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Abstract—Effective communication relies on well-structured 
questions that elicit informative responses. This study explores 
the relationship between question formulation and the informa- 
tiveness of answers, integrating insights from pragmatics, psy- 
cholinguistics, and computational modeling. Using a probabilistic 
reasoning framework, I analyze how contextual cues influence 
response quality and develop a predictive model for evaluating 
question effectiveness. Experimental results demonstrate that 
certain question structures systematically yield more informative 
answers. These findings contribute to improving question design 
in human dialogue, automated systems, and survey methodolo- 
gies. 

Index Terms—pragmatics, computational modeling 

I. INTRODUCTION 

Q:“Are you gonna eat that apple?” 

A:“Oh, go ahead!” 

In this dialogue, Q is inquiring if A will eat the apple, 

but instead of directly requesting the apple, Q cleverly frames 

the question in a way that avoids being impolite while subtly 

signaling A about her intentions. A, understanding Q’s true 

purpose, responds in a way that addresses the underlying 

request rather than the question’s surface meaning. This ex- 

change illustrates the complexity of social reasoning within 

everyday conversations and brings forth two key questions for 

formal language models: What makes a question useful? And 

what constitutes an appropriate answer? 

Psycholinguistic research has shown that respondents are 

often aware of the questioner’s underlying goals and aim to 

provide answers that are relevant to these goals. A seminal 

study by Clark (9) involved a scenario where liquor merchants 

were contacted by phone. They were first told one of two 

context-setting phrases: “I want to buy some bourbon” (the un- 

informative condition) or “I’ve got $5 to spend” (the five dollar 

condition). Following this, the merchants were asked, “Does 

a fifth of Jim Beam cost more than $5?” The results revealed 

that merchants tended to give a simple yes/no response much 

more frequently in the five dollar context, where an exact price 

was not expected. In contrast, when the context was merely 

about buying whiskey, more detailed price information was 

given. The merchants inferred that in the latter context, the 

questioner’s goal was to determine affordability, while in the 

former, the questioner was more interested in purchasing the 

whiskey, making precise price information more relevant (9). 

The significance of context and the questioner’s goals 

can also be observed in responses to questions that request 

identification, such as “who is X?” (1), or requests like “Do 

you have the time?” where answers can vary in terms of 

precision (2; 3). Similarly, wh-questions like “Who passed the 

examination?” allow for answers that may be either exhaustive 

or selective in nature, and questions like “where are you?” can 

elicit answers with varying degrees of abstraction (4). These 

instances highlight the importance of social inference in both 

asking and answering questions. 

Recent developments in Rational Speech Act (RSA) models 

(5; 6) have mathematically captured the pragmatic understand- 

ing of language through recursive Bayesian inference. In this 

framework, speakers are considered to choose utterances that 

maximize the information obtained by an imagined listener. In 

this paper, I extend the RSA framework to apply it to question- 

answering dialogues. 

A challenge within this framework arises from the fact 

that, unlike statements, questions do not directly provide 

information. Therefore, we must define what utility a question 

can have. 

I propose, following (15), that the utility of a question 

lies in how much information it can be expected to generate 

about the questioner’s interests later in the conversation. More 

specifically, the value of a question for the questioner is 

defined by the expected information that can be gained about 

her concerns based on the set of possible answers the question 

might generate. This differs from the traditional RSA model, 

in that it emphasizes the information gained by the speaker 

(rather than the listener), and the relevance of this information 

is realized later within the brief conversation. 

To comprehensively encapsulate this concept, it is essential 

to formulate a model of the respondent, which functions both 

as the conceptual framework assumed by the inquirer and as 

the mechanism underlying response generation. I analyze three 

progressively sophisticated representations of the respondent. 

The most fundamental model entails a direct response to 

the query, where the respondent does not seek to deduce 

the inquirer’s underlying intent. The second model, referred 

to as the explicit respondent, strives to generate a response 

that is informative in relation to the literal phrasing of the 

query, without delving into deeper interpretative assumptions 

about the inquirer’s intent. The third and most advanced 

model, known as the pragmatic respondent, discerns the true 

underlying intent of the inquirer and formulates a response that 

directly aligns with these inferred objectives. This advanced 

model builds upon RSA to integrate considerations of the 

dialogue’s thematic structure, as originally suggested by (7) 

to account for the phenomenon of hyperbole. It advances 

prior research by treating the explicit query as an indirect yet 
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informative signal regarding the broader subject of discourse. 

The structure of this paper is as follows. I begin by detailing 

the computational models for both questioner and answerer, 

highlighting the similarities and differences compared to other 

recent approaches. Following this, I present a series of compu- 

tational experiments that illustrate how the models effectively 

account for four classic answerer-sensitivity effects observed 

in the psycholinguistics literature. Given the limited data on 

questioner behavior, and the fact that the classic effects did not 

sufficiently consider the questioner component of the model, 

I devised a communication game paradigm. This allowed me 

to manipulate private goals, possible questions, and potential 

answers. 

After evaluating the model predictions on data from a simple 

single-player version of the task, I extend this paradigm to a 

more natural, real-time, multi-player experiment, introducing 

a broader range of goal sets, question sets, and answer sets. 

Particular focus is given to a crucial condition in the task 

where the questioner models diverge in their predictions, thus 

facilitating a comparison between them. 

The paper concludes with a brief discussion on the method- 

ology, situating language use within the realm of social 

cognition, and offering perspectives on key future research 

directions. 

II. A RATIONAL SPEECH ACT MODEL OF QUESTIONING 

AND ANSWERING BEHAVIOR 

How should an inquirer determine which question to pose? 

I assume that the inquirer aims to gain information pertinent 

to a defined objective. To formulate a question that yields 

valuable insights, the inquirer evaluates how the respondent 

would answer under different possible states of the world. 

The question is then chosen to maximize the likelihood of 

obtaining a response that assists in fulfilling the objective. 

More formally, consider a set of possible world states W, 

a collection of objectives G, a range of potential questions 

Q, and a set of anticipated responses A. These sets are 

assumed to be mutually known between the inquirer and 

the respondent. An informational objective g ∈ G acts as 

a projection function, mapping a world state to a particular 

feature or subset of features that are relevant to the inquirer’s 

interest. This concept aligns with the idea of a question-under- 

discussion (8). I denote Pg(w) as the probability Pˆ(g(w)) of 

the feature pertinent to g under world state w, derived from 

the projected probability distribution: 

question. The information gain is measured via the Kullback- 

Leibler divergence between the prior probability of g-relevant 

world states, Pg(w), and the posterior distribution after posing 

a question q and receiving a response indicating the true world 

state w: 

Pg(w | q, w) = Pg(w | q, a)P (a | q, w) 
a∈A 

Firstly, it incorporates P (a|q, w), a model of the respon- 

dent’s answering behavior, which I will elaborate on be- 

low. Secondly, it involves P (w|q, a), an ”interpreter” that 

determines the probability of different world states given a 

question-answer pair. 

To formally define the interpreter function used by all 

agents to determine the literal meaning of a question-answer 

pair, we assume that a question represents an informational 

goal that maps possible worlds onto an answer set, denoted 

as A. This approach aligns with the partition semantics of 

questions introduced by (22). Specifically, considering the pre- 

image of such a mapping, an answer designates an element of 

the partition, expressed as q−1(a). 
The interpreter constrains the prior world distribution to 

only those worlds that remain consistent with the semantics 

of a given question-answer pair: 

P (w|q, a) ∝ P (w)δq(w)=a (1) 

Next, I outline three distinct answerer models, each of which 

offers a different perspective on how a questioner may interpret 

responses, thereby leading to different instantiations of the 

questioner model. These answerers take a question q ∈ Q and 

a true world state w∈W as inputs and produce a probability 

distribution over possible answers a ∈ A. 

The extbfliteral answerer generates answers by balancing the 

prior probability of an answer and how well a given question- 

answer pair conveys the actual world state to the interpreter: 

P (a|q, w) ∝ P (a)P (w|q, a) (2) 

For a fixed question, this model closely parallels the speaker 

component in prior Rational Speech Act (RSA) frameworks, 

where the question solely determines the literal interpretation 

of the response. 

The extbfexplicit answerer evaluates responses based on 

how effectively they resolve the explicit question q: 

P (̂v) = 
W 

Inquirer Model: 

 

δv=g(w) P (w)dw. P (a|q, w) ∝ P (a)Pq(w|q, a) (3) 

The extbfpragmatic answerer does not take the question’s 

The inquirer receives an objective g ∈ G and returns a 

probability distribution over possible questions q ∈ Q: 

P (q|g) ∝ eEP (w)[DKL(Pg(w|q,w)  Pg(w))]−C(q) 

Here, the inquirer weighs the cost C(q) of posing a question 

against the expected information gain. The cost is likely 

influenced by factors such as the complexity or length of the 

literal meaning at face value but instead considers the broader 

informational goal it likely serves. By reasoning over the 

probable goals g that could have motivated the question q, 

the pragmatic answerer selects answers that optimize commu- 

nication on average: 

P (a|q, w) ∝ P (a) P (g|q)Pg(w|q, a) (4) 

g∈G 

∫ 
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To infer the likely goal g, the pragmatic answerer employs 

a Bayesian inversion of the explicit questioner model, relying 

on a prior over goals: 

P (g|q) ∝ P (q|g)P (g) (5) 

Each questioner and answerer model may differ in their 

level of optimization—that is, the degree to which they sample 

from the defined distributions as opposed to deterministically 

selecting the most probable response. To regulate this selection 

process, I introduce an optimality parameter α, modifying the 

probability distributions as follows: 

P ′(x) ∝ P (x)α (6) 

This formulation establishes the model space, comprising 

three distinct answerer models and their corresponding ques- 

tioner models. The implementation of these models is carried 

out using WebPPL, a probabilistic programming language 

(12). 

A. Related Models 

The probabilistic model described above for question and 

answer behavior shares similarities with recent decision- 

theoretic (16) and game-theoretic (17) models of pragmatic 

reasoning. All of these approaches focus on reasoning and 

inference regarding a conversational partner’s mental state. In 

contrast, these theories diverge from the widely recognized 

interactive alignment model (13) and other dynamical systems- 

based models of dialogue (10), where coordination is achieved 

through low-level processes such as priming and adjusting to 

a partner’s syntactic, lexical, and phonological choices. 

Although extensive research has been conducted on dia- 

logue models, comparatively little focus has been directed 

toward the mechanisms governing question-and-answer inter- 

actions. The predominant theoretical frameworks in this area 

stem from formal linguistic principles, notably the concept of 

informativeness. Groenendijk and Stokhof (22) introduced a 

foundational perspective on question-answer semantics, sug- 

gesting that posing a question segments the space of possible 

worlds into a partition, where each subset represents a plau- 

sible response. An answer gains utility by eliminating subsets 

from this partition, with the most informative responses ruling 

out all but the actual world. However, as noted by van 

Rooy (15) and further discussed by others (11), this model 

implies that resolving a wh-question such as ”Where can I 

buy an Italian newspaper?” would necessitate an exhaustive 

enumeration of all locations where such newspapers are avail- 

able—an impractical expectation. In reality, identifying just 

one accessible location would be sufficient. Furthermore, these 

models do not adequately capture the influence of context in 

determining what qualifies as a meaningful answer. 

In response, more recent theories have attempted to resolve 

these issues by incorporating the questioner’s goals. For exam- 

ple, (15) formalizes these goals as a decision problem faced by 

the questioner. According to this decision-theoretic approach, 

an answer is useful if it maximizes the expected value of the 

questioner’s decision problem, and a useful question induces a 

partition fine enough to optimally distinguish the worlds that 

matter to the decision at hand. While this framework accounts 

for the context-dependence and relevance-maximization of 

question and answer interactions, it assumes that the answerer 

knows the questioner’s decision problem in advance. This 

assumption, however, raises a question: if the answerer already 

knows the questioner’s problem, why would the questioner 

even need to ask the question? 

Our models aim to extend this core concept within a prob- 

abilistic framework, which provides an inferential mechanism 

for the answerer to deduce the ”decision problem” rather than 

assuming it is known. In the following, I will show how 

these models address four classic case studies of question and 

answer pragmatics from psycholinguistics. 

 

III. FOUR CASE STUDIES 
 

A. Clark (1979), Experiment 4 

To begin, I illustrate how the model produces varied re- 

sponses to the same query depending on the surrounding con- 

text, sometimes providing excessively detailed or insufficiently 

informative answers. As an example, I replicate the whiskey- 

pricing study introduced in the Introduction (9). As highlighted 

earlier, liquor vendors were more inclined to give detailed 

responses (e.g., explicitly stating the price) when asked ”Does 

a fifth of Jim Beam cost more than $5?” in a general context 

(e.g., ”I want to purchase some bourbon”) rather than in a 

highly specific context (e.g., ”I have exactly $5”). 

In this framework, the world state represents the whiskey’s 

price, which spans values from $1 to $10. Two potential 

objectives exist: identifying the precise whiskey price and 

determining whether it exceeds $5. The available responses 

include exact price statements and binary answers ”yes” or 

”no,” with the latter being less costly. The contextual statement 

shapes the questioner’s goal likelihood: if the context is ”I 

want to purchase whiskey,” both goals are equally probable. 

Conversely, if the context is ”I have $5 to spend,” the proba- 

bility of merely wanting to know whether the price surpasses 

$5 increases to 9:1. 

1) Findings: When the question ”Does Jim Beam cost 

more than $5?” is posed, the most frequent response is the 

correct Boolean answer, occurring with probabilities of 0.44 

and 0.49. Crucially, the dependence of the response on context 

is evident: when the question follows ”I want to buy some 

whiskey,” the likelihood of stating the exact price is higher (at 

0.18) compared to when the context is ”I have $5 to spend” 

(where it drops to 0.11). In contrast, the literal and explicit 

models, which lack contextual sensitivity, do not exhibit vari- 

ation between these scenarios. The literal model assigns equal 

probability to providing the correct Boolean and numerical 

answers, while the explicit model consistently predicts the true 

Boolean response, irrespective of context. This demonstrates 

that the pragmatic responder aligns with human behavioral 

patterns in psychologically relevant situations, successfully 

passing an initial qualitative validation test. 
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B. Groenendijk and Stokhof (1984) 

A more complex case is the mention-some versus mention- 

all interpretations of wh-questions (14; 22). Some questions, 

like ”Who is coming to dinner tonight?”, request an exhaustive 

list of answers. In contrast, other questions, like ”Where can 

I find a bathroom in this building?”, require only a single 

answer. 

The question ”Where can one buy an Italian newspaper?” 

can be interpreted differently depending on the context: a 

tourist likely wants to know the nearest location, while a 

businessperson looking to establish a newspaper distribution 

network would need a comprehensive list. The challenge is 

determining how the same question can have different inter- 

pretations in different contexts, which is handled by inferring 

the questioner’s underlying goal. 

In this model, the world state consists of four cafes, each 

defined by its distance from the speaker and whether it sells 

Italian newspapers. The two possible goals are determining the 

identity of the nearest cafe selling a newspaper or identifying 

all cafes with newspapers. The possible answers include all 

combinations of cafes (e.g., ”cafe 1 and cafe 3” or ”cafe 2, 

cafe 3, and cafe 4”), as well as the answer ”none.” 

The prior over the answer utterances is set as follows: there 

is a 10% chance of answering ”none,” while the agent selects 

one cafe with a 50 

1) Results: The world is set as follows: 

world = { ’ cafe 1 ’  :  [ 3 ,  f a l s e ] , 

’ cafe 2 ’  :  [ 1 ,  t r u e ] , 

’ cafe 3 ’  :  [ 3 ,  t r u e ] , 

’ cafe 4 ’  :  [ 3 ,  t r u e ]} 

After executing the model for both contexts, I find that 

the most probable response in the ”I’m new here” context 

is the single location ”cafe2,” with a probability of 0.56. In 

contrast, in the ”I’m a businessperson...” context, the most 

probable response is the combination ”cafe2 and cafe3 and 

cafe4,” with a probability of 0.82. Importantly, cafe 1 was 

never assigned a probability in either context, as it did not sell 

Italian newspapers, demonstrating that the pragmatic answerer 

will not provide false information. Additionally, the nearest 

cafe was prioritized in the ”tourist” context. 

The literal and explicit answerers, as in the Clark example, 

do not account for context, and hence both incorrectly pre- 

dicted that the context would have no impact on the preferred 

answer. The literal answerer predicted that all combinations 

of cafes 2, 3, and 4 would be given equally, while the explicit 

answerer predicted ”cafe2” as the answer in all contexts. 

The key difference between this scenario and the Clark case 

lies in the structure of the world and the meaning of the 

answers, while the questioner and answerer functions remain 

unchanged. 

C. Gibbs Jr. & Bryant (2008): Experiment 3 

Previous research has demonstrated that individuals tend to 

round their responses to the nearest 5- or 10-minute increment 

when asked, ”Do you have the time?”, even when using a dig- 

ital watch (2). Replicating this result, (3) conducted a follow- 

up study by introducing the context, ”I have a meeting at 

4:00,” before posing the time-related question. Their findings 

showed a decrease in the tendency to round times as the time 

approached the deadline. Specifically, when the question was 

asked at 3:40, respondents were more likely to round to ”3:45,” 

but at 3:53, they would give the time to the exact minute. This 

behavior was explained through the lens of the questioner’s 

goal: when facing an approaching deadline, a precise answer 

is crucial for decision-making, such as whether to hurry. 

In this experiment, I treat the world state as the true current 

time. Unlike the previous scenarios with only two Question 

Under Discussion (QUD) elements, here, there is a family of 

QUDs and a fixed context regarding the appointment time. 

The QUDs are parameterized by a threshold time, where times 

below this threshold are rounded to the nearest 5 minutes, and 

times above this threshold are reported exactly. For instance, 

a QUD with a threshold set at 3:50 reflects the goal of 

learning the true time if it exceeds 3:50, but only requiring an 

approximate time if it is below 3:50. The prior over thresholds 

(τ = 3:30, 3:35, . . . , 3:55) is weighted by its proximity to the 

appointment time, reflecting the idea that as the appointment 

time nears, a more precise answer becomes more relevant. 

The set of potential responses consists of times from 3:30 to 

4:00, each with uniform probability. Importantly, the meaning 

of a given response is approximate, as it influences the 

”interpreter” component of the model by giving greater weight 

to world states close to the response. This allows for the 

generation of rounded answers in the first place. 

1) Results: To evaluate this model, I compare two simula- 

tions. In both cases, the context is ”I have an appointment at 

4:00.” In the first, the actual time is 3:34 (the ‘appointment 

far’ condition); in the second, it is 3:54 (the ‘appointment near’ 

condition). In their study, (3) observed that in the ‘appointment 

far’ condition, respondents are more likely to round to 3:35, 

while in the ‘appointment near’ condition, they are more likely 

to give the precise time of 3:54. Indeed, in the ‘appointment 

far’ condition, the pragmatic questioner model most frequently 

replies with the rounded time of ‘3:35’ at a probability of 0.40, 

compared to the true time of ‘3:34’ at 0.27. In contrast, in the 

‘appointment near’ condition, the model most often provides 

the exact time ‘3:54’ with a probability of 0.68, and rounds 

to ‘3:55’ with a probability of 0.16 (see Figure 1). 

 

D. Clark (1979): Experiment 5 

This experiment offers a critical test for the questioner 

component of the model. In earlier computational experiments, 

the answerer’s inferences were based solely on the context and 

the QUD prior, as the question space contained only a single 

element. However, one of the most innovative predictions of 

the RSA model is that the questioner’s utterance choice should 

influence the pragmatic answerer’s inferences about the under- 

lying goals. While there is limited experimental work directly 

testing questioner behavior as a dependent variable, there are 
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Pragmatic Answerer: Clark (1979) Experiment 4 
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Fig. 1. Simulation results from the replication of Gibbs Jr. and Bryant (2008), 
showing the likelihood of different time answers. The vertical lines indicate 
the actual time in each scenario. 

 

 

studies where the question asked serves as the independent 

variable, and the focus is on its impact on responses. 

One such study is a follow-up to the first experiment 

modeled in this paper, where instead of calling liquor mer- 

chants, (9) contacted restaurants and posed one of four yes/no 

questions about the types of credit cards they accepted: 

1) “Do you accept MasterCard?” 

2) “Do you accept American Express?” 

3) “Do you accept credit cards?” 

4) “Do you accept any kinds of credit cards?” 

The responses were analyzed to determine the likelihood of 

receiving a simple yes/no answer versus the more informative 

response listing all accepted cards. It was found that (1) and 

(2) almost always received a yes/no answer, (3) was equally 

likely to receive a yes/no or full list, and (4) nearly always 

prompted the full list. 

I model this scenario as follows: the set of possible worlds 

is defined by the status of five different credit cards (‘Visa’, 

‘MasterCard’, ‘American Express’, ‘Diner’s Club’, and ‘Carte 

Blanche‘), with a Boolean indicating whether each card is 

accepted. The true world state is known by the answerer but 

not the questioner. The four questions form the question space, 

and the answer space includes ‘yes‘, ‘no‘, and all possible 

combinations of the cards accepted. 

There are four possible goals depending on the questioner’s 

situation. The first goal is the ”MasterCard” goal, where the 

questioner only has a MasterCard and wants to know if it is 

accepted. The second goal, ”Master + Diner’s”, arises when 

the questioner has both MasterCard and Diner’s Club cards and 

wants to know if either is accepted. The third goal, ”Master 

+ Diner’s + American”, occurs when the questioner possesses 

MasterCard, Diner’s Club, and American Express, and only 

needs to know if any of these cards are accepted. Finally, the 

”names” goal involves the questioner seeking the full list of 

accepted cards. 

1) Results: The world state for testing the pragmatic an- 

swerer is as follows: 

v a r world = { 
’ Visa ’  :  f a l s e , 

’ Master  Card ’  :  t r u e , 

’ American  Express  ’  :  f a l s e , 

Fig. 2. Results of the computational experiment replicating Clark (1979), 
Experiment 4. The M label indicates responses regarding MasterCard, D for 

Diner’s Club, and M + D for answers that mention both cards. In the left 
panel, an over-informative answer is provided for the question, “Do you accept 
any kinds of credit card?” while the right panel shows a more literal yes/no 
answer to “Do you accept MasterCard?” 

 

 

’ Diners  ’  :  t r u e , 

’ C a r t e B l a n c h e ’  :  f a l s e 

}; 

In this case, when the questioner asks, ”Do you accept 

MasterCard?”, the pragmatic answerer most likely responds 

with ‘yes’. However, when the question is, ”Do you accept 

any kinds of credit cards?”, the most likely answer is the full 

list of accepted cards, as seen in Figure 2. 

Upon examining the inferred QUD in each scenario, these 

results become clearer. For the ”MasterCard” question, the 

pragmatic answerer deduces that the goal is to determine 

whether MasterCard is accepted, so a simple ‘yes’ is sufficient. 

For the ”any kind” question, the answerer infers that the goal 

is to obtain the full list of cards, making a ‘yes’ response 

inadequate. As a result, the answerer chooses to provide the 

complete list instead. These inferences are based purely on the 

questioner’s behavior within the model, rather than on broader 

contextual cues as in previous experiments. 

E. Discussion 

It is noteworthy that the same questioner-answerer model 

was able to replicate patterns of question-answer behavior 

across four distinct scenarios. This included both explicit and 

implicit contextual effects, as well as situations where the 

question itself acted as a signal for the underlying goals. 

All of these investigations primarily focused on answerer 

behavior, allowing us to demonstrate that the questioner model 

is consistently integrated as a submodule within the answerer. 

However, because questioner behavior was always manipu- 

lated as an independent variable, testing the questioner model 

as an independent predictor of human questioning behav- 

ior was not possible. This reflects the general oversight of 

questioner behavior in psycholinguistic studies, and additional 

experiments are necessary to assess the model’s predictions. 

Several complex questions remain regarding the model’s 

behavior in these scenarios, especially the last one. Recall that 

Clark observed a difference between the questions ”Do you 

accept any kinds of credit cards?” and ”Do you accept credit 

cards?” whereas the model treats these two as identical. It 

Do you accept any kinds of credit card? Do you accept MasterCard? 
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d1 d2 b1 

interprets both questions with literal semantics that yield true 

if any of the Boolean conditions in the object are true, and 

false otherwise, which subsequently influences the pragmatic 

answerer. The source of this asymmetry is not immediately 

clear. Another issue is that the answer distribution resulting 

from this model is not consistently stable across all parameter 

settings and world scenarios. The answer prior relies on a 

parameter to determine the likelihood of ’yes’ or ’no’ answers 

compared to lists of card types, and changing this parameter 

causes significant shifts in the answer distributions (though 

all distributions trend toward fewer ’yes’/’no’ responses and 

more list-type answers when responding to the ”any kinds” 

question). A more thorough exploration of the model’s pa- 

rameter space, alongside sensitivity tests to Question Under 

Discussion (QUD) alternatives, would be valuable. 

Although the questioner component was pivotal in shaping 

the pragmatic answerer’s responses in the final simulation, 

none of these experiments specifically tested the questioner 

component. In fact, much of the empirical literature treats 

the question or context as an independent variable, with the 

answer being the dependent one. The model, as suggested 

by (15), however, proposes that the question itself plays a 

significant role in eliciting a relevant answer. To evaluate 

these predictions, I devised a series of experiments using 

a communication game designed to collect data on both 

question-asking and question-answering behaviors. 

IV. EXP. 1: HIERARCHICAL INQUIRY AND RESPONSE 

I created a guessing-game experiment with two partici- 

pants—a questioner and an answerer—to examine how ques- 

tioners formulate inquiries based on a specific objective and 

how responders respond under ambiguity regarding this ob- 

jective. Four hidden animals—a dalmatian, a poodle, a cat, 

and a whale—were part of the game setup, and they were all 

placed behind different gates. According to a class hierarchy, 

these animals held different levels of positions (see Fig. 3). 

While the answerer knew where every animal was, they were 

not aware of the questioner’s private objective, which was to 

identify a particular animal (e.g., ”locate the poodle”). The 

questioner had to ask one question from a small list of pre- 

made questions before choosing a gate, and the answerer 

would then reveal the animal behind it. A key feature of the 

original scenario served as the inspiration for the question 

choice restriction: the questioner must use an indirect query 

when the most direct question (such as ”Can I eat your food?”) 

cannot be asked because of social norms, complexity, or other 

limitations. 

The limitation on available questions played a crucial role in 

distinguishing between the pragmatic and explicit versions of 

the model. If every possible question were accessible, both 

models would invariably select the most direct inquiry. To 

explore the divergence in behavior when only a subset of 

questions was permitted, consider a case where the question 

”poodle?” was not an option. If the questioner instead asked 

about a ”dog?”, both a dalmatian and a poodle would be 

plausible responses for an explicit answerer, given their shared 

 

 

 
Fig. 3. Hierarchical structure in Exp. 1. The goal and response elements 
consisted of the four terminal nodes (animals) concealed behind gates (tree 
nodes). The set of available questions, however, was limited to the highlighted 
nodes within the hierarchy, promoting indirect questioning. 

 

 

classification as dogs. However, a pragmatic answerer might 

infer that if the questioner were genuinely searching for the 

dalmatian, they would have directly asked about it. Since the 

questioner did not do so, it is likely that their interest lies in 

the poodle, the only other relevant option given the constraints 

on their questioning ability. 

1) Participants: This experiment involved 125 participants 

recruited through Amazon Mechanical Turk. Eleven partic- 

ipants were excluded because they did not understand the 

instructions or were not native English speakers. 

 

A. Stimuli & Procedure 

The model’s design included a world space W with 24 

possible combinations of four objects assigned to four gates, 

resulting in 4! = 24 different configurations. The goal space 

G contained the set of four objects the questioner may be 

attempting to identify, represented as the leaves of the decision 

tree in Fig. 3. The answer space A consisted of four gates 

from which the answerer could select. The restricted question 

space Q included the highlighted nodes of the decision tree: 

’dalmatian?’, ’dog?’, ’pet?’, and ’animal?’. 

Each participant took part in eight trials—four as ques- 

tioners and four as answerers—one trial for each goal and 

question, respectively. In the questioner block, participants 

were assigned a private goal from G, such as “find the poodle!” 

and were tasked with selecting the most useful question from 

a drop-down menu containing elements of Q. During the 

answerer block, participants were shown the assignment of 

objects to gates and were informed of the question posed by 

the other player. They were then asked to choose the gate that 

would give the most useful information to the questioner. To 

avoid any learning effects, questioners were not given answers, 

and neither role was able to see the results of the game. The 

order of the questioner and answerer blocks was randomly 
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Fig. 4 (right). Answerers exhibit high sensitivity to 

the constraints posed by the questioner, offering details 

about the dalmatian when asked about a ‘dalmatian’, 

χ2(3) = 281, p < .001, the poodle when inquired about a 

‘dog’, χ2(3) = 137, p < .001, the cat when asked about a 

‘pet’, χ2(3) = 57, p < .001, and the whale when queried 

about an ‘animal’, χ2(3) = 121, p < .001. Interestingly, while 

a literal interpretation of the question could allow revealing 

either the dalmatian or the poodle in response to a question 

about a ‘dog’, answerers consistently preferred disclosing the 

location of the poodle. 

2) Model Comparison: Each model was evaluated with 

uniform prior probabilities across the worlds, goals, questions, 

and answers, assigning equal costs to all utterances. The opti- 

mality parameter for each model was fine-tuned to maximize 

its correlation with the empirical data. 

The literal answerer and literal questioner models can be 

dismissed. The literal answerer model predicts an equal likeli- 

hood for all four gates, which is inconsistent with the observed 

patterns for the answerer role. In the same vein, the literal 

questioner model, which determines the question that would 

elicit the most informative answer from the literal answerer, 

does not exhibit any preference for specific questions. The 

predictions made by these models, when compared to the 

empirical results, are shown in the left column of Fig. 5. 

Among the two remaining questioner models—the explicit 

and pragmatic models—their predictions are quite similar, 

which makes it difficult to distinguish between them using 

the current data. The pragmatic questioner model results in 

a model-data correlation of r = 0.99, while the explicit 

questioner model achieves r = 0.96. The difference in these 

correlations is statistically significant, with a d-value of 0.03, 

and the 95% confidence interval for Hou’s estimate being [- 

0.097, -0.004]. Despite the pragmatic model fitting the data 
Fig. 4. Experiment 1’s findings are contrasted with the most accurate 
model’s predictions for questioners (left) and answerers (right). The pragmatic 
answerer model more closely matches the qualitative patterns found in the 
response data than the explicit answerer model, even though the two questioner 
models produce predictions that are comparable. 

 

 

determined for each participant, and within each block, the 

stimuli were also presented in a random order. 

1) Results: The outcomes for the questioner role are illus- 

trated in Fig. 4 (left). The analysis indicates that questioners 

consistently ask distinct types of questions based on the 

objective, with a noticeable trend toward more indirect ques- 

tioning as the goals change. Statistical evaluations revealed 

significant deviations from uniform distributions across the 

four response categories. Specifically, questioners showed a 

greater tendency to inquire about the ‘dalmatian’ when the 

objective was to locate the dalmatian, χ2(3) = 137, p < .001, 

about the ‘dog’ when the aim was to identify the poodle, 

χ2(3) = 152, p < .001, about the ‘pet’ when the goal was the 

cat, χ2(3) = 120, p < .001, and about the ‘animal’ when the 

target was the whale, χ2(3) = 150, p < .001. 

The  results  for  the  answerer  role  are  presented  in 

slightly better, both models yield similar qualitative patterns. 

The predictions of the pragmatic questioner model for each 

response distribution are displayed in Fig. 4 (left). Although 

the model’s predictions do not precisely align with the empir- 

ical data in terms of magnitude, it effectively captures the key 

qualitative trends, particularly the modal responses. 

In comparison, the pragmatic answerer model offers a much 

closer fit to the data than the explicit answerer model, with a 

model-data correlation of r = 0.95 for the pragmatic answerer 

and r = 0.8 for the explicit answerer. This difference in 

correlations is statistically significant, as evidenced by a d- 

value of -0.15 and Zou’s 95% confidence interval ranging from 

[-0.43, -0.02]. 

3) Discussion: The pragmatic answerer model is the only 

one that effectively accounts for the key qualitative features 

of the response data. For example, while the explicit answerer 

would predict that participants are equally likely to choose 

between the ’dalmatian,’ ’poodle,’ and ’cat’ when asked about 

a pet, the actual data reveal a distinct preference for selecting 

the cat, with ’dalmatian’ and ’poodle’ showing similar levels 

of preference to the other option. This preference pattern is 

accurately captured by the pragmatic answerer model (see 

goal: dalmatian goal: poodle 

goal: siamese cat goal: whale 

utterance: dalmatian utterance: dog 

utterance: pet utterance: animal 
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Fig. 5. The space of models and their association with the empirical data from 
Experiment 1 is illustrated. The row corresponding to the questioner models 
highlights the reasoning employed by each model in relation to the answerers 
below, with the pragmatic answerer considering the direct questioner. 

 

 

Fig. 4 (right)). A more pronounced discrepancy arises in 

response to the ’animal?’ question, where the explicit answerer 

anticipates a uniform distribution across all answers (as all four 

responses are animals). However, the observed distribution 

deviates notably from uniform, reinforcing the necessity of 

employing a pragmatic answerer to explain these findings. 
While the data strongly advocate for the pragmatic answerer 

0.75 

 
0.50 

 
0.25 

 
0.00 

 
 
 
 
 
 
 
 

 
cat dalmatian cat dalmatian 

response 

 

 
trial 

first 
second 

model, the results concerning the explicit and pragmatic ques- 

tioner models are less definitive. The predictions made by 

both models did not significantly differ, and both demonstrated 

strong performance. To further investigate this, a follow-up 

study was conducted focusing on a special case within the 

guessing-game framework, where the explicit and pragmatic 

questioners diverge in their predictions. 

 

V. EXPERIMENT 2: A COMPREHENSIVE EVALUATION OF 

QUESTIONER MODELS 

1) Participants: A total of 50 individuals were enlisted 

to participate solely in the questioner phase of the guessing 

game outlined earlier. Of these, ten participants were excluded 

from the analysis due to being non-native English speakers or 

expressing uncertainty regarding the instructions. 

2) Stimuli and Procedure: The procedure adhered to the 

format established previously, with some modifications to the 

stimuli. The world space X encompassed possible configura- 

tions of three pets across three gates. The two designated goals 

T were the dalmatian and the poodle (with the cat excluded). 

The questions Q were phrased as either ’dalmatian?’ or 

’cat?’. The available responses R corresponded to the three 

Fig. 6. Distribution of responses across all trials in Exp. 2 (left) and the 
response distribution segmented by first- and second-trial data (right). 

 

gates. Each participant was presented with the two goals in a 

randomized order. 

3) Results: When tasked with identifying the dalmatian, 

participants exhibited a notable tendency to inquire about the 

dalmatian more frequently than the cat, χ2(1) = 12, p < 
0.001. Conversely, when the goal was to locate the poodle, 

participants showed a marginal preference for asking about 

the cat over the dalmatian, χ2(1) = 3.6, p = 0.058. How- 

ever, focusing solely on the first trial, the preference for the 

dalmatian remained strong, χ2(1) = 14.4, p < 0.001, while 

the tendency to inquire about the cat diminished significantly, 

χ2(1) = 0.07, p = 0.79. These results are depicted in Fig. 6. 

4) Comparison of Questioner Models: The explicit ques- 

tioner model predicts that when the goal is to find the ’poodle,’ 

there will be no clear preference for a specific question because 

the explicit answerer is equally unlikely to provide the desired 

answer for both targets. In contrast, the pragmatic questioner 

model predicts that participants will inquire about the cat. 

This is based on the assumption that the (internal) pragmatic 

answerer would deduce that if the questioner was interested 
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in the dalmatian, they would ask about it directly; thus, not 

asking about it indicates a focus on the alternative goal. 

The question of which questioner model best captures the 

data has yet to be fully addressed. Overall, the response 

distribution confirms the pragmatic model’s predictions, with 

participants preferring questions about the cat. However, this 

trend is not observed when only the first trial data are 

considered. This difference could be attributed to a variety 

of factors. Intriguingly, the pragmatic model suggests that if 

the questioner ignores the constraints on possible goals, a 

more explicit-like distribution of responses may emerge. If 

participants mistakenly believed the poodle was the only goal 

(against the instructions), asking about the dog would be con- 

sistent with the pragmatic model. It’s possible that participants 

didn’t fully consider the alternative goal (dalmatian) until after 

the initial trial, when it was actually the goal.1 

5) Interpretation: Experiment 1 demonstrated that the prag- 

matic answerer model is essential for explaining the behavior 

of answerers in the basic guessing-game task, complementing 

the findings from computational simulations. Furthermore, it 

showed that both the explicit and pragmatic questioner models 

were able to capture key features of the questioner data, such 

as the tendency to prefer under-informative questions when the 

explicit label for an object is not available. However, neither 

experiment 1 nor experiment 2 succeeded in distinguishing 

between the explicit and pragmatic questioner models. In 

experiment 1, both models made identical predictions; in ex- 

periment 2, the response data were influenced by participants’ 

assumptions about alternative goals. 

There are several methodological issues worth considering 

in this task. For example, participants only provided hypo- 

thetical judgments about what they would say under different 

goal or question scenarios, rather than engaging in an actual 

game. Moreover, participants did not perceive that they were 

interacting with a real partner. These issues contributed to a 

general sense of confusion about the task and may have en- 

couraged abstract, logic-based reasoning instead of the social 

and linguistic intuitions the experiment aimed to investigate. 

To address these concerns, I modified the task in the sub- 

sequent experiments. In experiment 3, I replicated experiment 

1 in a real-time, multiplayer setting where participants were 

assigned to either the “questioner” or “answerer” role and 

interacted with each other while playing the full game. In 

experiment 4, I expanded the range of items beyond the 

singular animal hierarchy used in earlier experiments. This 

new set of items covered four domains (animals, plants, 

places, and artifacts) and incorporated three different hierarchy 

structures, yielding a broader range of predictions from the 

models. One of these hierarchical structures was designed 

specifically to provide a critical test for distinguishing between 

the explicit and pragmatic questioner models. Unlike experi- 

ment 2, this condition did not require participants to reason 

 
1This pattern was also seen in a simpler stimulus set involving red and blue 

squares and circles. 

 

 
Fig. 7. Interface views for Experiment 3: the questioner’s screen (top) and 
the answerer’s screen (bottom). 

 

about unconventional question alternatives that do not refer to 

any existing real-world items. 

VI. EXPERIMENT 3: INTERACTIVE Q&A TASK 

1) Participants: A total of 50 participants were recruited 

via Amazon’s Mechanical Turk for this task. Among them, 

25 participants were assigned to the questioner role and the 

remaining 25 to the answerer role, resulting in 25 completed 

games. 

2) Stimuli & Procedure: The world space W, goal space 

G, question space Q, and answer space A remained consistent 

with those used in Experiment 1 (refer to Figure 3). The proce- 

dure was adjusted to incorporate real-time interaction between 

the players, following the methodology of (23). Participants 

first completed a brief quiz on the game instructions before 

being directed to the main interface. The first player to join was 

designated as the “questioner” (or “guesser” in the cover story) 

and instructed to wait for a second player. Once the second 

player joined, they were assigned the role of “answerer” (or 

“helper”), and the game commenced. 

The interfaces for the questioner and answerer are shown 

in Figure 7. Chat messages were displayed on the left side of 

the screen, while the right side served as the workspace for 

players to view goals, pose questions, and provide answers. At 

the start of each trial, a wheel on the questioner’s screen (see 

Figure 7, top) would spin and randomly select one of the four 

goals. The questioner then clicked and dragged words into the 

”Question box” to formulate a query to assist in identifying 

the goal. The answerer could observe the words being dragged 

in real time. Upon clicking the ‘send’ button, the question 

appeared in the chat log, and control shifted to the answerer, 

who selected one of the four gates to respond with the location 
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of the chosen object. The questioner then attempted to guess 

which gate they believed the goal object was behind. 

Each participant completed four trials, with the object loca- 

tions randomized and a new goal randomly assigned for each 

trial. This design prevented questioners from using ”process of 

elimination” reasoning when multiple trials included the same 

goal. 

3) Findings: The results from the questioner role are illus- 

trated alongside the model’s predictions in Figure 8 (left). It 

was noted that questioners consistently tailored their questions 

based on the specific goal, with a trend toward asking more 

indirect questions as the experiment progressed. χ2 tests across 

the four different response distributions revealed significant 

departures from uniformity. In particular, questioners were 

more inclined to inquire about the ‘dalmatian’ when the goal 

was the dalmatian, χ2(3) = 77, p < .001, the ‘dog’ when the 

goal was the poodle, χ2(3) = 50, p < .001, the ‘pet’ when the 

goal was the cat, χ2(3) = 47, p < .001, and the ‘animal’ when 

the goal was the whale, χ2(3) = 39, p < .001. 

The findings for the answerer role are presented in Figure 

8 (right). Answerers showed a high degree of responsive- 

ness to the constraints posed by the questioners, offering 
information related to the dalmatian when asked about a 

‘dalmatian’, χ2(3) = 102, p < .001, the poodle when asked 

about a ‘dog’, χ2(3) = 47, p < .001, the cat when asked about 

a ‘pet’, χ2(3) = 45, p < .001, and the whale when asked about 

an ‘animal’, χ2(3) = 31, p < .001. A comparison of these 

results with the predictions from the model is provided in the 

following section. 

4) Model Comparison: Model comparison was conducted 

similarly to Experiment 1: a single optimality parameter was 

fitted for each of the six models to maximize correlation with 

the empirical data. 

Once again, both the literal questioner and literal answerer 

models were ruled out due to their prediction of a uniform 

distribution across the four questions and answers. Among the 

remaining models, the predictions of the questioner models 

were found to be nearly identical. Specifically, I obtained a 

correlation of r = 0.971 for the explicit questioner model and 

r = 0.996 for the pragmatic questioner model. The difference 

in these correlations was statistically significant, with Zou’s 

confidence interval of [−0.079, −0.009] suggesting that the 
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pragmatic questioner model provides a better fit. However, 

both models made nearly identical qualitative predictions, as 

shown for the pragmatic questioner model’s predictions in 

Figure 8 (left). 

For the answerer models, the pragmatic answerer provided 

a substantially better fit to the data than the explicit answerer, 

with correlations of r = 0.7 for the explicit answerer and 

r = 0.99 for the pragmatic answerer. Taking into account 

the overlap of empirical data used for these correlations, 

the difference was statistically significant (Zou’s confidence 

interval = [−0.676, −0.107]). 
5) Discussion: In this real-time, interactive setting, I repli- 

cated the results from Experiment 1. As in the previous 

experiment, both the explicit and pragmatic questioner models 

Fig. 8. Experiment 3 results and model fits for the pragmatic questioner (top) 
and answerer (bottom) models. 

 

 

fit the data for questioners extremely well, while the pragmatic 

answerer model provided a superior fit compared to the 

explicit answerer model, both quantitatively and qualitatively. 

Furthermore, the interactive nature of the game appeared to 

enhance the experience, making it more engaging and less 

confusing for participants compared to the dropdown menu 

design used in the first two experiments. The continuous 

feedback from the answerer created a more social atmosphere, 

and the real-time visibility of the questioner’s actions made it 

seem like participants were interacting with another human, 

goal: dalmatian goal: poodle 

goal: siamese cat goal: whale 

utterance: dalmatian utterance: dog 

utterance: pet utterance: animal 
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Fig. 9. The full model space, showing the correlations with Experiment 1 
data. The questioner models are presented in the first row, each reasoning 
about the corresponding answerer models in the row beneath. The pragmatic 
answerer model reasons about the explicit questioner. 

 

addressing concerns from previous experiments. 

It is important to note that the stimulus set used in all exper- 

iments so far—based on a simple animal hierarchy—provided 

only 16 points of comparison between the models and the 

data. Additionally, there exists a heuristic strategy for selecting 

questions based on the hierarchy structure that leads to the 

same response patterns without requiring social inference. For 

example, if the questioner saw their goal, they could eliminate 

labels that do not apply (e.g., a ‘cat’ is neither a ‘dalmatian’ 

nor a ‘dog’) and then choose the most specific remaining label 

(e.g., ‘pet’ is more specific than ‘animal’). 

In Experiment 4, I aim to test the generality of the model 

by expanding the stimulus set to include multiple domains 

and hierarchy structures. This will address the concern that the 

observed behavioral patterns might be specific to the animal set 

and tree-like hierarchy. I will also include a critical hierarchy 

structure where the explicit and pragmatic questioner models 

make distinct predictions, and the heuristic strategy fails to 

account for these differences. 

VII. EXPERIMENT 4: GENERALIZING PREDICTIONS 

1) Participants: A total of 199 participants were recruited 

from Amazon’s Mechanical Turk for this experiment. How- 

ever, fifty participants were excluded due to a server crash 

that interrupted the task before completion. Additionally, two 

participants were excluded because they were not non-native 

English speakers. This resulted in 74 completed games from 

unique participants. 

2) Stimuli & Procedure: Twelve distinct items were cre- 

ated by combining four domains (animals, plants, places, 

Fig. 10. Illustrations of the three hierarchy types used in Experiment 4. The 
bottom row represents the answer space, while the labels in the questioner 
space are highlighted in red. 

 

 

and artifacts) with three hierarchy structures (”branching,” 

”overlapping,” and ”equivocal”; see Figure 10). For each item, 

there was a set of four goal objects in G, four question labels in 

Q that the questioner could use to inquire about their assigned 

goal, and four answers in A corresponding to the four items 

in G displayed on the wheel. 

The procedure followed the same format as Experiment 

3 with two key changes. First, I addressed an imbalance in 

the task where the answerer could observe the questioner’s 

movements, but the questioner only saw template text re- 

sponses. In pilot testing, it was found that answerers were 

more likely to believe they were playing with a human partner 

than questioners. To align the beliefs of both participants, I 

modified the way the answerer responds. Instead of selecting 

a gate and clicking a ’send’ button, a ”Reveal Box” was 

introduced. When the answerer was ready to reveal a gate, 

they would drag the object into the box. The questioner could 

then observe the gate’s outline moving in real time and view 

the image once the answerer released it. 

The second adjustment was made in response to the 

fact that some participants exploited the flexibility of the 

”question box” drag-and-drop procedure after several rounds. 

On challenging items, particularly those with an equivocal 

hierarchy where the model predicts no preferred question 

for certain goals, participants began using non-grammatical 

signals. While this behavior is interesting, the goal of the 

experiment was to test models that operate within a defined 

set of question utterances, so I introduced a predefined frame 

for the question box. Participants were only allowed to drag 

one question label into the box. 

Each participant responded to one trial for each of the 

twelve items, with the items presented in random order. 

3) Results: First, it was observed that there was a high 

correlation in response probabilities across domains for both 

questioners and answerers (see Table I). For simplicity, I will 

collapse the data across domains in the analysis. However, it 
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Fig. 11. Interfaces for participants in Experiment 4: the questioner (top) and 
answerer (bottom). 

 

 

is worth noting that the ”place” domain showed the lowest 

inter-domain correlations for both questioners and answerers, 

which suggests it may be an outlier — I will revisit this in 

the discussion section. 

Next, I will examine the response patterns for each hierarchy 

type, using the ‘animal’ domain for clarity. In the ‘branching’ 

hierarchy, I find that . . . 

4) Model Comparison: Model comparison followed the 

same method as in Experiments 1 and 3. To prevent overfitting 

and minimize the number of free parameters, I pooled the data 

from all hierarchy structures and domains and fitted a single 

rationality parameter for each model to optimize model-data 

correlations across the entire pooled dataset. 

The fits for these models, broken down by hierarchy struc- 

ture, are shown in Figure 13. I can immediately rule out 

both the literal answerer and literal questioner models, as 

they predict a uniform response distribution. Additionally, I 

find that the explicit answerer models perform significantly 

worse than the pragmatic answerer model across all hierarchy 

structures, with r = 0.67 versus r = 0.96 in the ‘branching’ 

hierarchy, r = 0.44 versus r = 0.92 in the ‘equivocal’ 

hierarchy, and r = 0.68 versus r = 0.86 in the ‘overlapping’ 

 
 Questioners 

animal  place  plant  artifact 
Answerers 

animal  place  plant  artifact 

animal 1.00 0.91 0.94 0.94 1.00 0.78 0.92 0.97 

place 0.91 1.00 0.96 0.95 0.78 1.00 0.78 0.78 

plant 0.94 0.96 1.00 0.97 0.92 0.78 1.00 0.91 

artifact 0.94 0.95 0.97 1.00  0.97 0.78 0.91 1.00 

TABLE I 
CORRELATIONS BETWEEN DOMAINS IN EXPERIMENT 4 

Fig. 12. Results and model fits for Experiment 4, showing the best-performing 
questioner (left) and answerer (right) models across all domains. 

 

Fig. 13. Full range of models and their correlations with the data from 
Experiment 4, categorized by item and type. 

 

 

hierarchy, respectively. 

In examining the questioner predictions, I find that both 
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Fig. 14. Detailed comparison of model fits with the data from Experiment 
4, highlighting the overlapping hierarchy condition. 

 

 

the explicit and pragmatic models fit the data exceptionally 

well, with r = 0.97 compared with 0.98 in the ‘branching’ 

hierarchy, r = 0.90 compared with r = 0.90 in the ‘equivocal’ 

hierarchy, and r = 0.95 compared with 0.94 in the ‘overlap- 

ping’ hierarchy, respectively. 

However, because the overlapping structure was designed to 

provide a critical test for the questioner models, the primary 

concern is not the overall correlation but the distribution of 

responses to the goal “G2” (the ”house cat” in the animal 

domain). Since the goal ”house cat” is not directly available 

as a question, the explicit model predicts equal probabilities 

for the two parent categories, ”pet” and ”cat,” both of which 

have two children. 

The pragmatic model, however, predicts that ”cat” will be 

favored over ”pet” because the other child of ”cat,” the ”lion,” 

is pragmatically blocked by the answerer. When the answerer 

hears ”cat,” they reason that if the questioner’s goal were the 

”lion,” they would have mentioned ”lion”; hence, the goal must 

be the other cat. 

Figure 14 zooms in on this critical condition and com- 

pares the predictions of both models to the empirical 

data, with 95% confidence intervals. The pragmatic model 

makes the correct qualitative prediction, showing that the 

mean probability of choosing ”Q2” (pQ2 = 0.77, n = 
52, 95% bootstrapped CI = [0.65, 0.88]) is significantly dif- 

ferent from the mean probability of choosing ”Q3” (pQ3 = 
0.15, n = 52, 05% bootstrapped CI = [0.06, 0.25]), as pre- 

dicted by the pragmatic model. The predicted probabilities 

also closely match the observed probabilities within the 95% 

confidence interval, providing additional confidence that the 

model is not overfitting. 

5) Discussion: This experiment replicates the results of 

Experiments 1 and 3, demonstrating that they generalize across 

a variety of domains and hierarchy structures. Furthermore, 

the results help distinguish between the pragmatic and ex- 

plicit questioner models, showing that the pragmatic model 

is necessary to explain the data. The ”place” domain, which 

showed an outlier pattern, was found to be due to the particular 

image used, which biased participants toward a ”bar” response 

instead of the ”restaurant” response predicted by the pragmatic 

model. 

VIII. GENERAL DISCUSSION 
 

A significant contribution of this study is the extension 

of the Rational Speech Act framework to analyze not only 

individual utterances in context but also the dynamics of 

simple dialogues, specifically involving a single question and 

its corresponding answer. This shift in focus changes the goal 

from merely conveying true information to extracting useful 

information from the interlocutor. On the answerer’s side, this 

necessitates a nuanced understanding of the questioner’s inten- 

tions. This connects closely with game-theoretic and decision- 

theoretic models (15; 16), which stress the importance of 

goals and beliefs in communication, while emphasizing the 

inferential dynamics between conversational partners. 

The results presented in this study suggest that answerer be- 

havior is most effectively modeled using a pragmatic approach 

that reasons about the questioner’s intentions, interpreting 

the question as a signal. This builds on earlier intention- 

based models by providing a detailed mechanism for how 

the answerer could infer these intentions through Bayesian 

conditioning. The superiority of this pragmatic model was 

consistent across all experimental settings. 

However, questioner behavior in Experiment 2 appeared 

more dependent on prior experience. In an initial version of 

Experiment 1, which did not emphasize certain aspects of the 

task, participants displayed a mixture of explicit and prag- 

matic questioners and answerers. The multiplayer, interactive 

framework employed in Experiments 3 and 4 proved to be 

more robust against such variations. Moreover, in conditions 

such as the overlapping hierarchy in Experiment 4, questioners 

exhibited higher-order pragmatic reasoning regarding how the 

answerers would deduce their goals. This behavior could not 

be explained by a simple heuristic strategy; it indicates that 

questioners actively reason about the answerers’ goals when 

formulating their questions. 

Finally, none of the models fully captured the questioner’s 

behavior in the ”equivocal” hierarchy. Although the models 

predicted no preference between the terms ”fish” and ”pet,” 

participants overwhelmingly chose ”fish,” likely due to pre- 

existing beliefs about label suitability. In future studies, I aim 

to extend the model to incorporate mixtures of Questions 

Under Discussion (QUDs) and include label fitness when 

interpreting question words. 

While the artificial nature of the task may limit its natural- 

ness, it offers distinct advantages in controlling the precise set 

of questions, goals, and answers. Future work will focus on 

expanding the model to handle a broader range of conversa- 

tional contexts, scaling it to more complex interactions. 
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