




AI Agent

• Autonomy: given a task, it can plan the actions for completing the task and 
make decisions accordingly, on its own.


• Proficiency: it can find the appropriate tools and use them to complete the 
given task.


• LLMs can be more than chatbots.


• In fact, many chatbots are internally complicated agent systems, I suspect. 
But more about this later.



Why build agents?

• “If we wait a bit, maybe LLMs will be even smarter, achieve AGI, and we won’t 
need complicated agents… no?”


• This is a big question, and not just a rhetorical one 🥸 But here are my 
personal, biased answers for now.


• Will AGI be possible based on the Transformer architecture?


• What are we going to do about the lack of memory?


• Context is now much longer than before, but it is still finite.


• Some things are just easier when handled symbolically.



Why work on agents?

• If what we said in the previous slide is true, then we are looking at the 
beginning of a new form of software system


• Truly neuro-symbolic: LLMs and traditional programming language making 
decisions together


• Intelligent and multi-modal, therefore directly human facing with free-form 
inputs


• We’re living in a really exciting time, whether you believe in AGI or not :)



A few of examples (from my own 
research)



AutoSD: Zero-shot Automated Debugging
(back in 2022-2023, without knowing)

• AutoSD: an APR technique that performs Scientific Debugging 


• Zero-shot: only instructions about SD are given


• Tool usage: it has access to debuggers to evaluate its hypotheses


• Scientific Debugging (Zeller, 2009)


• Debugging should systematically follow the process of scientific discovery: 
hypothesis, design of experiments, observation, and conclude or refine.


• Our primary aim was to make APR explainable. We thought the SD process 
can be an explanation in itself.



AutoSD: Zero-shot Automated Debugging
Kang et al., EMSE 2025 (to appear)
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1 def f(n):
2     # Evaluate if n can be
3     # written as the sum of 4
4     # positive even numbers.
5     return n%2==0 and n>8

fails on the test
assert f(8) == True, f(8)

with the error message
...
AssertionError: False

Hypothesize
via LLM

Hypothesis: The input 8 is even. 
Perhaps the condition on line 5 is 
classifying the input as odd.
Prediction: n%2==0 will be false.
Experiment: `b debugging.py:5 ;; c 
;; p (n%2==0)`

The LLM makes a hypothesis 
about what the bug is, and an 
experiment to run.

Observe
via execution

Observation: True

The debugger verifies 
by performing the 
experiment.

Conclude
via LLM

Conclusion: The 
hypothesis is rejected.

The LLM judges the 
hypothesis (here, to 
be incorrect).

Hypothesis: [The prev. hypothesis] 
was REJECTED. Perhaps the 
condition… is classifying the 
input as less than or equal to 8.
Prediction: n>8 will be false.
Experiment: `b debugging.py:5 ;; c 
;; p (n>8)`

The prior hypothesis was 
rejected; the LLM suggests 
n>8 is problematic.

Observation: False

This time, the 
debugger confirms the 
prediction.

Conclusion: The 
hypothesis is supported.

The LLM deems the 
hypothesis correct.

1 2 3

4 5

Hypothesis: [The prev. hypothesis] 
was SUPPORTED. Perhaps it should 
be changed to n>=8.
Prediction: If the condition on 
line 5 is changed to n>=8, the 
test will pass.
Experiment: `REPLACE(5, "n>8", 
"n>=8") AND RUN`
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The LLM generates a custom 
command to fix the code and 
execute the failing test.

Observation: 
[No exception triggered]

Due to the fix, the 
failing test passed.

Conclusion: The 
hypothesis is supported. 
<DEBUGGING DONE>

The LLM signals that 
debugging is done 
(<DEBUGGING DONE>).

7 8 9
Legend

Dashed boxes:
generated by LLM

Solid boxes: generated by 
debugger / test execution

def f(n):
  return (n%2==0 and
            n>=8)

Fix is generated; 
the developer may 
check the process 
(steps 1-9) 
on request.

Suggest
via LLM
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Append to prompt
after generation

Legend
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Annotated Run (1-10)

Pipeline (A-E)

Figure 1: The pipeline and a real example run of A���SD, with annotations in black boxes and lightly edited for clarity. Given
a detailed description of the scienti�c debugging concept and a description of the bug (A), A���SD will generate a hypothesis
about what the bug is and construct an experiment to verify, using an LLM (B), actually run the experiment using a debugger
or code execution (C), and decide whether the hypothesis is correct based on the experiment result using an LLM (D). The
hypothesize-observe-conclude loop is repeated until the LLM concludes the debugging or an iteration limit is reached; �nally,
a �x is generated (E), with an explanation (white boxes from (1) to (9)) that the developer may view.

3.2 Hypothesize-Observe-Conclude
With the initial prompt,A���SD starts iterating over the ‘hypothesize-
observe-conclude’ loop depicted in Figure 1 ( B - D ). The result
of each process is appended to the prompt to allow incremental
hypothesis prediction; i.e. when generating the conclusion in 3 ,
the LLM would predict it based on the concatenation of the initial
prompt, 1 , and 2 . We describe each iteration of the loop as a step:
for example, Figure 1 1 - 3 would make up one step.

Hypothesize. Here, we lead the language model to generate a
hypothesis by appending the token Hypothesis: to the prompt, so
that the language model generates a hypothesis about the bug. We
observe that the Prediction: and Experiment: line headers are
also generated in turn by the LLM, due to the detailed description
of the scienti�c debugging process provided by the prompt. The
important aspect for the next step is the Experiment command,
where the language model either generates a debugger command
that can be executed by a debugger, or a custom code modi�cation-
and-execution script so that the language model can ‘test’ a certain
change. As the document is in Markdown format, the Experiment
script is wrapped in backticks (�); this script is extracted from the
LLM output to get concrete code execution results in the next step.

Examples can be seen in Figure 1 1 , 4 , and 7 - note thatA���SD
also localizes the fault as a part of the hypothesizing process, thus
making fault localization explainable as well.

Observe. The generated experiment script is passed to a back-
ground process based on traditional software engineering tools that
provides real execution results back to the language model, so that
we can ground the generation process of A���SD on real results,
and also build credibility for developer presentation. The model
can either (i) invoke a composite debugger command by setting a
breakpoint and printing a value, or (ii) modify the code and run
the failing test with the aforementioned DSL. When executing a
debugger command, it is executed via the command-line interface
of the language-appropriate debugger, and the output from the last
subcommand of the composite command (assumed to be a print
command) is returned, as in Figure 1 2 and 5 . When the break-
point is within a loop, the debugger collects values at di�erent
timesteps of execution and returns them together, e.g. ‘At each loop
execution, the expression was: [v1, v2, ...]’, up to a maximum of 100
values. Meanwhile, upon test execution from a edit-and-execute
DSL command, if an exception is raised, the exception type and
message are returned as the observation; otherwise, the result ‘[No
exception triggered]’ is appended, as in Figure 1 8 .



Agentic Design Elements in AutoSD

• Use of debuggers: AutoSD uses pdb to repair Python programs (mutated 
HumanEval). Since Python is interpreted, its debugger is relatively straightforward to 
use. Similarly, Java is friendly to AutoSD.


• We later tried to port AutoSD to C/C++; gdb was much pickier.


• DSL for Code Edit: a fairly simple set of edit commands, based on line numbers and 
substring matching


• Multi-hunk, multi-file patches may require a more sophisticated approach.


• Test Execution: the efficacy of the generated patch is validated using test execution.


• Again, we benefit from Python’s simple test framework.



Second Agent had Function Call Support
AutoFL by Kang & An, FSE 2024

• We also wanted to apply LLMs to FL (hammer and nail problem) but did not know 
how back in 2022~2023.


• Mainly because of the context length limit. You cannot ask LLM to pinpoint a code 
location that has not been included in the context!


• Wu et al. (https://arxiv.org/abs/2308.15276) assumes we have the faulty method, 
and tried statement level localization within the method (because a method fits the 
context length).


• We tried sampling top-k methods from SBFL then querying the LLM - didn’t 
perform particularly well.


• How do we go repository-level? 

https://arxiv.org/abs/2308.15276


AutoFL: LLM based FL
Kang, An & Yoo, FSE 2024 (https://arxiv.org/abs/2308.05487)

Kang, An, and Yoo

contribution to performance. By providing both successful and un-
successful examples of A���FL debugging traces on di�cult tests
where the buggy method is not immediately apparent, we highlight
the strengths of A���FL, as well as potential weaknesses that point
to the need for future research.

2 BACKGROUND
This section provides the background and research context.

2.1 LLM Tool Use
By integrating chain-of-thought prompting [31] with the output
of tools, ReAct [38] demonstrated that LLMs were capable of in-
teracting with tools to achieve better performance on tasks. Since
then, LLM interaction with external tools has been widely explored.
HuggingGPT [26] has LLMs compose computer vision pipelines by
dynamically integrating the results of various computer vision mod-
els together. Voyager [28] allows LLMs to store and use acquired
skills in the form of functions, which led Voyager to complete tasks
in a computer game more e�ectively. LLM tool use has also been
explored in software engineering, notably for program repair: Xia et
al. [36] integrated test feedback into the prompt for better APR per-
formance, while Kang et al. [12] allows LLMs to invoke a debugger
to gather information and generate patches.

Recent iterations of OpenAI’s LLMs have embraced this change
and added a feature named function calling.1 This capability en-
ables users to provide function descriptions to the LLM, which can
respond with JSON data containing arguments required for calling
one of the available functions on the digression of the LLM. For in-
stance, if a user wants the LLM to compose a brief greeting email and
send it to Alice, they can provide an API call for sending emails, such
as send_email(receiver, content). The LLM can then respond
with a function call like send_email(�alice@example.com�, �Hi�)
to ful�ll the user’s request. While these functions can serve as ac-
tion executors, there is also the option to provide APIs that the
LLM can query to obtain essential information for responding to
users. For example, when a user inquires about the current weather
in a speci�c city while providing the LLM with a weather API call
description, the LLM has the choice to utilize the API call instead
of o�ering an immediate response. The function call request can be
captured and subsequently processed in an automated manner; the
results obtained from this processing are then communicated back
to the model, enabling seamless and e�cient interaction between
the user side and the LLM. In this context, we intend to de�ne
a set of functions that the LLM can employ to gather necessary
information for debugging purposes.

2.2 Fault Localization
Fault localization (FL) is a critical process in software debugging
that involves identifying speci�c locations in a program’s source
code where bugs are present. Automated FL techniques help de-
velopers save time, particularly in large codebases, by accurately
pinpointing the code locations most likely to be responsible for the
target bug. In addition to aiding manual debugging, FL also plays a
pivotal role in automated program repair techniques by providing
information about potential fault locations [22], thus enabling the
1https://platform.openai.com/docs/guides/gpt/function-calling

generation of e�ective patches. Common FL technique families
include Spectrum-based FL (SBFL), Information Retrieval-based FL
(IRFL), and Mutation-based FL (MBFL) [34]. While SBFL techniques
are known to be the most e�ective as standalone techniques [41],
they require coverage data from both passing and failing tests.
Meeting this requirement poses a challenge, particularly in the
domain of large enterprise software, where coverage measurement
can have high computational costs [4, 9, 15]. Additionally, most FL
techniques lack a rationale or explanation in their output, limiting
their reliability and practicality in real-world debugging scenarios.
As Kochhar et al. [16] note, rationales for FL are crucial for bug
�xing and incorporating practitioners’ domain knowledge. A clear
rationale in FL enables developers to understand why a particular
location is identi�ed as the culprit for the bug, helping them make
informed decisions during the �xing process. Additionally, practi-
tioners expressed their desire to use the provided rationale to assess
the correctness of FL output based on their domain knowledge.

3 APPROACH

📁
💻 get_code_snippet

💻 get_comments

②

① ③

Stage 1 Stage 2

④ ⑤

Codebase

💻 get_class_covered

💻 get_method_covered
⛳

Coverage

max. N 
times

AutoFL
Algorithm

Language
Model

Figure 1: Diagram of A���FL. Each arrow represents a
prompt / response between components, with the circled
numbers indicating the order of interactions. Function invo-
cations aremade atmost N times, where N is a predetermined
parameter of A���FL.

In this paper, we introduce A���FL, a novel automated and
autonomous FL technique that harnesses LLMs to localize bugs in
software given a single failing test. As mentioned earlier, dealing
with large code repositories is a challenge for LLMs, but we tackle
this issue by equipping LLMs with custom-designed functions to
enable code exploration and relevant information extraction.

An overview of A���FL is depicted in Figure 1. We employ a
two-stage prompting process, where the �rst stage involves in-
quiring about the root cause of the given failure, and the second
stage requests output about where the fault location is. In the �rst
stage, 1 A���FL provides a prompt to the LLM containing failing
test information and descriptions of available functions for debug-
ging to LLM. 2 The LLM interacts with the provided functions
autonomously, to extract the information needed for the debugging
of the given failure. 3 Based on the gathered information, the LLM
generates an explanation about the root cause of the observed fail-
ure. In the second stage, 4 the user queries for the location of the
identi�ed bug, and 5 the LLM responds by providing the culprit
method (FL output). In doing so, we can explicitly acquire both the
Root Cause Explanation and Bug Location.

1. Prompt LLM to start by looking at the 
list of classes covered by the failing test.


2. Up to 10 function calls.


3. After 10 calls, or when it is ready, the 
LLM generates a user-facing 
explanation.


4. We prompt the LLM to come up with 
buggy methods.


5. The model responds.

https://arxiv.org/abs/2308.05487
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Figure 4: Most common function call sequence patterns in
successful and unsuccessful runs. The black square means
the LLM stopped calling functions at the next step.

Figure 5: Function call frequency by step over all �ve runs of
A���FL. The total length at each step decreases as A���FL
can stop calling functions at any step; e.g. about 400 A���FL
processes stopped calling functions after the �rst step.

to a conclusion (right). This indicates that a premature or overex-
tended debugging process can yield worse performance, as was
also suggested by the lower performance of the LLM+Test baseline.

We additionally provide the method call frequency at each step
for each bug in Figure 5. As instructed, on the �rst function call
step, A���FL always requests for the classes that are covered (blue).
In the next step, A���FL generally retrieves the methods that were
covered by the failing test, even though the LLM was not given
explicit instructions to do so. Finally, from Step 3 and onward,
A���FLmostly inspects the actual code of the repository via invok-
ing the get_code_snippet and get_comments functions. As the
graph shows, there is signi�cant variance in the average function
call length; for reference, the average number of function calls was
5.36 calls, and the standard deviation was 2.78 calls.

4.4 Qualitative Analysis
Finally, we present example runs from A���FL, one successful and
one unsuccessful. On the successful example, we present the han-
dling of A���FL locating the cause of the bug Math-30 from the
Defects4J benchmark, in which the failing test does not make it
clear what method is being tested (the buggy method name never
appears within the test). In this bug, the test shown in Listing 4 fails,
due to an integer over�ow issue when calculating the p-value in the

Listing 4: Failing test for Math-30.
1 @Test
2 public void testBigDataSet() throws Exception {
3 double[] d1 = new double[1500];
4 double[] d2 = new double[1500];
5 for (int i = 0; i < 1500; i++) {
6 d1[i] = 2 * i;
7 d2[i] = 2 * i + 1;
8 }
9 double result = testStatistic.mannWhitneyUTest(d1, d2);
10 Assert.assertTrue(result > 0.1); // error occurred here
11 }

Figure 6: Example run of A���FL on Defects4J Math-30.

calculateAsymptoticPValue function, which for brevity we refer
to as [CAPV] in this paragraph. Figure 6 shows a schematic of how
A���FL debugged the issue to �nd the buggy location. The function
call sequence of A���FL is presented in the left half of Figure 6.
Here, we see that A���FL inspected four di�erent functions in the
process of discerning which part of the repository was responsible
for the bug. After the �rst two function calls that provide infor-
mation about which parts of the repository were executed by the
failing test, based on the test code provided by the user message (as
in Listing 2), A���FL uses the code inspection function to look at
the code of the mannWhitneyUTest function, which was mentioned
within the test. In turn, this method calls three other methods, of
which two are subsequently inspected by A���FL: mannWhitneyU
and [CAPV]. After inspecting these methods in turn, A���FL once
more inspects the test method (Figure 6 (4)) and concludes that the
[CAPV] function is most likely to be the culprit of the bug, based
on the assertion and the expected behavior of the functions. In-
deed, the developer actually �xed this function to remove the bug.
Meanwhile, SBFL (Ochiai) could not rank this method on a high
level for two reasons: (i) as the test is not meant to test the buggy
method speci�cally, the coverage pro�le of the failing test does not
clearly specify a single method, and (ii) there are too few passing
tests that execute this part of the code to improve the accuracy of
SBFL in this situation. This example clearly shows that A���FL has
the potential to go deeper within software repositories to identify
which part of the code is likely to be causing an error, and that
it can provide meaningful FL results based on a single failing test
when other techniques struggle.

In addition to this, we present the explanation thatA���FLmade
for its debugging process of Math-30 in Listing 5. The explanation
starts by explaining what the test checks (Line 1), then summarizes

• Patterns do seem reasonable.


• The model gradually narrows down 
the scope, eventually looking at 
snippets (i.e. methods).


• Occasionally it looks at comments.

https://arxiv.org/abs/2308.05487


Agentic Design Elements in AutoFL

• Use of function calls: compared to AutoSD, there are more choices for AutoFL  
in terms of which function to call.


• The functions do require some pre-processing, but these are engineering 
cost that is not beyond usual testing scenarios in CI environments.


• Decision to terminate: AutoFL decides when Stage 1 can be terminated. 


• This is more difficult than the case with AutoSD, which operates within the 
framework of Scientific Debugging. In general, knowing when it is done is 
difficult, when given an open task.



Designing Agentic Systems

• With AutoSD and AutoFL, the agent architecture as well as the design purpose is 
straightforward.


• Both have a well defined operational framework (scientific debugging, or 
repository navigation)


• It is relatively clear which tools should be given.


• How should we break down a complicated task so that it can be handled by agents?


• This is a wide open topic, and I suspect that traditional software architecture can 
help but not have all the answers.


• We will consider two candidates: cognitive architecture, and domain models



Cognitive Architecture
(“How can we model human cognition computationally?”)

• Theory and computational instantiation of how human mind is structured; can 
be a blueprint for an intelligent agent (wikipedia) - this is a loosely defined 
term, rather than a rigid theory.


• There are many widely known examples


• ACT-R (Adaptive Control of Thoughts-Rational): developed at CMU


• SOAR (State-Operator-and-Result): led by Alan Newell



DroidAgent: Planner-Actor-Reflector
Yoon et al., ICST 2024 (https://arxiv.org/abs/2311.08649)
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Fig. 1. Overview of DROIDAGENT with a task example.

have struggled with detecting loading screens, often using
prolonged wait times after each action. The loading screen’s
presence can be identified by checking for loading messages or
icon resource identifiers, and we discovered that the LLMs we
used can quite effectively detect loading screens and decide to
wait. So, instead of a fixed long wait, we let the Actor decide
when to wait. The “back” action is for navigating back, and
the “end task” action allows the Actor to conclude the task
before the fixed max action limit (13 in our experiments).

3) Observing and summarising the outcome(s): The state
of GUI may change after taking an action. DROIDAGENT
updates its perception of a screen with a structured textual
representation (JSON). However, for the Actor to capture the
current task context, it needs to be informed about the outcome
of the previous action. We use a separate Observer agent to
summarise the pertinent outcome of an action based on a diff
of the prior and updated GUI states represented as multi-line
strings. This is because representing both the prior and updated
state would lead to long prompts that may confuse the LLM.

4) Self-critique: The Actor may not always choose the
desired action. Once Actor starts down a wrong path by
initiating an undesirable action, it becomes challenging to
“escape” from that incorrect exploration trajectory. Therefore,
besides offering action results as observations, we incorporate
an additional element called “self-critique” into the Actor
of DROIDAGENT. Periodically (after every three actions in
the experiments), the self-critique element generates feedback
based on the task execution history up to that point and the
current GUI state description. This involves a separate prompt,
which explicitly asks for both a review of the task execution
history and, if the Actor appears to be struggling, a suggested

workaround plan. The prompt is sent to a more advanced
model, GPT-4, while the “main” conversation querying the
next action is handled by GPT-3.5. Consequently, the gener-
ated critique is injected to the Actor’s prompting context for
selecting the next action.

C. Task Reflector

Once a task execution round finishes, either by the Actor
calling the “end task” function or reaching the maximum
action length limit, Reflector is activated to reflect on and
create a concise description of the results of trying to perform
the task (binary label indicating task success or failure as
well). The input to this process is the entire task execution
history including the self-critique and all observations from
the working memory, the current GUI state, and the ultimate
goal (from task planning). We instruct the Reflector to “derive
memorable reflections to help planning next tasks and to
be more effective to achieve the ultimate goal”. We found
that this elaborate reflection process can help avoid that the
overall system “forgets” useful knowledge acquired during
task execution, given that individual agents summarise their
knowledge. We also found that having different agents focused
on specific tasks also helps avoid that involved LLM instances
drifts from their purpose, i.e. starts hallucinating or straying
from their intended function.

D. Memory Retrieval Modules

1) Task Retriever: Long-term memory contains a history
of performed task, i.e. task-specific knowledge as well as
reflections on whether the task succeeded (indicates this task
is supported by the app) or not. DROIDAGENT uses the

https://arxiv.org/abs/2311.08649
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Critique of task execution so far: Jade Green has correctly filled in

the question and answer fields, but the flashcard seems to be saved in

the "Default" deck instead of the intended "My Deck". This might have

happened because Jade Green changed the selected deck from "My Deck" to

"Default" after creating the flashcard.

Need a workaround plan?: Yes

Workaround plan for Jade Green: Jade Green needs to ensure that the

correct deck ("My Deck") is selected before saving the flashcard.

D. Reflecting on the task

At the end of the task execution, the reflector generates a
summary of the task result, and derives the knowledge from
the task execution history. The following is the example of the
task result and knowledge derivation with the given template
for the step-by-step reflection.

Summary of the task result: Jade Green successfully created a new

flashcard in the "My Deck" deck with the question "What is the capital

city of France?" [...truncated...]

Task done successfully?: Yes

Reflections on the task:

- Jade Green has learned how to create a new flashcard by filling the ’

Front’ and ’Back’ fields with question and answer respectively and then

saving it.

- Jade Green has learned that the app provides a dropdown field to

select the deck where the flashcard will be saved.

- Jade Green has learned that the app shows a popup message indicating

the number of cards added.

E. Planning another task with learnt knowledge

As an exploration continues on and discovers more widgets
and activities, ideally, the task planning process should benefit
from information about the past task executions. The subse-
quent task, “attaching a photo to the flashcard”, illustrated in
Figure 1, is based on previously creating a new flashcard. The
new task derives new knowledge from the observation that the
app allows users to add images, audio clip, recording audio,
and so on, to the flashcard. In future task planning, Planner
retrieves such knowledge and generate a new task, “Attach an
audio clip to the flashcard” with the following reasoning steps.

Reasoning about Jade Green’s new task: To provide a diverse and

realistic task that makes use of the core functionality of the app, Jade

Green should try to add an audio clip to a flashcard, which is an

important feature of AnkiDroid to enhance learning efficiency. This task

is not too difficult as it is similar to the previous task of adding an

image to a flashcard.

Jade Green’s next task: Add an audio clip to a flashcard.

V. EVALUATION

This section describes our experimental setup.

A. Research Questions

Our evaluation aims to answer the following questions.
1) RQ1. Testing Effectiveness: How does DROIDAGENT

compare to existing exploration techniques in exploring di-
verse functions within a limited time budget? With RQ1,
we aim to assess the diversity and depth of DROIDAGENT’s
exploration, primarily based on screen coverage.

2) RQ2. Usefulness: How effectively do the tasks generated
by DROIDAGENT serve as maintainable testing scenarios, re-
flecting the supported functionalities of AUTs? With RQ2, we
aim to find out whether the tasks generated by DROIDAGENT
are useful as valid test scenarios, which can be used for
regression testing or further test case generation.

3) RQ3. Ablation: How does each component of the agent
architecture impact the agent’s exploration effectiveness? With
RQ3, we aim to assess the contribution of each component of
the agent architecture to the overall exploration effectiveness.

4) RQ4. Cost: What is the monetary cost of running
DROIDAGENT with the latest state-of-the-art large language
models? With RQ4, we aim to present the present-day cost
of running DROIDAGENT, and provide a view for adopting
DROIDAGENT in practice.

B. Experimental Setup

In this section, we describe our experimental setup.
1) Subjects: Table I shows the 15 subject apps we study.

We start the app selection from the widely used Themis
benchmark [16], which originally contains 23 open-source
Android apps. We are forced to exclude eight apps due to
deprecated servers or APIs, three apps whose functionalities
depend heavily on remote servers and are not easily resettable,
one app that crashes on startup, and another that has only a sin-
gle activity. We selected five additional apps from FDroid [35]
to broaden the range of our subject app categories.

2) Metrics: Our primary metric is screen coverage, with
a specific focus on activity coverage in Android serving as
an indicator for exploration diversity. Activity coverage is
typically defined by the number of activities accessed during
the exploration of the AUT. We only take account of internal
activities that include the package name of the target applica-
tion, since there can be external activities that do not represent
any accessible screens within the AUT (they typically exist to
detect memory leaks or to perform crash reports).

While activity coverage is widely used and effective in
evaluating the “breadth” of exploration, it doesn’t necessarily
capture the desired “depth” of the exploration. For instance, an
exploration technique might navigate to a specific activity, it
may also return to the previous one without any additional
interaction. To further evaluate if the test cases generated
by each technique encompass the target app’s comprehensive
functionality, we employ the concept of “feature coverage”.
This represents the fraction of functional features covered
by test cases, as delineated in the taxonomy suggested by
Coppola et al. [36]. Given that we do not have precise
specifications for the subject apps, we categorise all discerned
functional features of each app identified by all comparison
target techniques, until the consensus of three authors. We
then report the number of features covered by each technique.

3) Baselines: We compare DROIDAGENT with the follow-
ing four baselines described below:

• Monkey [17]: Monkey is a widely used random Android
GUI exploration tool for Android.

Task 1: Create a new 
account in the Chat App

Task 2: Create a second user 
account on the Chat App

Feedback: Email 
length limit

Adaptation: Fix 
email address

Task 3: Initiate a chat with 
the second account created

Fig. 10. Example of testing scenarios by DROIDAGENT for creating multiple
accounts in a simple chat app.

D. Cost (RQ4)

Having demonstrated DROIDAGENT’s ability to effectively
explore app screens, a vital question arises: what is the cost
of running the agent for app exploration and testing? We
measured the total number of tokens contained in the prompt
and the generated output both for GPT-3.5 and GPT-4 models,
as shown in Figure 9. The number of tokens for the prompt
depend on the complexity of GUI layout of each application.
Accordingly, the present-time cost for running DROIDAGENT
on a single application with a two-hour budget ranges between
$13 to $22, summing up the cost from both the GPT-3.5 and
GPT-4 models, averaging $18.1. Given the trend of decreasing
cost per token charged by OpenAI, as well as the rapid
advancements of open source LLMs, we expect the cost of
running DROIDAGENT to be reduced and affordable.

VII. DISCUSSION

This section decribes a couple of observed behaviour of
DROIDAGENT that warrants some discussion and future work.

A. Testing social applications

So far, testing of social applications that would require
multiple accounts has been considered out of scope for the
existing exploration techniques. We demonstrate the potential
of applying DROIDAGENT on testing multi-user interactions
in Figure 10, which contains testing scenarios generated by
DROIDAGENT with a custom goal of “testing multiple user
interactions”. The first account created follows the persona
profile, and the credentials for the second account is newly
synthesised as a variation of the persona profile. Moreover,
while creating the second account, DROIDAGENT encounters a
truncated email address due to the length limit of the textfield,

but later it successfully works around the issue by using a
shorter email address.

B. Testing external use of an mobile application
A mobile application is not always used in isolation. In

fact, it is both possible to temporarily navigate out of the
app under test and return to the app (e.g., selecting a picture
from the gallery app, share an app data via email), and start
the app from the external app (e.g., opening a link from a
browser). In the former case (temporary navigation to the
external app), to avoid accidentally being out of the app
too long, DROIDAGENT currently imposes a fixed interaction
limit on external apps and returns to the target app automat-
ically. However, we observe some cases that DROIDAGENT
prematurely terminated essential interactions in the external
app due to this limit. Additionally, some activities among
the subject apps were exclusively triggered by external apps,
such as the WidgetConfiguration activity, which is only
accessed by an app launcher. By design, DROIDAGENT is not
limited to the target app. Broadening DROIDAGENT’s scope
to test functionalities of AUT across multiple apps presents a
promising avenue for future exploration.

VIII. THREATS TO VALIDITY

Internal Validity. Our study might have been affected by
the inherent randomness associated with LLMs. Given the
monetary constraints linked to API requests, we could not
conduct multiple runs, potentially leaving biases. Additionally,
one of the baselines, our version of GPTDroid, includes mod-
ifications to some of its components. In our implementation,
we observed that the LLM context limit was reached post ten
actions, forcing a reset of the preceding conversation prompt,
an issue not tackled in the original paper.
External Validity. Our study utilised a relatively limited set
of benchmarks as well as underlying LLMs, and therefore
may not generalise. We tried to use an existing benchmark
of Android apps, Themis [16]. Another potential threat is data
contamination. The inclusion of knowledge about the subject
applications in the training data may bias the results. Further
studies of more apps and other open source LLMs are needed
to address this threat.

IX. CONCLUSION

We present DROIDAGENT, an autonomous testing agent
for Android GUI testing. Unlike existing automated GUI
testing tools for Android, DROIDAGENT sets its own mean-
ingful tasks according to the functionalities of the app under
test, and subsequently seeks to achieve them. Our empirical
evaluation of DROIDAGENT against four baselines shows
that DROIDAGENT is capable of exploring more Android
activities on average, and it does so while concurrently trying
to achieve meaningful app specific tasks. DROIDAGENT also
exhibits some novel behaviour, such as reusing data it created
earlier for later interactions with the app, or creating multiple
accounts to test the app. We believe autonomous agents can
make significant contributions to automation of GUI testing.

Planner worked well because LLMs could 
anticipate what app functionalities are 
without much problem. 
(Quiz: how would you improve the planner?) 
 
Actor/Observer worked well because GUI is 
a stateful system.

https://arxiv.org/abs/2311.08649


Domain Models
(Work in Progress)

• Sometimes, the exact agent workflow is given by the domain.


• SIA (Structured Interview Agent) is an ongoing project at COINSE@KAIST; our 
aim is to build multi-agent system that can perform structured conversations/
interviews.


• For example, there are frameworks like Motivational Interview (MI) or 
Cognitive Behavioral Therapy (CBT) in psychology. You are expected to go 
through certain stages of conversation, each with different focus or aim.
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Finally, about uncertainty & ood.



Why do we care about uncertainty?

• ML systems are the most representative “non-testable programs” [1].


• In that we use ML mainly because we do not know the answer ourselves 
(i.e., there is no easy and known computation that results in the answer).


• Without oracles in hand, testing becomes slightly… weird?:


• Metamorphic Testing: essentially we go after relaxed oracles


• Prioritization: we accept the high cost of oracles, but we only look at results 
that are likely to be incorrect

[1] Weyuker, E. J. On Testing Non-Testable Programs. The Computer Journal 25, 4 (November 1982), 465–470,



Uncertainty in Machine Learning 
Two major sources

• Aleatoric Uncertainty (우연적 불확실성): randomness that cannot be avoided 
even under perfect knowledge


• Results of coin flips, physical noise in sensor circuits, etc…


• Epistemic Uncertainty (인식론적 불확실성): uncertainty that can be reduced if 
you learn harder (typically by adding more training data, or changing the 
model)


• Low accuracy due to too small a model or insufficient training data

꩜



Quantifying Uncertainty

• Exact, analytical quantification is only possible with mathematically grounded 
models that allows you to compute the confidence intervals.


• Training-based Approaches: MCMC, Bayesian Neural Networks, etc


• Intuitively, try to capture and learn the variance in data during training


• Training-free Approaches: Bayesian Dropout, Gradient-based, Test-time Data 
Augmentation, etc.


• Intuitively, try to inject small perturbation during inference and observe the 
variance (i.e., measure how “brittle” the model decision is “around” the 
original result)



A Tangential Approach 
(that has been successful… so far)

• Out-Of-Distribution-ness (OOD) is correlated with uncertainty:


• If a new sample is close to the mean of training data distribution, the model 
will have low uncertainty (provided that the training has been effective)


• If a new sample comes from an unseen distribution, the model is likely to 
show high epistemic uncertainty!


• This was the core idea behind Surprise Adequacy [2]

[2] Kim, J., Feldt, R., and Yoo, S. Guiding deep learning system testing using surprise adequacy.

ICSE 2019, pp. 1039–1049.



For large pre-trained LLMs, such as 
GPT4o, what is the training data?

(answer: the entire human knowledge internet)



For large pre-trained LLMs, such as 
GPT4o, what is the model accuracy?

(answer: autoregressive loss against… the entire human knowledge internet)

(or, even worse, some task-specific  
accuracy based on emergent  
inference capabilities…)



LLM Input Distribution: No Global Frame of Reference

• Too big to handle, both conceptually and practically, i.e., too big to use as a 
reference to measure the OOD of a new sample.


• It would be nice to have a more manageable, but sufficiently representative, 
frame of reference.


• Fine tuning dataset (if you have used fine-tuning)


• Task-specific reference set (but how representative is it?)



Test Oracle

• For traditional programs, oracles are predicates that, given a stimulus to the 
system under test, tell you whether the observed behavior are as expected. 
They are discrete, Boolean.


• For ML systems, oracles are probability distributions that, given a new 
sample, tell you how likely it is that the resulting behavior are as expected. 
They are continuous and approximate [3]. 

[3] Barr, E., Harman, M., McMinn, P., Shahbaz, M., and Yoo, S. The oracle problem in software testing: A survey.  
IEEE Transactions on Software Engineering 41, 5 (May 2015), 507–525.



Clotho: Task-Specific Test Adequacy
https://arxiv.org/abs/2509.17314

• Latent space at the last token of 
input (i.e., before generating any 
answer) shows that tasks form 
different groups.



Clotho: Task-Specific Test Adequacy
https://arxiv.org/abs/2509.17314

• Within each task cluster, inputs 
that eventually result in passing 
answers and failing answers 
form different distributions.


• OOD from passing distribution 
== Surprise Adequacy!



Clotho: Task-Specific Test Adequacy
https://arxiv.org/abs/2509.17314

• We can prioritize inputs based 
on how out-of-distribution they 
are from the passing distribution 
- early failure!


• Surprisingly, the adequacy 
transfers to larger model 
(measure with local, small open 
model —> prioritize —> run with 
cloud, large closed model)



A Thought Experiment
John Searle, “Mind, Brains, and Programs” in 1980

• Suppose we have a computer program that 
behaves as if it understands Chinese 
language.


• You are in a closed room with the AI program 
source code.


• Someone passes a paper with Chinese 
characters written on it, into the room.


• You use the source code as instruction to 
generate the response to the input, and sends 
the response out of the room.


• Do you understand Chinese language, or not?



• Among other risks, authors ask 
whether LLMs actually 
“understand” anything.


• What do you think?


• The internal design is clearly a 
statistical language model, i.e., it 
says what is the most likely, not 
what is the correct.
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ABSTRACT
The past 3 years of work in NLP have been characterized by the
development and deployment of ever larger language models, es-
pecially for English. BERT, its variants, GPT-2/3, and others, most
recently Switch-C, have pushed the boundaries of the possible both
through architectural innovations and through sheer size. Using
these pretrained models and the methodology of fine-tuning them
for specific tasks, researchers have extended the state of the art
on a wide array of tasks as measured by leaderboards on specific
benchmarks for English. In this paper, we take a step back and ask:
How big is too big? What are the possible risks associated with this
technology and what paths are available for mitigating those risks?
We provide recommendations including weighing the environmen-
tal and financial costs first, investing resources into curating and
carefully documenting datasets rather than ingesting everything on
the web, carrying out pre-development exercises evaluating how
the planned approach fits into research and development goals and
supports stakeholder values, and encouraging research directions
beyond ever larger language models.
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1 INTRODUCTION
One of the biggest trends in natural language processing (NLP) has
been the increasing size of language models (LMs) as measured
by the number of parameters and size of training data. Since 2018
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alone, we have seen the emergence of BERT and its variants [39,
70, 74, 113, 146], GPT-2 [106], T-NLG [112], GPT-3 [25], and most
recently Switch-C [43], with institutions seemingly competing to
produce ever larger LMs. While investigating properties of LMs and
how they change with size holds scientific interest, and large LMs
have shown improvements on various tasks (§2), we ask whether
enough thought has been put into the potential risks associated
with developing them and strategies to mitigate these risks.

We first consider environmental risks. Echoing a line of recent
work outlining the environmental and financial costs of deep learn-
ing systems [129], we encourage the research community to priori-
tize these impacts. One way this can be done is by reporting costs
and evaluating works based on the amount of resources they con-
sume [57]. As we outline in §3, increasing the environmental and
financial costs of these models doubly punishes marginalized com-
munities that are least likely to benefit from the progress achieved
by large LMs and most likely to be harmed by negative environ-
mental consequences of its resource consumption. At the scale we
are discussing (outlined in §2), the first consideration should be the
environmental cost.

Just as environmental impact scales with model size, so does
the difficulty of understanding what is in the training data. In §4,
we discuss how large datasets based on texts from the Internet
overrepresent hegemonic viewpoints and encode biases potentially
damaging to marginalized populations. In collecting ever larger
datasets we risk incurring documentation debt. We recommend
mitigating these risks by budgeting for curation and documentation
at the start of a project and only creating datasets as large as can
be sufficiently documented.

As argued by Bender and Koller [14], it is important to under-
stand the limitations of LMs and put their success in context. This
not only helps reduce hype which can mislead the public and re-
searchers themselves regarding the capabilities of these LMs, but
might encourage new research directions that do not necessarily
depend on having larger LMs. As we discuss in §5, LMs are not
performing natural language understanding (NLU), and only have
success in tasks that can be approached by manipulating linguis-
tic form [14]. Focusing on state-of-the-art results on leaderboards
without encouraging deeper understanding of the mechanism by
which they are achieved can cause misleading results as shown
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Managing Expectations

• Should we treat LLMs as software components with real intelligence?


• Or a black-box that can generate surprisingly meaningful token sequences?


• (Multi-) Agents = shorter contexts for more focused decision making, 
orchestrated by human-designed workflow.


• Fits both world-view, while providing us safeguards in the near future.



Summary

• LLMs are statistical language models with significant emergent capabilities.


• There are many In-Context Learning techniques that can be adapted for 
software engineering tasks.


• However, there are also major open issues.


• Design: What are the design principles that should guide development of 
agentic systems?


• Testability: What are the oracles for LLMs? How do we generate inputs?


