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On the impact of prompts on agent performance in a virtual environment

Relevance: Currently, it is promising to study the application of language models in decision-making tasks. It is possible to use
pre-trained language models that demonstrate skills in working with arbitrary text, solving logical tasks, and are able to learn
from text examples. Such language models are able to solve new tasks that are presented in text form.

Goal: The goal is to conduct a study of the influence of various language instructions (prompts) on the functioning of an agent
in a virtual environment. The agent functions on the basis of a pre-trained language model.

Research methods: To perform the study, a Minigrid virtual environment and pre-trained language models were used, a software
agent was created based on the language model, a set of language instructions was created using such methods as zero-shot
learning, few-shot learning, and others. The effectiveness of the agent's functioning is estimated using the following numerical
values: total reward in the environment, episode duration, number of language model calls. Experiments were conducted to train
and test a software agent in a virtual environment. Numerical and statistical results of experiments were collected.

Results: Differences in the functioning of the agent were revealed when using different methods of designing language
instructions. Language instructions that contain examples of solving tasks lead to better results than those that present the task
in imperative form. An improvement in agent performance was also demonstrated upon the addition of a default action plan.
Adding episodic memory into the agent further enhanced performance in specific cases.

Conclusions: In this work, we considered a software agent based on a pre-trained language model that solves the decision-
making problem in a virtual environment.

Keywords: machine learning, deep learning, artificial neural network, language model, prompt, decision-making, reinforcement
learning, PPO, agent, virtual environment, minigrid.
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1. Betyn

In recent years, the scientific community has been particularly interested in language models (LM)
[1]. Such models are organized as deep neural networks that solve the problem of determining the next
token (word fragment) in a text sequence. When trained on large and high-quality text data, language
models demonstrate the ability to process arbitrary texts, understand different languages and solve logical
and mathematical problems. Such abilities can be used to solve the problem of decision-making in the
environment [2].

The decision-making problem can be represented as a hierarchy of actions [3], where higher levels
consist of a sequence of lower-level actions. Such high-level actions can be considered as an agent's plan
of actions.
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In recent works [4], the possibilities of integrating language models into software agents were
considered. The influence of the structure of language instructions on the quality of agent functioning is
not completely explored.

These works consider agents that have a three-component structure that includes a high-level planner,
an execution module and a data representation adapter [5]. This structure allows the system to be used in
different environments and reduces the number of necessary modifications. At the same time, the
language model remains unchanged, while one changes the language instructions that are specific to a
particular environment and task.

Language models are able to analyze data received as a feedback from the environment in response to
actions selected by the language model [6]. Language models are able to generate an internal monologue
that improves the quality of task performance. This system was applied to solving tasks of moving objects
by a robotic system in a physical environment in response to a user request.

In this work, we investigate the influence of language instructions on the quality of agent performance
values. We start with the results of the work [4], which we are planning to improve by considering various
language instructions. In this work we use a two-dimensional discrete virtual environment and a software
agent that is able to perform actions in the environment. A set of approaches to creating language
instructions is investigated, such as zero-shot and few-shot in-context learning supplemented with default
plan and memory.

2. Problem formulation

2.1 Agent

In the study, we use a software agent similar to one in [4], which consists of three components: Planner,
Mediator, Actor. The Planner component includes a pre-trained language model and performs the task of
generating a plan of abstract actions based on the observation of the state of the environment. This
component accepts data as input and returns data in a text representation as output. The Mediator
component is used to convert data between a text representation and a representation specific to
observations and actions of the environment. Abstract actions generated by the Planner component are
passed to the input of the Actor component, which converts abstract actions into a sequence of specific
actions that will be performed in the environment. In addition, the Actor decides when the plan is
completed or when it is necessary to call the Planner and generate a new action plan.

During the training of the agent, we optimize the Actor component which decides when it is necessary
to generate a new plan. At the same time, the language model, which is part of the Planner component,
remains unchanged.

2.2 Environment

In this work, we use the Minigrid virtual environment. This environment provides a set of instruments
for creating specific tasks that include navigating two-dimensional mazes and interacting with objects in
the maze. Our study uses a modified version of the Minigrid environment, which limits the area visible
to the agent, so that the agent needs to explore the environment at first to learn about its structure and
objects in the environment.

The environment usually contains walls that restrict the agent's movement, doors that can be closed,
limiting visibility and requiring the use of a key to open them, boxes that can contain other objects, circles
that serve as obstacles which the agent can move by itself. The objects are distinguished by color, which
adds variability to the task formulation and adds combinatorial complexity to the space of possible
solutions.

To simplify the task we consider the environment without obstacles. So, the task is to find the key and
open the door in the smallest possible number of steps. Some examples of this environment are given in
Fig. 1.

The agent interacts with the environment during episodes. At the beginning of an episode, the
environment is initialized with a specific task and the agent is placed in a random location in the maze.
Then, the agent can perform a sequence of actions that can lead to the successful completion of the task
or to reaching the step limit, which is 100 steps, after which the episode is considered complete.
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Figure 1: Examples of the environment
Pucynox 1: Ipuxnaou omouenns

3. Prompts

Modern prompt creation techniques such as zero-shot and few-shot prompt [7] were used to test the
agent. Basic versions of prompts that are capable of creating only one action instead of a sequence of
actions were also tested. In addition, memory for one episode was tested.

The zero-shot prompt technique consists in passing the task description to the language model without
examples of solutions. Instead, the few-shot prompt technique includes a set of examples of correct task
solutions, so that in this case, the language model generalizes the examples and applies a general scheme
for solving the task.

The default plan prompt was tested, in which case the model received an example of solving the task,
which with a small number of modifications could be transformed into a solution for a specific situation.

Memory lasting one episode was also used. With memory turned off, the agent receives only
observations of the current state of the environment. In this case, the agent does not take into account its
own previous mistakes and cannot learn from its own experience of interacting with the environment. In
the case of memory presence, the agent receives a history of interactions with the environment from the
beginning of the current episode.

4. Training

During the agent training, one of the agent's neural networks was optimized. This neural network
functions as the communication policy. This component decides when to generate a new action plan,
which leads to the language model call. The language model execution requires significant computing
power and takes a significant amount of time compared to other elements of the system, so reducing the
number of language model calls leads to a decrease in the average duration of one iteration. The
communication policy was trained using the Proximal Policy Optimization (PPO) reinforcement learning
method [8]. As a result of training, the communication policy called the language model only in cases
when it was necessary to generate a new plan. At the same time, the pre-trained language model remained
unchanged, it was not fine-tuned.

Training lasted for 1000 iterations, where each iteration corresponded to one episode of the interaction
with the environment. From the Fig. 2 we see that the average reward during the episode increased to an
average value of 0.6 as training progressed. The Fig. 3 shows the duration of the training episodes. We
note that an episode cannot last more than 100 iterations, so after 100 iterations in one episode the agent
is considered to have failed the task. From this figure, we see that the average value fluctuates around an
episode duration of 30 steps, which indicates that the agent is able to successfully complete the task in
most cases in less than 100 iterations. The Fig. 4 shows the average number of language model calls for
each episode during training. From this figure, we can see that the number of language model calls drops
rapidly and reaches a value of 3 calls per episode by the end of training.
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Figure 2: The dependence of mean episode return on number of training iterations
Pucynok 2: 3anexcnicmo cepednvboeo pesyivmamy enizooy 6i0 KilbKoCmi imepayiil HaguanHs

50 A

W w & e
o w o wv
1 1 1 1

Mean Episode Length
N
9]

N
o
1

-

0 200 400 600 800 1000
Iterations

Figure 3: The dependence of mean episode length on number of training iterations
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Figure 4: The dependence of mean number of LM calls on number of training iterations
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5. Testing

A trained agent was used to test various prompting techniques. Testing was performed on 100
examples of the "Simple Door Key" Minigrid environment, each example of the environment corresponds
to a unique random value of initialization seed. During testing, the following metrics were calculated:
return, return without communication penalties, number of language model calls, episode duration.

The Fig. 5 shows the quartile return values for different prompts with memory enabled and disabled.
From this figure, we see that for the original, few-shot, few-shot default plan prompts, the use of memory
does not lead to noticeable improvements. In the case of the "few shot one step™ prompt, memory allows
the agent to remember the state of the environment between individual iterations, in which the agent can
choose only one action. A significant improvement contributed by the memory usage is shown in the case
of the "zero shot default plan" prompt, which is explained by the fact that the agent gets access to previous
actions in the current episode, which helps to correctly apply the default plan.
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Figure 5. The return value for different prompts depending on memory being enabled or disabled: "original"
means prompt from [4], "ZS" is for zero-shot prompting technique, "FS" is for few-shot prompting technique,
""1S" is for one-step planning, "DP" is for default plan

Pucynox 5. Pesynomam 015 pi3Hux npomMnmie 3aneicHo 8i0 YGIiMKHEHHSA 00 UMKHEHHs nam'ami: «originaly
osnauae npomnm 3 [4], «ZS» — mexuixy npomnminey zero-shot, «F'S» — mexuixy npomnminey few-shot, « 1S» —
O0OHOKDPOKO8e nianyeants, « DP» — niawn 3a 3aM084y8aAHHAM.

The Fig. 6 shows the dependence of the penalty for the language model call on the type of prompt and
the availability of memory for the agent. A high penalty value corresponds to frequent calls of the
language model to rebuild the plan. From the data, we see that the "few-shot one step” prompt without
memory often calls the language model, but with the memory enabled, the situation improves
significantly. A similar situation is observed in the case of the "zero-shot default plan" and "zero-shot one
step" prompts: when memory is enabled, the agent calls the language model less often. In the case of the
“"zero shot" prompt, enabling memory leads to more frequent language model calls and a higher penalty.
In general, we see that prompts of the "few-shot" category receive a significantly lower penalty than
""zero-shot™ prompts.
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The Fig. 7 shows a comparison of the return for different prompts with memory enabled with a
percentage improvement compared to the original prompt [4]. Correcting the prompt grammar and adding
a default plan gave an improvement of 7.34% and 8.97%, respectively. In the case where the agent could
choose only one action at a time, the degradation was -10.5%. Prompts in the zero shot category showed
a significant drop in the total reward, up to negative values. These results show that examples of solving
the task significantly increase the return received by the agent.
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Figure 7. The relative return improvement value comparing to original case from [4] for different prompts (as
in Fig. 5)
Pucynox 7. Bionocue nokpawjenms pe3yibmamy NOPIiGHAHO 3 NOYAMKOBUM SUNAOKOM 3 [4] Ons piznux
npomnmia (K Ha puc. 5)

The average episode duration in Fig. 8 also demonstrates the advantage of few-shot prompts over the
original prompt and prompts without examples (zero-shot).
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Figure 8. The episode length value for different prompts (as in Fig. 5) for memory being enabled or disabled
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The Fig. 9 shows the dependence of the number of language model calls on the prompt. In the absence
of examples (zero-shot), the agent calls the language model much more often than in cases where the
agent has examples available (few-shot).
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Figure 9. The number of interactions value for different prompts (as in Fig. 5) for memory being enabled or
disabled
Pucynok 9. Kinvricmov 83a€mo0iil 0isl pisHUX NPOMNMIG (K HA puc. 5) OiA YBIMKHEHOI abo 8UMKHeHOi nam'ami

The Fig. 10 shows the dependence of the number of language model calls depending on the prompt,
arranged by the increasing number of calls. We can see that the best result was achieved by the agent with
the prompt containing examples of solving the task and the default plan.
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Figure 10. The number of interactions for different prompts (as in Fig. 5) with memory being enabled. The less
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6. Conclusions

So, we conducted the research of the agent built on the basis of a language model, which solves the
problem of decision-making in the environment. For training and testing, the Minigrid "Simple Door
Key" environment was used, which sets the task of navigation in a two-dimensional environment and
interaction with objects in it. In this environment, the agent had to find a hidden key and open the door
with it. Among the agent components, only the communication policy component was trained, and the
language model remained unchanged. As a result of training, the agent reduced the number of language
model calls.

The trained agent was tested on 100 instances of the environment. The resulting average metrics
demonstrate a significant advantage of prompts with examples (few-shot) over prompts without examples
(zero-shot). Some improvement is made by adding a default plan. It is also shown that the agent achieves
better results when generating a sequence of actions compared to the situation when the agent can choose
only one action at a time. In addition, it can be concluded that it is important how correctly the prompts
are written (in a grammatical sense), this is demonstrated by the example of improving the performance
of the "few-shot" prompt compared to the "original" prompt.

Therefore, when choosing a technique for creating prompts for agents based on language models, it is
worth considering that the presence of examples of solving the task significantly improves the agent's
performance. The presence of a default plan has a smaller impact. The presence of memory helps in
certain situations, such as when the agent is restricted to choosing only one action at a time. The absence
of examples of solving the task and choosing only one action per step can lead to the inability of the agent
to complete the task.

In the future, it is of interest to use more complex prompting techniques, use better language models,
study the agent's performance in more complex environments, and use agent architectures which allow
training both the language model and options at the same time.
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JlocJiizKeHHSI BIVIMBY MOBHHUX IHCTPYKIIiH HA AKICTHh PO0OOTH MPOrpaMHOro
areHTa B BipTyaJlbHOMY cepeI0BHIII

AkTyajabHicTb. Hapasi € mepcneKTHBHUM JOCTI/KCHHS 3aCTOCYBaHHS MOBHHX MOJENCH B 3aJadax HPUIHATTS pilllCHb.
MoIBO 3acTOCyBaTH ITONEPEIHHO HABUCHI MOBHI MOZEN, SKi JEMOHCTPYIOTh HABUYKH POOOTH 3 MOBIIBHUM TEKCTOM,
BUPILICHHS JIOTIYHHUX 3aBIaHb Ta sKi 3[aTHI HaBYATHCS 3 TEKCTOBHX MPHUKJIaAiB. Taki MOBHI MoJeli 31aTHI BUPINIYBaTH HOBI
3aBIaHHs, SKi IPEJICTaBJIEH] y TEKCTOBOMY BUIJISII.

Merta. [IpoBecTH 10CHiKEHHS BIUIUBY Pi3HUX MOBHHX IHCTPYKILiH (aHr1. prompt) Ha GpyHKI[IOHYBaHHS areHTa B BipTyaIbHOMY
cepenoBHIIi. AreHT (YHKI[IOHY€E Ha OCHOBI MOTEPEIHHO-HABUCHOI MOBHOI MOJIEII.

MeTtonu nocimkeHHs. [IJis1 BAKOHAHHS AOCTIPKEHHS 0yJI0 BAKOPHCTAHO BipTyallbHE CepPeIOBHILIE, TIONEPEHbO HaBYEHI MOBHI
MOJIeNi, CTBOPEHO MPOrPaMHOTrO areHTa Ha OCHOBI MOBHOT MOJI€INi, CTBOPEHO Ha0ip MOBHHX IHCTPYKIIiH 3 3aCTOCYBaHHSIM TaKHUX
MeTO/IiB sik Zero-shot learning, few-shot learning Ta inmmux. EQexkruBHicTh (HDyHKIIOHYBAaHHS areHTa OIHIOETHCS 33 TOMTOMOT OO
TaKUX YUCIIOBHX BEIWYMH, CyMapHa HAaropoja B CEpPEIOBHII, TPUBAJICTH €Mi30Ay, KUIbKICTh BHKJIHKIB MOBHOI MOJEINI.
IIpoBeeHO eKcIIepUMEHTH 3 HABYaHHS Ta TECTYBAaHHS IMPOTPAMHOTO areHTa y BipTyaJbHOMY cepeIoBHII. 310paHO YHCEeNbHI Ta
CTaTHCTUYHI Pe3yJbTaTH EKCIIEPUMEHTIB.

Pe3yabTaTi. BusiBieHo BiAMiHHICTB y QYHKIIOHYBaHHI areHTa IPH 3aCTOCYBaHHI Pi3HUX METO/IIB AN3aifHy MOBHHX iHCTPYKILIHi.
MoBHi iHCTpPyKMIii, sIKi MICTATh MPUKIAIN BUPIIIEHHS 3aBIaHb, MPU3BOMIATH 0 KpAIIUX pe3yNbTaTiB, HIXK Ti, MIO MOJAIOTh
3aBIaHHSA B iMmepaTuBHiN ¢Gopmi. Takok MPOAEMOHCTPOBAaHO MOKpAIIeHHS POOOTH areHTa MpH JOAaBaHHI IUIaHy Iiii 3a
3MOBYYBaHHsM. Jlo/laBaHHs areHTy Mam'siTi, 1[0 TPUBA€E OAUH €IMi30/1 MOKPALIMIO PE3YIbTaTH B OKPEMHX BHIMAIKaX.
BucHoBkH. B po6oTi 0yi0o po3riisiHyTO NpOrpaMHOro areHTa Ha OCHOBI IMONepeIHhO-HABYSHOI MOBHOT MOJIEN, SIKUil BUpIIIye
3a7a4y NPUHHATTS PillieHb B BIpTyalbHOMY CEpPEIOBHIILI.

Kniouosi cnosa: mawunie naguanns, 2nuboke HAGUAHHs, WMYYHA HEUPOHHA MEPedicd, MOGHA MOOeNb, NPOMAN, RPULHAMIMNL
plwens, naguanns 3 niokpiniennsm, PPO, acenm, sipmyanvhe cepedosuue, minigrid.
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