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Greedy or not, here I come: Language production under
vocabulary constraints in humans and resource-rational models

Thomas Hikaru Clark!, Sihan Chen!, Laura Nicolae?

'Department of Brain and Cognitive Sciences, MIT
{thclark, sihanc}@mit.edu, lauranicolae@g.harvard.edu

Abstract

Communicating using only a limited vocabulary is a common
but challenging cognitive phenomenon, requiring an ideal com-
municator to plan carefully to optimize for intelligibility while
circumventing a constrained lexicon. In this work, we investi-
gate how humans respond to a broad array of questions under
variable vocabulary limitations, consisting of only 250 highly
frequent words at the most restrictive. We provide theoretically
motivated comparisons to greedy and globally optimal sam-
pling algorithms using Sequential Monte Carlo inference with
large language models. Humans generally resemble greedy
sampling more than globally optimal sampling, though more
skilled humans are more likely to backtrack and revise — a
non-greedy behavior. An observed human pattern of leaning
on semantically light words in high-constraint settings falls
out of both greedy and globally optimal sampling. We discuss
the results and their broader implications for resource-rational
cognition, psycholinguistics, L2 communication, and language
impairments.

Keywords: Psycholinguistics; Large Language Models; Expla-
nations; Planning; Resource-Rationality

Introduction

Humans use language to communicate (Fedorenko et al.,
2024). Using insights from information theory (Shannon,
1948), researchers model language as communication code be-
tween a speaker and a listener: the speaker converts their mean-
ing to utterances, and the listener receives the utterances and
recovers the meaning (see Gibson et al., 2019, for a review).
The production process is incremental: instead of starting with
a full utterance in mind, a person typically plans what to say
as they speak or write (e.g. Bock & Levelt, 1994; Ferreira &
Swets, 2002; Pickering & Garrod, 2013). At the computa-
tional level, Futrell (2023) modeled language production as
an action planning problem in which a speaker’s incremental
production is influenced both by a pressure to say contextually
predictable things and a pressure to say things that further the
communicative goal. In this work, we specifically investigate
how constraints on the available set of vocabulary words affect
incremental language production.

Communication under a vocabulary constraint is a com-
mon cognitive phenomenon. Many societies contain linguistic
minorities with limited knowledge of the majority language,
which affects their ability to access basic services or participate
in the economy (Bleakley & Chin, 2004; Grogger et al., 2020).
Compared to native speakers, learners of a language (L2 learn-
ers) tend to use fewer and more frequent words (Laufer, 1991).
When L2 learners do not know a specific word, they may
employ various strategies to get a meaning across, such as
describing key properties of the concept (Poulisse, 2011) or
using “all-purpose” or semantically light words as substitutes
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(Dornyei & Scott, 1997). This phenomenon suggests that
there may be diminishing marginal returns to learning new
vocabulary words above a certain point, since a subset of the
vocabulary is typically sufficient for communication.

Another common case of vocabulary-constrained commu-
nication is when an expert explains a complex phenomenon
to a layperson. Past work has considered what makes for a
good explanation (e.g. Brewer et al., 2000; Cruz & Lombrozo,
2025; Chandra et al., 2024; McCarthy & Keil, 2023). For
example, Sulik et al. (2023) suggests that a good explanation
contains functional (i.e., what is something for?) or mechanis-
tic (i.e., how does something work?) information. Besides the
type of information, the words used also matter. For example,
laypersons find explanations with jargon (terms only under-
stood by a specific group of experts) harder to understand
(Bullock et al., 2019; Cruz & Lombrozo, 2025; Keuleers et al.,
2015). It remains unclear how exactly the usage of specific
words changes in response to vocabulary constraints, and what
kind of algorithmic-level (Marr, 1982) model of language gen-
eration captures the properties of language generated under
vocabulary constraints.

In this work, we define a large space of communicative
goals and evaluate the properties of English responses gener-
ated by humans under varying vocabulary constraints, com-
prising only the most common 250 English words at the most
restrictive. Recently-developed techniques allow us to sample
from a language model subject to custom constraints (Lipkin
et al., 2025; Loula et al., 2025), and provide a new opportunity
to test algorithmic-level hypotheses about human cognition.
In particular, we can manipulate the greediness of constrained
generation, where a purely greedy algorithm has a bias for
locally high-probability continuations, while approximately
globally-optimal inference algorithms like particle-based Se-
quential Monte Carlo (SMC) avoid these biases and are thus
more consistent with planning ahead during language produc-
tion. We investigate whether humans perform constrained
language generation in a way that aligns more closely with
greedy generation or globally-optimal inference.

To foreshadow our results: for the humans in our study,
performance as a function of vocabulary size more closely
resembled greedy sampling than SMC-based constrained gen-
eration, which handled very small vocabularies better than
humans or greedy sampling. Despite this, we observe that
top-scoring humans revise valid string prefixes (a non-greedy
behavior) significantly more than low-scoring humans. This
suggests that human approaches to constrained generation are
heterogeneous: some plan ahead or revise their answers while
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others prioritize simple, greedy, and imperfect responses. We
also observe interpretable patterns in the frequency of word
use under different vocabulary constraints: semantically “light”
words, like do, thing, and people, are used disproportionately
frequently under strict vocabulary constraints, even relative to
other allowed words. This pattern is reproduced by constrained
generation from language models. We conclude by discussing
the implications of these findings for both psycholinguistics
and for broader areas of impact.

Methods
Constrained vocabulary definition

We define a constrained vocabulary of size N, consisting of
the N most frequent words in English, according to the word
list provided by the wordfreq Python package (Speer, 2022).
For each word in the list, the set of words sharing the same
base form (lemma) was also included in the list, using the
lemminflect Python package, available within spaCy (Hon-
nibal et al., 2020). For example, if any of the word forms drink,
drank, drunk, drinks, or drinking were present within the top
N words, then all word forms in this set were included. We
define seven vocabulary sets, starting at 250 words and dou-
bling up to 16,000 words. For reference, it is estimated that the
average native speaker of American English is familiar with
42,000 word lemmas from 11,000 word families (Brysbaert et
al., 2016).

Questions dataset

To simulate a variety of real-world situations with diverse
communicative goals, we assemble a dataset of 192 questions
divided into the following four categories of 48 questions
each: Why, How, ExplainSimple, and RedditELI5 (Explain
Like I'm 5). The Why questions are sourced from a study
by Sulik et al. (2023), who investigated which features make
for good explanations. The How and ExplainSimple datasets
were created from scratch using fixed sentence patterns (“How
is/are/do/does/can/would [BLANK]?” and “Explain [BLANK]
in simple terms”), with the goal of covering a wide range of
communicative topics, including everyday life, sports, and
science. The RedditELIS questions were sourced from the
all-time most popular questions on the Reddit forum “Explain
Like I'm 57, lightly edited for length and clarity.

Human behavioral experiment

We created an online behavioral experiment in which par-
ticipants respond to questions from the above dataset, using
an interface which allows them to type only words within a
specified vocabulary. While not a fully natural task, the inter-
face simulates a speaker encountering vocabulary limitations,
forcing on-line adaptation to the constraint via circumlocu-
tion or other strategies. Participants could only type or delete
(selecting, replacing, and inserting text was blocked). We
recruited 144 English speakers from Prolific, who were each
paid $6. The study was conducted under an approved IRB
protocol at the authors’ institution. Each participant answered
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16 questions, beginning with 4 questions with no vocabulary
constraints, then 4 questions each for vocabulary sizes of 4000,
1000, and 250. Each question in the dataset was answered by
three unique individuals at each vocabulary size. Participants
were prompted to move to the next question after 90 seconds
without a submission. We record participants’ final responses
as well as all intermediate keystrokes.

Constrained LLM generation with AWRS

Adaptive Weighted Rejection Sampling (Lipkin et al., 2025) is
a Sequential Monte Carlo method for sampling incrementally
from a language model, subject to user-defined constraints
(implemented as binary functions that can be evaluated on par-
tially generated strings). It does this by maintaining multiple
hypotheses in parallel, represented by weighted particles. We
use AWRS to generate responses to prompts, using a custom
potential in the GenLM-control library to enforce a hard con-
straint on the set of words in the vocabulary. Constrained gen-
eration was performed using the Llama-3.2-1B-Instruct
model, with either 16 or 32 particles for SMC inference (de-
noted AWRS-16 and AWRS-32, respectively). By setting the
number of particles to 1, the algorithm is equivalent to local
greedy sampling, where only one hypothesis is maintained
at each step of generation. A prompt with instructions and
two few-shot examples was provided. Example responses
from both humans and models, under both a permissive and a
restrictive constraint, are shown in Table 1.

Analyses

Automated evaluation of response quality To create
an estimate of the quality of responses to each question
(from both humans and models), we use a prompted LLM
(Llama-3.1-8B-Instruct) to assign scores on a 7-point
Likert scale, along with accompanying justifications, under
an LLM-as-judge paradigm (Gu et al., 2025; Zheng et al.,
2023). For each question, we aim to approximate the value
E[f(X)] = ¥, f(X)px (x)dx where X denotes a random vari-
able sampled from the distribution over constrained responses
to a question, f(-) denotes the scoring function, and px de-
notes the probability density function of X, approximated by
the normalized SMC weights. For computational efficiency,
we discard samples from SMC with weights below a chosen
threshold of 0.01, which contribute minimally to the sum. We
use the same evaluation pipeline on human responses, treat-
ing each response as a single sample (all equally weighted).
The automated evaluator is an imperfect proxy for response
quality that was employed to address the large number of
both model and human responses that required annotation,
for which it was not practical to collect comprehensive hu-
man judgments. While the absolute score assigned to human-
vs. model-generated utterances may be biased (e.g. if LLM
judges prefer LLM-generated responses), we are primarily
concerned with changes to the evaluation score as a function
of vocabulary size. We conducted a norming study to validate
the LLM-as-judge pipeline: one third of questions (64 out
of 192) were randomly sampled, and for each of four differ-



ent vocabulary sizes, one response from humans, the greedy
model, and the AWRS-32 model was randomly chosen and
graded by N=24 human participants on Prolific, who each
saw 32 question-answer pairs (users who participated in the
constrained generation experiment were excluded). Human
graders were given the same instructions provided to the LLM-
as-judge, rating the response quality on a 7-point Likert scale.
For the subset of questions in the norming study, automated
LLM-generated ratings and human ratings had a Spearman
p of 0.60, suggesting that the automated pipeline captures a
substantial amount of variance in human ratings.

We predict that the average response score will decrease
monotonically as the allowed vocabulary is reduced, and we
evaluate whether scores for human responses decline similarly
to the greedy or SMC-based model responses as vocabulary
size is restricted.

Shifts in word frequency We compute the frequency of
each word in the generated output as a function of vocabulary
size. Restricting the vocabulary necessarily removes low-
frequency words from the output distribution, but does not
directly change the relative frequencies of the remaining words.
For example, all remaining words might be used slightly more
frequently to account for the words that were removed from
the vocabulary, but it is not obvious that there would be any
change in the usage rank of the remaining words. However, we
hypothesize that tightening the vocabulary constraint will sys-
tematically change the frequency distribution of used words,
even among those that are allowed by the constraint. In par-
ticular, words which have a high degree of substitutability
with low-frequency words will increase in usage rank relative
to words with a low degree of substitutability (Varian, 2010).
For example, in settings where low-frequency words are not
available, we may expect the word “thing” to be substituted
instead (Hasselgren, 1994; Klein & Perdue, 1997). Mean-
while, function words, including prepositions, conjunctions,
and determiners, may not see a large change in usage.

Revision as an index of greediness vs. planning Under
strictly greedy language generation, once a word is output, it
can no longer be revised. In language modeling terms, this
feature of greedy sampling can lead to so-called “dead ends,”
where a sequence of high-probability words leads to a context
in which the only high-probability continuation is outside of
the vocabulary (see Lew et al., 2023, for a discussion). For
example, given the sequence “It was a blessing in...”, Google
N-grams estimates a 90% probability that the next word is “dis-
guise”. If this word is outside the vocabulary, a greedy sampler
would be forced to choose a different, low-probability con-
tinuation, which could rapidly lead to an incoherent sentence
being generated. A rational constrained language generator
could avoid this problem by either planning ahead (avoiding
going down the dead end in the first place) or by revising
(backtracking or deleting words once a dead end is detected).
It is difficult to directly measure whether a person is planning
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ahead. However, given the fine-grained typing data from our
online task (Figure 1), it is possible to see whether participants
ever delete previously written words. For a word to be counted
as deleted, it must have first been completed (e.g., by a whites-
pace or punctuation character) and then erased by repeated
presses of the backspace key. We compute the average number
of word deletions per response to quantify revisions.

You,have _o«to climbaagacrawl
Litem

moveaawa | kawa
thing,to help_you.

cw
get,a, lads=an_ob
Figure 1: Example keystroke sequence under a 250-word
vocabulary, in response to “How do you rescue a cat from
a tree?”. Red characters denote disallowed keystrokes; the
backspace symbol is displayed in orange. The final response

[l

was “You have to get a thing to help you.”.

Results

Table 1: Example responses at different vocabulary sizes.

Question: Explain machine learning in simple terms.

Source (Vocab)  Response

Human (4000) Machine Learning is when a Machine is
taught how to do specific tasks and assist with
issues.

Greedy (4000) ~ Machine learning is a way computers can
learn from data without being told what to do.
It’s like teaching a child to recognize objects
by showing them a lot of pictures.

AWRS-32 Machine learning is a way computers can

(4000) learn from data and get better at doing things
on their own. It’s like having a super smart
assistant that can recognize patterns and make
decisions automatically.

Human (250) Over and over it knows.

Greedy (250) It’s a way that a big, very old, very good

thinking game helps make things that are like
us, like you, not that way. It uses big groups
of people giving lots of old, old things into
the game ...

AWRS-32 (250) It’s a way of making things good at doing
things on their own. You give it some old

things it’s good at, and it gets better over time.

Effects of vocabulary size reveal similarity between
humans and greedy sampling

Figure 2 shows the average evaluation scores of responses gen-
erated by humans and the three algorithms (greedy, AWRS-16,
and AWRS-32) at each vocabulary size. Exclusion criteria for
participants were not pre-defined, but we perform a post-hoc
split of participants into the top 50% and bottom 50% by aver-
age response score to separate out low-effort responses. In ab-
solute terms, human responses scored lower, on average, than
all models at each vocabulary size. This may be influenced
by the fact that human responses were generally shorter and
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Figure 2: Mean weighted score (automated evaluation on a
1-7 Likert scale) as a function of allowed vocabulary size.
The horizontal axis is logarithmic. Shaded bands denote 95%
confidence intervals over the scores for all 192 questions. The
label ‘16000’ is mapped to the unconstrained condition for
humans.

less detailed than model responses. All three algorithms and
the human-generated responses exhibit diminishing marginal
returns: evaluation scores increase by nearly-constant incre-
ments each time the vocabulary size is doubled, suggesting
that the average marginal utility of adding a new word to the
vocabulary declines as the vocabulary size expands.

Tightening the vocabulary constraint produced similar de-
creases in the scores of the human responses and the greedy
algorithm’s responses at all vocabulary sizes. Meanwhile, the
AWRS algorithm displays greater robustness to vocabulary
constraints compared to humans and the greedy algorithm:
the evaluation scores of AWRS-generated responses declined
more slowly than those of humans and the greedy algorithm,
with generally larger gaps in performance for smaller vocab-
ularies. On the 250-word vocabulary, the AWRS algorithm
achieves half a point better (on a 7-point scale) than would
be expected if its performance degraded at the same rate as
human participants and greedy sampling.

A shift towards semantically light words in
constrained generation

Consistent with our prediction, tighter vocabulary constraints
induce responses with more frequent use of semantically light
content words, such as thing, do, or people. Both human-
generated and model-generated responses used semantically
light words more frequently as the vocabulary constraint be-
came stricter (Figure 3). In particular, semantically light con-
tent words tended to rise in frequency rank, while function
words tended to remain constant or fall in rank. We note that
this qualitative pattern occurs for all model results, including
AWRS-16 and AWRS-32.
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Changes in Word Usage
Greedy

very

big

Most Frequent)

long
good

high

thing

| little

-
250

Vocabulary Size

Changes in Word Usage
Human Participants

P =
O W O N »~ =

& different

Most Frequent)

n19
22
€ 25
< 28
31
534
037

40

& things

Unconstrained 250

Vocabulary Size

Figure 3: Bump plots for both models and humans showing
word frequency rankings at largest and smallest vocabulary
sizes. The color scale denotes sign and magnitude of rank
change. Semantically light nouns, verbs, and adjectives (e.g.,
things, make, etc.) tend to rise in rank as vocabulary size
shrinks, while connectives (or, when) tend to decrease in rank.

Skilled humans revise more under constraint

Figure 4 shows the rate of the human respondents’ word dele-
tions per response by vocabulary size and participant skill
group (a post-hoc split of the participants into the top and
bottom 50% by average score). For participants in the bottom
50%, word deletions remained flat across different constrained
vocabulary sizes. In contrast, for participants in the top 50%,
word deletions were significantly higher in the constrained vo-
cabularies of 1000 and 250 words than in larger vocabularies.



This much-greater propensity for revision among high-scoring
humans suggests an attempt at a non-greedy approach, though
these attempts may not be successful, as evidenced by the
fact that the responses generated by this group of participants
generally scored similarly to the greedy algorithm.

Mean Word Deletions by Vocabulary Size
(by Performance Group)

@ Performance Group e -
o3 Bottom 50%
E Top 50% | I
a
*%

_E 2 *k ' '
o
S | ! |
c 1 |
©
]
=

0

Unconstrained 4000 1000
Vocabulary Size

250

Figure 4: Mean valid word deletions per response, by vo-
cabulary size and post-hoc performance group. Error bars
denote 95% confidence intervals. Stars denote p-values of
Mann-Whitney U-test with Bonferroni correction (*: <0.05,
**:.<0.01, ***: <0.001).

Discussion
Resource-rational inference in language production

An extensive body of work in cognitive science and behavioral
economics suggests that humans are approximately rational
subject to cognitive costs (Kahneman & Tversky, 1979; Kah-
neman, 2003; Griffiths et al., 2015; Lieder & Griffiths, 2020).
In real-time communication, a pressure for communicative
utility interacts with constraints on the availability of cognitive
resources like time and attention. Evidence also suggests that
humans can adapt to novel constraints by deploying strategies
that make efficient use of available resources: people asked
to communicate about novel objects rapidly converge to a set
of labels, using shorter phrases for more frequently observed
items (Krauss & Weinheimer, 1964). Studies have also shown
emergent systematicity in highly constrained communication
channels when there was a communicative goal, e.g. whistling
to signal a color on a continuum (Chen et al., 2025).

The intersection of language modeling and probabilistic
inference provides an opportunity to compare human behavior
to algorithmic-level hypotheses about processing. Sequential
Monte Carlo has been argued to provide a cognitively plausible
algorithm for approximate Bayesian inference for language
comprehension (Clark et al., 2025a,b). The AWRS algorithm
enables efficient generation under a vocabulary constraint.
This algorithm is inherently resource-rational: it uses more
samples when the constraint is difficult to satisfy than when it
is easy, and varying the particle count results in a continuum
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of behavior from fast, greedy sampling to slower, more exact
inference, which here resulted in higher-scoring responses.

Our results indicate that humans presented with the task of
constrained generation show behavior that, somewhat surpris-
ingly, more closely resembles greedy sampling than particle-
based SMC. Above-average participants, however, show a
signature of non-greedy sampling: they are much more likely
to revise partially generated sentences. To help explain these
results, we note that greedy sampling is one endpoint of a
resource-rational trade-off; it minimizes computational ef-
fort but maximizes local bias. A plausible hypothesis is that
humans are closer to the greedy extreme of this trade-off (pos-
sibly due to the high costs of revising or planning ahead), but
that highly-motivated individuals may opt to increase effort
to counter the dead ends induced by greedy sampling. Fu-
ture work can consider whether financial incentives, in-person
experimentation, or pairing participants together can induce
more non-greedy behavior by placing greater weight on com-
municative success.

Our results also indicate that certain words are used dispro-
portionately when vocabulary is artificially restricted. In the
most restricted vocabularies, semantically light content words
jump substantially in usage rank. These words have especially
high communicative utility in constrained settings, because
they can serve as substitutes for low-frequency words (con-
sider the frequent use of the word “way” in Table 1). While
intended words may not have perfect substitutes, they can
often be replaced by a longer phrase, using relative clauses or
prepositional phrases to add detail. This pattern is also seen
in both greedy and non-greedy model results, suggesting that
it is a basic corollary of the substitutability of these words,
rather than a result of active Bayesian inference. These results
are consistent with existing theoretical frameworks of built-in
redundancy in language providing robustness against failures
of communication (Tourtouri et al., 2021; Degen et al., 2020;
Mahowald et al., 2023; Leufkens, 2020).

Another property of constrained generation with SMC is the
sensitivity of inference quality and efficiency to the proposal
distribution used to generate incremental next-word candidates.
The greater the divergence between the proposal distribution
and the target distribution, the more samples are needed to gen-
erate a word that meets the constraint; the algorithm works best
when it does not have to reject too many next-word candidates
(Lipkin et al., 2025). We speculate that this phenomenon has
a natural analog in human cognition. There are two ways that
a human can be good at constrained generation. The first is to
take many possible “samples”; we expect to see this reflected
in slow processing and frequent deletions. The second is to
have a good “proposal distribution” that assigns high probabil-
ity to continuations which already satisfy the constraints; we
expect this to be reflected in fluent production with relatively
few revisions. Crucially, such a proposal distribution differs
from the baseline distribution of language, and thus requires
learning via experience. As people gain more familiarity with
this task, it may become more natural and require less explicit



inference, in keeping with theories of amortized computation
in cognition (Gershman & Goodman, 2014). Future work may
consider whether humans with extensive L2 experience are
better than monolinguals at this task.

Intrinsic differences in question difficulty

Are some questions simply harder to answer than others? We
list the top and bottom questions by average evaluator score
for AWRS-32 and for humans, when the vocabulary size was
250:

A Explain Christianity in simple terms.

A Explain machine learning in simple terms.

A Explain consequentialism in simple terms.

A Explain the placebo effect in simple terms.

Vv How do I make schnitzel?

v Why does it echo if we yell in a cave but not a regular
room?

v How do you remove salt from water?

¥ How do you prevent a sunburn?

A Explain the placebo effect in simple terms.

A How do languages get new words?

A How do maggots get into a place like a freezer that’s
sealed air tight when it loses power?

A Why are human babies born so helpless?

Vv How are books printed?

Vv How can I haggle prices at a market effectively?

Vv Explain the International Space Station in simple terms.
Vv What is a hedge fund?

First, we observe that for both the model and humans, most
of the lowest-rated questions were in the How category. This
may be because How questions typically prompt mechanis-
tic explanations, which are known to be hard to understand,
even if the subject of the question is well-known or techni-
cally simple (e.g. McCarthy & Keil, 2023; Kelemen et al.,
2013; Lombrozo & Carey, 2006; Lombrozo & Wilkenfeld,
2019). Additionally, these questions might involve lexicalized
concepts that are difficult to explain via circumlocution. For
example, explaining how to make schnitzel is difficult without
the word pork, which is not among the most common 250
English words. In contrast, the highest-rated questions likely
present a communicator with alternative ways of expressing
the idea, even if the question appears to be quite technical on
the surface. For example, the concept of the placebo effect
can be expressed by words such as feel and work, both of
which are among the 250 most frequent words. The highest-
scoring questions for AWRS-32 all belong to the ExplainSim-
ple dataset; this is possibly because the questions explicitly
prompt the model to explain “in simple terms”, which reduces
the divergence between the proposal distribution and target
constrained distribution. These results suggest that whether
a communicative goal is easy or hard to achieve under vo-
cabulary constraints likely depends greatly on the availability
of substitute words and well-suited analogies, which varies
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widely even within a question category, and not necessarily on
the “technical” difficulty of the subject matter.

Broader implications

One key application of our work is for language learning. Our
finding that semantically light words appear more frequently
when the allowed vocabulary is small could provide useful
guiding principles for optimizing language learning. For ex-
ample, our results suggest that a foreign-language learner who
expects to learn only 250 — 1000 words in the target language
should prioritize learning general-purpose, semantically light
words (not necessarily the most frequent words) in order to
be able to communicate effectively across a wide variety of
everyday situations. In contrast, an intermediate-level speaker
who hopes to sound more “native” might consider practicing
communication without over-using semantically light words
such as thing, do, or people, which occur less frequently in the
unconstrained distribution of language.

Our results on the diminishing marginal returns of expand-
ing one’s vocabulary size also suggest that learning the first few
hundred or thousand most frequent English words has dispro-
portionately high returns for communicative utility (especially
in the presence of a charitable comprehender), despite still
being far below the vocabulary size of a native speaker. This
could potentially explain why L2 learners often converge to
an efficient but limited “Basic Variety” of a language (Klein &
Perdue, 1997) or over-use familiar words (Hasselgren, 1994):
if one can communicate well using a restricted vocabulary,
then there are fewer pressures to expand one’s vocabulary.

Additionally, modeling vocabulary-constrained communi-
cation has relevance for the study of language disorders. For
example, communication for individuals with aphasia may
benefit from flexible inference both in language production
(choosing which words to produce when production is very
difficult) and comprehension (how an interlocutor infers an
intended meaning from fragmented utterances) (Beeke, 2012;
Fedorenko et al., 2022). Patients with aphasia may be less
likely to use low-frequency words like sailboat while being
more likely to use syntactically rich fragments like boat that
is moved by the wind to circumvent this limitation (Rezaii et
al., 2022). Modeling how people generate language under con-
straint can shed light on the rapid, online inferences made by
conversational partners in the presence of language disorders,
and can potentially inform strategies and technologies for eas-
ing communication with vulnerable groups (for example, by
modifying existing language models to better infer intended
messages from atypical inputs).

This study has investigated how vocabulary constraints af-
fect human-generated language, with theoretically-motivated
comparisons to greedy and non-greedy sampling from lan-
guage models using state-of-the-art algorithms. Our results
demonstrate both the flexibility and the limitations of human
language generated under vocabulary constraints, and provide
an approach for computationally characterizing its properties.
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