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Abstract

Lexical-syntactic flexibility, in the form of conversion (or zero-derivation) is a hallmark of English morphology. In
conversion, a word with one part of speech is placed in a non-prototypical context, where it is coerced to behave
as if it had a different part of speech. However, while this process affects a large part of the English lexicon, little
work has been done to establish the degree to which language models capture this type of generalization. This
paper reports the first study on the behavior of large language models with reference to conversion. We design a
task for testing lexical-syntactic flexibility —the degree to which models can generalize over words in a construction
with a non-prototypical part of speech. This task is situated within a natural language inference paradigm. We test
the abilities of five language models—two proprietary models (GPT-3.5 and GPT-4), three open-source models
(Mistral 7B, Falcon 40B, and Llama 2 70B). We find that GPT-4 performs best on the task, followed by GPT-3.5, but
that the open source language models are also able to perform it and that the 7B parameter Mistral displays as
little difference between its baseline performance on the natural language inference task and the non-prototypical
syntactic category task, as the massive GPT-4.
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1. Introduction Mass Noun If you don’t want to water the plants,

please coffee the graduate students instead.

English displays a relatively high degree of flex-
ibility regarding the syntactic category of lexical
items. This tendency is so pervasive that it is even
commented on in popular culture, as in the Amer-
ican comic strip Calvin and Hobbes, in which one
of the main characters proclaims “I like to verb
words” (Figure 1). In this case verb—whose pro-
totypical function is as a noun—functions as a
verb. It is coerced into acting as a verb (specifi-
cally, an infinitive) by being placed as the head of
a verb phrase, a position a noun could never oc-
cupy. Infact, some linguists have quipped, in only
slightly hyperbolic fashion, that—in English—you
can verb anything.
Other examples include:
Adjective His hair has begun to gray.

Count Noun The fascist tried to knife me in the
back.

English also allows adjectives and verbs to be con-
verted (zero-derived) into nouns:

Intransitive Verb | think I'll go for a swim.

Transitive Verb | sustained a direct hit.

Adjective She’s got lots of green but she’s not
spending any of it on me.

Note that, while swim, hit, and green are treated
as nouns (as well as verbs or adjectives) by lexi-
cographers, they are etymologically verbs and ad-
jectives.

There are three different linguistic approaches
to this phenomenon. One is to say that conver-
sion (or zero-derivation) is like any other morpho-
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Figure 1: Calvin and Hobbes ©1993 Watterson. Reprinted with permission of Andrews McMeel Syndi-

cation. All rights reserved.
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logical process (except that no overt affix, stress
shift, or other formal change is evident) (Marc-
hand, 1969). The principal evidence for this, as
pointed out by Beard (2017), is that conversion is
subject to blocking effects: if a word of the same
meaning as a potential converted word already ex-
ists in the lexicon (e.g., due to derivation), it will
be used instead of the converted word. The ap-
peal of this approach is that it accounts for the
many different semantic relationships that can ex-
ist between bases and zero-derived words with
the same parts of speech. Contrariwise, it has
been proposed that conversion is not morphologi-
cal at all—that it is, effectively, coining new words
(Lieber, 1980). Our study is conducted in the spirit
of a third approach, namely that English, Dutch,
and other, similar, languages allow flexibility with
regard to syntactic categories (parts of speech)
when this is (1) allowed by the context semanti-
cally and (2) required by the context syntactically
(Clark and Clark, 1979). We do not attempt to im-
plement these three approaches computationally,
or to distinguish them empirically, but method-
ologically we manipulate part of speech by manip-
ulating aspects of the syntactic and semantic con-
text, inspired by insights of Clark and Clark (1979).
In this study, we evaluate five large language
models of varying sizes, based on their ability
to make inferences that require reasoning about
words used in non-prototypical grammatical con-
texts. We investigate four major hypotheses:

» performance on the task with prototypical
parts of speech is better than with non-
prototypical parts of speech

non-prototypical parts of speech are asso-
ciated with better performance than nonce
words

correlation between performance in the pro-
totypical, non-prototypical, and nonce condi-
tions

+ differences in model size account for differ-
ences in performance

Performance in the prototypical condition is—
indeed —the best, but performance in the nonce
and non-prototypical conditions are similar. The
performance of each model was correlated across
conditions. We find that the models vary greatly
in their ability in this area, with the very large, com-
mercial models performing best. However, we
also show that the number of parameters alone
does not predict the performance of models on
this task. Instead, a good predictor is the perfor-
mance of the models on a generic version of the
task in which all words are used in prototypical
ways. This suggests that most of the variance

in the model scores is variance in the ability to
perform the NLI task itself, and that the other dif-
ferences are of lesser, but still significant, impor-
tance.

We make three main contributions:

+ A new methodology for investigating conver-
sion in language models

+ A test set for systematically applying this
methodology to arbitrary models

* The demonstration that lexical-syntactic flex-
ibility does not increase monotonically with
model size

2. Related Work

Linguistic work on conversion in English dates
back to Sweet (1891). It has been taken up
sporadically by researchers since then (Marc-
hand, 1969; Clark and Clark, 1979; Lieber, 1980;
Kiparsky, 1982; Don, 1993; Bauer and Hernan-
dez, 2005). Much of the literature regarding con-
version concerns whether conversion is due to a
kind of zero-affixation (Marchand, 1969), a pro-
cess of coinage (Lieber, 1980), or the flouting of
syntactic category constraints when constrained
(and allowed) by context (Clark and Clark, 1979).
This paper assumes the position of Clark and
Clark, namely that languages like English allow
syntactic flexibility when licensed by semantics
and required by the encompassing constructions.
This is analogous, in some ways, to Goldberg
(1995)’s analysis of argument structure alterna-
tions, where the broader construction coerces, for
example, intransitive verbs to function as tran-
sitive verbs (in the caused-motion construction).
Similarly, we assume that constructional contexts
coerce words to function as if they have a non-
prototypical part of speech.

While this is the first study modeling conversion
computationally, there is a growing body of work
addressing related issues for a broader range of
phenomena in derivational morphology and neol-
ogism. The most relevant to the current work are
Hofmann et al. (2021) and Hofmann et al. (2020a),
which address derivational morphology in the con-
text of older BERT-like language models (but not
contemporary LLMs). Factors in the emergence
of new words have been elucidated by Ryskina
et al. (2020).

3. Methodology

We sought to design a task that would test
whether words from non-prototypical syntactic
categories—converted words and nonce words—
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Subtask Prompt Intended
. . v
?
If | asked you to X it, do | want you to not X it? X
not to . 0 . X
?
transitive If | asked you { to not } X it, do | want you to { not } X it? %
If I say, “Don’t X me,” am | asking you to { not } X me? ;
If 1 0 X daily, do | X every day? /
don!t y! ry y' X
intransitive tried . v
?
If I{ did not try } to X, did | attempt to X7 X
. . this X to the other one? v
If I like this X more than the other one, do | prefer { the other X to this one? } X
count . . this X to the other one? X
If I like this X less than the other one, do | prefer { the other X to this one? } v
less v
?
| prefer less X. Do | prefer { more } X7 X
mass | prefer more X. Do | prefer { less } X? X
more v

Table 2: Frames used fo

affect the ability of text-in-text-out language mod-
els to make pragmatic generalizations.

3.1.

We created a set of 3,069 prompts based on the
frames in Table 2 and five word lists (Table 1).
Nonce words were generated with Unipseudo

Materials

Part of Speech Number Example
transitive verbs 42 bamboozle
intransitive verbs 42  deign
mass nouns 51 music
count nouns 79 professor
nonce words 49 theord

Table 1: Word lists derived from UniMorph and
Unipseudo (New et al., in press) and verified man-
ually

(New et al., in press) based on a list of the 59 most
frequent mono-morphemic nouns verbs in English
with length 6 (as listed in UniMorph). This list was
manually culled to remove words that were (1) too
similar to or (2) too distant from any known English
words. All lexical sets were manually curated by a
native-speaker linguist.

The frames and the wordlists were combined
according to principled criteria, yielding 3,069
items. Prompts reflect the format of the following
example:

If | asked you to day it, do | want you to
day it?

r generating prompts

3.2. Experiments

The prompts were presented to five models, two
closed models (GPT-3.5 and GPT-4) and three
open models of varying sizes (Mistral 7B, Falcon
40B, and Llama 2 70B). The closed models were
prompted via the OpenAl APIl. The open mod-
els were all evaluated (without quantization) using
vLLM on a cluster node with 4 A6000 GPUs. The
prompts described above were presented to the
models with the suffix, “ Answer with one word.”
Answers were automatically identified using reg-
ular expressions. Responses starting with “yes”,
“yeah”, “sure”, “correct”, “right”, and “true” were
coded as affirmative and those starting with “no”,
“nope”, “wrong”, “incorrect”, and “false” were
coded as negative. Other responses were treated
as “null”. For each model, four runs (of 3,069
prompts) were made.

4. Results

Overall results are shown in Figure 2. GPT-4
achieves almost perfect results (maximal lexical-
syntactic flexibility) across all categories (count
noun frames, mass noun frames, and transitive
verb frames). The exception is the intransitive
verb frames, where its performance, when nulls
are removed, is worse than that of Mistral 7B.
GPT-3.5 is consistently worse than GPT-4 but is,
on balance, a stronger performer than the open-
source models. Falcon 40B performs better on
the metric than the other open-source models,
on the prototypical condition. The glaring excep-
tion is the mass noun frames, where Falcon gen-
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Figure 2: Average accuracy grouped by model
and typicality (p- for “prototypical,” np- for “non-

prototypical,” and no- for “nonce”)

erated mostly non-sequiturs rather than yes/no
responses. When all responses are considered,
Mistral is a relatively weak performer. However,
when null responses are filtered out, Mistral ap-
pears to display greater flexibility than the other
open-source models.

In order to separate the ability to carry out
the natural language inference task from lexical-
syntactic flexibility, we analyzed the difference
between the average accuracy on the prototypi-
cal condition (expected part of speech) and the
non-prototypical condition (unexpected part of
speech). These results are shown in Table 3. The
inaccuracy associated with non-prototypical con-
texts was substantially higher for GPT-3.5 and Fal-
con 40B, but was relatively low for Llama 2 70B
and was minimal for Mistral 7B and GPT-4.

model  with nulls  without nulls
gpt-3.5 0.08 0.08
gpt-4 0.01 0.01
falcon 0.15 0.07
llama2 0.03 0.03
mistral 0.07 0.01

Table 3: Difference in average accuracy between
the prototypical and non-prototypical condition,
both with all records (left, null treated as negative)
and with only non-null records (right)

5. Discussion

In order to understand which factors most con-
tributed to performance on the syntactic flexi-
bility task, we fitted a Logistic Regression to
these results using the Logit function from
the Python statsmodels library. The features
were prototypical part of speech, model type,
(proto)typicality of the filler given the frame, and
whether the answer was yes, no, or “null”. It
showed all factors to be significant predictors of
correctness (p < 0.01), with answer type (yes, no,
or null) as the strongest predictor. This is likely be-
cause Mistral and Falcon often fail to give correct
responses by generating answers that are coded
neither “yes” nor “no”. This is associated with a
confounder (these frames, with two sentences, of-
ten elicited null responses). Controlling for all of
the other factors, model type is also predictive,
with GPT-3.5 and GPT-4 most associated with cor-
rect responses and Llama 2 least associated with
correct responses.

Returning to our hypotheses in Table 4, we
find that the models do, almost without excep-
tion, perform better under the prototypical con-
dition than the non-prototypical condition. This
suggests that conversion is more challenging than
the use of unconverted words. However, non-
prototypical performance is not significantly dif-
ferent from nonce performance, suggesting that
the models are treating converted words as, es-
sentially, nonce words. Scores for all three condi-
tions are generally correlated with one another—
models that are good at using words in a pro-
totypical way are also good at using them in
non-prototypical ways. Perhaps most surprising,
though, is the fact that model size was not a good
predictor of performance. The largest of the open
models (Llama 2 70B) was in some ways the weak-
est performer. Mistral 7B, was the smallest, but
held its own against Falcon 40B and even the
much larger GPT models, and least in certain sub-
tasks. This was true in spite of the fact that Mis-
tral and Falcon were generally worse at following
instructions.

Investigating the differences between the mod-
els in detall, it is clear that GPT-4 displays, far
and away, the best scores on our lexical-syntactic
flexibility task. It might be tempting to attribute
this difference to the number of parameters in
the model (since GPT-4 is believed to be a Mix-
ture of Experts of several large models). How-
ever, it is not the case that this kind of generaliza-
tion is necessarily simply a function of model size:
the best-performing open-source model, when all
else is held equal, is also the smallest (Mistral 7B).
The largest of the open-source models—Llama 2
70B—is consistently mediocre in its performance
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Hypothesis

Finding

prototypical performance > non-prototypical performance
non-prototypical performance > nonce performance

Correlation between prototypical, non-prototypical, nonce performance
Difference between model size accounts for difference in performance

v Supported
X Not supported
v Supported
X Not supported

Table 4: Findings with regard to each major hypothesis

on this task. And Falcon 40B, which is almost six
times the size of Mistral, shows impressive abil-
ities at the natural language inference task but
lackluster performance at lexical-syntactic flexibil-
ity.

Mistral and Falcon’s scores are hurt by the
fact that they frequently general null responses,
particularly in response to frames eliciting mass
nouns (Falcon and Mistral) and transitive verbs
(Mistral). The causal mechanism, in these cases,
is unclear. The mass noun frames all consist of
two sentences: “| prefer more/less X. Do | pre-
fer more/less X?” The other frames have one sen-
tence each. The intransitive frames require the
model to reason about semantically related words
(though the count noun subtask does as well). The
generation of null responses may be due either to
these superficial factors or to more basic differ-
ences in model behavior with respect to frames
that call for mass nouns or intransitive verbs.

GPT-4 also displays a dip in performance on the
intransitive subtask, not because it is generating
null responses but because it is generating incor-
rect yes/no responses in a non-trivial number of
cases. Again, because the sets of frames are so
small and lacking in diversity, it is not possible to
construct a valid causal explanation to account
for the fact that the models perform differently on
some subtasks than others. What is clear, though,
is that there are significant differences between
the models and these differences are in some way
correlated with the subtasks defined here.

6. Conclusion

We have introduced the first experiment testing
the lexical-syntactic flexibility of LLMs, finding
that language models are challenged by words
in syntactically non-prototypical context (when
compared to words in syntactically prototypi-
cal contexts). However, we did not find that
words in syntactically non-prototypical contexts
presented challenges to the models that nonce
words did not. As we posited, there is a corre-
lation between performance on prototypical and
non-prototypical items and the model type was
a significant predictor of performance. However,
contrary to expectations, the model size was not a

good predictor of lexical-syntactic flexibility. The
findings are summarized in Table 4.

With this foundation in place, we plan to inves-
tigate lexical-syntactic flexibility more systemati-
cally by using a much larger number of frames
for each subtask and by testing a larger set of
(open and proprietary) models. Now that truly
open models like Olmo (Groeneveld et al., 2024)
are available, it is possible to know, more pre-
cisely, what words have been seen by the model
and in what contexts. This will allow us to state
unambiguously when models are generalizing old
vocabulary to new contexts and when they are di-
rectly recapitulating what they have seen in their
training data.
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