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Abstract. Deep Reinforcement Learning (Deep RL) is increasingly used
to cope with the open-world assumption in service-oriented systems.
Deep RL was successfully applied to problems such as dynamic service
composition, job scheduling, and offloading, as well as service adaptation.
While Deep RL offers many benefits, understanding the decision-making
of Deep RL is challenging because its learned decision-making policy es-
sentially appears as a black box. Yet, understanding the decision-making
of Deep RL is key to help service developers perform debugging, support
service providers to comply with relevant legal frameworks, and facili-
tate service users to build trust. We introduce Chat4XAT to facilitate the
understanding of the decision-making of Deep RL by providing natural-
language explanations. Compared with visual explanations, the reported
benefits of natural-language explanations include better understandabil-
ity for non-technical users, increased user acceptance and trust, as well
as more efficient explanations. Chat4XAI leverages modern Al chatbot
technology and dedicated prompt engineering. Compared to earlier work
on natural-language explanations using classical software-based dialogue
systems, using an Al chatbot eliminates the need for eliciting and defin-
ing potential questions and answers up-front. We prototypically realize
Chat4XATI using OpenAI’'s ChatGPT API and evaluate the fidelity and
stability of its explanations using an adaptive service exemplar.

Keywords: chatbot - explainable Al - reinforcement learning - service
engineering - service adaptation

1 Introduction

Reinforcement Learning (RL) is increasingly used to cope with the open-world
assumption of service-oriented systems, as it helps to address the design-time un-
certainty during service and systems engineering . In general, RL aims to
learn an optimal decision-making policy for executing a suitable action in a given
environment . In a service-oriented system, RL can learn suitable actions via
the service-oriented system’s interactions with its initially unknown environment
and thereby can make use of information only available at runtime . RL
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helped successfully address various problems in service-oriented systems, includ-
ing dynamic service composition [37], task/job scheduling [12}/14,43], resource
management [13], and service adaptation [32].

Need for Explainability. Recent research on using RL for realizing service-
oriented systems leverages Deep RL algorithms, which represent their decision-
making policy as a deep neural network (examples include [9/12,20,28]). Deep RL
inputs are not limited to elements of finite or discrete sets, and the used neural
networks can generalize well over unseen inputs. Deep RL can also natively
capture concept drift in a service-oriented system’s environment without the
need to explicitly introduce mechanisms to monitor such concept drift [34].

However, one key shortcoming of Deep RL is that the learned decision-making
policy is not represented explicitly, but is hidden in the parametrization of the
neural network. For service developers and users, the decision-making of Deep
RL thus essentially appears as a black box [36]. This means that we require tech-
niques to explain and interpret the internal workings of such black-box systems
and how their decisions are made [3}10,27}29|.

Explaining the decision-making of Deep RL can help service developers debug
the reward function by understanding why Deep RL took certain decisions. The
successful application of Deep RL depends on how well the learning problem,
and in particular the reward function, is defined [5]. Further, explainability can
facilitate regulatory compliance [29]. For example, in the EU, service providers
must ensure that their services comply with the relevant legal frameworks, such
as the General Data Protection Regulation and the forthcoming AI Act. Third,
explanations facilitate service users to build trust. They can understand how the
service arrived at its results and thus can accept its results or not [29].

Problem Statement. Two major types of explanation formats can be distin-
guished [2,|22,|29]: (i) visual explanations, including graphical user interfaces,
charts, data visualization, or heatmaps, and (4i) verbal explanations, which, for
instance, may take the form of a natural-language dialogue between the ex-
plainer and explainee. The chosen presentation method has a direct effect on
user comprehension and, therefore, on the success of the explanation [22]. Com-
pared with visual explanations, the benefits of verbal explanations reported in
the literature |2,23] include (1) better understandability for people with diverse
backgrounds as well as non-technical users, (2) increased user acceptance and
trust, and (3) more efficient explanations.

While the literature on using Deep RL for service-oriented systems provides
extensive and systematic evaluations of the performance of Deep RL [9,12,201[28],
the problem of how to explain the decision-making of Deep RL using natural
language was not yet addressed. In the broader area of explainable AT (XAI),
approaches for providing natural-language explanations for machine learning ex-
ist [18}/191[22}33]. However, these XAI approaches focus on supervised learning
and not on RL. Also, they are all built using classical software-based dialogue
systems [31], which require the additional engineering step of eliciting and defin-
ing potential questions and answers up-front.
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Contributions. We introduce Chat4XAl, which leverages the capabilities of a
modern Al chatbot powered by a large language model to provide natural-
language explanations about the decision-making of Deep RL. Al chatbots are
intriguing in that they provide natural-language answers to any natural-language
question posed to them. However, as a downside of this flexibility, the underly-
ing large language model may ”hallucinate”, i.e., generate nonsensical text un-
faithful to the provided source input [16]. This means AI chatbots may deliver
explanations that do not faithfully explain the decision-making of RL, i.e., the
explanations may exhibit low fidelity [10]. In addition, AI chatbots may provide
different explanations for the very same question asked, i.e., the explanations
may exhibit low stability [3§].

To deliver natural-language explanations with high fidelity and high stability,
Chat4XAl uses dedicated prompt engineering for the AI chatbot and careful se-
lection of the hyper-parameters of the underlying large language model. Prompt
engineering helps increase the correctness of the answers by providing a set of
targeted, initial questions (a.k.a. prompts) before the actual question [40,42].

We prototypically realize and evaluate Chat4XAl using OpenAl’s ChatGPT

Completion API. We evaluate the fidelity and stability of the explanations deliv-
ered by Chat4XAl using an adaptive cloud service exemplar realized using Double
DQN as Deep RL algorithm. We assess Chat4XAl for different prompting strate-
gies, open as well as closed questions, and different hyper-parameter settings.
To contextualize the performance of Chat4XAl, we compare Chat4XAl’s expla-
nations with how well human software engineers were able to understand the
decision-making of Deep RL using visual explanations [25].
Paper Structure. Sect. [2] describes the conceptual architecture and proof-of-
concept implementation of Chat4XAl. Sect. [3] provides the experiment design and
results. Sect. [ discusses limitations and future enhancements. Sect. [ relates
Chat4XAl to existing work.

2 Chat4XAI Architecture and Realization

Fig. 1| shows the main conceptual components of Chat4XAl and how they may be
embedded to realize an explainable service-oriented system. Fig. [T]also shows the
control and data flow among these components and in which order this happens
(shown as numbers in black circles). Chat4XAl leverages the output of XRL-
DINE, a state-of-the-art explanation technique [6], to generate natural-language
explanations. Below we explain the different conceptual components of Chat4XAl
followed by how we prototypically realized Chat4XAl via ChatGPT.

2.1 XRL-DINE

XRL-DINE generates different types of so-called Decomposed Interestingness
Elements (DINEs), which provide insights into the decision-making of Deep RL.
In the original approach in [6], DINEs are visualized in the XRL-DINE graphical
user interface. Here, we use the information of the DINEs as input to Chat4XAl.
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Fig. 1. Chat4XAl conceptual architecture and embedding into service-oriented system

XRL-DINE combines and enhances two explanation techniques: Interesting-
ness Elements facilitate identifying situations where the decision-making of Deep
RL is uncertain. It thereby helps select interesting decisions among the many
decisions taken by Deep RL at runtime [39]. Situations, where Deep RL is un-
certain, may point to states which require more training, or where the reward
function may need to be re-engineered to provide stronger rewards. Reward De-
composition splits the reward function into sub-functions, called reward channels,
each of which reflects a different aspect of the learning goal [17]. For each re-
ward channel, a separate decision-making policy is learned. To select a concrete
action, the individual decision-making policies are combined and an action is
selected from this combined decision-making policy. The trade-offs between the
different learning goal become observable via these reward channels.

Technically, the information of the DINESs is encoded in JSON format. JSON
is an open-standard data interchange format using human-readable text, and
thus can serve directly as input to the AI chatbot. To illustrate, the JSON
snippet below gives an example of the information contained within a “Relative
Reward Channel Dominance” DINE. This type of DINE provides the actual
contribution of each reward channel to the aggregated decision.

"Action 1": { "Reward Channel A": 0.35,

"Reward Channel B": 2.61,
"Reward Channel C": 1.19 },
"Action 2": { "Reward Channel A": 0.13,
"Reward Channel B": 0.0,
"Reward Channel C": 1.01 },

In this example, Action 1 is chosen, as it has the highest relative reward with
Reward Channel B contributing most to the aggregate decision.
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2.2 Question Analyzer

The Question Analyzer classifies a given question into one of two question types:
Question Type A concerns a single decision, i.e., it covers the decision taken
at a single timestep. One example is to ask why Deep RL decided for adaptation
X rather than Y at timestep t.

Question Type B concerns a sequence of decisions, i.e., it covers the decision
trajectory of several timesteps. One example is to ask how often, along the
concerned timesteps t; to t;, Deep RL was uncertain in its decisions.

The reason for classifying a question into one of these two types is twofold.
First, while state-of-the-art AI chatbots are capable of directly answering natural-
language questions (so-called ’zero-shot’ prompting), the quality of the answers
can be increased via prompt engineering, i.e., by providing a set of initial ques-
tions (a.k.a. prompts) before the actual question to be answered [40,/42]. Differ-
entiating between the two types of questions allows for a more targeted prompt
engineering. Second, Al chatbots typically limit the cumulative length of ques-
tions and answers per conversation (see Section . Depending on the question
type, we can filter the number and types of relevant DINEs provided as input
to the AT chatbot to remain within length limits.

To identify the question type, we ask the Al chatbot to provide us with a
list T of all relevant timesteps mentioned in the question. Then, by counting
the size of T' we can identify whether it is a question of Type A (|T| = 1) or
Type B (|T] > 1). Note that in the case of |T| = 0, one may use a default set of
timesteps; e.g., the 20 most recent ones, i.e., T = (tnow—20; - - - » tnow)-

Depending on the question type, the DINEs for a single time step (Type
A questions) or for multiple time steps (Type B questions) are requested from
XRL-DINE and forwarded to the Prompt Generator.

2.3 Prompt Generator

The Prompt Generator receives the following pieces of information:

A textual description of the service-oriented system providing relevant con-
cepts, including domain-specific terms, the different actions available, and
the learning goals. These concepts provide relevant service-specific knowl-
edge to the Al chatbot, as the DINEs also refer to these concepts. If Chat4XAl
is used to deliver an explanation interface to service users (as depicted in
Figure , this description is provided by the service developer or provider.
— The question type as identified by the Question Analyzer.

— The DINEs in JSON format for the relevant timesteps 7'

— The actual question, which is provided by the explainee.

The Prompt Generator generates and issues the following prompts:
Prompt 1 provides relevant concepts to the Al chatbot by providing it with
the textual description of the service-oriented system, introduced by the text
The following scenario description will be available...
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Prompt 2 provides the context for the answers to be given by the AI chatbot.
It gives the type of data that will follow after this prompt (which depends on
the question type) together with a reference to the service-oriented system to
allow the AI chatbot to connect to the description given in Prompt 1:

— Question Type A: You will be given the state for a single timestep of
<name from scenario> as JSON enclosed in *%x*:

— Question Type B: You will be given a trajectory of timesteps for <name>
as JSON enclosed in *xx*:

Prompt 3 provides the actual DINEs in JSON format enclosed in *** to mark
the boundaries between the DINEs and the final question in Prompt 4.
Prompt 4 provides the actual question of the explainee.

Typically, an explainee will ask open questions (i.e., without any fixed set of
answers to choose from) and expect an answer in concrete terms. Directly asking
open Type B questions turned out to be a too challenging for the AI chatbot.
We thus employ ”chain of thought” prompt engineering, in which the AI chatbot
is given smaller subtasks leading up to the final results. In a first prompt, we
ask the AI chatbot to provide us with a list of relevant timesteps; e.g., the ones
where Deep RL is uncertain. In a second prompt, we then ask the AI chatbot
concrete questions about these relevant timesteps; e.g., to count these.

2.4 Proof-of-concept Realization

We developed our proof-of-concept realization of Chat4XAl in Python using the
OpenAl ChatGPT Completion APIE We are using GPT 3.5 turbo as a large
language model, which offers a faster generation of responses, and is capable of
providing more in-depth answers. The following hyper-parameters are considered
in our realization and experiments:

— n gives how many responses to generate for each prompt.

— max_token limits the length of the answer. The OpenAl API imposes two
constraints on the overall length of a request, i.e., a sequence of prompts and
responses. First, there is an overall token limit of 4,096 tokens (ca. 3,000
words) per request. Second, there is a limit of 90,000 tokens per minute.
mazx_token helps to set a trade-off between these two constraints.

— temperature controls text generation behavior. Temperature € [0, 2] controls
the randomness of the text, with a higher temperature resulting in more
”creative” text (but with a higher risk of hallucinations). A temperature of
0 leads to deterministic text generation behavior.

— Top_p sampling is an alternative to temperature. Instead of considering all
possible tokens, only a subset of tokens is considered whose cumulative prob-
ability adds up to top_p € [0,1].

Table |1} gives examples of explanations generated via the proof-of-concept
realization of Chat4XAl.

! nttps://platform.openai.com/docs/api-reference
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Table 1. Examples for natural-language explanations generated by Chat4XAl
Question Explanation

What is the main goal that the ~ The main goal that the service-oriented system wants to achieve is to
service-oriented system wants  increase User Satisfaction.

to achieve?

Why did Deep RL chose the Based on the information provided, Deep RL chose the action “X”

action “X” instead of “Y“ at at instead of “Y” because the action “X” has a higher positive impact on

timestep t,? the goals User Satisfaction (85.0%) and Running Costs (15.0%)
compared to the action “Y”.

Which goal would the service- If Deep RL selects “A” instead of performing no action at timestep t, the

oriented system achieve when  service-oriented system would achieve the goal of decreasing running

choosing action “A” instead of costs. The “A” action has the highest reward for the Running Costs goal
performing no action at compared to all other actions. However, Deep RL has chosen no action
timestep t,? because it has a higher positive impact on the User Satisfaction goal.

3 Experiments

We perform a set of controlled experiments to evaluate the fidelity and stability
of Chat4XAl’s explanations depending on different configurations of our explana-
tion technique. We also compare the results of Chat4XAl with the results of an
empirical user study from the literature [25]. This user study assessed how well
software engineers were able to understand the decision-making of Deep RL by
only using explanations in visual form, i.e., using the XRL-DINE graphical user
interface. To facilitate reproducibility, relevant background and supplementary
material is available from https://gitlab.com/xr12/Chat4XAI/.

3.1 Metrics

We chose the following metrics from the explainable AT literature for assessing
Chat4XAl [10}38]:

Fidelity expresses how well the explanations reflect the behavior of the black-
box model. As we use Al chatbots to generate explanations, Chat4XAl exhibits
the risk of hallucination, i.e., producing answers not corresponding to the learned
Deep RL decision-making policy. We quantify fidelity by measuring the rate of
correct explanations for m given questions. Let x; = 1 mean correct explanation,
and 0 otherwise, then fidelity is computed as > z;/m.

Stability gives the degree to which the same explanation is generated for the
same input. Explanations of Chat4XAl for the same input may vary because rge Al
chatbot may produce non-deterministic results depending on the chosen hyper-
parameter settings. We measure stability as 1 — o, with ¢ being the standard
deviation of fidelity across several experiment repetitions for the same input and
configuration of independent variables (see Section .

We seek to directly compare the performance of Chat4XAl with the perfor-
mance of software engineers using XRL-DINE. We, therefore, selected the fol-
lowing metric from the user study of XRL-DINE [25]:
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Effectiveness quantifies the performance of software engineers by measuring
the rate of correctly answered questions concerning Deep RL decision-making
among n participants. Let ¢; = 1 mean correct explanation, and 0 otherwise,
then the effectiveness is computed as Y ¢; /n.

3.2 Experiment Environment

To be able to compare the results for Chat4XAl with the results of the user study
reported in [25], we use the same environment as in the user study. In partic-
ular, this means we use the same set of DINEs covering the same 21 timesteps
concerning the decision-making of the chosen service-oriented system exemplar
realized using Double DQN with Experience Replay as Deep RL algorithm.
The service-oriented system exemplar SWIM represents an adaptive multi-
tier webshop [30]. SWIM simulates an actual web shop, while allowing to speed
up the simulation to cover longer periods of time. The goal of adaptation in
SWIM is to maximize a given utility function in the presence of varying work-
loads. SWIM can be adapted by (1) adding / removing web servers, and (2)
changing the proportion of requests for which optional, computationally inten-
sive recommendations are generated. While both types of adaptations have an
impact on user satisfaction (due to their influence on throughput and response
time), adaptations of type (1) have an impact on costs (due to the costs of
more/fewer servers), and adaptations of type (2) have an impact on revenue (due
to recommendations leading to potential further purchases in the webshop). We
use the same decomposed reward function as introduced in [6], which aims to
balance the aforementioned conflicting QoS goals via the weights a, b, and c.

Riotal = a - Ruger_satisfaction + 0 * Rrevenue + € - Reosts

User Study. Below, we provide key aspects of the user study from [25] to
provide a context for the results reported in Section[3.4] The user study involved
54 software engineers from academia (82%) and industry (8%), most of which
held an academic degree in software engineering or related fields (35% Bachelor’s
degree, 41% Master’s degree, 11% PhD). The user study was carried out using
an online questionnaire. Study participants were asked eight closed questions
(see Section and were provided with several single-choice answers for each
question. Study participants also received a description of the service-oriented
system, which included: (1) an explanation of the SWIM exemplar; (2) a list
of the QoS goals, among which Deep RL should seek a trade-off; (3) a list of
possible adaptations (i.e., RL actions), together with examples of typical effects
of these adaptations.

3.3 Experiment Setup

Independent Variables. To analyze the performance of Chat4XAl, we varied
the following three main independent variables.

Prompting: We analyze the performance depending on whether (i) zero-
shot prompting or (i) prompt engineering is used. This indicates how much
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Table 2. Questions for which explanations should be giverEI

Type A Questions Type B Questions
Focussing on a single timestep Covering a sequence of timesteps
Q2: Attimestep 10, which action did the service choose? Q1: For timesteps 22,575—22,596, how
Q4: At timestamp 8, why did the service choose the adaptation many adaptations were executed
,Decrease Dimmer” instead of ,Add Server“? by the service?
Q5: At timestamp 15, why did the service choose “No Q3: For timesteps 22,575—22,596, how
Adaptation” instead of ,Add Server“? often is the service uncertain when
Q6: At timestamp 13, which QoS goal would the service achieve making a decision?
when selecting ,,Remove Server” instead of ,No Adaptation“? Q8: For timesteps 22,575—22,596, what is
Q7: Attimestamp 9, which QoS goal would the service achieve the main QoS goal that the service
when selecting ,,Add Server“instead of ,,Remove Server“? wants to achieve?

Chat4XAl’s performance is impacted by prompt engineering, resp. how robust
the approach would be independent of any specific prompt engineering.
Question Form: We analyze the performance of Chat4XAl in providing expla-
nations for open questions (which would be the typical scenario in a practical
setting) and closed questions (like in the user study from [25]).
Hyper-parameters: We analyze the performance of Chat4XAl for different con-
crete settings of temperature and top_p. We vary temperature € {0,0.2,0.5,1}.
For each temperature, we vary top_p € {1,0.8,0.5} and report the aggregated
results per temperature. We use 54 repetitions to get the same number of expla-
nations as in the user study. We split these 54 repetitions into three clusters of
18 repetitions, with each cluster having a different top_p setting. To efficiently
execute the experiment, we set n = 18, i.e., retrieve 18 answers per prompt. Also,
we set maz_token = 350, delivering a good trade-off between length of answers
and throughput.
Questions to be Explained. To assess the performance of Chat4XAl, we have
to choose concrete questions that are posed to the Al chatbot to retrieve explana-
tions. As we are interested in comparing the performance of Chat4XAl with that
of software engineers from the empirical user study in [25], we use the same set
of questions that were formulated there. These questions are shown in Table [2]

3.4 Experiment Results

Table[3|presents the overall results concerning the fidelity and stability of Chat4XAl
as well as the effectiveness of software engineers from the user study.

As expected Chat4XAl with prompt engineering outperforms Chat4XAl with
zero-shot prompting. For closed questions, zero-shot prompting only achieves an
average fidelity of 48% with an average stability of 50%. Prompt engineering
achieves an average fidelity of 97% with an average stability of 85%, because
the underlying large language model has been provided with better information
about the scope and nature of answers expected via initial prompts.

2 Questions are numbered in the order they were asked user study participants. Ques-
tion text adapted from [25] and edited for clarity.
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Table 3. Experiment Results

'Fidelity of Chat4XAl _ Effective-
Question | Question C!osed Questions i i Open Que.stlon.s R
Zero-shot Prompting Prompt Engineering Prompt Engineering
Nbr Type Temperature = Temperature = Temperature = Selimare
p 4 |4 P
00 [ 02 [ o5 | 10 | o0 | o2 0,5 10 | o0 [ o2 [o5 | 10 8 B
Ql A 0% 6% 4% 6% | 100% | 100% | 85% | 61% | 100% | 89% | 69% | 67% 65%
Q2 B 100% | 100% | 100% | 100% | 100% | 100% [ 100% | 100% | 100% [ 100% | 100% | 100% 91%
Q3 A 100% | 100% | 100% | 98% | 100% | 100% | 100% | 100% | 100% | 98% | 100% | 98% 94%
Q4 B 33% | 96% 78% | 50% | 100% | 100% | 98% | 96% | 100% | 98% 78% | 78% 61%
Q5 B 100% | 100% | 100% | 100% | 100% | 100% [ 100% | 100% | 100% [ 100% | 100% | 96% 63%
Q6 B 0% 0% 0% 0% | 100% | 100% | 100% | 100% | 100% | 100% | 69% | 56% 80%
Q7 B 0% 0% 0% 0% 100% | 100% | 94% | 87% | 100% | 100% | 100% | 96% 69%
Q8 A 0% 0% 0% 0% 100% | 100% | 98% | 87% | 100% | 65% | 41% | 35% 83%
Average | 42% | 50% | 48% | 44% | 100% | 100% | 97% | 91% | 100% | 94% | 82% | 78%
46% 97% 88% 76%
Stability of Chat4XAl StdDev
51%| 50%| 50%| 50%| 100%] 100%| 83%| 72%| 100%| 76%| 62%| 59%
50% 89% 74% 44%

Indeed, prompt engineering together with low-temperature settings can lead
to a fidelity of 100% with a stability of 100%, because the underlying large
language model gives deterministic answers. Here, increasing the temperature
leads to a lower fidelity and lower stability, as the chance of wrong answers
being created from an already strong baseline of correct explanations increases.

Interestingly, when considering zero-shot prompting, a temperature larger
than 0 leads to a higher fidelity albeit with the same low stability. The higher
temperature and the resulting more ”creative” answers from the Al chatbot
appear to increase the chance of providing a correct explanation as we start
from a very weak baseline of correct explanations.

Finally, as one might expect, providing correct explanations for the open
questions is more challenging. Except for temperature = 0, the fidelity for open
questions is generally lower than for closed questions (88% vs. 97% on average)
and also exhibits a lower stability (74% vs. 89% on average), indicating a higher
randomness of answers.

Comparing the fidelity of Chat4XAl with the effectiveness of software engi-
neers, Chat4XAl was able to outperform the software engineers for 8 out of the 12
experiment configurations and was able to answer all eight questions correctly
(100% fidelity) in 3 configurations. According to , only 33% of the software
engineers were able to answer all eight questions correctly.

3.5 Validity Risks

Concerning internal validity, we addressed the risk that results for Chat4XAl may
have been achieved by chance. To this end, we carefully controlled experimental
variables as introduced above. In addition, we repeated the experiment multiple
times to account for the typical stochastic effects and thus variance of machine
learning models . While we chose metrics for Chat4XAl and the user study
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that allow numerically comparing them, semantically they are not fully compa-
rable. To do so would require complementing the Chat4XAl results by user studies
that assess how well explainees could use the natural-language explanations to
understand Deep RL decision making.

Concerning external validity, we chose a concrete service exemplar (SWIM)
together with real-world workload traces and an actual subset of the interactions
between Deep RL and the service environment. Still, our experiments cover only
one concrete problem in service-oriented systems (i.e., service adaptation) and
use only one concrete service-oriented system exemplar. We cover different styles
of questions ("what/which”, ”why”, ”how many”) reflecting various insights into
the decision-making of Deep RL. Yet, we limited the questions to the ones from
the user study in [25] to compare the performance of Chat4XAl with that of
software engineers. While we designed Chat4XAl to be as generic as possible and
thus applicable to different problems in service-oriented systems, experimental
results are limited with respect to generalizability.

4 Current Limitations and Potential Enhancements

Multi-round Question Answering. Currently, Chat4XAl generates a natural-
language explanation for a given question. Enhancing Chat4XAl to also allow for
follow-up questions thus appears as a natural next step. An interesting further
direction for such multi-round question answering is to follow the metaphor of
the Socratic dialogue. A Socratic dialogue may take the form of a cooperative
argumentative dialogue between the explainer and explainee, where the explainer
initiates the dialogue by asking questions to stimulate ideas by the explainee [42].
This may especially help non-technical users to come up with concrete questions
concerning the decision-making of Deep RL.

Coping with Missing Insights. Once an explainee is provided with the power-
ful natural-language interface of an AI chatbot, the explainee may ask questions
concerning the decision-making of Deep RL for which the underlying explainable
AT technique (here: XRL-DINE) does not provide the required insights. One may
check whether the answer given by the AI chatbot is backed by actual insights
and inform the explainee accordingly. Here, work on explainable large language
models may be leveragedﬂ

Protecting Sensitive Information. AI chatbots and thus Chat4XAl may be
tricked into revealing information that should not be given away [11}24]. One
open question thus is how to leverage Al chatbots for explainable service-oriented
systems while protecting sensitive information of the service provider [7].
Explanations for Policy-based Deep RL. Chat4XAl only works for value-
based Deep RL because the underlying XRL-DINE technique needs access to the
learned decision-making policy in the form of an action-value function Q(S, A),
giving the expected cumulative reward when executing action A in state S.
In contrast to value-based Deep RL, policy-based Deep RL has the important

3 e.g., see https://docs.aleph-alpha.com/docs/explainability/explainability/


https://docs.aleph-alpha.com/docs/explainability/explainability/

12 Andreas Metzger , Jone Bartel, and Jan Laufer

advantage that it can naturally cope with concept drifts (e.g., see [121|28]/34] for
its use in service-oriented systems). However, policy-based Deep RL does not use
an action-value function Q(S, A), because the fundamental idea is to directly use
and optimize a parametrized stochastic action selection policy (S, A) in the
form of a deep artificial neural network.

5 Related Work

As introduced in Sect. [I} RL — and recently Deep RL — was successfully applied
to different problems in service-oriented systems [12-1432/[37./43]. While existing
papers provide extensive and systematic evaluations of the performance of Deep
RL for service-oriented systems, they did not yet address the problem of how to
explain the decision-making of Deep RL using natural language.

There exists related work on natural-language explanations in the general
area of explainable AT (XAI), which can be grouped in two main clusters.
Requirements Elicitation. Jentzsch et al. perform an empirical study to elicit
user expectations towards chatbots for XAT [15]. Results indicate that questions
of users differ concerning the question form (open vs. closed), the level of abstrac-
tion, and the temporal scope (e.g., past, current or future outcomes). Kuzba and
Biecek elicit typical questions a human would ask a chatbot [18]. From around
600 collected dialogues, they distill the 12 most common types of questions. Liao
et al. construct a corpus of questions via literature review, as well as expert re-
views and interviews [19]. The resulting corpus contains 73 types of questions
in 10 categories. Gao et al. introduce a chatbot-based explanation framework
built using IBM Watson Assistant [8]. Similar to Kuzba and Biecek, they use
this framework to understand what users would like to know about Al and elicit
concrete user requests about Al-generated results.

All these works provide interesting insights into what questions may be asked,
but are limited to supervised learning. Also, in contrast to these works, Chat4XAl
does not require the up-front elicitation and fine-grained classification of ques-
tions. Chat4XAl works with two types of questions only because more specific
aspects are handled naturally by the underlying powerful large language model.
Design and Realization. Carneiro et al. suggest combining a chatbot with
an explainable model serving as a less complex surrogate than the actual black-
box prediction model [4]. They use natural language understanding to extract
structured information from user questions concerning the user intent and the
entity concerned with the question. Nguyen et al. leverage classical conversa-
tional agent architectures for question-answer dialogues [33]. They (1) construct
a question phrase bank, (2) establish a mapping between questions and explain-
able AT techniques, and (3) use template-based natural language generation to
create explanations. Malandri et al. consider the knowledge and experience of
the users when generating explanations [22]. They explicitly introduce ” clarifica-
tion” as a further dialogue type on top of an earlier explanation framework [21].
Their user study indicated that different user groups perceive explanations dif-
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ferently, that all user groups prefer textual explanations over graphical ones, and
that clarifications can enhance the usefulness of explanations.

All these works provide evidence for the benefits of using natural-language
explanations. However, they do not deliver explanations for Deep RL. Also, they
are all built using classical dialogue systems and natural language processing,
and thus do not leverage the capabilities of modern large language models.

6 Conclusion

We took a first step towards natural-language explanations of Deep RL used
for realizing service-oriented systems. We introduced Chat4XAl, an explainable
AT technique powered by modern Al chatbot technology built on top of large
language models. We performed a proof-of-concept implementation for Chat4XAl
using ChatGPT. Experimental results suggest that Chat4XAl can provide expla-
nations with high fidelity and stability.

In future work, we will work on the potential enhancements of Chat4XAl
described above. We will also extend our experiments to other service-oriented
system exemplars, which cover additional problems, such as service composition.
These experiments will be complemented by user studies to assess how useful
and easy-to-use natural-language explanations are.
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