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Introduction 

Processing and generating referring acts constitutes a basic Natural Language Processing (NLP) 

task. However, early work focused on monologic, monomodal text (Poesio et al., 2023). 

Fortunately, advances in language modelling have increased the models’ ability to capture 

complex dependencies and process different types of inputs. Instruction-tuned Large Language 

Models (LLMs) have brought about a paradigm shift whereby complex tasks seem to be 

solvable through mere intention, expressed via natural-language prompts (Sarkar, 2024). 

However, LLMs reveal numerous limitations, and prompt and context engineering need to be 

carefully executed. LLMs nonetheless open the door for research in more complex NLP tasks 

and settings. Pair Programming1 (PP) is one of such complex settings, as it involves multimodal 

task-oriented dialogue in a dynamic environment, as well as special terminology. Since PP has 

proven to be very effective in both professional and educational settings (Hawlitschek et al., 

2023), there has been interest in developing AI agents to facilitate it (Robe et al., 2020; Kuttal 

et al., 2021). To out knowledge, no such system has yet been developed2. Can LLMs bring this 

idea to reality? To answer that, we first need to assess whether they possess the basic 

understanding capabilities to engage in dialogue in this setting. 

Research Question 

Referring acts in PP pose a special challenge, due to multimodality, a dynamic environment, 

and morphologically idiosyncratic domain terminology. Multimodality is inherent to PP 

dialogue, as it involves both verbal communication and the creation of code; speakers can thus 

use visual forms of reference, such as pointing at the code with the cursor or a finger. PP takes 

place in a dynamic environment because, throughout the dialogue, the speakers construct the 

code entities that they can refer to. Unlike other domains, in PP the entities that will be 

mentioned are not previously known – even when the programming task is known beforehand, 

there are countless approaches to solve it. Moreover, most entities in PP appear as variables, 

whose name, value, or location in the code can change. Unlike other co-construction tasks 

where the building blocks are tangible (e.g., Kontogiorgos et al., 2018), in PP the code elements 

can be discussed verbally before any code is typed into existence. Finally, PP makes use of 

specialised terminology. PP terminology can use any part of speech to denote objects (e.g., “a 

for” is no longer a preposition, but a type of iteration), and there is great flexibility in the form 

of proper names in this domain (e.g., a variable can be called “usr_score” or simply “x”). With 

these challenges in mind, we pose the following question: 

 
1 PP is a collaboration technique where two programmers work together on the same piece of code. 
2 Some claims have been made about using LLMs for PP, but these confuse the role of a PP partner with that of 
a tutor or an assistant. 



How do LLMs process and generate references in pair-programming dialogue? 

Impact: By exploring this question, we aim to provide insights into LLMs’ linguistic 

capabilities in complex dialogue settings. These shall also pave the way for the development of 

AI agents that can engage in PP or other types of task-oriented and/or situated dialogue. With 

our experiments, we also aim to contribute insights on prompt engineering and context 

engineering to facilitate the use of LLMs for linguistic research. Moreover, given the lack of 

available multimodal PP data, we collected our own dataset, which we shall make available 

upon project completion for further linguistic and educational research. 

Methodology 

Our first step was collecting a dataset or PP dialogues. We recorded 25 pairs of students pair-

programming remotely and collected several types of data: speech (transcribed semi-

automatically), screen recordings, keylog records, and code files produced. We then had the 

references annotated, which involved selecting mentions, classifying them according to 

linguistic form, multimodality, and type of code element being mentioned, linking them in 

coreference chains, and locating the code being mentioned in the code files. We developed an 

annotation scheme following an iterative (Fuoli et al., 2018) and collaborative (Godwin & 

Piwek, 2016) methodology. We trained a total of seven annotators on the different annotation 

tasks and completed 2-5 validation rounds. Final agreement varied depending on task difficulty 

and subjectivity; it was lower on tasks involving linking (e.g., 47% agreement and 0.01 α on 

referent code span), and high on classification tasks (e.g., 71% perfect-match agreement on 

mention detection and linguistic classification, with 0.89 κ); but the collaborative approach 

allowed us to understand that most disagreements stemmed from the inherent ambiguity of 

referring acts. Ambiguity has been observed to be very common in referring acts in dialogue 

(Poesio et al., 2023); we must thus consider it in evaluation by establishing reasonable baselines 

and carrying out error analyses. 

We are currently carrying out experiments testing models of different sizes from the Llama and 

GPT families, as representative and accessible examples of leading LLMs suited for code and 

for which there are research insights we can draw upon. We are working on mention detection, 

coreference resolution, and code-entity linking. Even though LLMs appear as an easy end-to-

end solution to many NLP tasks, recent studies suggest that, even with this technology, a 

modular approach is preferable (Liu et al., 2024; Manikantan et al., 2024). We are thus 

establishing end-to-end reference processing as a low baseline and testing multi-step 

approaches for each subtask – e.g., Manikantan et al. (2024) showed that LLMs’ poor 

performance in mention detection can be substantially improved by dividing the task into 

mention-head detection and mention-head expansion. Working with LLMs, two key aspects are 

prompt engineering and context engineering. Therefore, before evaluating the key approaches 

on our evaluation set, we are testing different prompting approaches and context types on the 

development set. For example, our previous work suggested the importance of balancing 

desired output details with a persona-based prompt (White et al., 2023), which harnesses the 

model’s large knowledge base about what may be associated with that persona. Context 

engineering is especially important for our coreference resolution task, where we need to 

explore the role of multimodal input for mutual disambiguation: in cases where references are 

very ambiguous, data from the keyboard, mouse or screen could improve performance – e.g., 



see Chai et al., (2004) for an example of how multimodal data can improve performance where 

another input component fails. 

For evaluation, we are adopting different measures that are most informative for each task: F1 

scores for mention detection, the three standard CONLL metrics for coreference resolution, and 

accuracy for code-entity linking, looking also at partial matches. We plan to carry an error 

analysis to assess whether low performance metrics may be caused by ambiguous references; 

the analysis, powered by the detailed annotations of our dataset, can also shed light on which 

of the idiosyncrasies of PP dialogue pose the biggest challenges. 

Preliminary Findings 

We analysed a total of 22 dialogues (~30 minutes each). This allowed us to study the relevance 

of referring acts in PP and how the idiosyncrasies of this communicative setting are reflected 

on the references. We made the following initial observations: 

Referring acts are a key element in PP dialogue, and they can’t be disambiguated in 

isolation: Mentions are very common, amounting on average to around a third of a dialogue. 

We annotated both singletons and references that are part of coreference chains; 44% of 

references are in coreference chains. This shows that the dialogue history will be very important 

for almost half the references – after a referent is activated (using the terminology from Gundel 

et al. [1993]), mentions with a semantically poorer form may be used, and so the context 

becomes even more important. In the example below, the “string” entity is introduced on turn 

1 via a type identifier (“a, a string”) and is then referred to with a pronoun (“it”) on turn 5. 

1. A: Can we, uh, I don’t know, define a, a string, maybe the, the so-cool string.  

2. B: Uh... Yeah, that seems like a good place to start. And then we can kind of maybe try 

and split it up into the.  

3. A: Yeah. Yeah. So should I start defining these, this string?  

4. B: Yeah, sure. Sounds good.  

5. A: Um. Uh, how should I, uh, call it? Uh... Just. Um, sentence. [B types ‘text’] Oh, text. 

Yeah, text. 

The role of multimodality in referring acts is highly variable: On average, 7.7% of mentions 

contain a multimodal element, be it through the keyboard or the mouse. This suggests that, 

while multimodal input might not be as essential as expected, it could improve model 

performance in several instances. The high speaker variability in this regard supports this 

hypothesis: in one dialogue, 21.3% of mentions featured multimodality, so this input cannot be 

disregarded.  

Processing references in PP requires understanding domain terminology and tracking 

changing code entities: Almost half the mentions (46.7%) refer to code. Of those mentions, 

half (23.4% of the total) refer to variables, so the referent may be very dynamic and its form 

unusual, as discussed above. Another important observation pertaining the dynamic 

environment is the frequency of mentions to code that has not been implemented yet. Of all 

references to code, 40.1% refer to code that only comes into existence later – e.g., in the excerpt 

above, we see the speakers discuss a string and only type it on turn 5. This suggests that the 

more discourse-focused task of coreference resolution could lend important support to code-

entity linking. 



In general, we observe that referring acts in PP are significantly impacted by the 

idiosyncrasies of this domain, and that has significant implications for the kind of input that 

LLMs require to process them. 
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