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Abstract

When faced with a polar question, speakers often provide over-
informative answers going beyond a simple “yes” or “no”. But
what principles guide the selection of additional information?
In this paper, we provide experimental evidence from two stud-
ies suggesting that overinformativeness in human answering
is driven by considerations of relevance to the questioner’s
goals which they flexibly adjust given the functional context in
which the question is uttered. We take these human results as a
strong benchmark for investigating question-answering perfor-
mance in state-of-the-art neural language models, conducting
an extensive evaluation on items from human experiments. We
find that most models fail to adjust their answering behavior
in a human-like way and tend to include irrelevant informa-
tion. We show that GPT-3 is highly sensitive to the form of the
prompt and only achieves human-like answer patterns when
guided by an example and cognitively-motivated explanation.
Keywords: question answering; overinformativity; relevance;
language models; GPT-3

Introduction
Human interlocutors effortlessly select relevant information
from an abundance of contextually available details (Roberts,
2012; Sperber & Wilson, 1986). Understanding the princi-
ples underlying these processes in humans has become in-
creasingly critical for building artificial agents that are able
to help users interface with large bodies of information, such
as rich knowledge bases (Thoppilan et al., 2022). Human
question answering behavior provides a particularly useful
window into the problem of relevance. For example, imag-
ine that you are a bartender at a café. Today your café only
serves iced coffee, soda and Chardonnay. Imagine a customer
asking: “Do you have iced tea?” A natural answer might
be, “I’m sorry, we don’t have iced tea, but we have iced cof-
fee!” That is, even though a simple “no” is a valid response
(Hamblin, 1976; Karttunen, 1977) to a polar question, it feels
natural to provide additional information for the questioner
(H. H. Clark, 1979; Hakulinen, 2001).

But what, exactly, guides the selection of what the re-
spondent chooses to include among many possible details not
strictly required by the question (i.e., mentioning the iced cof-
fee, but not the wine)? One influential theoretical framework
has been provided by van Rooij (2003) and Benz (2006),
who formulate the problem of relevant answers in decision-
theoretic terms, suggesting that good answers are ones that
resolve the questioner’s decision problem. A related model

of question-answering has been formulated within the Ratio-
nal Speech Act framework (Frank & Goodman, 2012) which
defines a pragmatic answerer who attempts to infer the ques-
tioner’s decision problem (Hawkins, Stuhlmüller, Degen, &
Goodman, 2015). While these models address thorny theo-
retical problems about the semantics and pragmatics of ques-
tions, they have been challenging to deploy at scale or evalu-
ate empirically.

An alternative framework for question answering has
arisen from the more engineering-oriented natural-language
processing (NLP) literature. For example, classical ap-
proaches aimed to learn similarity-based answering heuris-
tics (Quarteroni & Manandhar, 2009) and more recent multi-
modal approaches aimed to align the compositional struc-
ture of the question with the available visual information
(Andreas, Rohrbach, Darrell, & Klein, 2016) or to jointly em-
bed visual and textual information (Zhou et al., 2020). An-
other approach has focused on breakthroughs in large lan-
guage models (LLMs) trained end-to-end on generic lan-
guage modeling. These models have achieved human-level
performance on downstream tasks like factual question an-
swering zero-shot, i.e., without being fine-tuned for that spe-
cific task (Radford et al., 2019; Sanh et al., 2021).

Attempts to understand the mechanisms of these models
have revealed intriguing differences between LLM perfor-
mance and humans on cognitive tasks commonly used in psy-
chology (Binz & Schulz, 2022), as well as the sensitivity of
these models to the structure of their prompts (Lampinen,
2022; Lampinen et al., 2022). Yet work in this literature has
largely focused on factual question-answering rather than the
kind of common-sense and context-sensitive scenarios where
relevance becomes key. Here, we seek to understand empiri-
cal patterns in human responses to contextualized polar ques-
tions, with an eye towards better evaluating neural language
models for relevant question answering.

Experiments
We hypothesize that human speakers reason about the deci-
sion problem the questioner might be facing when asking the
question (van Rooij, 2003). Given a detailed context and rich
world knowledge, speakers then will act cooperatively and
select contextual aspects that they consider relevant for the
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EXAMPLE: 
You are hosting a barbecue party. You are standing behind the 
barbecue. You have the following goods to offer: pork sausages, 
vegan burgers, grilled potatoes, and beef burgers. Someone asks: 
Do you have grilled zucchini? 

Let's think step by step. You reason about what that person most 
likely wanted to have. That they asked for grilled zucchini suggests 
that they might want vegetarian food. From the items you have, 
pork sausages and beef burgers are least likely to satisfy the 
person’s desires. Vegan burgers and grilled potatoes come much 
closer. Grilled potatoes are most similar to grilled zucchini.
You reply: I’m sorry, I don't have any grilled zucchini. But I do 
have some grilled potatoes.
YOUR TURN:

You are a bartender in a hotel bar. The bar serves only soda, 
iced coffee and Chardonnay. A woman walks in. She says: 
Do you have iced tea? You reply:
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Figure 1: (A) Example prompt from Experiment 1. The target vignette is in block V (bottom). Text blocks with different
Roman numbers indicate which text spans were prepended to the target vignette for different one-shot GPT-3 prompts. The
one-shot prompts were the same across vignettes. (B) Proportions of different response categories (y-axis) across vignettes for
human and GPT-3 samples under different prompts (x-axis). Roman numbers in brackets indicate which text blocks were part
of the prompt.

questioner’s problem. More specifically, we hypothesize that,
given a polar question in context, humans provide overinfor-
mative answers and do so by providing additional informa-
tion that might be relevant for the questioner’s practical de-
cision making, but not other information. We explore this
hypothesis by conducting experiments wherein human and
artificial agents answered polar questions of a questioner ask-
ing if an item was available (e.g., “Do you have iced tea?”),
when embedded in a verbally described context (e.g., Fig. 1A,
Fig. 2A). We investigate if and what kind of contextual infor-
mation agents include in their responses.

This question was operationalized by manipulating the
context preceding a polar question. The context listed pos-
sible options that could be suggested; the options (e.g., iced
coffee, soda, Chardonnay) did not include the requested tar-
get item (e.g., iced tea). The alternatives included an option
that we categorized as the optimal alternative to the requested
target for the questioner’s practical problem in the given con-
text. We call this alternative the competitor option (e.g., iced
coffee). A similar option (which was conceptually similar to
the target but less relevant for the practical problem) was also
included in the list (e.g., soda). Finally, the list included an
unrelated option which we hypothesized to be irrelevant for
the uttered request (e.g., Chardonnay).1 The order of alter-
natives in the list was randomized within-participant. Copy-
pasting text from the context was disabled.

Overinformative answers to a polar question like “Do you
have iced tea?” are answers which go beyond a simple “no”
answer (what we call here the no options response) and in-

1This intuitive classification by the authors was corroborated by
pilot studies for Experiment 1 wherein participants rated the likabil-
ity of each alternative, assuming that the target was requested. The
results aligned well with the manual classification.

clude a suggestion of an alternative option or some solution
to the request. There are different kinds of overinfomative an-
swers in the experimental context we consider. A competitor
answer offers only the competitor alternative to the questioner
(e.g., “I’m sorry, we don’t have iced tea, but we have iced
coffee.”). Similar option answers mention either the respec-
tive option alone, or combined with the competitor (“We have
soda (and iced coffee).”). Unrelated option answers mention
the respective option, too (“We have Chardonnay.”), while
all options answers enumerate all available alternatives (“We
have iced coffee, soda and Chardonnay.”). Details added to
this set up in the single experiments are described below.2

Experiment 1: Eliciting Overinformativity
The first experiment elicited free production responses to po-
lar questions given contexts which were relatively uninforma-
tive with respect to the questioner’s action goals, i.e., partic-
ipants had to make inferences about the likely intended goal
based on the question itself. If participants are overinforma-
tive, we expect a preference for generating competitor, sim-
ilar option or all options responses over providing a no op-
tions answer. Further, if human overinformativity is based on
reasoning about the relevance of the alternative, we expect a
preference towards competitor and similar option responses
over unrelated option or all options responses.

Participants We recruited 162 participants via the crowd-
sourcing platform Prolific. Four participants were excluded
due to failing a simple attention check wherein they were in-
structed to type a particular word in the free response box.
Both experiments took around four minutes and participants

2All experimental and supplementary materials, data and analy-
ses can be found under https://tinyurl.com/42krksx7
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were reimbursed with £0.60. Participants in both experiments
were restricted to self-reported native speakers of English, lo-
cated in the US and UK, with Prolific approval rates over 95%
and at least five previously completed Prolific studies.

Materials and Procedure In this experiment, we used 15
pairs of vignettes (30 in total; e.g., Fig. 1A, last paragraph). In
each pair, the options described in the context of a vignette in-
cluded a competitor (e.g., iced coffee), a similar option (e.g.,
soda), and an unrelated option (e.g., Chardonnay). The pairs
were constructed such that, e.g., iced coffee was the competi-
tor in one vignette and the unrelated option in the second
vignette of a pair, and vice versa for, e.g., Chardonnay. This
was done to tease apart possible frequency effects of the op-
tions from context-based reasoning for the LLM experiments.
Each participant saw four vignettes sampled at random, each
consisting of one question. The four main trials were shuffled
with one attention check. On each trial, they read the back-
ground context followed by the question. They freely typed
their answer following the prompt “You reply:”. Participants
were instructed to type responses to the question they read,
given the vignette, in a harmless and helpful manner.

Results Responses stating falsely that the requested item
was available were excluded (4%). Remaining responses
were manually classified into the following response types
described above: competitor, similar option, unrelated op-
tion, all options, no options and other responses. The last cat-
egory contained responses providing an answer to the ques-
tion without suggesting an explicit alternative from the con-
text but providing an alternative solution like a reason for the
unavailability, information about alternatives in more general
terms, follow-up questions and comments, as well as suggest-
ing both the related and unrelated options.

Consistent with our expectations, participants preferred
competitor responses over all other response types (Fig. 1B,
dark blue bars). Furthermore, they preferred suggesting only
alternatives similar to the target over suggesting unrelated op-
tions or enumerating all available alternatives.

These differences are corroborated by a Bayesian multi-
nomial regression model, regressing the response type
against an intercept, with the competitor response category
coded as the reference level (mean and 95% credible inter-
vals reported for both experiments): participants preferred
competitor responses over similar-option responses (β =
−1.06 [−1.29,−0.83]), competitor responses over unrelated-
option and all-options responses (β = −4.93 [−6.60,−3.73]
and β = −1.65 [−1.96,−1.36]), and similar-option re-
sponses over unrelated-option and all-options responses
(β = 0.59 [0.59,0.93] and β = 3.87 [2.61,5.55]). They
also credibly preferred offering an alternative over pro-
viding a no-option response (β = −1.52 [−1.74,−1.32]),
as well as providing competitor, similar-option and
unrelated-option responses over all-options responses (β =
−1.95 [−2.26,−1.67]).

Experiment 2: Manipulating Functional Context

We hypothesize that the driving force behind the speakers’ se-
lection of the additional information in their responses is the
reasoning about the questioners’ action goals. Therefore, we
designed a second experiment to more clearly distinguish ac-
tion relevance from similarity of alternative options. That is,
in this experiment we manipulated the relevance of the alter-
natives by creating vignettes which contained a list of options,
but presented the same alternatives in two different contexts
suggesting different motivations (Fig. 2A), hence rendering
distinct options more relevant for the questioner. If our hy-
pothesis is true, we would expect that participants provide dif-
ferent options in their overinformative responses given each
of the contexts belonging to one vignette pair.

Participants We recruited 130 participants via Prolific. Ten
participants were excluded due to failing an attention check
identical to Experiment 1, and one due to only providing (in-
felicitous) positive responses.

Materials and Procedure We designed 12 vignettes, con-
sisting of pairs of contexts which both included the same al-
ternative options but described different action problems the
questioners faced (Fig. 2A). Crucially, the alternatives in-
cluded an option a priori most similar to the requested target,
two distinct competitors anticipated to be optimal for a re-
spective context, and an unrelated option irrelevant for both
contexts. For each context, the option that was anticipated
to be the competitor was treated as a similar option for the
second context. Each participant saw only one of the two
possible contexts per vignette. Four vignettes were sampled
at random per participant and an attention check was added.
Participants received identical instructions to Experiment 1.

Results False responses were excluded (3%). Remaining
responses were manually classified into the same categories
as in Experiment 1, with the addition of the most similar re-
sponse type which included responses mentioning the a priori
most similar option. The similar option category included re-
sponses mentioning subsets of the competitor, most similar,
similar options. The other category also included responses
offering both the most similar and the unrelated options. Ad-
ditionally, each response that mentioned alternative options
was annotated with the type of the mentioned options (com-
petitor 1 for context 1, competitor 2 for context 2, a priori
most similar option, and unrelated option). The context num-
bering indicates distinction, not a meaningful numbering.

Similarly to Experiment 1, we found that participants were
overinformative and mentioned relevant alternative options:
compared to producing competitor responses, they were less
likely to produce all options (β = −2.47 [−3.09,−1.91]),
most similar (β = −1.22 [−1.57,−0.88]), unrelated (β =
−4.28 [−5.93,−3.08]), other (β = −0.91 [−1.22,−0.62])
or no options responses (β = −1.43 [−1.79,−1.07]). Par-
ticipants also preferred providing similar options responses
over all options (β = 2.56 [1.99,3.20]), most similar (β =
1.28 [0.95,1.62]), unrelated (β = 4.35 [3.16,5.94]) and no
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EXAMPLE:
You give a dinner party at your apartment. More people showed up than you 
expected. 
Your neighbor, who just arrived, approaches you and asks: Do you have a 
spare chair I could borrow?
You do not, in fact, have a spare chair, but you do have the following items: a 
broom, a TV armchair, a drum throne, a ladder and a kitchen table.
You deliberate your response as follows. The practical goal of the questioner 
is to sit down at the dinner table. For this purpose, the most useful object from 
the list of available items is the stool.
So you say: No, I don't have a spare chair, but you can have the stool.
YOUR TURN:
Your friend is having a sleepover with some friends on the weekend. They are 
preparing everything for hosting the guests since they don’t host many guests 
very often. You have that following items at home that you could spare for 
some time: a sleeping bag, a pillow, some bubble wrap and a carpet.
Your roommate is moving to another apartment and is packing her things. 
She has a large mirror that she needs to pack for transportation. You have 
that following items at home that you could spare for some time: some 
bubble wrap, a pillow, a sleeping bag and a carpet. 
Your friend / She asks: Do you have a blanket? You reply:
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So you say: No, I don’t have a spare chair, but you can have the stool.

You deliberate your response as follows. The practical goal of the questioner is 
to sit down at the dinner table. For this purpose, the most useful object from 
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Your friend / She asks: Do you have a blanket? You reply:

A B

co
nt

ex
t 1

(s
le

ep
ov

er
)

co
nt

ex
t 2

(tr
an

sp
or

t)

unrelated option
(carpet)

a priori
similar (pillow)

competitor 2
(bubble wrap)

competitor 1
(sleeping bag)

1 0.5 0 0.5 1

mirror transport <−−> sleepover

prompt

zero−shot

one−shot Explanation

one−shot QA

one−shot CoT

human E2

Do you have a blanket?

unrelated option
(carpet)

a priori
similar (pillow)

competitor 2
(bubble wrap)

competitor 1
(sleeping bag)

1 0.5 0 0.5 1

transport <−−> sleepover

prompt

zero−shot

one−shot Explanation

one−shot QA

one−shot CoT

human E2

Do you have a blanket?

Figure 2: A: Example vignettes from Experiment 2. Both contexts possible for one vignette are shown (last box, context
1 vs. context 2). The colored boxes indicate which parts of the texts were used for the human experiment and different GPT-3
prompts. The example vignette is marked dark blue and dark green (bottom). B: Mentioning proportions of different alternatives
in all responses (y-axis) in each context of a vignette (mirrored on x-axis) across vignettes in Experiment 2. Human results are
plotted against GPT-3 samples given different prompts (colors).

Table 1: Response type proportions for humans and GPT-3 in different prompting conditions across contexts in Experiment 2.

Category Competitor Most similar Similar Unrelated All Other No options
Human 0.33 0.10 0.33 0.00 0.03 0.13 0.08
GPT-3 zero-shot 0.06 0.09 0.31 0.00 0.42 0.12 0.00
GPT-3 one-shot explanation 0.28 0.04 0.21 0.03 0.39 0.04 0.00
GPT-3 one-shot QA 0.54 0.18 0.15 0.08 0.00 0.05 0.00
GPT-3 one-shot CoT 0.45 0.14 0.22 0.05 0.09 0.04 0.00

options responses (β = 1.48 [1.14,1.86]). Furthermore, con-
firming our expectations, participants offered different rele-
vant alternatives in one context compared to the other for a
given vignette (Fig. 2B, green bars, left half vs. right half).
This was confirmed by a multinomial Bayesian regression
model, fitting an intercept, a fixed effect of context and a
random by-vignette intercept to the type of mentioned op-
tion (relative to context 1 competitor): participants were more
likely to mention competitors relevant for context 1 in context
1 than in context 2 (β = 19.35 [11.92,29.81]), more likely to
mention competitors relevant for context 2 in context 2 than
in context 1 (β = 3.45 [2.46,4.45]), more likely to mention
most similar and unrelated options in context 2 than to men-
tion the respective option in context 1 (β = 2.79 [1.90,3.71],
β = 3.91 [2.45,5.53]). Taken together, these results indicate
that the options the speakers considered functionally relevant
in the respective context differed.

Neural Language Model Analysis
To evaluate the extent to which state-of-the-art models are ca-
pable of human-like context-sensitive overinformative ques-
tion answering, we test the performance of various neural

models on the same vignettes and questions from human ex-
periments. We provide a particularly detailed performance
analysis of GPT-3, a large language model which has been
shown to achieve strikingly human-like results on various
NLG tasks (Sanh et al., 2021). If neural models are capable of
human-like overinformative question answering, we expect
the same pattern of response types as in human experiments.

Participants Two different types of neural models were
evaluated. The first type were the following extractive mod-
els which were fine-tuned with a question answering head on
common question-answering datasets: RoBERTa, BERT L,
BERT base, DistilBERT (cased, uncased), DeBERTa, tiny-
RoBERTa, Electra, BART (Devlin, Chang, Lee, & Toutanova,
2018; He, Liu, Gao, & Chen, 2020; K. Clark, Luong, Le, &
Manning, 2020; Lewis et al., 2019; Liu et al., 2019; Sanh,
Debut, Chaumond, & Wolf, 2019). These models predict the
position of a span in the input text which contains the pre-
dicted answer to the question. The second type were the fol-
lowing generative, or, causal language models (LMs) which
are pretrained on the language modeling objective: T0, GPT-
2, GPT-3 davinci-003 and ChatGPT (Radford et al., 2019;

1442



Brown et al., 2020; Sanh et al., 2021; OpenAI, 2022). Ver-
sions of BART and T5 fine-tuned for free answer generation
were also tested (Lewis et al., 2019; Raffel et al., 2020). All
models used in this study were not fine-tuned to this task.3

Materials and Procedure All vignettes from experiments
1 and 2 were used. To optimize the conditions in favor of
the models, the competitor option always occurred as the first
alternative in the list of options in context. We sampled the
top five predicted responses to the questions, conditioning on
the contexts (for ChatGPT only one response was retrieved).
For LMs, these were retrieved by using beam search with
beam size five, sampling temperature 1 and maximal predic-
tion length of 64 tokens. For extractive models, these were
the five highest probability spans of length > 0.

Furthermore, building on previous studies that investigated
the effects of prompting GPT-3 (Lampinen et al., 2022),
we compared off-the-shelf zero-shot predictions of GPT-3 to
one-shot predictions wherein the context was preceded by an
example of the task. The one-shot QA prompt contained an
example context, question and the expected competitor re-
sponse to that question; the one-shot chain-of-thought (CoT)
prompt additionally provided an explanation of the relevance-
based reasoning for the selection of the competitor before the
example competitor response (Fig. 1A, “expl.”); the one-shot
explanation prompt contained an example context, question
and the CoT, but no example of the respective response (see
Fig. 1A, 2A), allowing to tease apart the importance of the
example reasoning in contrast to an example of an answer of-
fering only one (most relevant) alternative.4 Exploratory tests
revealed that one-shot prompting of other LMs often led to
nonsense performance so it is omitted. Only the CoT prompt
is used for the ChatGPT one-shot condition.

The sampled responses were manually classified follow-
ing the same annotation scheme as for human responses. For
Experiment 2, as before, the predictions were additionally an-
notated with respect to the option types they mentioned.

Additionally, we computed the log probabilities of differ-
ent response types predicted by the LMs. To this end, we con-
structed long responses of the form “I’m sorry, {I, we} don’t
have X. {I, We} have Y” where X was the target and Y a set of
alternatives defining the different response types (see above).
Probabilities over sentences with all permutations of options
in Y were averaged. Long response scores were averaged
with short responses omitting the first sentence. Retrieved
probabilities were renormalized over the response types.

Results for Experiment 1 The modal response type dif-
fered across extractive models. For models based on BERT,

3See repository above for details on datasets and model access.
4For Experiment 1, various versions of the prompts were tested.

A prompt including “Let’s {think, reason} step by step” following
“YOUR TURN” did not change results qualitatively. In one-shot
explanation prompts, it led to some responses actually spelling out
the same reasoning, without a response prediction. Presented one-
shot explanation results were compared to results with the prompt
containing “You respond accordingly.” after the CoT. No qualitative
differences were observed.

the competitor proportions came close to human data (see
supplementary materials repository for all results other than
GPT-3 from both experiments). However, the second most
popular response type was shared between all, no options or
other responses across models, while humans preferred simi-
lar option responses. We observed a high proportion of other
responses due to nonsense spans containing context or mixed-
category options.

For generative models, we found that all models besides
GPT-3 and one-shot chatGPT were much less likely to pre-
dict competitor or similar compared to all options or other
responses. Only GPT-2 and T0 also produced a noticeable
proportion of no options responses. The probabilities of dif-
ferent response types generated by language models also dif-
fered from human response proportions in that they assigned
more uniform probabilities to the different options (i.e., they
did not mirror any clear preferences for particular response
types). The computed probabilities also differed from the
response type proportions sampled from the models them-
selves, indicating that probabilities generated by LMs might
not be representative of their free inference behavior. Human
response proportions differed significantly from the response
proportions of all models (χ2-test, all p-values < 0.05).

For GPT-3 and ChatGPT, we found that the models were
most likely to produce all options responses in the zero-shot
and the one-shot explanation settings, and matched human
response patterns more closely by producing predominantly
competitor responses when given an example of the competi-
tor response (i.e., with the one-shot QA and CoT prompts;
Fig. 1B).5 Yet even given the one-shot QA and CoT prompts,
GPT-3 and ChatGPT were more likely to generate all options
responses than humans. ChatGPT was slightly less likely to
produce competitor responses in the one-shot CoT condition
compared to GPT-3. Human response patterns significantly
differed from GPT-3 responses in all prompting conditions
(χ2-test, all p-values < 0.05). We conclude that, given the
right prompting, the models were sensitive to the context (as
opposed to frequency of the alternatives, because the models
produced different responses across pairs). Overall, these re-
sults indicate that GPT-3 is strikingly sensitive to prompting
even with a single example, but including an example of the
optimal response is more crucial for achieving human-like re-
sponse patterns than explaining the underlying reasoning.

Results for Experiment 2 Similarly to Experiment 1, dif-
ferent extractive models showed different patterns of prefer-
ences over response types. None of the models came close
to predicting the human preference for contextualized com-

5Samples retrieved through the GPT-3 API often contained an-
swers consisting of the end-of-sequence token (EOS) only (0.1-0.4
of samples). These were excluded from analyses, response cate-
gory proportions were renormalized over remaining dataset. Results
for one-shot explanation prompting in Figure 1 (light blue bars) are
averaged over two sets of samples. The absence of no options re-
sponses is a feature of the GPT-3 davinci-003 model version. GPT-3
davinci-002 produced up 0.5 of responses of no options type, de-
pending on the prompting condition.
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petitor responses. In contrast to Experiment 1, BERT-based
models mostly generated other responses which might have
contained both similar and unrelated alternatives.

Turning to generative models other than GPT-3, we found
that no model came close to matching the human preference
for competitor responses (see repository). Instead, the mod-
els showed different patterns, often producing all, no or most
similar and other responses. Indeed, human response propor-
tions and model response proportions differed significantly
(χ2-test, all p-values < 0.05). This indicates that in a con-
text which requires reasoning about functional relevance both
generative and extractive models are further from human per-
formance, compared to a setting where the competitor might
be selected via a general similarity metric.

To assess the performance of GPT-3 in more detail, two
ways of looking at its predictions are useful. Table 1 shows
proportions of answer types using similar categories as for
Experiment 1. Figure 2B considers answer components in-
dependently for each context, zooming in on the context-
dependence of answers. Both analyses of GPT-3’s perfor-
mance show considerable variance under different prompts.6

Looking at Table 1, we find a large proportion of all options
responses in the zero-shot condition for GPT-3, as in Experi-
ment 1. The all options proportion was also relatively high in
the one-shot explanation condition for GPT-3, but the model
was also able to produce more competitor responses, indicat-
ing that an explanation involving contextual relevance might
bias the model towards selecting the appropriate competitor.
Both in the one-shot QA and one-shot CoT conditions, GPT-3
even outperformed humans by producing more contextually-
appropriate competitor responses and less similar and other
responses. In contrast to Experiment 1, the proportion of
competitor responses was larger in the one-shot QA condition
than in the one-shot CoT condition. In both conditions, GPT-
3 still produced more most similar responses than humans.
GPT-3 produced more exhaustive all options responses ex-
cept with the one-shot QA prompt. For all prompting condi-
tions, human response proportions differed significantly from
model response proportions (χ2-test, all p-values < 0.05).

Different performance for different types of prompts shows
even more strikingly, when we consider the ability to sin-
gle out the competitor as the most relevant option in differ-
ent contexts. Figure 2B (left vs. right half) shows the overall
frequency with which particular items were mentioned in re-
sponses, separated for the two contexts of each vignette. Only
in the QA and CoT prompts was the model able to flexibly
identify the functionally appropriate competitor in context.
With these prompts it also produced less irrelevant options
(most similar and unrelated) than for other prompts. Finally,

6For GPT-3, we found that a prompt containing an example of
reasoning about functional relevance was critical for predictions to
match human results. That is, exploratory studies revealed that GPT-
3 was more likely to offer all options, similar options or the a priori
most similar alternative compared to humans when prompted with
the same prompts as in Experiment 1. ChatGPT showed a similar
pattern (see repository).

comparing the QA and CoT prompts, GPT-3 was less likely
to include these irrelevant options given QA than given CoT
(Figure 2B, red vs. yellow bars).

Taken together, these results indicate that GPT-3 cannot
spontaneously identify the “relevant relevance dimension” for
a question. But once prompted with the appropriate dimen-
sion, it is strikingly sensitive to examples that include the in-
tended form of the answer, even outperforming humans by
producing strictly more informative answers.

Discussion
Taken together, our results in Experiment 1 provide evidence
in favor of the hypothesis that human overinformativity is
driven by reasoning about relevance based on the observed
question. Moreover, Experiment 2 revealed that humans ad-
just what they consider to be relevant depending on context,
in particular, for the functional problem of the questioner.

Our comparison of human data to samples from SOTA neu-
ral models revealed that these often fail to select the relevant
subset of contextually available options and instead include
all information. The analysis of GPT-3’s performance, when
it is conditioned on different prompts, is in line with previ-
ous research, showing that prompting form matters (Binz &
Schulz, 2022). Specifically, GPT-3 came closest to or outper-
formed human behavior in terms of only providing the most
necessary information when it was prompted with an example
target response, but not given a prompt describing the under-
lying reasoning only.

These results open up several avenues for further research.
The language model results were obtained using the sug-
gested default decoding scheme parameters. Yet the decod-
ing scheme is known to affect results (Holtzman, Buys, Du,
Forbes, & Choi, 2019; Meister, Cotterell, & Vieira, 2020), so
that investigating interactions of decoding schemes and dif-
ferent prompts may be insightful. We further observed qual-
itative differences in the types of responses preferred by lan-
guage models in terms of samples and probabilities assigned
to given response types. This suggests that the latter analy-
sis might rather reflect the models’ surface form preferences
of the scored sentences than qualitative reasoning character-
istics. Finally, the difference in propensity to generate all
options responses between humans and neural models might
be due to humans being more sensitive to production effort
than machines. Since copying-pasting from the context was
disabled for human participants, adding a production length
penalty to neural models might bring their response patterns
closer to human-like preferences.

In sum, we have presented novel empirical evidence that
human question answering is guided by subtle, context-
sensitive pragmatic reasoning mechanisms, and we argued
that these abilities should not be taken for granted even for
very sophisticated neural language models. These capacities
may be implicit in neural models fine-tuned on user response
data, but require lucky prompt-engineering and hand-holding
to be fully expressed.
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