receptacle) -> Goto(receptacle)
[Goto(receptacle), Take(object, from: receptacle)] -> Put(object, in/on: receptacle)

Here’s how to interpret the Action Knowledge:
Before you open a receptacle, you must first go to it. This rule applies when the receptacle is closed.
To take an object from a receptacle, you either need to be at the receptacle’s location, or if it’s
closed, you need to open it first.
Before you go to the new receptacle where the object is to be placed, you should take it.
Putting an object in or on a receptacle can follow either going to the location of the receptacle or
after taking an object with you.

The actions are as follows:
1) go to receptacle
2) take object from receptacle
3) put object in/on receptacle
4) open receptacle

As you tackle the question with Action Knowledge, utilize both the ActionPath and Think steps.
ActionPath records the series of actions you’ve taken, and the Think step understands the current
situation and guides your next moves.

Here are two examples.
{examples}
Here is the task.

Table 8: Prompt for the Pick Task.
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ALFWorld - Light
Interact with a household to solve a task by following the structured "Action Knowledge". The
guidelines are:
[Goto(receptacle)] -> Open(receptacle)
[Goto(receptacle), Open(receptacle)] -> Take(object, from: receptacle)
[Goto(receptacle)] -> Use(receptacle)

Here’s how to interpret the Action Knowledge:
Before you open a receptacle, you must first go to it. This rule applies when the receptacle is closed.
To take an object from a receptacle, you either need to be at the receptacle’s location, or if it’s
closed, you need to open it first.
To use an receptacle, you must go to the place where it is located.

The actions are as follows:
1) go to receptacle
2) take object from receptacle
3) use receptacle
4) open receptacle

As you tackle the question with Action Knowledge, utilize both the ActionPath and Think steps.
ActionPath records the series of actions you’ve taken, and the Think step understands the current
situation and guides your next moves.

Here are two examples.
{examples}
Here is the task.

Table 9: Prompt for the Light Task.
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ALFWorld - Clean
Interact with a household to solve a task by following the structured "Action Knowledge". The
guidelines are:
[Goto(receptacle)] -> Open(receptacle)
[Goto(receptacle), Open(receptacle)] -> Take(object, from: receptacle)
[Goto(receptacle), Take(object, from: receptacle)] -> Put(object, in/on: receptacle)
[Put(object, from: receptacle)] -> Clean(object, with: receptacle)

Here’s how to interpret the Action Knowledge:
Before you open a receptacle, you must first go to it. This rule applies when the receptacle is closed.
To take an object from a receptacle, you either need to be at the receptacle’s location, or if it’s
closed, you need to open it first.
Putting an object in or on a receptacle can follow either going to the location of the receptacle or
after taking an object with you.
To clean an object using a receptacle, the object must first be placed in or on that receptacle.

The actions are as follows:
1) go to receptacle
2) take object from receptacle
3) open receptacle
4) put object in/on receptacle
5) clean object with receptacle

As you tackle the question with Action Knowledge, utilize both the ActionPath and Think steps.
ActionPath records the series of actions you’ve taken, and the Think step understands the current
situation and guides your next moves.

Here are two examples.
{examples}
Here is the task.

Table 10: Prompt for the Clean Task.
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ALFWorld - Heat
Interact with a household to solve a task by following the structured "Action Knowledge". The
guidelines are:
[Goto(receptacle)] -> Open(receptacle)
[Goto(receptacle), Open(receptacle)] -> Take(object, from: receptacle)
[Goto(receptacle), Take(object, from: receptacle)] -> Put(object, in/on: receptacle)
[Put(object, in/on: receptacle)] -> Heat(object, with: receptacle)

Here’s how to interpret the Action Knowledge:
Before you open a receptacle, you must first go to it. This rule applies when the receptacle is closed.
To take an object from a receptacle, you either need to be at the receptacle’s location, or if it’s
closed, you need to open it first.
Putting an object in or on a receptacle can follow either going to the location of the receptacle or
after taking an object with you.
To heat an object using a receptacle, the object must first be placed in or on that receptacle.

The actions are as follows:
1) go to receptacle
2) take object from receptacle
3) open receptacle
4) put object in/on receptacle
5) heat object with receptacle

As you tackle the question with Action Knowledge, utilize both the ActionPath and Think steps.
ActionPath records the series of actions you’ve taken, and the Think step understands the current
situation and guides your next moves.

Here are two examples.
{examples}
Here is the task.

Table 11: Prompt for the Heat Task.
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ALFWorld - Cool
Interact with a household to solve a task by following the structured "Action Knowledge". The
guidelines are:
[Goto(receptacle)] -> Open(receptacle)
[Goto(receptacle), Open(receptacle)] -> Take(object, from: receptacle)
[Goto(receptacle), Take(object, from: receptacle)] -> Put(object, in/on: receptacle)
[Put(object, in/on: receptacle)] -> Cool(object, with: receptacle)

Here’s how to interpret the Action Knowledge:
Before you open a receptacle, you must first go to it. This rule applies when the receptacle is closed.
To take an object from a receptacle, you either need to be at the receptacle’s location, or if it’s
closed, you need to open it first.
Putting an object in or on a receptacle can follow either going to the location of the receptacle or
after taking an object with you.
To cool an object using a receptacle, the object must first be placed in or on that receptacle.

The actions are as follows:
1) go to receptacle
2) take object from receptacle
3) open receptacle
4) put object in/on receptacle
5) cool object with receptacle

As you tackle the question with Action Knowledge, utilize both the ActionPath and Think steps.
ActionPath records the series of actions you’ve taken, and the Think step understands the current
situation and guides your next moves.

Here are two examples.
{examples}
Here is the task.

Table 12: Prompt for the Cool Task.
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ALFWorld - Pick Two
Interact with a household to solve a task by following the structured "Action Knowledge". The
guidelines are:
Goto(receptacle) -> Open(receptacle)
[Goto(receptacle), Open(receptacle)] -> Take(object, from: receptacle)
Take(object, from: receptacle) -> Goto(receptacle)
[Goto(receptacle), Take(object, from: receptacle)] -> Put(object, in/on: receptacle)

Here’s how to interpret the Action Knowledge:
Before you open a receptacle, you must first go to it. This rule applies when the receptacle is closed.
To take an object from a receptacle, you either need to be at the receptacle’s location, or if it’s
closed, you need to open it first.
Before you go to the new receptacle where the object is to be placed, you should take it.
Putting an object in or on a receptacle can follow either going to the location of the receptacle or
after taking an object with you.
Ensure the first object is placed before proceeding to deposit the second object.

The actions are as follows:
1) go to receptacle
2) take object from receptacle
3) put object in/on receptacle
4) open receptacle

As you tackle the question with Action Knowledge, utilize both the ActionPath and Think steps.
ActionPath records the series of actions you’ve taken, and the Think step understands the current
situation and guides your next moves.

Here are two examples.
{examples}
Here is the task.

Table 13: Prompt for the Pick Two Task.
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