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Abstract
Recent studies probing the Argument from
the Poverty of the Stimulus (APS) have ap-
plied Large Language Models (LLMs) to test
the learnability of complex syntax through
surprisal-based metrics. However, divergent
conclusions raise questions concerning the in-
sights these metrics offer. While Wilcox et al.
(2024) used direct minimal pair comparisons
(the “wh-effect”) to demonstrate that models
successfully generalise knowledge of filler-
gap dependencies, Lan et al. (2024) used a
Difference-in-Differences (DiD) metric and
found that models largely fail on parasitic gaps
(PGs). This paper argues that the direct min-
imal pair approach offers greater diagnostic
transparency. We demonstrate this by generat-
ing a full 8-permutation paradigm of refined PG
stimuli and evaluating the GPT-2 model used
in previous studies with a systematic Wilcox-
style wh-effect analysis. Our results show that
GPT-2 succeeds across all four tested condi-
tions, indicating robust knowledge of filler-gap
licensing principles even in complex PG envi-
ronments. This finding, which contrasts with
the more ambiguous results from DiD-style
metrics, suggests that the choice of evaluation
metric is critical for assessing an LLM’s syn-
tactic competence.

1 Introduction

The evaluation of syntactic knowledge in Large
Language Models (LLMs) has become a crucial
area of research for understanding their capabil-
ities and for empirically addressing foundational
questions in linguistics, such as the Argument from
the Poverty of the Stimulus (APS). Surprisal, the
negative log probability of a word given its context,
has emerged as a key psycholinguistic metric for
these evaluations (Linzen et al., 2016; Futrell et al.,
2019; Wilcox et al., 2024).

Recent work has employed surprisal-based met-
rics to test LLM knowledge of complex de-
pendencies, yet has adopted different evaluation

paradigms. Wilcox et al. (2024) investigated var-
ious filler-gap dependencies by measuring a “wh-
effect,” a direct surprisal comparison between min-
imal pairs that differ only in the presence of a wh-
filler versus a complementizer that. Their findings
generally indicated that LLMs successfully acquire
knowledge of these structures.

In response, Lan et al. (2024) tested more com-
plex phenomena—parasitic gaps (PGs) and across-
the-board (ATB) movement. To do so, they intro-
duced a Difference-in-Differences (DiD) metric, a
statistical tool designed to measure an interaction
effect across a 2 × 2 paradigm of stimuli. Their
findings, showing poor LLM performance on PGs
and ATB movement, were interpreted as support
for the APS.

While both approaches have merit, this paper ar-
gues that they differ greatly in their diagnostic trans-
parency. The direct minimal pair approach allows
for clear, interpretable tests of specific linguistic
hypotheses. We apply this more direct framework
to the PG phenomenon and find that the model’s
knowledge is more robust than suggested by prior
work, indicating that the choice of metric can sig-
nificantly shape conclusions about model compe-
tence.

2 Analysis of Evaluation Paradigms

Though Lan et al. (2024) and Wilcox et al. (2024)
both rely on surprisal-based evaluation of LLMs
on syntactic phenomena, the specific comparisons
made differ in their diagnostic power. Here, we
detail the distinct approaches taken by each paper,
summarised in Table 1.

The method used by Wilcox et al. (2024) relies
on direct minimal pair comparisons where only a
single variable is manipulated while the critical
region remains identical. This approach offers high
interpretability, as the resulting surprisal difference
(the wh-effect) can be uniquely attributed to the
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Paper Prediction Metric / Evaluation Method

Wilcox et al.
(2024)

1. Gaps require an upstream filler. Wh-Effect (+gap): The surprisal at post-gap material should be
lower with a wh-filler than with that.
Metric: S(w+|Cwhat)− S(w+|Cthat) < 0

2. Fillers require a downstream gap. Wh-Effect (-gap): The surprisal at an overt NP filling a potential
gap site should be higher with a wh-filler than with that.
Metric: S(w−|Cwhat)− S(w−|Cthat) > 0

Lan et al.
(2024)

1. An LLM should prefer the grammatical
multi-gap PG structure over its ungrammat-
ical counterpart where the main clause gap
(G2) is filled.

Direct Preference: Compares the surprisal of the gapped vs.
ungapped G2 continuation in a +Filler context.
Metric: ∆+filler > 0, where ∆ = S(ungapped)− S(gapped).

2. The model’s preference for a gapped G2
should be stronger when licensed by a wh-
filler than when it is absent.

Difference-in-Differences (DiD): Compares the preference for a
gap (∆) across +Filler and -Filler contexts.
Metric: ∆+filler > ∆−filler

Table 1: Comparison of core predictions and evaluation metrics. Wilcox et al. (2024) focus on direct minimal pairs where only
the filler is manipulated. Lan et al. (2024) use a 2× 2 paradigm to calculate an overall interaction effect (DiD).

model’s reaction to the manipulated variable.
In contrast, the DiD metric employed by Lan

et al. (2024) is necessitated by a paradigm where
the critical words being compared are not identi-
cal. Here, direct comparison is confounded by the
baseline lexical probabilities of the differing criti-
cal words. To illustrate, consider the representative
example (item 2 from the Lan et al. (2024) project’s
dataset) shown in Table 2

Condition Critical Word Surprisal (bits)

‘+Filler, +Gap1, -Gap2’ “you” 4.14
‘+Filler, +Gap1, +Gap’ “soon” 22.98
‘-Filler, -Gap1, -Gap’ “you” 5.77
‘-Filler, -Gap1, +Gap2’ “soon” 23.34

Table 2: Surprisal values for the critical word in each of
the four conditions for “I know who/that Bob’s talking to
(Jennifer) is about to bother (you) soon.”

Calculating their direct preference metric,
∆+filler = S(you) − S(soon), yields a heavily
skewed value of 4.14 − 22.98 = −18.84 bits. A
large negative result like this, which may well re-
sult from the much lower frequency of the word
“soon” than “you” in training data, makes it impos-
sible to interpret the simple delta as a meaningful
measure of syntactic preference. This is not an
isolated case; out of the 8,064 items, we find an
average baseline surprisal difference of approxi-
mately 11.5 bits between the adverbial (gap) and
nominal (-gap) critical words across all conditions.

The DiD metric aims to resolve this issue by
measuring the interaction effect, partially control-
ling for this baseline difference. However, this
approach obscures the specific linguistic knowl-
edge being tested. A large DiD effect shows that

the model is sensitive to the filler’s role, but does
not, on its own, disentangle the distinct principles
of PG licensing. This is further complicated by the
fact that the ‘-Filler’ conditions also manipulate the
status of the G1 gap, preventing a clean baseline.

3 Methods

To achieve a more diagnostically precise evaluation
of LLM knowledge of PGs, our approach centres
on direct minimal pair comparisons. This requires
a full set of stimuli to test the distinct syntactic con-
straints that constitute knowledge of the complex
domain of parasitic gaps.

3.1 Stimulus Dataset

Using Gemini 2.5 as the generative model, we cre-
ated a controlled dataset of 40 items (320 sentences
total), containing all 8 permutations for each PG
item given the variable conditions: ±filler, ±gap
1, and ± gap 2. The stimuli used unambiguous
subject island structures (e.g., “the story about _”)
and were manually vetted for pragmatic plausibil-
ity. From this set, 33 well-formed items (264 sen-
tences) were used for analysis after excluding 7 for
verb selection issues that rendered some conditions
ungrammatical (see Appendix A for a sample of
the resulting data).

3.2 Analytical Framework and Procedure

Our framework applied the wh-effect metric
(S(+Filler) − S(-Filler)) across the four possible
gap configurations present in our 8-permutation
paradigm. This resulted in four direct minimal pair
tests (P1–P4), outlined in Table 3.
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Test Gap Context Minimal Pair Comparison Expected Outcome

P1 +G1, +G2 ‘+F, +G1, +G2’ vs. ‘*-F, +G1, +G2’
Licensing (Full PG) Tests if the wh-filler licenses the full grammatical

PG dependency compared to ‘that‘.
S(+F) < S(-F)

P2 -G1, +G2 ‘+F, -G1, +G2’ vs. ‘*-F, -G1, +G2’
Licensing (Simple Ext.) Tests if the wh-filler licenses a simple host gap (G2)

when the parasitic gap (G1) is filled.
S(+F) < S(-F)

P3 +G1, -G2 ‘*+F, +G1, -G2’ vs. ‘*-F, +G1, -G2’
Violation (PG, No Host) Tests the effect of a wh-filler when the host gap is

filled, leaving an unlicensed PG.
(Exploratory)

P4 -G1, -G2 ‘*+F, -G1, -G2’ vs. ‘-F, -G1, -G2’
Violation (No Gaps) Tests if a wh-filler creates surprisal when no gaps

are available to be licensed.
S(+F) > S(-F)

Table 3: Proposed Wilcox-style minimal pair comparisons for parasitic gaps. Each test compares a ‘+Filler’ sentence (‘who’) to
a ‘-Filler’ sentence (‘that’) while holding the gap configuration constant. The expected outcome refers to the surprisal at the
identical critical region.

The procedure was as follows: (1) We obtained
BPE-level surprisals from GPT-2 for all 264 sen-
tences. (2) Surprisals were aggregated for pre-
defined critical regions by summing the surprisals
of their constituent BPEs. A critical region was
defined as the overt NP filling a gap (for ‘-gap’
conditions) or the material immediately following
the gap (for ‘+gap’ conditions). (3) For each hy-
pothesis (P1–P4), we calculated the per-item sur-
prisal difference between the two sentences in the
minimal pair. (4) one-sample t-tests were used to
evaluate the significance of these mean differences.

4 Results

We evaluated GPT-2 on our new dataset, using the
33 well-formed items that passed our grammatical-
ity checks. This section first presents the results us-
ing the ∆-based metrics before applying the more
diagnostically expressive minimal pair framework.

4.1 Applying Metrics from Lan et al. (2024) to
the Dataset

We calculated the direct preference (∆+filler) and
DiD using the four paradigm conditions corre-
sponding to the 2× 2 design. The accuracy scores
are presented below, and visualised in Figure 1.

• For the direct preference criterion (∆+filler >
0), GPT-2 achieves an accuracy of only
51.5%, which is at chance level. The mean ef-
fect is positive but not statistically significant
(Mean = 2.17 bits, t(32) = 1.49, p = .072).

• For the DiD criterion (∆+filler > ∆−filler),
GPT-2 achieves an accuracy of 87.9%. The
mean DiD effect is large and highly significant
(Mean = 5.17 bits, t(32) = 7.11, p < .0001).

While the highly significant DiD result might
indicate that GPT-2 has acquired robust knowledge
of PGs when tested on this dataset, the chance-
level performance on the direct preference metric
provides no real insight concerning the linguistic
capabilities of the model.

Success Rate for +filler > 0 Success Rate for DiD > 0
Metric
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Figure 1: Results of Lan et al. metrics on our dataset

4.2 Fine-Grained Minimal Pair Analysis
We applied the Wilcox-style wh-effect analysis
across the four gap configurations in our paradigm.
The results, summarised in Table 4 and visualised
in Figure 2, reveal a consistent pattern of success.

Hypothesis Mean (bits) t-statistic p-value

P1 (+G1, +G2) -2.61 -5.95 < .0001
P2 (-G1, +G2) -3.50 -7.59 < .0001
P3 (+G1, -G2) 1.32 4.12 0.0002
P4 (-G1, -G2) 4.22 10.02 < .0001

Table 4: Mean Wilcox-style wh-effects (S(+F)− S(-F)) and
statistics from one-sample t-tests (N=33 items). Significant
results (p < .05) are in bold.

The results show a clear pattern of success. In
the two grammatical licensing contexts, P1 (full
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PG) and P2 (simple extraction), the model correctly
finds the sentences with a wh-filler significantly less
surprising than their ungrammatical counterparts
with that, as indicated by the large negative mean
effects (p < .0001 for both).

Furthermore, in the two violation contexts, the
model performs as expected. For P4, where there
are no gaps to license, the model finds the sentence
with a wh-filler significantly more surprising than
the grammatical baseline with that (p < .0001).
For the exploratory P3 context, where the parasitic
gap is unlicensed, the model also shows a signif-
icant positive wh-effect, robustly penalising the
‘+Filler’ condition (p = 0.0002). These results
indicate that GPT-2 has acquired a generalisable
knowledge of filler-gap licensing that applies con-
sistently across these complex structural variations.

P1 (+G1, +G2) P2 (-G1, +G2) P3 (+G1, -G2) P4 (-G1, -G2)
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Figure 2: Mean wh-effects for the four gap configurations.
Error bars represent 95% confidence intervals. All effects are
in the predicted direction and statistically significant.

5 Discussion

Our fine-grained analysis, using direct minimal pair
comparisons in the style of Wilcox et al. (2024),
reveals a consistent and surprisingly systematic
knowledge of filler-gap dependencies in GPT-2,
even within the complex syntactic environment
of parasitic gaps (PGs). The model correctly dis-
tinguished grammatical from ungrammatical sen-
tences across all four of our targeted licensing and
violation contexts (P1–P4), with all effects being
highly statistically significant.

This finding is particularly striking when con-
trasted with prior work. An unexpected out-
come of our study emerged when we applied the
∆-based metrics to our dataset. GPT-2’s accu-
racy on the Difference-in-Differences (DiD) metric
rose to 87.9% from the 68.8% reported by Lan

et al. (2024) on their stimuli. Even more dramati-
cally, the direct preference accuracy (∆+filler > 0)
jumped from a reported 5.6% to 51.5% on our
dataset.

We hypothesize that this marked improvement
is not necessarily because the underlying linguistic
challenge was simplified, but because the stimuli
themselves are more representative of canonical
PGs and free from specific confounds. This sug-
gests that surprisal-based evaluations of complex
syntax are highly sensitive to stimulus quality. The
original conclusion that GPT-2 fails to learn PGs
may have been at least partially influenced by unin-
tended lexical ambiguities and structural complexi-
ties in the test data, rather than solely due to failure
to acquire the syntactic generalisation itself.

This highlights the primary methodological take-
away: the choice of evaluation metric profoundly
impacts the conclusions drawn about a model’s ca-
pabilities. While a single interaction metric like
the DiD can identify a general sensitivity to a li-
censor, it can obscure the details of what a model
has learned. Our fine-grained P1-P4 analysis, by
isolating specific linguistic principles, provides a
more transparent and diagnostically powerful tool
for building a more accurate picture.

6 Conclusion

This paper contrasted two prominent methods for
evaluating LLM syntactic knowledge and argued
for the superior diagnostic clarity of a fine-grained
analysis based on direct minimal pair comparisons.
Our results, using a new controlled dataset, indicate
that GPT-2’s knowledge of the principles govern-
ing parasitic gaps is more robust than previously
shown. This suggests that conclusions about model
capabilities are highly sensitive to both stimulus
quality and the chosen evaluation metric.

We advocate that future research adopt more di-
rect and interpretable tests. A logical next step
is to apply this framework to the other models
tested by Lan et al. (2024), which performed even
more poorly on the original dataset, to see whether
performance there is similarly sensitive to stimu-
lus design, or whether fine-grained analysis pro-
vides insights into what aspect of the PG licensing
the model has failed to acquire. This approach
promises a more rigorous foundation for claims
about model capabilities and their implications for
debates concerning the Argument from the Poverty
of the Stimulus.
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A Sample of Generated Stimuli

Below is a sample of our generated dataset presented in comma-separated value format. Note that Item
2, which uses the anti-rogative “believed,” is included here as an example of one of the 7 item sets
excluded from our final analysis. This item was excluded because the main verb does not license a
wh-complement, rendering the ‘+filler’ conditions ungrammatical and thus unsuitable for the intended
minimal pair comparisons.

sentence_type ,item_id ,condition ,full_sentence
subject_pg_full ,1,plusF_plusG1_plusG2 ,The investigators know who the story about is

likely to damage severely.
subject_pg_full ,1, plusF_plusG1_minusG2 ,The investigators know who the story about is

likely to damage the campaign severely.
subject_pg_full ,1, plusF_minusG1_plusG2 ,The investigators know who the story about

the politician is likely to damage severely.
subject_pg_full ,1, plusF_minusG1_minusG2 ,The investigators know who the story about

the politician is likely to damage the campaign severely.
subject_pg_full ,1, minusF_plusG1_plusG2 ,The investigators know that the story about

is likely to damage severely.
subject_pg_full ,1, minusF_plusG1_minusG2 ,The investigators know that the story about

is likely to damage the campaign severely.
subject_pg_full ,1, minusF_minusG1_plusG2 ,The investigators know that the story about

the politician is likely to damage severely.
subject_pg_full ,1, minusF_minusG1_minusG2 ,The investigators know that the story about

the politician is likely to damage the campaign severely.
subject_pg_full ,2,plusF_plusG1_plusG2 ,The audience believed who the picture of might

have flattered greatly.
subject_pg_full ,2, plusF_plusG1_minusG2 ,The audience believed who the picture of

might have flattered the director greatly.
subject_pg_full ,2, plusF_minusG1_plusG2 ,The audience believed who the picture of the

actor might have flattered greatly.
subject_pg_full ,2, plusF_minusG1_minusG2 ,The audience believed who the picture of the

actor might have flattered the director greatly.
subject_pg_full ,2, minusF_plusG1_plusG2 ,The audience believed that the picture of

might have flattered greatly.
subject_pg_full ,2, minusF_plusG1_minusG2 ,The audience believed that the picture of

might have flattered the director greatly.
subject_pg_full ,2, minusF_minusG1_plusG2 ,The audience believed that the picture of

the actor might have flattered greatly.
subject_pg_full ,2, minusF_minusG1_minusG2 ,The audience believed that the picture of

the actor might have flattered the director greatly.
subject_pg_full ,3,plusF_plusG1_plusG2 ,The board understood who the critique of would

probably anger immensely.
subject_pg_full ,3, plusF_plusG1_minusG2 ,The board understood who the critique of

would probably anger the CEO immensely.
subject_pg_full ,3, plusF_minusG1_plusG2 ,The board understood who the critique of the

new project would probably anger immensely.
subject_pg_full ,3, plusF_minusG1_minusG2 ,The board understood who the critique of the

new project would probably anger the CEO immensely.
subject_pg_full ,3, minusF_plusG1_plusG2 ,The board understood that the critique of

would probably anger immensely.
subject_pg_full ,3, minusF_plusG1_minusG2 ,The board understood that the critique of

would probably anger the CEO immensely.
subject_pg_full ,3, minusF_minusG1_plusG2 ,The board understood that the critique of

the new project would probably anger immensely.
subject_pg_full ,3, minusF_minusG1_minusG2 ,The board understood that the critique of

the new project would probably anger the CEO immensely.

Listing 1: Sample of Gemini 2.5 Generated Data
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