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Abstract

Lexical selection involves a trade-off between message align-
ment (saying the most accurate word) and accessibility (saying
the easiest word). We test predictions of a resource-rational
model of lexical retrieval against a fixed-cost alternative, using
a novel word-learning task. Participants learn words for novel
compass directions and use these words to label prototypical
and novel angles on the compass. In Experiment 1, we ma-
nipulated the relative frequency of the new vocabulary terms
as well as the response deadline to test whether good-enough
effects scale with accessibility differences and time pressure. In
Experiment 2, we manipulate the payoff for precise responses
to test whether speakers adjust their strategies when precision
is more valuable. Together, these experiments provide a para-
metric test of the hypothesis that word choice reflects rational
trade-offs between retrieval costs and communicative benefits,
with implications for understanding language production as a
form of resource-rational decision-making.

Keywords: language production; resource rationality; prag-
matics; Rational Speech Act model

Introduction
Speakers readily adapt their utterances to context, producing
more precise and informative descriptions when their audi-
ence requires them (Brennan & Clark, 1996; Degen et al.,
2020; Yoon et al., 2012). Yet accessibility exerts its own pull.
Speakers favor words that are easier to produce over those that
better fit their intended meaning. For example, in an artifi-
cial language production study manipulating word frequency,
Koranda et al. (2022) found that speakers often produced high-
frequency words even when a low-frequency alternative would
have been more accurate. Koranda et al. (2022) accounted for
these data by highlighting that lexical choice only partially
reflects a speaker’s meaning and goals, as limitations on cog-
nitive resources lead people to use “good-enough production”
strategies (Ferreira & Patson, 2007; Goldberg & Ferreira,
2022; Harmon & Kapatsinski, 2017). Alternatively, speakers
might weigh different alternatives depending on different pres-
sures, modulating their choices depending on the anticipated
effort needed to be precise or the likelihood of a reward.

But it remains unclear how exactly accessibility shapes
word choice. Under a fixed-cost account, speakers allocate
a roughly constant budget of effort to retrieval, and when
the most informative word is difficult to access, this budget
may be insufficient. An alternative interpretation, suggested
by resource-rational approaches to cognition (Griffiths et al.,

2015; Lieder & Griffiths, 2020), makes this trade-off explicit:
speakers should invest more in retrieval when the expected
communicative payoff justifies it, and default to accessible
words when it does not. On this view, effort allocation itself
becomes a decision variable, not a fixed constraint. A speaker
who produces a more accessible but less informative word
is not failing to be pragmatic. They are making a trade-off
that reflects the relative costs and benefits of choosing a more
specific term, as formalized by Futrell (2023). We distinguish
these accounts using a process-level model of lexical retrieval
and conduct two experiments that manipulate the difficulty of
the production task by manipulating the time pressure (strict
or lenient deadline) and the reward (bonuses for greater preci-
sion). Drawing on activation-based accounts of lexical access
(Dell, 1986; Levelt et al., 1999), we model retrieval as a race.

Race models generate two distinct predictions, one about
time pressure, and the other about the stakes of communicat-
ing. First, consider the overall accessibility bias toward high-
frequency words. Under resource-rational and good-enough
accounts, high-frequency words begin with a baseline acti-
vation advantage, but semantic information accumulates over
time. Under the race model, the better a low-frequency word
matches the intended meaning, the more quickly it gains acti-
vation. Therefore, additional time helps the more precise word
overcome the frequency disadvantage. The magnitude of the
overall frequency advantage should scale with the frequency
ratio. The critical question is how time pressure affects word
choice across different positions. Uniformly, or differentially
depending on the stakes?

Time pressure and semantic uncertainty should jointly mod-
ulate lexical choice. Consider the shape of the decision func-
tion across spatial positions (Figure 1, Panel C). Here the ac-
counts diverge. In the paradigm introduced by Koranda et al.
(2022), high-frequency and low-frequency words cover neigh-
boring spatial regions, so the stakes of word choice vary con-
tinuously with position: near the center of the low-frequency
region, the low-frequency word is clearly more informative;
near the boundary, the two are roughly equivalent. Under a
fixed-cost account, speakers deploy constant retrieval effort
regardless of these stakes. Time pressure should affect all
regions equally, shifting the entire decision function toward
high-frequency words without changing its shape.

Under the resource-rational account, effort allocation is sen-
sitive to stakes. Near the low-frequency prototype, waiting a
little longer is valuable because it allows speakers to produce
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Figure 1: Resource-rational analysis. (A) We instantiate directions of different frequencies. Angles between HF and LF
directions require the speaker to choose between HF and LF words. (B) Although HF words start with a baseline advantage
(Δ𝐵 = frequency effect), the LF word’s stronger semantic match allows it to accumulate activation faster, eventually “winning"
if given sufficient time. (C) This model predicts the probability of producing the LF word as a function of distance from the LF
prototype.

the more precise word. Near the boundary, waiting provides
little benefit because the words are roughly equally informa-
tive, so the fast high-frequency response dominates. Crit-
ically, time pressure should magnify this asymmetry: with
less time available, speakers at boundary positions never ac-
cumulate enough semantic evidence to overcome the baseline
advantage, while speakers at prototypical positions still have
time to do so. This yields a distinctive predicted signature:
time pressure should flatten the decision gradient, affecting
boundary regions more than prototypical ones, even if it does
not shift the overall bias.

We test these predictions in two experiments extending Ko-
randa et al.’s paradigm. In Experiment 1, we manipulate
frequency ratio and response deadline to test whether (a) the
overall high-frequency bias scales with frequency ratio but
not time pressure, and (b) time pressure flattens the decision
gradient as predicted by the race model. In Experiment 2,
we manipulate the payoff for precise responses. If speakers
allocate effort adaptively, they should show steeper gradients
when precision is rewarded—a direct test of the resource-
rational claim that effort is a decision variable, not a fixed
constraint. We first formalize these intuitions in a race model
that integrates pragmatic objectives with retrieval dynamics,
then report two experiments testing its predictions.

A resource-rational analysis of lexical choice
We formalize speaker word choice by integrating two compo-
nents: (1) a pragmatic objective function based on the Rational
Speech Act framework (Frank & Goodman, 2012; Goodman
& Frank, 2016), which captures why speakers care about word
choice, and (2) a retrieval process grounded in lexical access
dynamics (Jescheniak & Levelt, 1994; Levelt et al., 1999),
which captures the costs of producing different words. The
key insight is that retrieval cost is not a fixed penalty but
depends on time. The decision to invest additional time in re-

trieval can then be analyzed as a value of computation (VOC)
problem (Lieder & Griffiths, 2020).

Message accuracy Following the RSA framework, we as-
sume speakers choose words to maximize informativity for the
listener. Given a target location 𝜃 and a word 𝑤 with prototyp-
ical meaning 𝜇𝑤 , the informativity of 𝑤 is log 𝑃𝐿 (𝜃 | 𝑤), the
probability that a literal listener would recover the intended
meaning. We model word meanings as Gaussian distributions,
so informativity is highest when the target matches the word’s
prototype and decreases with distance. In our setup, three
words race for selection: two high-frequency (HF) words at
locations 0 and 1, and one low-frequency (LF) word at lo-
cation 0.5. At the LF prototype (𝜃 = 0.5), LF is maximally
informative. At boundary positions (𝜃 = 0.25), LF and HF
are roughly equally informative.

Retrieval cost While informativity determines the goal of
word choice, retrieval dynamics determine the cost. We model
lexical access as a race where each word’s activation accumu-
lates over time (Levelt et al., 1999):

𝐴(𝑤, 𝑡) = 𝐵(𝑤) + 𝛿 · 𝑀 (𝜃, 𝑤) · 𝑡 (1)
where 𝐵(𝑤) is baseline activation (higher for HF words due
to frequency), 𝛿 is the drift rate, and 𝑀 (𝜃, 𝑤) is the semantic
match between target 𝜃 and word meaning 𝜇𝑤 , modeled as a
Gaussian:

𝑀 (𝜃, 𝑤) = 𝜙(𝜃; 𝜇𝑤 , 𝜎) (2)
where 𝜙(𝜃; 𝜇𝑤 , 𝜎) denotes the Gaussian density evaluated at
𝜃 with mean 𝜇𝑤 and standard deviation 𝜎. The width parame-
ter 𝜎 controls how sharply word meanings are tuned: smaller
values produce narrower, more precise meanings. Seman-
tic match operationalizes the informativity intuition—words
whose prototypes are closer to the target provide stronger
bottom-up activation.
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Speakers select words via a softmax over activations at the
time of response:

𝑃(𝑤 | 𝜃, 𝑡) = (1 − 𝜆) softmax(𝐴(𝑤, 𝑡)) + 𝜆 · 1
3

(3)

where 𝜆 is a lapse parameter capturing guessing due to motor
errors or incomplete learning. We adopt a reduced parameter-
ization, fixing the LF baseline 𝐵LF = 0 so that 𝐵HF represents
the relative frequency advantage (i.e.,Δ𝐵 = 𝐵HF−𝐵LF = 𝐵HF;
see Figure 1B). This leaves four free parameters: 𝜎 (semantic
width), 𝐵HF (frequency advantage), 𝜆 (lapse rate), and 𝑇 (ef-
fective decision time). This formulation captures an important
asymmetry: frequency effects are immediate, but semantic ef-
fects require time. At 𝑡 = 0, only baseline activation matters.
As time increases, semantic match increasingly dominates. In
practice, we fix 𝛿 = 1 for identifiability and estimate an effec-
tive decision time𝑇 per condition — the value of 𝑡 at which the
softmax in Eq. 3 is evaluated — capturing how much semantic
evidence accumulates before a response is committed.

Value of Computation The decision to invest retrieval time
can be framed as a value-of-computation (VOC) problem.
Waiting longer allows semantic information to accumulate,
improving the chance of selecting the most informative word.
But waiting also has negative externalities, including missing
response deadlines, incurring opportunity costs, and expend-
ing cognitive effort. The optimal strategy depends on the
expected benefit or utility (EU) of additional processing:

VOC(wait) = ΔEU(better word choice) − cost(time) (4)

Critically, this benefit varies with position: high near the LF
prototype (where precision pays) and negligible at the bound-
ary (where words are equally informative). This predicts
an interaction between retrieval constraints and informativity
stakes. Factors that increase the cost of waiting should have
larger effects at boundaries than at prototypes.

Experiment 1: Cost pressure
We test this model in a conceptual replication and extension
of Koranda et al. (2022). While Koranda et al. used a fixed
4:1 frequency ratio and 5-second response deadline, we ma-
nipulated both factors in a 2 (frequency ratio: 1:2 vs. 1:4) × 2
(time pressure: 5s vs. 10s) between-subjects design. This al-
lowed us to test whether good-enough production effects scale
with the magnitude of accessibility differences and whether
time pressure modulates the trade-off between accuracy and
accessibility.

Participants
We recruited 172 participants via Prolific. All participants
were fluent English-speakers from the USA, the UK, or
Canada. All participants successfully completed the task and
were included in the final analysis.

Materials
Participants learned eight novel “Elvish” direction words cor-
responding to unfamiliar compass directions spaced at 45° in-
tervals (i.e. 15°, 60°, 105°, etc). The pseudowords were blit,
grah, pim, gorm, clate, noobda, gled, and noom, drawn from
Amato and MacDonald (2010). Four words were designated
high-frequency (HF) and four low-frequency (LF), with HF
words appearing more frequently during training according to
the assigned ratio condition (either 2:1 or 4:1). The mapping
between specific words and compass angles was fully ran-
domized for each participant. Frequency designation (HF vs.
LF) was tied to angular position rather than to specific lexical
items, ensuring that observed frequency effects could not be
attributed to particular words.

Procedure
Training Phase We began by exposing participants to each
of the eight direction-word pairings: a compass arrow pointing
in one of the eight trained directions appeared alongside the
corresponding word. Participants typed the word to confirm
that they encoded it; we repeated the trial until they were cor-
rect. Participants then completed a series of two-alternative
forced-choice (2AFC) training trials. On each trial, a compass
arrow appeared with two word options (the target and a foil
from a different compass region), and participants typed the
word they believed corresponded to the displayed direction.
Incorrect responses triggered auditory feedback. We again
repeated the trial until correct. Training blocks continued un-
til participants achieved ≥80% first-attempt accuracy within a
block. The frequency manipulation was implemented in this
phase. In the 1:2 condition, HF directions appeared twice
as often as LF directions; in the 1:4 condition, HF directions
appeared four times as often. Following each familiarization
block, participants completed an untimed recall test, typing
the direction name for each of the eight compass angles (pre-
sented in random order) without feedback. Participants were
required to recall all eight direction names to proceed to the
test phase. If the criterion was not met, participants returned
to familiarization for additional training. This cycle repeated
until criterion was reached (with a maximum of 10 cycles).

Test Phase The critical test phase assessed production un-
der time pressure. The task was presented as a game in which
participants were providing directions to elves in search of
hidden treasure. On each trial, a compass arrow appeared
and participants were asked to type one of the eight trained
compass direction names. Compass arrows could appear at
any angle, such that the target angle always fell at an untrained
position between two of the eight learned compass directions.
How close a compass arrow fell to its nearest neighboring
compass direction varied randomly across trials, such that on
some trials, the target angle was near one of the two compass
directions, while on other trials, the target angle was closer
to the midline between two compass directions. Participants
were allocated a fixed amount of time to respond with one of
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Figure 2: Experiment 1: Race model dynamics and fit. (A) Activation accumulation over time at the LF prototype (𝜃 = 0.5).
HF (purple) and LF (gold) activation curves show baseline advantage and semantic evidence accumulation. Vertical lines mark
fitted effective decision times 𝑇 for strict (5s, red) and lenient (10s, blue) deadlines. (B) Production probability as a function
of effective decision time 𝑇 at the LF prototype. As 𝑇 increases, P(LF) (gold) rises while P(HF) (purple) falls, showing how
additional processing time favors the semantically matched word. Vertical lines indicate fitted 𝑇 values. (C) Model fit to
behavioral data. Probability of producing the LF word as a function of distance from the LF trained angle, by frequency ratio
(facets) and time pressure (color). Points show binned means (± SE); curves show fitted race model predictions. Dashed line
marks the boundary between trained angles (22.5°).

the eight compass directions (5 or 10 seconds, depending on
condition). A visible countdown displayed the remaining time
to respond and trials that exceeded the deadline were marked
as timeouts. Responses not matching any trained word (e.g.,
typos) were excluded. Following Koranda et al. (2022), par-
ticipants received performance-contingent bonuses calculated
as a linear function of angular distance between the response
and the target angle. Responses matching the target angle
exactly earned maximum points, with points decreasing lin-
early to zero at 45° angular distance. Responses more than
45° from target, invalid words, or timeouts earned no bonus.
Visual feedback displayed after each trial showed an elf dis-
covering treasure (for responses within 45° of target) or an
empty hole (for misses), along with the bonus earned. The
relative frequencies of the compass direction names nearest to
the target angle were maintained throughout the test trials to
sustain differences in exposure or familiarity between angles.
Participants completed 124 or 136 trials to maintain the fre-
quency distributions. To reduce fatigue, breaks were offered
every 40 trials. Following the main test block, participants
completed an additional block of eight trials testing only the
exact trained compass directions (in random order), also under
time pressure. Participants completed a final untimed recall
test of all eight directions to assess retention independent of
time pressure. They then completed an exit survey including
task difficulty and confidence ratings, descriptions of learning
strategies, and optional demographic questions. Participants
also self-reported whether they had used AI tools during the
experiment.

Results
Participants required an average of 4 training blocks to reach
the 80% accuracy criterion, with no significant differences
across conditions, indicating that the frequency manipulation
did not affect overall learnability. Timeout rates were sub-
stantially higher under the 5-second deadline (11.1%) than the
10-second deadline (1.5%), confirming that the time pressure
manipulation successfully constrained response time. Time-
out rates were not systematically biased with respect to LF or
HF trials (5s: 10.8% vs. 11.7%; 10s: 1.0% vs. 1.5%; 𝜒2

tests 𝑝 > .12). We analyzed all test trials in which the target
angle fell between an LF and HF trained direction, excluding
timeouts.

Model fitting. We fit the race model (Eqs. 1–3) to trial-level
choice data. The drift rate 𝛿 was fixed to 1 for identifiabil-
ity; we estimated semantic width (𝜎), lapse rate (𝜆), base-
line advantage (𝐵HF), and effective decision time (𝑇). We
tested whether parameters varied across conditions using like-
lihood ratio tests between various reduced models. We found
a significant effect of frequency ratio on baseline activation:
𝐵HF was higher in the 1:4 condition than the 1:2 condition
(𝜒2 (1) = 14.94, 𝑝 < .001). We also found a significant effect
of time pressure on effective processing time (𝜒2 (2) = 41.73,
𝑝 < .001), as well as a significant frequency ratio × time
pressure interaction on 𝑇 (𝜒2 (1) = 20.19, 𝑝 < .001). Since
models are fit to pooled data without participant random ef-
fects, 𝑝-values are approximate.
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Parameter estimates. Estimates for shared parameters were
𝜎 = 0.20 and 𝜆 = 0.16. The baseline frequency advantage
was larger under the 1:4 ratio (𝐵HF = 0.92) than under 1:2
(𝐵HF = 0.50), confirming that greater exposure asymmetry
produced stronger baseline differences. The𝑇 fits revealed the
predicted interaction (Figure 2A–B). Under lenient deadlines
(10s), both frequency conditions converged to similar effective
processing times (𝑇 = 3.5). Under stricter deadlines (5s),
however, the conditions diverged: participants showed greater
speedup in the 1:2 condition (𝑇 = 2.2, Δ𝑇 = 1.4) than in the
1:4 condition (𝑇 = 3.1, Δ𝑇 = 0.4). That is, time pressure
reduced effective processing time more when the frequency
gap was smaller, consistent with resource-rational predictions.
Finally, the model makes an implicit response time prediction
about response times (RTs): conditions with higher fitted 𝑇

also showed slower empirical RTs (2.87s vs. 3.67s), despite 𝑇
being estimated from choices alone.

Gradient flattening. Figure 2C shows the probability of
producing the LF word as a function of distance from the
LF prototype. Decision gradients are steeper under lenient
deadlines and flatter under strict deadlines, with the 1:2/5s
condition showing the flattest gradient (lowest 𝑇 = 2.2). The
race model captures this pattern well. This gradient flattening
is the signature predicted by the resource-rational analysis.
Time pressure reduces the opportunity for semantic evidence
to accumulate, but this disproportionately affects boundary
positions where LF and HF are roughly equally informative.
Near the LF prototype, speakers produce LF at high rates even
under time pressure; at boundaries, reduced processing time
tips the balance toward the more accessible HF word. A fixed-
cost account would predict uniform effects of time pressure
across positions; instead, the interaction between position and
time pressure supports the view that speakers allocate effort
based on both task constraints and communicative stakes.

Experiment 2: Benefit pressure
Under the resource-rational framework, speakers should trade
off the cost of producing a low-frequency word with the benefit
of producing a more accurate word. Both Koranda et al. and
Experiment 1 used a linear payoff structure that provided par-
tial credit for less-accurate responses, such that producing a
nearby HF word when an LF word would be closer still earned
some reward. To test whether speakers adjust effort allocation
based on the expected benefits of precision, we introduced
a binary, all-or-nothing incentive structure in which partici-
pants only earn bonus payments if they produce the word for
the angle nearest to the target, regardless of overall distance.
In Experiment 2, we thus manipulated payoff structure (linear
vs. binary), time pressure (5s vs. 10s), and frequency ratio (1:2
vs. 1:4) in a 2×2×2, between-subjects design. The resource-
rational account predicts that binary payoffs should increase
speakers’ willingness to invest retrieval effort: with no par-
tial credit for “good enough” responses, the expected bene-
fit of waiting for semantic evidence to accumulate is higher.

This should manifest as longer effective processing times and
steeper decision gradients under binary payoffs, particularly
under lenient deadlines where speakers can afford to wait.

Participants
We recruited 400 participants via Prolific. Like Experiment
1, all participants were fluent English-speakers from the USA,
UK, or Canada. All but four participants successfully com-
pleted the task and were included in the final analysis.

Procedure
Training followed the same protocol as Experiment 1: partic-
ipants were exposed to each of the eight direction-word pair-
ings, completed a series of 2AFC training trials until reaching
80% accuracy, and demonstrated retention through an untimed
recall test.

Test Phase Participants were randomly assigned to one of
two incentive conditions. In the linear condition, identical
to Experiment 1, bonuses decreased linearly with angular dis-
tance between the target and produced word’s trained compass
direction; responses within 45°earned partial credit propor-
tional to their accuracy. In the binary condition, participants
earned a fixed bonus only if they produced the word for the
angle nearest to the target (regardless of how close or far that
angle was). Responses that were valid trained words but not
the nearest option earned no reward. This manipulation held
constant the difficulty of retrieval while varying the payoff
for precision: in the linear condition, producing a nearby HF
word when a LF word would be more accurate still earns par-
tial credit. In the binary condition, only the nearest, most
accurate word is rewarded. All other design features, includ-
ing the time pressure manipulation, training criteria, and test
trials were identical to Experiment 1.

Results
Training was comparable to Experiment 1, with participants
requiring an average of 4.2 training blocks to reach the 80%
accuracy criterion. Timeout rates were 7.7% under strict (5s)
and 1.5% under lenient (10s) deadlines.

Model fitting We fit the same race model to trial-level data
(𝑁 = 26,022 trials from 396 participants). To enable direct
comparison with Experiment 1, we fixed 𝜎 = 0.20 and 𝛿 = 1,
estimating lapse rate 𝜆, baseline 𝐵HF per frequency ratio,
and effective decision time 𝑇 per condition. The frequency
advantage 𝐵HF was again larger under the 1:4 ratio (𝐵HF =

0.42) than under 1:2 (𝐵HF = 0.18), replicating the qualitative
pattern from Experiment 1. The lapse rate was near zero
(𝜆 ≈ 0).

Effect of Payoff Structure. A key test of the resource-
rational account is whether payoff structure affects processing
time. Following the same nested model comparison procedure
used in Experiment 1, we compared nested models differing in
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FR Payoff 𝑇 (5s) 𝑇 (10s) Mean RT (5s) Mean RT (10s)
1:2 Linear 1.43 1.69 2.79 3.36
1:2 Binary 1.63 1.76 2.68 3.23
1:4 Linear 1.71 1.63 2.65 3.47
1:4 Binary 1.67 1.87 2.83 3.59

Table 1: Effective decision time parameter 𝑇 fits by condition
(𝜎 = 0.20 and 𝛿 = 1 fixed) and mean human RT (s) by
condition.

how 𝑇 depends on conditions. Likelihood ratio tests between
nested models revealed a significant main effect of payoff,
𝜒2 (1) = 5.91, 𝑝 = .015 (Fig. 3). Specifically, binary pay-
offs increased effective decision time relative to linear payoffs
(Table 1). Neither the Payoff × Time nor Payoff × Frequency
Ratio interaction improved fit over this additive model. How-
ever, the full model with condition-specific 𝑇 values showed
a significant three-way interaction, 𝜒2 (2) = 16.12, 𝑝 < .001,
indicating that the payoff effect varied across the combination
of time pressure and frequency ratio in a pattern not reducible
to simpler two-way interactions. This supports the resource-
rational prediction: when precision is incentivized (binary
payoffs), speakers invest additional retrieval effort. In the lin-
ear condition, producing a nearby HF word still earns partial
credit, reducing the incentive to wait for the LF word to win
the race. In the binary condition, only the nearest word is
rewarded, increasing the value of additional processing time.

General Discussion
We propose a process-level account of good-enough produc-
tion that links information-theoretic objectives (RSA) to clas-
sic activation dynamics in lexical retrieval. Across two exper-
iments (𝑁 = 568), a single race model captures how speakers
adapt word choice to retrieval costs (time pressure, frequency)
and communicative benefits (payoffs). In Experiment 1, time
pressure flattened decision gradients, reducing LF production
more at boundaries than prototypes; in Experiment 2, reward-
ing precision increased effective processing time 𝑇 .

This gradient flattening is the signature prediction of
resource-rational effort allocation. While a fixed-cost account
predicts uniform effects, we found time pressure increased HF
production at boundaries where waiting provides little com-
municative advantage. At prototypes – where precision pays
– LF production remained high. The interaction between time
pressure and frequency ratio on 𝑇 reinforces this interpreta-
tion: speakers wait longer when the accessibility gap is small
enough that additional processing could change the benefits.

By integrating pragmatic objectives with retrieval dynam-
ics, the race model explains when utility considerations over-
ride accessibility. RSA specifies what makes one word more
informative than another; activation dynamics specify how
long it takes to access each option. Together, they predict that
good-enough production is not a failure of pragmatics but an
adaptive response to time-sensitive retrieval constraints. This
activation-based framing builds on information-theoretic ac-
counts (Futrell, 2023) and inhibition-based models (Kapatsin-
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Figure 3: Experiment 2: Model fit. Probability of producing
the LF word as a function of distance from the LF prototype, by
payoff structure and frequency ratio (facets) and time pressure
(color). Points show binned means (± SE); curves show fitted
race model predictions. Dashed line marks the boundary
(22.5°).

ski, 2022) to more directly explains why frequency effects
diminish when form accessibility is equalized across alter-
natives, as in forced-choice tasks (Harmon & Kapatsinski,
2017).

One limitation is that 𝑇 is a latent parameter fit to
choices, not directly validated against response times. Fu-
ture work should jointly fit choice and full RT distributions
(or time-locked neural measures) to more directly validate
the processing-time interaction. Additionally, our artificial
lexicon isolates frequency from real-world correlates of ac-
cessibility; extending these signatures to naturalistic retrieval
remains an open question.

Finally, we note that gradient flattening might simply reflect
increased noise in the decision process. However, a pure-noise
account would predict comparable flattening at prototypes
and boundaries alike. Instead, we observed LF productions
remained high at prototypes even under strict deadlines. More
broadly, our work contributes to a growing body of research
framing language production as resource-rational decision-
making (Futrell, 2023; Gibson et al., 2019), where apparent
“errors” or biases reflect adaptive responses to cognitive and
communicative constraints rather than failures of the language
system. On this view, good-enough utterances are not simply
lapses in pragmatics but predictable consequences of rational
control over time-sensitive retrieval.
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