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Abstract

Large Language Model (LLM) agents can solve any computational
problem without an algorithm in a runtime independent of the
computational complexity of that problem. Instead of specifying
precisely how to solve problem instance using programming, we
ask an LLM to solve the problem instance using prompting. Outputs
are sampled from a distribution rather than generated procedurally.

In this vision paper, we explore the challenges and opportunities
of this new form of computation and observe that its capabilities
and limits cannot be understood within the classic, rationalist frame-
work of computation. Hence, we appeal to the software engineering
(SE) community to develop the foundations and techniques required
to analyze the properties of this “empirical computation” as it gener-
ates solutions to computational problems: How can we analyze and
improve the correctness of LLMs solving a computational problem
in the general, in the problem-specific, or in the instance-specific?
What are the properties and fundamental limits of empirical com-
putation? This paper aims to establish empirical computation as a
field in SE that is timely and rich with interesting problems.
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1 Introduction

Large Language Model (LLM) agents are poised to change the field
of software engineering. Only two years ago Microsoft announced
the first LLM-based code synthesis tool Co-Pilot [15]. Now, 25%
of all of Google’s new code is LLM-generated [7]—despite concerns
about “hallucination” as a source of bugs and security flaws [16, 17].

Today, we solve computational problems! by programming: Us-
ing a programming language, we tell the machine precisely how
instances of that problem are to be solved. For instance, if our
problem is to sort an array of numbers, we think about a specific
algorithm (e.g., merge sort) before developing a specific program
(or function) that implements it. The program will expect the in-
put to be given in a specific format, type, or data structure (e.g.,
uint32_t). A program thus “forces” the problem instance to be
provided in the specified format. In software engineering, we have
many approaches to analyze and even verify the correctness of
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!n this paper, we take a very broad view of the term computational problem. For in-
stance, the computational problem that is solved by a given program is the relationship
between the inputs and outputs of that program (or the “purpose” of that program).
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such programs. We can localize and repair the underlying fault.
Fundamentally, there exists no correct program that can solve the
average instance of the sorting problem faster than O(nlogn).

In the future, we expect some computational problems to be
solved by prompting (e.g., using an informal encoding as a natural
language prompt to an LLM or agentic system). The developer tells
the agent informally in natural language about the instance of their
computational problem, and the agent returns the result—if needed
in a machine-readable format. The result is returned as empirically
most likely rather than verifiably correct.

For our sorting problem, we can ask an LLM for instance to sort
{(—F—EZ=+=, L, fifi, =Lt} and to return, e.g.,, a
JSON file with the sorted array. In our experiments we find that the
time it takes the LLM to solve sorting problems increases linearly in
array size (O(n) instead of O(nlog n)). That runtime increases at all
is likely due to the increasing context length. Yet, we find that the
likelihood that the LLM returns the sorted list correctly critically
depends on the empirical likelihood of the problem instance:

o While the LLM sorts arrays of length 50 correctly in over 90% of
cases, it sorts arrays of length 150 correctly only in 58% of cases.
e When reasoning (or "thinking") capability is enabled, LLM can
achieve near-perfect correctness (within the time or token limits).
e While the LLM can sort the majority of arrays of length 20 cor-
rectly if the numbers are spelled out in English, it is far less
reliable if numbers are spelled out in German.
We notice that, unlike for traditional programs, we cannot localize
and repair the cause of an incorrectness once identified so that this
and similar problem instances are solved correctly in the future. In
the experiments for this vision paper, we also report on results of
four other computational problems of varying complexity.

We argue that the capabilities and limits of empirical computation
cannot be understood within the classic, rationalist framework of
computation and call on the software engineering community to
develop new instruments for the analysis of empirical computation.

The purpose of this paper is to establish empirical computation
as an emerging and interesting area in software engineering. What
are the properties of empirical computation? How to analyze the
fundamental limits? Are there any guarantees? How can we analyze,
estimate, or predict the correctness of empirical computation in the
general, in the problem-specific, or in the instance-specific?

2 Motivation and Open Challenges

Programming vs prompting to solve problems. Today, we write pro-
grams to solve problems. As mentioned, a program represents how
that problem is solved. Just like the problem can often be decom-
posed into smaller sub-problems, a program can be composed from
many smaller computational units (e.g., functions). A program is a
specific solution for a specific problem. The software engineering

The Chinese characters specify the array {1123, 9, -5, 3.7}.
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community has developed many approaches and techniques to an-
alyze the properties (incl. correctness) of a program [3]. However,
in the future, we might simply prompt an agent to solve a problem.
There is no program to analyze with respect to the problem it solves.
What can we say about the result? How do we even test the
correctness of agents for various computational problems?
Programming gives us absolute, direct, and precise control over
the correctness and efficiency of a computation. The procedure of
the computation is explicit and predefined. The fault of an incorrect
computation can be localized and repaired. In contrast, prompting
offers more flexibility, particularly when requirements are uncertain.
Without constraints on language, input structure, or algorithm, an
“empirical computer” returns the result after interpreting the user-
provided, informal description of the problem statement using the
available context. If we found the result to be incorrect, how can we
programmatically improve correctness for future instances
(without introducing regressions for other instances or problems)?

Formal vs informal representations of problem instances. In pro-
gramming, inputs are provided using a specific format, type, or data
structure. Everyone who, as part of a software testing class, has
been asked to implement and to test a program for the triangle
classification problem knows that we have to be very precise about
that format. When parsing from a file, do we give lengths or an-
gles, separated by commas or dashes? Are spaces and tabs allowed?
When receiving as function input, should I use a primitive type,
like (unsigned) integers, or implement my own class? Are negative
numbers allowed? What about floating point values?

In prompting, the input can be provided informally in any format.
The correct interpretation arises from context. Unlike in program-
ming, there is no predefined “contract” between caller and callee
that specifies the precise format or data structure for the input. This
offers flexibility at the interface, but at the cost of ambiguity.

We experimentally explore the correctness of empirical sorting
when numbers are provided not using digits but expressed entirely
differently, e.g., using words in German (zweiundvierzig [speak,
two-and-forty; 42]) or as characters in Korean. We find that the
result of empirical sorting is more likely correct if numbers are
provided in a language that is well-represented on the internet.

Limits in terms of efficiency vs correctness. The computational
limits of programming to solve computational problems are well-
studied in theoretical computer science. However, an LLM or agent
finds answers to any computational problem in a time that aligns
primarily with tokenization and runtime behavior rather than clas-
sical computational complexity. For instance, an LLM might take as
much time to increment a number as it would to predict the plain-
text from a given SHA-512 hash. Of course, correctness is a different
matter. Are there problems that are particularly amenable to empir-
ical computation? How can we quantify the limits of empirical
computation in the general or in the problem-specific?’

We experimentally study the efficiency and correctness of empir-
ical computation on simple, well-studied problems such as sorting
and searching. In our measurements, runtime correlates primarily
with tokenization and model/runtime behavior rather than classical
problem complexity. For example, in empirical sorting or empirical

3We note that PAC learning [21] and learnability theory offers insight only on the
requirements for (or dependence on) the training data (i.e., sample complexity).
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searching (sorted or unsorted lists), the baseline model returns the
correct result for lists of 50 random numbers in ~ 90% of trials.

Formal vs informal notions of correctness. In programming, it is
upon the programmer to elicit and to understand the computational
problem to be solved (i.e., the requirements) before implementing a
program that is meant to solve all instances of that problem. If the
computational problem is precisely understood (such as sorting or
searching), it can be encoded as formal specification, and given the
specification, the programmer could formally verify, i.e., guarantee
the correctness of her program w.r.t. that specification.

However, sometimes the problem is not precisely understood
and can only be described vaguely (cf. requirements elicitation). In
such cases, prompting offers more flexibility and allows a contex-
tual interpretation of a vaguely described computational problem
(which may even be further elicited interactively). Yet, unlike in
formal language, a natural language description can be ambigu-
ous, and the way the prompt is designed can substantially impact
the correctness of the response (cf. prompt engineering). What
are effective ways to describe a computational problem to
maximize correctness?

3 Preliminary Experiments

To explore the challenges and opportunities of the empirical ap-
proach to computation, we conducted a large number of experi-
ments. While we take a very broad view of the term "computational
problem", here, for our experiments, we focus on simple, classic,
well-studied problems, like sorting or searching, whose correctness
is well-defined and computational complexity is well-studied.

3.1 Experimental Setup

Implementation. For our evaluation, we developed 1.2k lines of
Python code that prompts an LLM for various computational prob-
lems like sorting, for which the concrete prompt is

“Sort the elements in the given collection in ascending order, and
return only the sorted collection in the list format: (numbers).”

The input was provided as a Python list and formatted into a
prompt string (numbers) according to problem-specific templates.
The output was parsed from the LLM response into (hopefully
sorted) Python list. In addition to sorting, we also conducted exper-
iments on the following problems:

o searching sorted lists; O(log n),

e searching unsorted lists; O(n),

e computing the longest palindromic substring; O(n) [13], and

e finding a subset with a given subset sum; 0(2%) [9].
We chose to run our experiments with recent open-weights model
gemma-4-26b-a4b [5] locally to eliminate network latency and
ensure accurate timing measurements. The model ranks higher
than DeepSeek-R1-0528 [6] on the Artificial Analysis Intelligence
Index [1] and is small enough to run on a MacBook Pro with Apple
M5 Pro chip and 48GB unified memory. Based on the observed in-
ference speed (~60 tokens/s), we set 600s timeout and 64k context
length limit. We compare three configurations: Default (tempera-
ture=1.0), Thinking (reasoning mode enabled), and Deterministic
(temperature=0.0).
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Figure 1: LLM-performance on various computational problems across Default, Deterministic (both at least 30 repetitions),
and Thinking modes (15 repetitions). Top: Average time to solution. Middle: Average proportion of correct solutions. Bottom:

Expected time to generate the first correct solution.

Methodology. For sorting, we generated Python lists of random
numbers and of random length using existing functions from the
standard Python library random (e.g., random. sample). As discussed
in more detail in the individual sections, we varied properties like
precision and magnitude of the numbers, as well as the length of
the array. For every randomly generated input, we recorded the
time taken (i.e., efficiency) and whether the LLM-generated result
was correct (i.e., correctness).

For the other problems, we take a similar approach. For searching,
we generate a random or sorted list of numbers as above, select
a random element to search for and prompt the LLM to return
the corresponding index or negative one (-1). For the subset sum
problem (SSP), we generate a random list of numbers as above,
find the sum S of a random subset, and prompt the LLM to return
that subset whose total is S. For the longest palindromic substring
problem (substring), we construct a random string of characters
and prompt the LLM to return the result. For the latter two, we
implement simple Python programs as ground truth.

3.2 Efficiency versus Correctness

Efficiency. Figure 1.top shows the efficiency of empirical compu-
tation, i.e., the average time it took the LLM to solve instances of
various computational problems, as a function of instance size n.
For four of five problems (except Substring) and all three modes,
the time to find a solution is linearly increasing in list size. The
increase is likely due to the corresponding increase in the number

of input and output tokens [22], rather than the computational com-
plexity of the problems. Note that the classic theory of computation
predicts a difference between the average complexity of searching
sorted versus unsorted lists. For Substring (O(n)), the execution
time appears sublinear.

Correctness. Figure 1.middle shows the correctness of empirical
computation, i.e., the proportion of empirically solved instances
that are actually correct, as a function of n. Surprisingly, for thinking
mode correctness remains high (>0.9) and unaffected by the size of
the input for the sizes, we could reasonably test. For deterministic
and default mode, we observe a clear decrease in correctness across
problems. Interestingly, for sorting and both searching problems,
the reduction in correctness in n is roughly equivalent: For Python
lists with 50 integers, (a) the probability that empirical sorting
returns the correctly sorted list is equivalent to a coin flip (0.5),
and (b) the probability that empirical searching returns the correct
index is also equivalent to a coin flip (0.5). In contrast, for the
substring problem, correctness reduces to close to zero (0) already
for strings with five characters likely due to tokenization. For the
subset sum problem, correctness is close to zero (0) by lists of
length 10. For these two modes, if we combine the efficiency and
correctness results into the expected time until the LLM returns
the first correct solution (Fig. 1.bottom), we can clearly see the
consequence of the decrease in correctness on the performance of
empirical computation for these problems.
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Figure 2: Correctness of empirical sorting across languages
(i.e., the proportion of correctly sorted lists; default mode).

There might be several (non-traditional) mechanisms to im-
prove the correctness of empirical computation, e.g., with methods
like majority voting, prompt engineering [18], fine-tuning [8], re-
inforcement learning [10], or test-time-training [12]. Currently, for
our sorting problem, the LLM would sometimes add numbers not
present in the input or remove numbers that were present. Some
numbers would appear multiple times, and sometimes the list would
not be sorted entirely. Large inputs (e.g., n > 200) would sometimes
be truncated or produce repeated sequences.

3.3 Inputs in Natural Language

A fundamental difference between the formal approach to compu-
tation and the empirical approach is that no “formal contract” is
required for the latter on how the inputs are provided. In contrast,
a program requires inputs to be passed in a certain structure that
is formally agreed on beforehand. That input structure could be a
specific file format, like this PDF file, a specific data structure, like
a linked list, graph, tree, or object, or it could be a primitive data
type, like a (signed or unsigned) integer or float.

In contrast, an LLM takes inputs flexibly, either informally in
natural language or formally, e.g., as structured JSON file. The
LLM infers from context how the provided input is interpreted.
This flexibility enables broader applicability but also introduces
ambiguities. There is no certainty about how an input is interpreted.

Methodology. We used a Python library called num2words to
translate the random numbers in the list into words or characters in
different languages. The list of languages is shown on the top right
in Figure 2. We prompted the LLM (default mode) to sort the list of
words and compared its output with the correct answer obtained
by applying num2words to the sorted list of numbers.

Results. Figure 2 shows the correctness of empirical sorting, i.e.,
the proportion of empirically solved instances that are actually
correct, as a function of n, when words or characters are used
for numbers instead of digits. In comparison to Figure 1.middle,
we can immediately see that the correctness of empirical sorting
reduces more quickly. For languages that are well represented on
the internet, correctness of empirical sorting is significantly better
than for underrepresented languages. For instance, sorting a list
of 20 numbers represented in English is correct with very high
probability (>95%), while when represented in German it is almost
never correct (<1%) in our 50 trials.

Tang, Liu and Béhme

4 Perspective and Vision

s R
Everyone talks about trustworthy artificial intelligence. Yet, no one
knows how to define, test, improve, or guarantee the correctness
of the response of an LLM or an LLM agent to a given prompt. Our
classic theory of computation offers no help in answering such
questions; nor does the powerful program analysis machinery that
we have developed in the software engineering community (e.g.,
static or dynamic analysis, verification, or model checking).

It is our vision that the analysis of the properties of empirical

computation will emerge as a new area in software engineering

that is both timely and rich with interesting problems.
& J

In the spirit of a research programme, we open several funda-
mental questions for the software engineering community.

Empirical program analysis. Given an empirical computer,
like a system of LLM agents, what type of statements can we make
about the correctness on various computational problems (whether
or not formally specified [19])? How can we extend existing formal
methods, like analysis or verification to work for empirical com-
puters? In the absence of a program (i.e., a set of instructions) to
analyze, we should develop tailored, scalable, blackbox empirical
program analyses [2, 4, 11, 14] that proceed by statistical, counter-
factual, or causal reasoning.

Prompt Engineering. What are the most effective encodings
of a problem statement in natural language [23]? Can we predict
the correctness for a given problem instance [20]? How can we
(reactively—or better proactively) improve correctness on specific
computational problems or their instances in the absence of a
(problem-specific) program?

Limits and capabilities of empirical computation. How can
we maximize the generality of our statements about the correct-
ness of empirical computation? Can we make statements about
correctness across all instances of a problem? Can we make general
statements about the correctness of an empirical computer, i.e.,
across all problems, whether known or unknown? What are the
fundamental limits of empirical computation?

Call to action. The analysis of correctness and other properties
is a classic problem in software engineering. Hence, we call on
the software engineering research community to develop the tools
and techniques required to analyze the correctness of empirical
computation as an important step toward the systematic analysis
of the trustworthiness of artificial intelligence.

5 Data Availability

The implementation code, data, and scripts used in this study are
available at https://github.com/chinggg/EmpiricalComputation.
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