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Abstract 

Taking a conceptual idea and turning it into a precise algorithm is at the 

heart of computational thinking. However, novice programmers often 

struggle when their code does not behave as they intended. This paper 

identifies problems in pseudocode algorithms based on deviations from 

observations that could be gathered during manual simulations by the 

programmer. By applying model-based diagnosis to the faulty pseudo-

code, informed by manual simulation, we locate errors and suggest fixes. 

The diagnosis results in the identification of a specific location in the al-

gorithm and provides an output description for the faulty part that 

matches the programmer's intent during the manual simulation, thus 

aiding in debugging. 

Introduction 
Creating an algorithm starts with a rough idea that leads to a detailed ex-

ecutable implementation. Inexperience, misconceptions, or even a slight 

lapse in concentration can cause a programmer to get the details wrong, 

leading to a faulty implementation. Especially for novices, this can be a 

barrier to entry into programming in general. 

A human programming tutor is adept at understanding both the written 

program and the student's intentions. Program comprehension involves 
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50 Diagnosing Algorithms by Abduction from Manual Simulation 

developing a mental representation of the program, to identify any errors 

and determine how to fix them. When pointing out a particular error in 

the source code, the tutor will usually provide an explanation of how a par-

ticular line led to an unintended action, and what the correct action should 

have been to achieve the expected result. 

Techniques from Artificial Intelligence (AI) (Shapiro, 1982; Wotawa et al., 

2002) and Automated Debugging (Dovier et al., 2005; Weiser, 1984; Zeller 

and Hildebrandt, 2002) can provide assistance and help to diagnose suspi-

cious lines in the source code. However, these techniques are aimed at 

experienced programmers who can take measures to fix the code once the 

fault is located. 

Novices, particularly in a practice setting, may need more help to deter-

mine why a certain statement caused problems, especially when they have 

an inadequate mental model (Johnson-Laird, 1989) of the language or the 

data structure used and regard the algorithm produced as correct (Chmiel 

and Loui, 2004). 

Here, we use model-based diagnosis techniques to diagnose faulty imple-

mentations based on the programmer's intent to master a given program-

ming exercise. To do this, we trace a manual simulation of dominant data 

structures to capture the intermediate steps the programmer intended 

their program to go through. With this approach, we aim for a mental 

model aware fault diagnosis, where a source-code location that is identi-

fied as potentially faulty gets justified and aligned with the expected pro-

gram behavior. 

Preliminaries 
When debugging software, we find discrepancies by testing the poten-

tially faulty program Π with the correct input and output specifications 

(I, O). Fault localization techniques that rely on source code execution, 

such as Spectrum-Based Fault Localization (SFL) (Abreu et al., 2009), 

highlight code locations based on their co-occurrence with unexpected 
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outputs. While these methods are efficient, they cannot isolate the under-

lying reasons why a statement may have produced an unexpected result. 

The inference to the best explanation of an unexpected outcome, so-called 

abduction can reveal possible reasons using AI techniques (Magnani, 

2011). In Model-Based Diagnosis (MBD) (Reiter, 1987), a system model, 

made form a set of connected components, predicts behavior based on 

inputs and is restricted by observed outputs. When a failure occurs, the 

model identifies discrepancies between the expected and actual output. A 

diagnosis is the set of components that, if assumed faulty, would explain 

the failure. 

Formally, our goal is to identify the component of the source code 𝐶𝑂𝑀𝑃 
in the form of a statement or a group of statements that could have caused 

the mismatch by labeling it abnormal (𝑎𝑏) (Console et al., 1993; Wotawa 

et al., 2002). 

More formally this is specified by Reiter's Consistency-Based Diagnosis 

(Reiter, 1987), here using notation from Model-Based Software Debug-

ging (Wotawa and Dumitru, 2022) using constraint solvers, where 𝑀(Π) 
and M(I, O) is the translation of a program Π and test case (I, O) into a 

logical model and reasoned about using a constraint solver. 

Definition (Consistency-Based Diagnosis Problem): Given a program 

model ⟨𝑀(𝛱), 𝑀(𝐼, 𝑂), 𝐶𝑂𝑀𝑃⟩, compute all minimal sets ∆ ⊆ 𝐶𝑂𝑀𝑃 of 

abnormal components such the following expression is satisfied: 

𝑀(𝛱) ∪ 𝑀(𝐼, 𝑂) ∪ {𝑎𝑏(𝑐) | 𝑐 ∈ ∆} ∪ {¬𝑎𝑏(𝑐) | 𝑐 ∈ 𝐶𝑂𝑀𝑃\∆} 

Imperative programming languages and algorithms use variables that col-

lectively represent the state of a program and establish dependencies 

(Weiser, 1984). Datatypes restrict the possible values of these states to a 

(finite) domain. Therefore, any diagnosis ∆ must also find a satisfactory 

assignment for the affected variables; otherwise there would be no fix for 

a single statement (Bayerkuhnlein and Wolter, 2024). 



        

 

 

 
    

   

       

   

       

        

       

        

         

       

         

     

  

    

 

       

     

         

       

  

Algorithm 1: SEARCHBST 

Input: root: TreeNode, key: int 
1 node +--- root; 
2 while node f. 0 do 
3 if node . val = key then 
4 I return node; 
5 else if key < node. val then 
6 I node +--- node. left; 
7 else 
8 L node +--- node. left ; 

9 return 0; 

example 
tree: 

4 
I 

2 
I \ 

1 3 
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Representing Algorithms for Diagnosis 
In previous work, we modeled system descriptions using test cases that 

target individual functions as program components (Bayerkuhnlein and 

Wolter, 2023). For algorithmic diagnosis, the model structure in 𝑀(𝛱) is 

based on the program's control flow. 

Given an imperative program 𝛱 we parse its operations and control struc-

tures to create a complete flow graph 𝐺(𝛱) = ⟨𝐶𝑂𝑀𝑃, 𝐸⟩, where nodes 

𝐶𝑂𝑀𝑃 correspond to diagnosable statements. As control structures we 

consider if statements for selection and while loops for iteration; function 

and recursive calls are left for future work. Directed edges 𝐸 represent the 

control flow of 𝛱. The figure below illustrates this representation. 

Each flow line in 𝐸 marks a state transition during the execution of 𝛱. In 

terms of a system description, this is how statements (components) are 

connected. Representing these transitions as relations allows inversion 

and reasoning about alternatives (Ross, 1997). 

Figure 1: Algorithm with error and corresponding Control Flow-Graph 

All variables used within 𝛱 are represented by their value 𝑉𝑎𝑟(𝛱) in a 

structure that represents the current state of the program, e.g. the shown 

algorithm SearchBST in Figure above has states of form 𝑠 = 
⟨𝑟𝑜𝑜𝑡, 𝑘𝑒𝑦, 𝑛𝑜𝑑𝑒⟩. 
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Each node in 𝐺 represents a statement in 𝛱 and is a component of 𝐶𝑂𝑀𝑃, 

making it a potential part of a diagnosis. Every statement defines behavior 

for input and output states, affecting the program pointer 𝑝𝑐 and poten-

tially altering variable values 𝑉𝑎𝑟(𝛱). Transitions reflect control-flow ma-

nipulations, such as if statements. If a manipulation constrains state tran-

sitions to the point of impossibility, a conflict arises. This conflict is re-

solved by marking the statement as abnormal, thus identifying a diagno-

sis. In the above example, any right subtree cannot be found since line 8 

updates the node variable incorrectly. To account for an observation (𝐼, 𝑂) 
modeling SearchBST(example_tree, 3) = node 3 instead of ∅, a fix of line 8 

must transition node to node 3. 

This approach presents challenges, as any state transition might be at-

tributed to abnormal components, making it difficult to explain their be-

havior logically. The issue is worsened when loops are involved, as af-

fected statements run multiple times. Inducing potential values along a 

sequence, such as program execution, faces under-constrained issues; ab-

normality at the very end of a program could explain any test result, re-

gardless of prior actions. In practice, model-based software debugging is 

typically used to identify minor issues resulting from an experienced pro-

grammer's oversight (Wotawa and Dumitru, 2022). 

Diagnosing from Manual Simulation 
There are several conceptual solutions to a programming problem, each 

with various implementations. A test case cannot fully capture the pro-

grammer's intent, especially for algorithms with a single output per input, 

making internal workings opaque. Correct implementations appear iden-

tical in test cases, though they may differ in implementation. Faulty im-

plementations can hide problems until later in the execution. 
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Algorithm 2: ReverseString 
Input: word: String 

1 left+- O; 
2 right +- len(word) - 1; 
3 while left < right do 
4 word [left] +- word [right] ; 
5 word [right] +- word [left] ; 
6 left+- left +1; 
7 right +- right -1; 
send 
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Figure 2: String Reversal Manual Simulation and faulty Algorithm 

Running Example (Reversing Strings I). The student is tasked with imple-

menting a procedure to reverse strings. Possible strategies include: (i) Copy the 

string to another array starting from the end, (ii) Swap elements in pairs, work-

ing towards the middle, or (iii) Use a stack to push and pop elements back into 

the array. Choosing strategy (ii), a student might find that manual simulation 

with the input string "MODEL" correctly results in "LEDOM". However, the 

implementation unexpectedly produces "LEDEL", indicating a discrepancy 

from the manual simulation. To suggest a correction, a tutor could pinpoint 

lines 4 and 5, noting that the implementation failed to execute the expected 

swapping behavior due to prematurely overwriting the left side. 

Solving tasks such as the one described is inherently a creative process 

(Knobelsdorf and Romeike, 2008). It involves first devising a general so-

lution to the computation to be performed and then expressing that solu-

tion in a programming or pseudo-code language. People also enjoy devel-

oping their own solutions (Sharmin, 2021). 

For absolute novices, an Intelligent Tutoring System (ITS) with model 

tracing, which uses a cognitive model to follow a student's problem-solv-

ing steps, provides helpful feedback by tracking and offering corrections 

(Anderson, 1993). However, modeling the vast domain of programming 

is challenging and can limit intermediate students by enforcing overly 

prescriptive solutions (Johnson and Soloway, 1985). 
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The aim of this approach is to respect the creative integrity of the student 

and to allow for multiple or varied strategies while still giving them some 

guidance to achieve their goal. Assisting novice programmers goes be-

yond finding and fixing bugs, but to identify and resolve the exact problem 

that caused the discrepancy between the conceptually intended program, 

their mental model, and the realized program. 

Formally, we define the intention of a programmer as ⟨𝛱̂, 𝛴̂⟩, where 𝛱̂ 
represents the mental model of the program and 𝛴̂ represents the con-

ceptual semantics, i.e., how the programmer thinks the components 𝑐 ∈ 
𝐶𝑂𝑀𝑃 operate. In contrast, the implemented program is denoted as 

⟨𝛱, 𝛴⟩, where 𝛱 is the executable program and 𝛴 represents the semantics 

of the programming language. Behavior of an individual component is 

denoted 𝛴(𝑐) ∈ 𝛴. 

Ideally, both 𝛱̂ and 𝛱 should exhibit identical behavior, as 𝛱̂ is the con-

ceptualization of 𝛱. However, discrepancies in behavior can arise due to 

implementation errors or misunderstandings of the program semantics 

(Chandra et al., 2024). Our objective, upon identifying such discrepancies, 

is to isolate components ∆ within 𝛱 that deviate from the intended behav-

ior ⟨𝛱̂, 𝛴̂⟩. We aim to propose suitable alternatives 𝛴̂∆ = { 𝛴̂∆(c) | c ∈ 
COMP } to align the program with its intended behavior, facilitating pro-

gram repair or further analysis. The feasibility of synthesizing a program 

repair 𝛱′ that implements the proposed behavior 𝛴̂∆ (c) using 𝛴 is not 

addressed here. 

A conceptual program 𝛱̂ is low fidelity, representing only the conceptually 

relevant dominant data structures 𝐷 during manual simulation. Observa-

tions from the manual simulation are represented as partial state descrip-

tions, focusing solely on the most relevant data manipulated during algo-

rithm execution. The remaining variables relevant to 𝑀(𝛱) act as scaffold-

ing, bridging the gap between conception and implementation. 

We define the problem of inducing the intended program state from ob-

servations as follows. 
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Definition 2 (Intended Program Abduction). Given an abnormal compo-

nent 𝑐 ∈ ∆ a model of a program 𝑀(𝛱) and observations 𝑀(𝐼, 𝑂). We 

search for an alternative semantics 𝛴̂ which transition the state of the pro-

gram 𝑠𝑖 into 𝑠𝑖+1 following the operation of 𝑐, such that 𝑀(𝛱) ∪ 𝛴̂∆ (c) ⊢ 
𝑀(𝐼, 𝑂). 

Applying the diagnosis to a single test case of the running example, fo-

cusing only on input and expected output, we gather a diagnosis ∆ = {5}. 
However, some of the justifications are not intuitive. For example, a naive 

solution with 𝛴̂(5) would replace the entire string in the last loop itera-

tion, with the final output. While this solution is consistent, it is clearly 

not what the programmer intended. 

The conceptual program 𝛱̂ is intangible, and a programmer’s verbal de-

scrip- tion of their mental model can be imprecise with implicit assump-

tions. Instead, we propose manual simulation as an interface between the 

program’s conception and implementation, integrating it into the diag-

nostic model through the data 𝐷 used. The conceptual program 𝛱̂ can ex-

ecute as a mental (Forbus, 1990) or manual simulation, producing a trace 

of states that act as observations for the intermediate states of the actual 

implementation. 

Running Example (Reversing Strings II). Consider a situation where a 

pro- grammar sketches out a trace of the program on a whiteboard by 

drawing the array (dominant data structure) and simulates its states s0 … 

s3 step by step (see Fig. 2). On the whiteboard, the change in indexes for 

the two swapping positions are omitted, and managed they act as scaffold-

ing for the implementation. 

With intermediate observations from the manual simulation, the diagno-

sis ∆ = {5} remains consistent, but the abduced semantics 𝛴̂(5) can only 

justify assignments by incorporating intermediate states s1 … s3 (see Fig. 

2). The remaining variables relevant to 𝑀(𝛱), acting as scaffolding, are 

then subject to abduction and reconstruction by constraint programming. 
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This process, through abduced values, outlines what a potential program 

repair might be. 

Conclusion 
Manual simulation on paper, whiteboards or through conversation is es-

sential for understanding or developing algorithms. It also generates in-

termediate observations that reflect the programmer's intention of the al-

gorithm's behavior, making it an ideal source of information to diagnose 

programming mistakes. 

We propose to use manual simulations, treating them as observations of 

computational states to inform diagnostic methods for debugging algo-

rithm construction and implementation. These intermediate observations 

further constrain consistency-based diagnostic methods and help to de-

rive potential fixes for problematic areas. In addition to a prototype imple-

mentation for diagnosing simple data structures, future work will include 

diagnosing bugs related to control flow and state. 
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