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What is an LLM?



Let’s go back to 2012
Hindle et al., ICSE 2012

• One of my favourite papers: On Naturalness of Software (https://dl.acm.org/
doi/10.5555/2337223.2337322)


• “Programming languages, in theory, are complex, flexible and powerful, but 
the programs that real people actually write are mostly simple and rather 
repetitive, and thus they have usefully predictable statistical properties that 
can be captured in statistical language models and leveraged for software 
engineering tasks.”


• But what is “naturalness”?

https://dl.acm.org/doi/10.5555/2337223.2337322
https://dl.acm.org/doi/10.5555/2337223.2337322
https://dl.acm.org/doi/10.5555/2337223.2337322
https://dl.acm.org/doi/10.5555/2337223.2337322


John: Hi, nice to meet you. How are  you?

Mary: I’m ____, _____ ___. ___ ___?

a) fine, thank you. And you?


b) okay, I guess. But why?



What about code?

• It is not “natural”, in the sense that we have artificially created the grammar 
for programming languages.


• Programming languages do evolve, but how?


• Intentionally? New grammars, language consortiums, etc…


• Gradually? Languages do affect each other, a newer and more popular 
style eventually gets accepted, etc…



Python: for _ __ _____ … Java: for _ ___ _ _ _ _ …

a) i in range


b) ( int i = 0;

a) i in range


b) ( int i = 0;



Statistical Language Model

• Given a set of tokens, , a set of possible utterances, , and a set of actual 
utterances, , a language model is a probability distribution  over utterances 

, i.e., 


• An utterance (or a sentence) is a sequence of tokens (or words). Suppose we have  
tokens,  that consist . What is ?


• 


• But these conditional probabilities are hard to calculate: the only feasible approach 
would be count each utterance that qualifies, but  is too big, let alone .

𝒯 𝒯*
𝒮 ⊂ 𝒯* p

s ∈ 𝒮 ∀s ∈ 𝒮[0 < p(s) < 1 ∧ ∑
s∈𝒮

p(s) = 1

N
a1, a2, …, aN s p(s)

p(s) = p(a1)p(a2 |a1)p(a3 |a1 . a2)p(a4 |a1, a2, a3)…p(aN |a1…aN−1)

𝒮 𝒯*



Large Language Model
(really, a very large and powerful statistical language model)

• Mainly Transformer-based DNNs that are trained to be an auto-regressive 
language model, i.e., given a sequence of tokens, it repeatedly tries to predict 
the next token.


• They seem to get the semantics of the code and work across natural and 
programming language, which is unprecedented! 

• But they are inherently restricted as a statistical language model. 

• No memory/state, no background/domain knowledge…



Code is a unique artefact because it executes. 
(And we’ve been doing dynamic analysis for a long time)
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Isn’t this testing? :)



Execution-Based Filtering of LLM Output
LLM-based Bug Reproduction (Kang, Yoon & Yoo, ICSE 2023)
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• Any test that does not 
fail in the buggy version 
are filtered out!


• Failure type and error 
messages are 
considered when 
clustering tests —> 
larger clusters are more 
reliable



LLMs will generate incorrect comments. But…
Kang, Milliken & Yoo (https://arxiv.org/pdf/2406.14836)

Identifying Inaccurate Descriptions in LLM-generated Code Comments via Test Execution

Figure 1: Comment factual accuracy by generating LLM.

Technique Welch’s t-test Point-Biserial Corr. [15]

DocChecker [5] 0.735 0.738
Deep-JIT [21] 0.207 0.246
GPT-3-NoCoT [17] 0.249 0.227
GPT-3-CoT 0.168 0.156
BLEU [22] 0.385 0.405
SentenceBERT [11] 0.177 0.163
CodeT5 [30] 0.669 0.657
CodeBERT [8] 0.254 0.275
CID [27] 0.747 0.748

Table 1: Statistical relationship (p-values) between existing
consistency models and factual accuracy of comments.

GPT-3, and a �fth of the comments from GPT-4 contained state-
ments that contradicted the written human intent of the method or
inaccurately described the behavior of the code. This shows it is
di�cult to entrust current-generation LLMs with comment genera-
tion at scale, as they are prone to inaccurately describing behavior
in a signi�cant portion of the generated comments.

Amanual evaluation of 540 LLM-generated comments shows they
are prone to generating inaccurate comments for Java methods.

2.2 Predicting Factual Accuracy of Comments
with Existing Work

In theory, code-comment consistency detection techniques should
be able to uncover a large portion of factual accuracy issues. To
test this, we measured whether there was a statistically signi�cant
relationship between the model output of nine di�erent baselines,
and the factual accuracy of GPT-3 generated comments which we
could unambiguously label (141 in total). The baselines are as fol-
lows: �rst, from code-comment consistency detection techniques,
we used Deep-JIT [21], DocChecker [5], and Li and Shin [17]. Deep-
JIT is a technique primarily focused on whether a comment should
be updated given a program patch, but they also report plain code-
comment consistency results in their ‘post hoc’ setting. As they do
not provide a trained model, we trained one anew with their public
code using their post hoc setting, and con�rm the accuracy is similar
to that reported within their paper. DocChecker is a recent state-of-
the-art technique that builds upon Deep-JIT. Li and Shin suggest
asking the LLM itself whether code and comments are inconsistent
(marked as GPT-3-NoCoT in Table 1); we additionally add a variant
of Li and Shin’s technique using Chain-of-Thought (CoT), which is
known to improve performance in LLM problem solving [31]. Sec-
ond, we evaluate whether similarity metrics can predict accuracy.

Figure 2: Diagram of error taxonomy for GPT-3 comments.

For the �rst two, BLEU [22] and SentenceBERT [23], we evaluate the
correlation between the generated comment accuracy and embed-
ding similarity of the human-written and generated comment. As
Haque et al. [11] �nd a correlation between SentenceBERT similar-
ity and ‘subjective’ correctness from humans, SentenceBERT allows
us to indirectly compare our ‘factual’ correctness labels with subjec-
tive correctness. For the latter two, CodeT5 [30] and CodeBERT [8],
we evaluate the correlation between the comment accuracy and
embedding similarity of the target method and generated comment,
as these models are trained on source code. Finally, we evaluate the
LLM-based inconsistency detection technique CID [27], which was
proposed to �nd inaccurate responses in question-answering tasks.

To check the signi�cance of the relationships, we use two tests.
First, we use the Welch’s t-test to evaluate whether a model’s out-
put is signi�cantly di�erent for accurate and inaccurate comments,
which would be a precondition for distinguishing accurate com-
ments. Second, we use the Point-Biserial correlation coe�cient,
which is a correlation metric used when one variable is dichoto-
mous (i.e. binary), as is the case in our accurate/inaccurate labels.

The results of this analysis are presented in Table 1. It is notable
that there was no statistically signi�cant relationship among the
multiple baselines that were tested. This suggests how di�cult it
is to automatically identify whether an LLM-generated comment
contains errors or not - none of the code-comment inconsistency
detection techniques, nor any of the LLM self-inspection techniques
proposed by the literature detected the problems, nor could existing
metrics such as BLEU and SentenceBERT reliably measure accuracy,
even with access to the ground truth document.

The output of existing techniques shows little relationship with
the factual accuracy of comments.

3 TAXONOMY AND EXAMPLES OF
INACCURACY PATTERNS

Until now, inaccurate comments have only been described in the
abstract. In this section, we detail the speci�c error patterns that
appear in LLM-generated comments by categorizing them, and
providing speci�c examples of erroneous comments to help un-
derstanding of this issue. In particular, we analyze the inaccurate
comments generated by GPT-3 labeled in the previous section. The
results of this analysis are presented in Figure 2, and are presented
in order of increasing severity of error.

The �rst type of error relates to inaccurately describing the
intent of the code, in which the intended use description of the
method is in con�ict with what the developer wrote. Accurately
generating comments that describe the intended use is particularly
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For the �rst two, BLEU [22] and SentenceBERT [23], we evaluate the
correlation between the generated comment accuracy and embed-
ding similarity of the human-written and generated comment. As
Haque et al. [11] �nd a correlation between SentenceBERT similar-
ity and ‘subjective’ correctness from humans, SentenceBERT allows
us to indirectly compare our ‘factual’ correctness labels with subjec-
tive correctness. For the latter two, CodeT5 [30] and CodeBERT [8],
we evaluate the correlation between the comment accuracy and
embedding similarity of the target method and generated comment,
as these models are trained on source code. Finally, we evaluate the
LLM-based inconsistency detection technique CID [27], which was
proposed to �nd inaccurate responses in question-answering tasks.

To check the signi�cance of the relationships, we use two tests.
First, we use the Welch’s t-test to evaluate whether a model’s out-
put is signi�cantly di�erent for accurate and inaccurate comments,
which would be a precondition for distinguishing accurate com-
ments. Second, we use the Point-Biserial correlation coe�cient,
which is a correlation metric used when one variable is dichoto-
mous (i.e. binary), as is the case in our accurate/inaccurate labels.

The results of this analysis are presented in Table 1. It is notable
that there was no statistically signi�cant relationship among the
multiple baselines that were tested. This suggests how di�cult it
is to automatically identify whether an LLM-generated comment
contains errors or not - none of the code-comment inconsistency
detection techniques, nor any of the LLM self-inspection techniques
proposed by the literature detected the problems, nor could existing
metrics such as BLEU and SentenceBERT reliably measure accuracy,
even with access to the ground truth document.

The output of existing techniques shows little relationship with
the factual accuracy of comments.

3 TAXONOMY AND EXAMPLES OF
INACCURACY PATTERNS

Until now, inaccurate comments have only been described in the
abstract. In this section, we detail the speci�c error patterns that
appear in LLM-generated comments by categorizing them, and
providing speci�c examples of erroneous comments to help un-
derstanding of this issue. In particular, we analyze the inaccurate
comments generated by GPT-3 labeled in the previous section. The
results of this analysis are presented in Figure 2, and are presented
in order of increasing severity of error.

The �rst type of error relates to inaccurately describing the
intent of the code, in which the intended use description of the
method is in con�ict with what the developer wrote. Accurately
generating comments that describe the intended use is particularly

Evaluating code comment quality is notoriously hard. We tell LLMs to synthesise test cases 
based on comments —> if generate test cases fail, comments are not good.

https://arxiv.org/pdf/2406.14836


Test Pass Rates Correlates with Doc Quality
Kang, Milliken & Yoo (https://arxiv.org/pdf/2406.14836)Identifying Inaccurate Descriptions in LLM-generated Code Comments via Test Execution

(a) Pass rate by accuracy, with 95%
con�dence intervals.

(b) ROC graph of correctness esti-
mator with actual correctness.

Figure 4: Relationship between comment accuracy and sug-
gested indicators.

5.2 Evaluation Details
For our study, we focused onwhether GPT-3 (gpt-3.5-turbo-0125)
could be used to evaluate comments that it generated itself. Thus,
the 141 unambiguously labeled comments and methods from Sec-
tion 2 were used as subjects for our experiment. We did so because
we wanted to provide a proof of concept that documentation testing
could work with a single LLM, and that it would not require a com-
plex setup. Unless speci�ed otherwise, we repeated experiments
�ve times to verify that our approach works consistently.

For RQ1, we report the average test passing rate, to verify our
starting assumption made in Section 2, and also in assessing the ef-
fectiveness of our prompting technique. We also use the correctness
estimator from Equation (13) in RQ1 to RQ3. We evaluate metrics
on the basis of the p-values for the Welch’s t-test and Point-biserial
correlation, as well as the ROC-AUC and the average precision
(AP) value of our approach; the ROC-AUC value is commonly used
to evaluate binary classi�ers as a general measure of predictive-
ness [7], while AP is suggestedwhen the classes are unbalanced [35].
ROC-AUC is 0.5 for a random classi�er, while AP depends; for both,
higher values are better. For RQ1, we additionally report the pro-
portion of accurate comments within a given estimator score range.
For RQ2, we additionally report the percentage of comments for
which at least one executable test was generated, as an indication
of how e�ective the prompting techniques were in providing useful
information to generate tests.F = 100 was used in RQ1 and RQ2.

6 RESULTS
This section outlines the results of experiments performed.

6.1 RQ1: Predicting Inaccuracies
This research question relates to whether generating and execut-
ing tests from comments helps distinguish accurate and inaccurate
comments. We �rst verify our assumption that the test pass rate
would be higher for factually accurate comments (Equation (1)).
Figure 4a shows the test pass rate by document type, averaged
over the �ve runs that we did. As presented in the graph, there
is a substantial and statistically signi�cant (? = 0.002) di�erence
in pass rate between accurate and inaccurate documents. As men-
tioned in Section 3, however, document testing is a concept most

Figure 5: ROC-AUC and AP values compared with baselines.
For our approach (blue), we present the mean value from �ve
runs, along with its 95% con�dence interval.

Figure 6: Comment accuracy by normalized estimator value
bin, shown with the 95% con�dence interval of each bin.

suited to revealing inaccurate descriptions of program behavior.
Given that, one would expect comments that inaccurately describe
the behavior of the code (those labeled lacking context or code
mischaracterization in Section 2) should have a greater di�erence.
Indeed, this is what we observe - the test pass rate for comments
that inaccurately describe the behavior of the code is even lower,
and the di�erence is more signi�cant (? < 10�4). As this is the
intended use case, we exclude the comments that are inaccurate for
other reasons in the remainder of our analysis.

Although there is a meaningful di�erence in test pass rate be-
tween accurate and inaccurate comments, recall we derived the
correctness estimator in Section 4.1, which would theoretically have
a direct correspondence with the likelihood of a document being
accurate according to Bayesian inference, unlike test pass rate. In
Figure 4b, we plot the ROC (receiver operating characteristic) curve
between our correctness estimator and actual comment correctness,
showing a robust relationship between the two. The statistical rela-
tionship between comment accuracy and our correctness estimator
is even stronger than in the test pass rate case - the point-biserial
correlation between the two is extremely unlikely to be due to
chance (? < 10�11), and the Welch’s t-test also yields a signi�-
cant di�erence for estimator value between correct and incorrect
comments (? < 10�9). We emphasize that no other baseline had
a statistical relationship with comment factual accuracy, whereas
our estimator shows a strong relationship.

In Figure 5, we compare the ROC-AUC and AP values of di�erent
predictors with the values achieved by document testing. Docu-
ment testing does the best in distinguishing correct comments from
inaccurate ones, as no other method comes within its 95% error
margins. Along with the signi�cant statistical relationships that we
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suited to revealing inaccurate descriptions of program behavior.
Given that, one would expect comments that inaccurately describe
the behavior of the code (those labeled lacking context or code
mischaracterization in Section 2) should have a greater di�erence.
Indeed, this is what we observe - the test pass rate for comments
that inaccurately describe the behavior of the code is even lower,
and the di�erence is more signi�cant (? < 10�4). As this is the
intended use case, we exclude the comments that are inaccurate for
other reasons in the remainder of our analysis.

Although there is a meaningful di�erence in test pass rate be-
tween accurate and inaccurate comments, recall we derived the
correctness estimator in Section 4.1, which would theoretically have
a direct correspondence with the likelihood of a document being
accurate according to Bayesian inference, unlike test pass rate. In
Figure 4b, we plot the ROC (receiver operating characteristic) curve
between our correctness estimator and actual comment correctness,
showing a robust relationship between the two. The statistical rela-
tionship between comment accuracy and our correctness estimator
is even stronger than in the test pass rate case - the point-biserial
correlation between the two is extremely unlikely to be due to
chance (? < 10�11), and the Welch’s t-test also yields a signi�-
cant di�erence for estimator value between correct and incorrect
comments (? < 10�9). We emphasize that no other baseline had
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In Figure 5, we compare the ROC-AUC and AP values of di�erent
predictors with the values achieved by document testing. Docu-
ment testing does the best in distinguishing correct comments from
inaccurate ones, as no other method comes within its 95% error
margins. Along with the signi�cant statistical relationships that we

If we then tell LLMs to synthesise test cases based on comments 

—> the pass rate of generated tests correlates with comment quality.

https://arxiv.org/pdf/2406.14836


What is an agent?





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.



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.

from “A Visual Guide to Agents” by Maarten Grootendorst 
https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-llm-agents

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-llm-agents


from “A Visual Guide to Agents” by Maarten Grootendorst 
https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-llm-agents
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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 :)



Our First Agentic Tool
(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
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Kang et al.

Construct
Prompt

Scientific 
Debugging 
Explanation

Debugging 
Problem 

Description

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`

6

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

10

Append to prompt
after generation

Legend

A B C D E

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.
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• Our next aim was to make Fault Localization (FL) explainable. 


• On one hand, this seemed like an entirely reasonable direction. Perfect Bug 
Understanding assumption has been discussed as a major weakness of FL 
for a long time.


• On the other hand, what is a good explanation for a FL result? The fact that 
patching this location leads to test pass? A description of how the test 
failure occurred?



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.


• 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
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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
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The failing test 
SimpleRegressionTest.testSSENonNegati
ve() belongs to the 
org.apache.commons.math.stat.regressi
on package and is testing the 
SimpleRegression class.

Defects4J Math-105 Run#2

Bland

Defects4J Lang-47 Run#1

Accurate, Concise, Useful

Defects4J Math-30 Run#2

Accurate, but also Imprecise

(...)
The NullPointerException occurred at line 
1186, where str is attempted to be accessed. 
This indicates that the obj argument passed to 
the method is null, causing the getNullText 
method to be called, which returns null. 
Consequently, calling the length method on a 
null object (str) results in a 
NullPointerException.

To fix this issue, the 
appendFixedWidthPadLeft method should 
handle the case when the obj argument is null 
and provide a proper value for str to avoid the 
NullPointerException.

(...) The test testBigDataSet in the class 
MannWhitneyUTest fails when asserting that the 
calculated Mann-Whitney U statistic (result) is 
larger than 0.1. The failure occurs in the line 113 
of the test case. Upon investigation, the failure 
seems to be caused by incorrect calculations in 
the methods mannWhitneyU and 
calculateAsymptoticPValue.

To fix the issue, we suggest the following: (…)
● Confirm the correctness of the calculations 

for EU (expected value) and VarU (variance) 
of the Mann-Whitney U statistic.

● Ensure that the computation of the standard 
score z is correct based on the observed 
Umin, EU, and VarU. (...)

(a) (b) (c)

Fig. 7. Example explanations from A!"#FL. Explanations (b) and (c) are truncated for clarity.

These results show that there is both promise, and room to improve, when it comes to automatically
identifying helpful explanations from the human perspective, a topic we further discuss in Section 6.

To further clarify these results, we present three A!"#FL-generated explanations in Figure 7. In
Figure 7 (a), the explanation is true, but provides no real information about what the underlying
bug is, so it is a ‘bland’ explanation that does not further the interests of the developer. Meanwhile,
in Figure 7 (b), we see a good explanation that is simultaneously accurate, concise, and useful. The
!rst part of the explanation (green) accurately describes how the error manifested by detailing
which operations culminated in the error. In the next part of the explanation (blue) it goes on to
describe what should be done to !x the issue, which corresponds with the actual developer !x. As
all of the provided information is likely genuinely helpful and there is no extraneous content, the
explanation also quali!es as a concise explanation. Finally, in Figure 7 (c), we present an example
of an explanation that is accurate but also partially imprecise. For this bug, the buggy method
is not immediately called by the failing test, nor visible in the exception call stack. Despite this,
this explanation accurately pinpoints the method call chain leading to the bug (green), and thus is
accurate as it provides information that could help the developer understand why each method
was suggested by A!"#FL. However, the !xes suggested by the explanation are imprecise (red), as
they deviate from the actual developer !x. As this imprecise recommendation can be regarded as
extraneous content, the explanation is not concise; nor is it useful, as the suggested !x is wrong.
To understand the circumstances in which A!"#FL failed to generate good explanations, we

analyzed the 26 bugs for which no accurate explanations were generated. Overall, we found that
there were four main causes of failure. In 14 cases (53.8% of failing bugs), we found that their tests
relied on custom test helper functions, particularly for the bugs from the Closure project, which
has non-conventional test cases [28]. As the LLM of A!"#FL was generally unaware of the precise
semantics of these test cases, it spent most of its time retrieving the helper functions, and less
time inspecting potentially buggy code. This suggests when using A!"#FL, ideally tests should be
self-contained; further research is required to incorporate project-speci!c information e"ectively.
In the second scenario, A!"#FL failed for six bugs as the tests used too many classes and methods
for A!"#FL to e"ectively inspect within the 𝐿 = 10 function call budget. In such cases, techniques
such as test case puri!cation may also help reduce the search space [50]. As for the remainder, in
three cases, the buggy methods were so long that they eventually caused a length error for A!"#FL;
meanwhile, in three cases the LLM consistently made logical mistakes. The steady improvement
of LLMs may help deal with these problems - indeed, GPT-4 could make correct explanations for
three of these six bugs (one for the context length limit and two for the logical mistakes).

, Vol. 1, No. 1, Article . Publication date: July 2024.
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Fig. 2. Scoring and ranking candidate methods (depicted as black rectangles) based on five AutoFL prediction
outcomes (depicted as colored rectangles). For every prediction outcome, the scores (represented as colored
circles) are evenly distributed among all the methods included in that particular outcome.

such methods, they are primarily sorted in descending order of the number of failing tests covering
each method. In case of ties among them, we give priority to methods that are more frequently
mentioned during the function interaction process of AutoFL (Fig. 1, 2 ), based on the intuition
that methods that are inspected by the LLM or related to inspected methods are more likely to be
faulty than methods that were never observed in the debugging process.

Finally, after producing a complete ranked list of suspicious methods, e.g., [B, D, A, C, E] in
Fig. 2, our next step involves estimating the confidence in the final predictions. We gauge the level
of confidence based on the consistency of the LLM prediction results across multiple iterations,
motivated by the previous work on LLM self-consistency [39]. The intuition is that if the LLM
consistently produces similar predictions, we would have more confidence in the results. Therefore,
we select the highest score among the methods covered by failing tests, and then use it to determine
the confidence score𝑀 , as follows:

confidence = max
𝑚∈𝑀

𝑠𝑐𝑜𝑟𝑒 (𝑚) (2)

Having a confidence measure helps the usability of AutoFL in two main aspects, backed by our
results. First, higher confidence tends to correlate with better results; thus, a practitioner may pick
a confidence threshold to automatically filter suggestions. Second, users also indicate a preference
for techniques that can indicate confidence for efficient use.

4 EXPERIMENTAL SETTINGS

This section details the experimental setup used to evaluate AutoFL.

4.1 Research Questions

RQ1. How accurately does AutoFL localize faults?

• Evaluation Metric: FL performance is evaluated with the acc@k metric which measures the
number of bugs for which an actual buggy location was within the top 𝑘 suggestions of a tool,
as previous work suggests developers are only willing to look at a few suggested locations
when debugging [20, 33], and as this metric is often used by prior work [23, 52, 53]. To deal
with ties in the ranking, instead of using the average tiebreaker, we use the ordinal tiebreaker,
as we believe it is closer to what a developer would experience when using an FL tool.

• Baselines: We evaluate the FL capability of AutoFL using a total of 798 reproducible bugs from
Defects4J (Java) and BugsInPy (Python); see the dataset details in Section 4.2.1). For Defects4J,
we compare against the best-performing standalone techniques from Zou et al. [53], namely the
Ochiai [1] and DStar [44] SBFL techniques and the Metallaxis [32] MBFL technique. To ensure
consistency with our experimental setup, we recalculated the method-level acc@k metrics
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For instance, when the LLM submits incomplete method signatures that match multiple existing
methods, the following guidance message is returned: "There are multiple matches to that query. Do
you mean any of the following: <candidates>?" Additional details on the implementation of such
guidance messages can be found in our artifact.

Listing 3. Prompt to Request the Fault Location

Based on the available information, provide the signatures of the most likely culprit methods for

↩→ the bug. Your answer will be processed automatically, so make sure to only answer with the

↩→ accurate signatures of the most likely culprit (in `ClassName.MethodName(ArgType1,

↩→ ArgType2, ...)` format), without commentary (one per line).

3.2 Stage 2: Pinpointing The Fault Location

After Stage 1 concludes, the LLM is then prompted to predict the culprit methods based on the
available information (Fig. 1, 4 ), based on the prompt in Listing 3. In this stage, unlike Stage 1,
we enforce the model to respond immediately without making function calls, assuming that the
LLM has already (implicitly) identified the fault location(s) in Stage 2. Finally, the entire FL process
concludes with the LLM providing a response pinpointing the potential fault locations (Fig. 1, 5 ).
For instance, given the initial prompt about Lang-48 (Listing 2) in Stage 1, the LLM of AutoFL

sequentially made four function calls: first, to obtain the class and methods covered by the failing
test, then to retrieve code snippets for two methods of EqualsBuilder, namely isEquals() and
append(Object, Object). The LLM then identifies the root cause of the bug: an erroneous
utilization of the equals method for BigDecimal objects, resulting in a comparison based on
references rather than values in the append method. In Stage 2, the LLM specifically suggests
EqualsBuilder.append(Object, Object) as buggy, which matches the developer patch location.

3.3 Finalizing Fault Localization Results

To start, we assign scores to the methods by combining the results of 𝑅 repeated runs of AutoFL.
Specifically, if a final prediction contains a total of 𝑛 methods, we give a score of 1/𝑛 to each of these
identified methods.5 These individual scores are then averaged over all 𝑅 predictions. Formally, the
score of a method𝑚 is defined as:

score(𝑚) =
1

𝑅

𝑅∑

𝑘=1

(
1

|𝑟𝑘 |
· [𝑚 ∈ 𝑟𝑘 ]) (1)

where 𝑟𝑖 is the set of predicted methods from the 𝑖-th run, and [.] is the Iverson bracket which
returns 1 when the predicate inside is true, and 0 otherwise. For example, for method 𝐵 in Fig. 2,
there are four AutoFL runs that predict the method as a faulty location. Following Eq. (1), the
score for method B would be (0.5 + 1.0 + 1.0 + 0.5 + 0.0)/5 = 0.6. After calculating the scores for all
methods predicted by AutoFL, we rank them in descending order of scores. For instance, in the
given example, the four predicted methods are sorted into [B, D, A, C], as their scores are [0.6,
0.2, 0.1, 0.1], respectively. In case of a score tie, we prioritize methods that appeared in earlier
predictions over others as a final, arbitrary tiebreaker.

Note that if there are methods with a score of 0 (i.e., not part of the final AutoFL results) but are
covered by the failing tests, e.g., the method E in the given example, we append them to the end of
the ranked list to ensure the list includes all methods relevant to the failure. If there are multiple

5No scores are distributed in cases where the prediction results are erroneous, or if the entire AutoFL process is interrupted
due to other errors.
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Fig. 2. Scoring and ranking candidate methods (depicted as black rectangles) based on five A!"#FL prediction
outcomes (depicted as colored rectangles). For every prediction outcome, the scores (represented as colored
circles) are evenly distributed among all the methods included in that particular outcome.

such methods, they are primarily sorted in descending order of the number of failing tests covering
each method. In case of ties among them, we give priority to methods that are more frequently
mentioned during the function interaction process of A!"#FL (Fig. 1, 2 ), based on the intuition
that methods that are inspected by the LLM or related to inspected methods are more likely to be
faulty than methods that were never observed in the debugging process.

Finally, after producing a complete ranked list of suspicious methods, e.g., [B, D, A, C, E] in
Fig. 2, our next step involves estimating the con!dence in the !nal predictions. We gauge the level
of con!dence based on the consistency of the LLM prediction results across multiple iterations,
motivated by the previous work on LLM self-consistency [39]. The intuition is that if the LLM
consistently produces similar predictions, we would have more con!dence in the results. Therefore,
we select the highest score among the methods covered by failing tests, and then use it to determine
the con!dence score𝐿 , as follows:

con!dence = max
𝐿→𝑀

𝑀𝑁𝑂𝑃𝑄 (𝑅) (2)

Having a con!dence measure helps the usability of A!"#FL in two main aspects, backed by our
results. First, higher con!dence tends to correlate with better results; thus, a practitioner may pick
a con!dence threshold to automatically !lter suggestions. Second, users also indicate a preference
for techniques that can indicate con!dence for e"cient use.

4 EXPERIMENTAL SETTINGS
This section details the experimental setup used to evaluate A!"#FL.

4.1 Research !estions
RQ1. How accurately does A!"#FL localize faults?
• Evaluation Metric: FL performance is evaluated with the acc@k metric which measures the
number of bugs for which an actual buggy location was within the top 𝑆 suggestions of a tool,
as previous work suggests developers are only willing to look at a few suggested locations
when debugging [20, 33], and as this metric is often used by prior work [23, 52, 53]. To deal
with ties in the ranking, instead of using the average tiebreaker, we use the ordinal tiebreaker,
as we believe it is closer to what a developer would experience when using an FL tool.

• Baselines: We evaluate the FL capability of A!"#FL using a total of 798 reproducible bugs from
Defects4J (Java) and BugsInPy (Python); see the dataset details in Section 4.2.1). For Defects4J,
we compare against the best-performing standalone techniques from Zou et al. [53], namely the
Ochiai [1] and DStar [44] SBFL techniques and the Metallaxis [32] MBFL technique. To ensure
consistency with our experimental setup, we recalculated the method-level acc@k metrics
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Fig. 3. Performance of various FL techniques on the Defects4J and BugsInPy benchmarks.

explanation design guidelines from developer experience would be bene!cial to future work. Prior
to conducting our main study, a pilot study was conducted to obtain feedback and thus improve
the !delity of our results, as is recommended [19], which helped us streamline the process. Overall,
we could recruit 16 professional developers who could participate in our study in full.

In the study, developers were presented with real-world bugs with failing tests, and asked
to generate a patch that would !x the bug, similarly to Böhme et al. [8]. We used bugs from
the BugsInPy dataset, as Python developers were easier to recruit than C or Java developers.
Developers were provided the error message, a failing test, FL results from A!"#FL, and critically
10 bug explanations from A!"#FL (5 from both GPT-3.5 and GPT-4, and translated from the original
English for participant convenience) for their task. The test execution environment was set up so
that participants could freely execute tests and perform print debugging. Each participant would
!rst go through a tutorial in which they were asked to !x a simple bug and presented with the
ground-truth patch, so that they could get used to the experiment. In turn, developers would debug
two bugs over the course of an hour, based solely on the error message and the FL/explanations that
A!"#FL generated. When the developer has made patches for every bug, or when they deem the
bug too di"cult to debug, we perform a semi-structured interview in which we ask the developer
whether FL and FL explanations would be useful in their work#ow, what their view of the strengths
and weaknesses of A!"#FL-generated explanations are, and what they believe an ideal explanation
would be. The common themes from developer responses are analyzed and discussed between two
authors, and a !nal multi-label tagging of each developer’s response is generated. Based on this
tagging, we present the popular themes as results, and present them with quotes from developers.
Further details about our developer study can be found in our supplementary material [6].

5 RESULTS
This section presents the results of our experiments.

5.1 RQ1: FL E!icacy
In Fig. 3, A!"#FL is compared with other standalone techniques that report method-level perfor-
mance. For the Defects4J dataset (Fig. 3a), the graph shows that A!"#FL, when using GPT-3.5 as
the language model, outperforms SBFL and MBFL, which were the best-performing standalone
FL techniques from Zou et al. [53], on the acc@1 measure. Furthermore, A!"#FL outperforms
the state-of-the-art standalone FL technique SmartFL, which was only evaluated on a subset of
Defects4J due to the complex Java features used in Closure [52];6 in contrast,A!"#FL could be easily

6On the same bug dataset, A!"#FL still outperformed SmartFL, as shown in the square marker graphs of Fig. 3a.
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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.



Current SOTA Agents

• Agents we have discussed today are defined by a set of very tight harness 
(i.e., a frame that defines what actions are allowed and not allowed).


• Widely discussed agents (OpenHand, OpenClaw, Claude Code) tend to have 
much more freedom, with almost no fixed + structured workflow harness.


• There is a wide design spectrum between two, and we haven’t explored them 
in full.



Test Adequacy for LLMs



Recap: Surprise Adequacy
(i.e., out-of-distribution-ness measure as test adequacy)

Training Data DNN

[0.91, -0.76, 0.95, -0.18,...] 
[-0.14, -0.33, 0.22, 0.50,...] 
[-0.51, 0.03, 0.22, -0.72,...] 
[-0.45, 0.85, -0.12, 0.23,...] 

… 
[0.64, -0.39, 0.07, -0.03,...]

Activation 
Traces Distribution

New Sample

Negative 
Logarithm of 

Gaussian Kernel 
Density = 
Surprise!
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But what do we do with LLMs/Agents?
Surprise Adequacy does not fit as it is.

Training Data

[0.91, -0.76, 0.95, -0.18,...] 
[-0.14, -0.33, 0.22, 0.50,...] 
[-0.51, 0.03, 0.22, -0.72,...] 
[-0.45, 0.85, -0.12, 0.23,...] 

… 
[0.64, -0.39, 0.07, -0.03,...]

Activation 
Traces Distribution

New Sample

Negative 
Logarithm of 

Gaussian Kernel 
Density = 
Surprise!
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Massive Training Data 
(Essentially entire 

Internet + )α

Training and Inference 
form two heterogeneous 

distributions



Task-specific Modelling of Input Distribution
Clotho (FSE 2026 https://arxiv.org/abs/2509.17314)
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Surprise Adequacy Strikes Again (SA2)
(this time, w/ task-specific reference sets)

Training Data LLM

[0.91, -0.76, 0.95, -0.18,...] 
[-0.14, -0.33, 0.22, 0.50,...] 
[-0.51, 0.03, 0.22, -0.72,...] 
[-0.45, 0.85, -0.12, 0.23,...] 

… 
[0.64, -0.39, 0.07, -0.03,...]

Activation 
Traces Distribution

New Sample

Negative 
Logarithm of 

Gaussian Kernel 
Density = 
Surprise!
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Reference Input GMM

Active Learning Loop 
Constructs Reference Set

New Task 
Instance

Negative 
Logarithm of 

GMM = 
Surprise!



Failure modes transfer cross models!
Clotho (FSE 2026 https://arxiv.org/abs/2509.17314))

• SA computed by Clotho shows 
moderate correlation with pass 
rates in SLMs.


• However, if you prioritize inputs 
according to SA computed by 
Clotho, and run inference on 
proprietary LLMs, the ordering still 
achieves high APFD!

16 Anon et al.
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Fig. 8. Average percentage of detected failures when scores from Open-weight Language Models (OLMs) are
applied to proprietary LLMs.

from the OLM itself (contained in the SELF column). For example, Gemma scores achieve higher
correlation when applied to Gemini for MODEL-EX than when applied to itself; similarly, Mistral
scores perform better when applied to GPT-4o mini then itself for POS-TAG task. This suggests that
C!"#$" can capture certain generalisable aspects of input di!culty that transcend speci"c model
architectures.

We subsequently evaluate the e#ectiveness of these transferred adequacy scores for prioritizing
failure-inducing inputs for the proprietary models. Figure 8 shows the cumulative failure rates for
the transferred input orderings for GH-TYPO, JSON-FIX, SPELL-CHK, SYN-BUG, and ODD-ADD for a
subset of transfer pairs (best transfer pair for each task): the solid lines denote the average from 10
runs of C!"#$", and the coloured bands denote the standard deviation. We also report the Average
Percentage of Fault Detected (APFD) [13], which is essentially the area under curve. Given that
average APFD would converge to 0.5 as the number of runs increases, the transferred ordering can
achieve signi"cantly e#ective test prioritisation. This is because proprietary models tend to have
lower failure rate. As such, prioritising failure-inducing inputs early on can have bigger impact in
proprietary models than in OLMs. Table 8 contains the failure@𝐿 from transferred C!"#$" scores
at 𝐿=500, as well as random orderings, per task: the large gains over random ordering aligns with
high APFDs we observe in Figure 8. Aggregated across tasks and models, C!"#$" "nds on average
23.75 additional failures at 𝐿=100 and 61.15 at 𝐿=500 over random selection, corresponding to
126.8% and 64.5% improvements, respectively.

Answer to RQ4: Adequacy scores that C!"#$" learns from open-weight models can be success-
fully transferred to closed-weight LLMs, enabling e#ective test prioritisation of failure-inducing
inputs without any access to the internals of proprietary LLMs.

6 Discussion
We discuss implications of our "ndings and outline directions for future work.

, Vol. 1, No. 1, Article . Publication date: March 2018.

37

https://arxiv.org/abs/2509.17314


Conclusion

• Fundamentally, the usefulness of LLMs depends on the statistical naturalness 
of language.


• Agent harness can be designed around techniques we have studied in this 
course. Open-ended agents are more flexible but may require more 
instructions.


• Agents are, in the end, just another type of software systems. We do not fully 
understand how to best test them yet.


