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Abstract

Large language models (LLMs) that fluently
converse with humans are a reality – but do
LLMs experience human-like processing dif-
ficulties? We systematically compare hu-
man and LLM sentence comprehension across
seven challenging linguistic structures. We
collect sentence comprehension data from
humans and five families of state-of-the-art
LLMs, varying in size and training procedure
in a unified experimental framework. Our re-
sults show LLMs overall struggle on the tar-
get structures, but especially on garden path
(GP) sentences. Indeed, while the strongest
models achieve near perfect accuracy on non-
GP structures (93.7% for GPT-5), they strug-
gle on GP structures (46.8% for GPT-5). Addi-
tionally, when ranking structures based on av-
erage performance, rank correlation between
humans and models increases with parame-
ter count. For each target structure, we also
collect data for their matched baseline with-
out the difficult structure. Comparing perfor-
mance on the target vs. baseline sentences, the
performance gap observed in humans holds for
LLMs, with two exceptions: for models that
are too weak performance is uniformly low
across both sentence types, and for models that
are too strong the performance is uniformly
high. Together, these reveal convergence and
divergence in human and LLM sentence com-
prehension, offering new insights into the sim-
ilarity of humans and LLMs.1

1 Introduction

The astounding advances in performance of large
language models (LLMs) (OpenAI, 2023; Gemini,
2024; Almazrouei et al., 2023; Grattafiori et al.,
2024; Yang et al., 2025) have sparked interest
in comparing sentence processing mechanisms in
humans and LLMs, with two main areas of re-

1We release our code and data in https:
//github.com/samsam3232/comparing_humans_llms_
processing_difficulties

search. The first compares brain and LLM activa-
tions while processing a sentence (Schrimpf et al.,
2021; Cacheteux and King, 2022; Goldstein et al.,
2023; Ren et al., 2024). The second compares hu-
mans and LLMs processing outcomes, either by
predicting human-related metrics (such as reading
time, eye gaze, and plausibility judgments) from
LLM-derived information or by directly compar-
ing outputs on the same task (Linzen et al., 2016;
Warstadt et al., 2019; Hu et al., 2020; Amouyal
et al., 2024; Rego et al., 2024; Sun and Wang,
2024; Kuribayashi et al., 2025).

One way to estimate the similarity of humans
and LLMs is to compare their error patterns. Psy-
cholinguistic research has revealed many struc-
tures challenging humans cognitive mechanisms
(Miller and Chomsky, 1963; Frazier, 1987; Gib-
son and Thomas, 1999; Christianson et al., 2001,
2006; Gordon et al., 2001; Zhang et al., 2023).
Some prior studies have shown that LLMs struggle
similarly to humans on some syntactic structures;
Amouyal et al. (2025) found that LLMs make
comprehension errors akin to humans on a specific
type of “garden path” (GP) sentences. Irwin et al.
(2023) have shown that on another type of GP,
LLMs struggle, but make mistakes dissimilar from
humans. Hu et al. (2024) have shown that similar
to humans, LLMs consider center-embedded sen-
tences as ungrammatical, while Hardt (2025) has
shown that when given examples, LLMs achieve
almost perfect performance on these sentences.

Still, important gaps remain. First, most stud-
ies use indirect metrics (reading time for humans
or surprisal for LLMs) as a proxy for process-
ing difficulty, with few studies measuring sentence
comprehension directly (Ferreira and Yang, 2019).
Second, LLM studies looking at specific structures
used different experimental setups: different mod-
els, different data, different prompts; it is therefore
hard to draw from these a unified conclusion.

In this study, we fill these gaps by systemati-
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cally comparing human and LLMs sentence com-
prehension, having them complete the same task:
given a sentence, answer a comprehension ques-
tion on that sentence. We test the comprehen-
sion of both humans and a large family of LLMs
on seven different structures, challenging different
components of humans cognition.

We investigate the following structures (see Ta-
ble 1): Four different types of Garden path (GP)
sentences (e.g., The chef hired last month worked
overtime., Did the chef hire someone?): GP sen-
tences are challenging because they require reanal-
ysis of an initial parse of the sentence. Double
center embedded sentences (e.g., The boy that the
cat the dog scared liked laughed. Who did the dog
scare?) are challenging due to multiple open de-
pendencies items. Similarity-based interference
appears when two noun phrases share some fea-
ture, which leads to impaired comprehension (e.g.,
The banker that the barber praised climbed the
mountain. Who climbed the mountain?). Depth
charge sentences (e.g., No head injury is too triv-
ial to be ignored. Can you ignore head injuries?)
are challenging due to multiple negations.

We start by creating sentence-question pairs for
all types of structures above. Each set in our data
has two sentences: one with the difficult structure
(the target sentence), and a matched baseline with-
out the difficulty. For each sentence-question pair,
LLMs and humans perform the same task: an-
swer the question given the sentence. Each human
participant sees only one sentence-question-pair.
We test 31 state-of-the-art LLMs from 5 families,
varying in size and training procedure.

Human performance validates that these struc-
tures are challenging, where the highest average
human accuracy on a task is 41.7%. LLMs over-
all perform better than humans, but still struggle
on these structures. The lowest mean accuracy
across tasks is 28.3%, and the highest mean ac-
curacy is 65.3%. Given the simplicity of the task,
these results show these sentences are challenging
for LLMs as well. In addition, reasoning tokens
(‘thinking’) improve model performance, but only
when the base model is strong enough.

A key contribution of our work is to analyze the
similarity between human and LLM performance,
with three main findings.
1. LLMs are more similar to humans on GP

structures Comparing the absolute perfor-
mance of humans and LLMs, the average abso-

lute difference is lower for GP structures (0.17)
compared to other structures (0.35). This is
because LLM absolute accuracy on GP struc-
tures is lower. Additionally, thinking tokens
are less helpful on GP structures compared to
the other constructions. Overall, there is a clear
difference between LLM behavior on GP sen-
tences and other phenomena. We conjecture
this is due to the type of difficulty GP sentences
pose: while the remaining structures stress
working memory (which is larger in LLMs than
in humans), GP sentences require discarding
a wrong interpretation from memory. Prov-
ing this conjecture requires validation in future
work.

2. Rank correlation of the difficulty of struc-
tures between humans and LLMs increases
with model size. Spearman rank correlation
between the relative ranking of average perfor-
mance of humans and LLMs on the different
structures (see Figure 2) shows that as models
have more parameters, correlation increases.
The model with the highest correlation is o4-
mini with a correlation of 0.93.

3. LLM performs better on baseline sentences
when the LLM is not too strong and not too
weak. A key property of similarity between hu-
mans and LLMs is directionality: we expect the
accuracy on target sentences to be lower than
their baseline counterpart. Models reproduce
this pattern, except in two cases. If a model
is too weak, it performs poorly on both sen-
tence types and violates directionality; if too
strong, it performs equally well on both sen-
tence types violating again directionality. The
model capacity required to capture human-like
directionality varies by structure, depending on
how difficult that structure is for humans.

To summarize, our contributions are:

1. We collect sentence comprehension human
data on seven challenging structures

2. We test LLM sentence comprehension on these
structures in a wide array LLM families, sizes
and training regimens.

3. We provide an in-depth comparison of the sim-
ilarity of human and LLM sentence processing
with the aforementioned insights.

To our knowledge, this is the first study to examine
sentence comprehension across such a large num-
ber of phenomena and LLMs, allowing us to draw
broader generalizations compared to prior work.
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Type Target Sentence Baseline Sentence Question Answer

Subject/Object (GP) While the man hunted the deer ran
into the woods.

The deer ran into the woods while
the man hunted.

Did the man hunt the deer? No

NP/S (GP) The policeman saw the lights were
off.

The policeman saw that the lights
were off.

Did the policeman see the lights? No

NP/VP (GP) The complex houses married sol-
diers.

The complex housed married sol-
diers.

Are there complex houses? No

Reduced relative (GP) The chef hired last month worked
overtime.

The chef which was hired last
month worked overtime.

Did the chef hire someone? No

Double-center The man that the teacher that the
student liked called sat.

The student liked the teacher that
called the man that sat.

Who did the student like? The teacher

Depth charge No head injury is too trivial to be
ignored.

Every head injury is severe enough
to be ignored.

Can you ignore head injuries? Yes

Interference The banker that the barber praised
climbed the mountain.

The banker that you praised
climbed the mountain.

Did the barber/you climb the mountain? No

Table 1: Example sentences for all constructions tested in this work.

2 Structures examined

We examined seven distinct types of structures,
chosen to span a range of processing difficulties.
Each type challenges comprehension in a different
way—through structural ambiguity, memory load,
or logical/semantic complexity. For each struc-
ture we have two sentences: one with the difficult
structure (the target condition) and a baseline sen-
tence where the difficulty is neutralized (the base-
line condition). Each participant sees one of the
two. In both cases the sentence is followed by one
comprehension question.

We now describe each structure, providing ex-
amples of sentences and probing questions. Table
1 shows example sets for all structures.

2.1 Garden-path sentences

Garden-path (GP) sentences are constructions that
lead the reader into an initial incorrect parse, re-
quiring reanalysis to achieve the correct interpre-
tation (Ferreira and Henderson, 1990; Trueswell
et al., 1993; Garnsey et al., 1997). Such reanaly-
sis was shown to be hard for humans (Christianson
et al., 2001, 2006) . We include four GP subtypes:
• Subject/Object: the subject of the main verb is

initially misparsed as the object of a verb in a
preceding adverbial clause.

• NP/S: a noun phrase (NP) is initially misparsed
as the object of a main clause and not as the sub-
ject of an embedded sentence (S).

• NP/VP: a verb (‘houses’) is initially misparsed
as part of an NP.

• Reduced relative: a reduced relative clause verb
is initially parsed as the main verb.

2.2 Double center-embedded sentences

Double-center embedded sentences are sentences
with two nested clauses within another. Under-
standing such sentences is difficult due to the
strain they impose on working memory, and they
are often misunderstood or judged as ungrammat-
ical (Miller and Chomsky, 1963; Frazier, 1987;
Gibson and Thomas, 1999; Vasishth et al., 2010).
In each set for this structure, the question targets
the deepest embedded clause.

2.3 Depth-charge sentences

Depth-charge sentences involve multiple nega-
tions, such as “No head injury is too trivial to be
ignored”. People interpret this sentence as “you
can’t ignore head injuries” (which is semantically
more plausible), while the literal meaning is “you
can ignore every head injury” (Kizach et al., 2016;
Zhang et al., 2023; Paape, 2023).

2.4 Similarity-based interference

Similarity-based interference occurs when two
nouns in a sentence share features (semantic, syn-
tactic, or both), leading to interference between
the two nouns during memory encoding or re-
trieval (Jäger et al., 2015; Villata et al., 2018; Saul
et al., 2025), which can lead to comprehension
problems. We use the sentences from Gordon et al.
(2001), in which the interference is between two
NPs that are both descriptive (e.g the cook).

2.5 Materials

For Subject/Object GP, we use 45 sets from
Amouyal et al. (2025), along with their human re-
sults. For interference, we used 24 sets from Gor-
don et al. (2001), but we did not use their human
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Model Average Subj/Obj NP/VP Depth charge NP/S Double center Interference Red. relative GP non GP
Human 28.3 13.3 18.5 28.0 29.7 32.3 36.9 41.7 25.8 32.4
o3 74.5 49.0 66.0 64.0 56.0 98.0 100.0 95.0 66.5 87.3
GPT-4.1 68.7 40.0 63.0 63.0 57.0 90.0 100.0 76.0 59.0 84.3
GPT-5 65.6 32.0 45.0 83.0 45.0 98.0 100.0 65.0 46.8 93.7
Llama-11B-Ins. 60.6 50.0 72.0 33.0 62.0 61.0 69.0 79.0 65.7 54.3
Llama-11B 59.6 47.0 66.0 38.0 56.0 62.0 82.0 72.0 60.3 60.7
Llama-90B 49.4 25.0 40.0 43.0 29.0 88.0 93.0 39.0 33.3 74.7
DeepSeek-7B 48.0 32.0 41.0 78.0 44.0 25.0 68.0 53.0 42.5 57.0
DeepSeek-1.5B 46.9 38.0 39.0 69.0 39.0 59.0 43.0 40.0 39.0 57.0
DeepSeek-14B 38.6 15.0 25.0 74.0 7.0 66.0 65.0 25.0 18.0 68.3
Qwen-0.6B 47.7 36.0 65.0 51.0 39.0 52.0 52.0 40.0 45.0 51.7
Qwen-8B 47.5 28.0 42.0 56.0 33.0 66.0 77.0 38.0 35.3 66.3
Qwen-14B 45.1 12.0 22.0 79.0 10.0 79.0 91.0 34.0 19.5 83.0
Gemma-1B 44.4 40.0 43.0 65.0 38.0 44.0 41.0 39.0 40.0 50.0
Gemma-1B-Ins. 39.7 40.0 52.0 64.0 34.0 20.0 28.0 37.0 40.7 37.3
Gemma-4B 38.6 35.0 38.0 55.0 37.0 35.0 35.0 34.0 36.0 41.7

Table 2: Average accuracy of humans and LLMs by structure on the target condition. The two rightmost columns
represent respectively the average of the GP and nonGP conditions. For each family, the models are ranked in
decreasing order of average accuracy. The structures are ranked in increasing order of accuracy for humans.

results. For the remaining structures, we built 40
sets constructed as explained above. Our materials
can be found in Appendix A.

3 Experiments

We measure the comprehension of sentences in
both humans and LLMs. This allows directly com-
paring humans and LLMs on the exact same task.

3.1 Human procedure

Native English speakers were recruited via the
Prolific platform.2 Sentences were displayed
word-by-word, with each word shown for 400ms
and a 100ms blank screen between words. After
the sentence, the comprehension question was pre-
sented for 5 seconds. If unanswered within this
time, the response was marked as incorrect. Par-
ticipants completed two practice items, followed
by one experimental sentence and one question,
i.e., each participant saw a single experimental
item and answered a single experimental question.
This single-trial design has been shown to prevent
fatigue (Christianson et al., 2022) and learning ef-
fects (Fine et al., 2013). Each of the sentence-
question pairs was shown to 10 participants, for
a total of 5380 data points. The average comple-
tion time was 1:42 minutes, and participants were
compensated with 0.30£ equivalent to 10.58£ per
hour. The experiment was approved by the Ethics
Committee at Tel-Aviv University.

3.2 LLM procedure

We used few-shot prompting with LLMs, where
each example includes a sentence, a question, and

2https://www.prolific.com/

the correct answer. The examples did not contain
any of our structures, to prevent in-context learn-
ing. Each model was prompted 8 times, using two
system prompts and four example orderings. See
Appendix B for an example of a prompt with each
system prompt. For thinking models, we mea-
sured the performance both when thinking mode
is on and off.3 Due to the high resources required
when thinking is allowed, in the thinking setup,
we prompted the model only once. We extract the
probabilities of the correct and incorrect answer
tokens, averaging these across the 8 prompts when
needed.

We test models from different families, sizes
(31 models in total):
1. GPT family (OpenAI, 2023): GPT-4o, GPT-

4.1, o3, o3-mini, o4-mini, GPT-5.
2. Llama-3 (Grattafiori et al., 2024): All mod-

els from the Llama-3.2 family on HuggingFace
(Wolf et al., 2019).4

3. Qwen-3 (Yang et al., 2025): All Qwen-3 mod-
els on HuggingFace.

4. Gemma-3 (Team et al., 2025): All Gemma-3
models on HuggingFace.

5. Distilled Qwen DeepSeek (Guo et al., 2025):
The DeepSeek R1 Qwen distilled models (ex-
cept for the 32B version).

3.3 High-level results

Table 2 presents average performance of humans
and of the 3 best models per family on the target
condition of each structure. For the results of the
remaining models, see Appendix C.

3OpenAI models do not allow turning off thinking, so we
set the thinking effort to low and high accordingly.

4https://huggingface.co/models
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Model Average Subj/Obj NP/VP NP/S Reduced relative Depth charge Double center Interference
o3 +8.3 +21.0 +12.0 +16.0 +2.0 +8.0 +0.0 -1.0
o3-mini +2.4 +13.0 +3.0 +6.0 -4.0 +2.0 -3.0 +0.0
o4-mini +2.3 +2.0 +3.0 -3.0 +3.0 -2.0 +13.0 +0.0
GPT-5 +23.6 +55.0 +36.0 +47.0 +29.0 -1.0 +0.0 -1.0
Qwen-32B +17.9 +0.0 +5.0 +44.0 +25.0 +19.0 +19.0 +13.0
Qwen-14B +11.1 +2.0 +6.0 +32.0 +35.0 -2.0 -4.0 +9.0
Qwen-8B +6.6 -27.0 -19.0 +17.0 +23.0 +9.0 +20.0 +23.0
Qwen-4B +13.9 -3.0 -14.0 +22.0 +17.0 +10.0 +33.0 +32.0
Qwen-1.7B +6.0 -9.0 -19.0 +3.0 -20.0 +14.0 +35.0 +38.0
Qwen-0.6B -25.7 -35.0 -51.0 -28.0 -34.0 +41.0 -27.0 -46.0
Deepseek-14B +4.7 -12.0 -16.0 +7.0 +21.0 -22.0 +22.0 +33.0
Deepseek-7B -11.3 -30.0 -26.0 -29.0 -17.0 -26.0 +61.0 -12.0
Deepseek-1.5B -17.6 -24.0 -24.0 -33.0 -28.0 +1.0 +4.0 -19.0

Table 3: Thinking models: Relative change resulting from enabling thinking. Green cells represent cases where
thinking improved performance and red cells where it impaired performance. We see that (a) only models above a
certain size benefit from thinking; (b) for GP structures (left side) thinking often does not improve performance.

Human performance Human average perfor-
mance across tasks is 28.3%, confirming that the
sentences used are indeed challenging for humans.
Looking at the different structures, we see that
for humans there is no single structure that is
significantly harder than the other. GP accuracy
ranges from 13.3%-41.7%, and the accuracy of
the remaining structures ranges from 28.0% (depth
charge) to 36.9 % (interference). This is unlike
language models, as we analyze below.

LLM performance While LLM performance is
higher than humans’, it is still far from perfect,
with o3 achieving the best performance at 74.5%
without thinking and GPT-5 at 88.9% with think-
ing. This shows that the structures are challenging
for LLMs as well. When looking at each struc-
ture, an interesting finding appears: GP sentences
are relatively harder for LLMs than the other struc-
tures, This trend is particularly noticeable for Ope-
nAI models, and missing from Llama models.

Influence of size We do not see clear scaling or
inverse scaling behavior on any of the structures.
models from the Llama, Qwen and Deepseek fam-
ilies do show some scaling trend on the difficult
conditions in Double center embedding and Inter-
ference structures, but Gemma does not. See Ap-
pendix C for a detailed breakdown.

Influence of thinking Table 3 shows the ef-
fect of thinking on LLM performance in the dif-
ferent structures. First, thinking helps once a
model has enough parameters – for models that
are too weak from the DeepSeek and Qwen fam-
ilies thinking impairs performance, but once they
have enough parameters, thinking helps. Second,
thinking helps more uniformly on non-GP struc-
tures, while in GP structures thinking more often
reduces performance. A notable exception is GPT-

5’s large improvement from thinking on GP sen-
tences.

Overall, LLMs show human-like difficulties
in processing these structures, especially garden-
path (GP) sentences. One conjecture for the dif-
ference between GP and non-GP structures is how
they relate to working memory – interference and
double center-embedded sentences are demanding
because they heavily tax working memory, while
depth-charge sentences require logical reasoning
and working memory resources. In contrast, GP
sentences do not stress working memory but re-
quire discarding of a misinterpretation (see Sec-
tion 2). Since LLMs have a larger working mem-
ory, they do better on non-GP sentences.

4 Similarity between humans and LLMs

The fact that structures challenging for humans
are challenging for LLMs does not imply that hu-
mans and LLMs struggle in the same manner.
We now investigate the similarity between humans
and LLMs to answer 3 questions:
• On which structures is LLM performance closer

to humans on the target condition?
• How similar is the ordering of difficulty of the

target conditions across structures between hu-
mans and LLMs?

• When does the difference in difficulty between
baseline and target sentences appear?

4.1 Similarity between LLM and human
absolute performance

On what structures is LLM performance (on the
target condition) similar to humans? Figure 1
shows accuracy differences between humans and
the largest model from each family, with and with-
out thinking, on each target condition. Results for
the four GP types are macro-averaged; complete
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Figure 1: Absolute difference between LLM and human accuracy on the difficult condition.

100 101 102

−0.5

0

0.5

1

Model size

Sp
ea

rm
an

co
rr

el
at

io
n

Qwen Qwen - Thinking
Deepseek Deepseek - Thinking
Gemma Gemma - Instruct
Llama Llama - Instruct

Figure 2: Spearman correlation between humans and
LLMs on ranking the difficulty of different structures.

results are provided in Appendix D.
Overall, LLM performance is closer to humans

on GP sentences than on other structures. When
looking at all 31 models, this is confirmed with an
average absolute accuracy difference 0.173 for GP
structures, 0.328 for depth charge, 0.330 for dou-
ble center embedding and 0.37 for interference.
This aligns with our observation from Section 3.3
that GP sentences are harder for strong LLMs;
because they are harder, performance on them is
closer to humans than on the other structures.

Second, the difference in accuracy between hu-
mans and LLMs on double center embedding and
interference sentences is significantly higher than
for depth charge and GP sentences. However, this
is true only for the larger models, since when aver-
aged over all models, the difference in average ab-
solute accuracy of depth charge sentences is close

to double center embedding and interference sen-
tences. For these stronger models, the absolute
difference from humans is higher because they
outperform humans.

4.2 Ranking of structure difficulty
In Figure 2, we see the Spearman rank corre-
lation between different models and humans for
the open-weight models, where we rank the seven
structures by average performance. Contrary to
absolute performance, a scaling trend emerges,
with larger models having higher correlation to
humans (except for Deepseek without thinking).
Additionally, not only does correlation grow, but
it always eventually becomes positive.

The model with highest Spearman rank corre-
lation is o4-mini (not shown, due to its closed
weights) with a correlation of 0.929. The open-
weights model with highest Spearman rank corre-
lation (0.857) is Qwen-32B-thinking.

The main cause of difference in difficulty rank-
ing between humans and LLMs is the fact that
GP sentences are harder for models than the other
structures. The Spearman rank correlation on GP
structures alone or on non-GP structures alone is
higher than on all structures together.

4.3 Baseline vs. target conditions
We say that humans and LLMs agree on the diffi-
culty direction in a structure if the LLM accuracy
on the baseline condition is higher than on the tar-
get condition, like humans. The relative difficulty
of target vs. baseline sentences is the central ob-
servation used to develop models of human cogni-
tion. Thus, it is important to verify that LLMs and
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humans share the same direction for each of our
structures. We found that LLMs in general have
the same directionality as humans, i.e., the accu-
racy on the target condition is lower than the ac-
curacy on the baseline condition. However, there
are two cases where this does not hold: when the
model is too weak, and therefore both conditions
are equally bad, or when the model is too strong,
and both conditions are equally good. We say that
when an LLM is strong enough but not too strong,
it is in the “sweet spot”. How strong a model needs
to be in order to be in the sweet spot for a struc-
ture depends on how hard the structure is for hu-
mans and on the type of structure (GP or non-GP).
LLMs get stronger when they have more parame-
ters or when thinking is on. Our findings echo the
rule of Oh and Schuler (2023), which identified
models up to 2B parameters as optimal for pre-
dicting human reading times. We refine this rule
by showing that the cutoff varies by structure and
that models below 2B parameters are not consis-
tently optimal.

We can now define what is a violation of our
sweet spot rule. A model B represents a violation
of the sweet spot rule if a smaller model A and a
larger model C both have the same directionality
as humans, but the model B does not, where mod-
els A, B, and C are from the same family.

All model families present similar trends, so we
present results for only 3 families with and without
thinking. Full results in Appendix E.

Table 4 shows for each GP structure whether
performance on the baseline structure is higher
than the target structure. Table 5 shows the same
data for the remaining structures. In both tables,
checkmarks represent cases in which directional-
ity is respected, crosses cases in which it is not.

Subj/Obj GP For Subject/Object, OpenAI mod-
els get gradually better on the target condition, up
to a point where performance on the target and
baseline conditions is similar for o3-thinking. For
Llama, the 1B and 3B have the directionality of
humans, but the 11B and 90B do not. For the
Qwen family, we have two violdations of our gen-
eral rule, for sizes 8B and 14B, since they do not
have the same directionality as humans, but their
thinking counterparts are similar to humans.

NP/VP GP For the OpenAI family, all mod-
els have the same directionality as humans. For
Llama, models of size larger than 3B behave like

Model Subj/Obj NP/VP NP/S Red. relative
Llama-1B ✓ ✗ ✗ ✓
Llama-1B-Instruct ✓ ✗ ✗ ✓
Llama-3B ✓ ✗ ✗ ✓
Llama-3B-Instruct ✓ ✗ ✗ ✓
Llama-11B ✗ ✓ ✗ ✓
Llama-11B-Instruct ✗ ✓ ✗ ✓
Llama-90B ✗ ✓ ✓ ✓
Llama-90B-Instruct ✗ ✓ ✓ ✓
Qwen-0.6B ✗ ✗ ✗ ✓
Qwen-1.7B ✓ ✓ ✗ ✓
Qwen-4B ✓ ✓ ✓ ✓
Qwen-8B ✗ ✓ ✗ ✓
Qwen-14B ✗ ✓ ✓ ✓
Qwen-32B ✓ ✓ ✓ ✓
Qwen-0.6B - thinking ✓ ✓ ✗ ✓
Qwen-1.7B - thinking ✓ ✓ ✓ ✓
Qwen-4B - thinking ✓ ✓ ✓ ✓
Qwen-8B - thinking ✓ ✓ ✓ ✓
Qwen-14B - thinking ✓ ✓ ✓ ✓
Qwen-32B - thinking ✓ ✓ ✓ ✓
GPT-4o ✗ ✓ ✓ ✓
GPT-4.1 ✗ ✓ ✓ ✓
o3-mini ✓ ✓ ✓ ✓
o4-mini ✓ ✓ ✓ ✓
o3 ✗ ✓ ✓ ✓
GPT-5 ✗ ✓ ✓ ✓
o3-mini - Thinking ✓ ✓ ✓ ✓
o4-mini - Thinking ✓ ✓ ✓ ✓
o3 - Thinking ✗ ✓ ✓ ✗
GP-5 - Thinking ✗ ✓ ✓ ✓

Table 4: Target vs. baseline sentences. Crosses mark
cases where the accuracy on the baseline is lower than
on the target , and check signs mark the opposite.

humans, and for Qwen only the 0.6B model is not
strong enough. There are no violations to our gen-
eral rule.

NP/S GP While NP/S sentences are harder for
humans than NP/VP, it is the opposite for LLMs.
Therefore, models need more parameters to be
in the sweet spot. All models from OpenAI in-
deed have the same directionality as humans. For
Llama models, models of size larger than 11B
or that are of size 11B and instruction-tuned are
behave like humans. For Qwen, models of size
smaller than 1.7B or 1.7B without thinking are not
strong enough, while the rest are in the sweet spot,
with Qwen-8B being a violation of our rule.

Reduced relative GP All models from the
Qwen and Llama families are strong enough to be
similar to humans. The o3 + thinking model from
OpenAI is too good on the target condition and
therefore not similar to humans.

Depth charge All models from the OpenAI
family are strong enough to be similar to humans.
Models under 2B without thinking are not strong
enough for Llama and Qwen.

Double center For the OpenAI family, o3-mini
with thinking and o4-mini with or without think-
ing keep directionality, while other models show
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Model Depth charge Double center Interference
Llama-1B ✗ ✓ ✗
Llama-1B-Instruct ✗ ✓ ✓
Llama-3B ✓ ✓ ✓
Llama-3B-Instruct ✓ ✓ ✓
Llama-11B ✓ ✓ ✓
Llama-11B-Instruct ✓ ✓ ✓
Llama-90B ✓ ✗ ✗
Llama-90B-Instruct ✓ ✗ ✗
Qwen-0.6B ✗ ✓ ✗
Qwen-1.7B ✗ ✓ ✗
Qwen-4B ✓ ✓ ✓
Qwen-8B ✓ ✓ ✓
Qwen-14B ✓ ✓ ✗
Qwen-32B ✓ ✓ ✗
Qwen-0.6B - Thinking ✓ ✓ ✗
Qwen-1.7B - Thinking ✓ ✓ ✗
Qwen-4B - Thinking ✓ ✓ ✗
Qwen-8B - Thinking ✓ ✓ ✗
Qwen-14B - Thinking ✓ ✗ ✗
Qwen-32B - Thinking ✓ ✗ ✗
GPT-4o ✓ ✗ ✓
GPT-4.1 ✓ ✗ ✗
o3-mini ✓ ✗ ✗
o4-mini ✓ ✓ ✗
o3 ✓ ✗ ✗
GPT-5 ✓ ✗ ✗
o3-mini - Thinking ✓ ✓ ✗
o4-mini - Thinking ✓ ✓ ✗
o3 - Thinking ✓ ✗ ✗
GPT-5 - Thinking ✓ ✗ ✗

Table 5: Target vs. baseline for non GP structures.
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Figure 3: Violation rate per structure

comparable accuracy on the target and baseline
conditions. For the Llama family, only the 90B
models are too strong to be similar to humans.
Only the two largest Qwen models in thinking
mode are too strong to be similar to humans.

Interference All OpenAI models but GPT-4o
are too strong and perform equally well on the tar-
get and baseline sentences. For Qwen, the 0.6B
and 1.7B models without thinking are too weak to
be similar to humans, the 4B and 8B models are
in the sweet spot, and the larger models and all the
thinking models are too strong. For Llama, only
the 90B models are too strong to be similar to hu-
mans, and the 1B model is not strong enough.

Violation rate To evaluate the sweet spot rule,
we measure for each structure the violation rate.

The violation rate is the total number of models
that represent a violation divided by the total num-
ber of models that could represent a violation (in
our case 28).5 Figure 3 shows the violation rate
per structure. All structures but Subj/Obj have an
extremely low violation rate, with two violating
models at most. For Subj/Obj, we conjecture that
the high violation rate is due to the relatively small
difference in performance between the target and
baseline conditions in humans (0.133 vs. 0.191).

Influence of thinking Thinking influences di-
rectionality insofar as it makes the model stronger.
For GP structures, almost all thinking models have
the same directionality as humans. For the other
structures, all thinking models have the same di-
rectionality as humans for the hardest structure
(depth charge) and all do not have the same di-
rectionality on the easiest structure (interference).
For double center, some thinking models have the
same directionality as humans but some do not.

4.4 Manual analysis
While LLMs and humans fail on similar syntactic
structures, this alone does not reveal whether they
fail for the same reasons. To explore this, we qual-
itatively analyze reasoning traces from models
from the Qwen family, asking: do these traces re-
flect the same difficulties that challenge humans?
We focus on two structures: similarity-based in-
terference (a non-GP structure) and NP/VP (a GP
sentence type).

Interference. Since only Qwen-0.6B fails on in-
terference, we restrict our analysis to it. We clas-
sify a failure as human-like if the reasoning trace
shows flipping of the NPs, for example:

Sentence: The banker that the barber
praised climbed the mountain.
Question: Did the banker praise the
barber?
Reasoning trace: “The question is ask-
ing whether the banker praised the bar-
ber. According to the sentence, yes,
because it explicitly says the barber
praised the banker. So the answer
should be ‘Yes.’ ”

We found that 69.5% of the model’s failures
(16/23) involve the human-like error of confusing
the two NPs.

5We do not include OpenAI models because their size is
unknown, and thus ordering them is not possible.
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NP/VP. We classify a failure as human-like if
the trace shows evidence of both interpretations of
the ambiguous word, mirroring human reanalysis.
For example:

Sentence: The strong arm the cannon.
Question: Is there a strong arm?
Reasoning trace: “So ‘the strong arm’
means an arm that is strong. Then the
verb is ‘the cannons.’ [. . . ] Maybe it’s
using ‘arm’ as a verb here.”

Human-like failures increase with model size:
31.6% (12/38) for Qwen-0.6B, 53.1% (17/32)
for Qwen-8B, and 69.0% (20/29) for Qwen-32B.
In the remaining failures, no evidence of the
correct interpretation appears in the trace. This
mirrors the sweet-spot pattern from Section 4.3:
larger models increasingly replicate human failure
patterns.

5 Discussion

Our results reveal a nuanced picture of the rela-
tionship between human and LLM sentence pro-
cessing. We find a pattern that depends on the type
of processing difficulty and the size of the model.

Why do GP sentences behave differently? The
most consistent finding is that GP sentences are
disproportionately hard for LLMs relative to non-
GP structures. We conjecture that this reflects a
fundamental difference in the type of cognitive
demand each structure places on the processor.
Non-GP structures (interference, double center-
embedding, depth-charge) primarily tax working
memory. LLMs, by virtue of their attention mech-
anism and large context windows, handle these
relatively well, increasingly outperforming hu-
mans as model size grows. GP sentences, by
contrast, require the processor to abandon an ini-
tial parse that must be replaced. This reanalysis
process may be harder for LLMs because it re-
quires suppressing a strongly activated interpreta-
tion. Additionally, thinking tokens help less on GP
structures than non-GP ones: extended reasoning
aids working-memory-intensive tasks but does not
easily undo a misparse.

The sweet spot and implications for LLMs as
cognitive proxies. Our sweet-spot result — that
models of intermediate strength best mirror hu-
man difficulty directionality — has direct impli-

cations for using LLMs as models for human lin-
guistic capacities. The results suggest that under-
powered models are not good cognitive models,
as they fail to capture distinctions in processing
difficulty. Likewise, over-powered models are not
good proxies for humans as they find all the tested
structures easy. Models in the range of a few bil-
lion parameters, without thinking tokens, are often
best positioned to approximate human-like diffi-
culty profiles. However, this cutoff is not fixed:
it varies by structure, and more challenging struc-
tures require larger models before human-like di-
rectionality emerges.

Notably, the two themes connect: because GP
sentences are harder even for strong models, the
sweet spot for GP structures tends to sit at larger
model sizes than for non-GP ones. This means
there is no single universally optimal model for ap-
proximating human sentence processing; the right
choice depends on which structures are under in-
vestigation.

6 Conclusion

This study explores the similarity between human
and LLM sentence processing. Using 7 struc-
tures whose difficulty has been studied in previous
psycholinguistic works, we study whether LLMs
and humans make similar comprehension errors.
Our findings demonstrate that LLMs behave dif-
ferently on GP structures compared to other struc-
tures – LLMs have low performance on our struc-
tures, like humans, but as LLMs become stronger
they perform better than humans on non GP struc-
tures. We conjecture that this difference between
GP and non-GP sentences is related to the advan-
tage LLMs have on humans in terms of working
memory and their ability to perform logical rea-
soning. Designing and running experiments to test
this conjecture is a key direction for future work.

In addition, we find that LLM errors are similar
to humans’ when they are not too strong and not
too weak (the “sweet-spot” rule): indeed in this
case LLMs perform much better on the baseline
condition compared to the target condition, while
if they are too weak (or too strong) they perform
equally poorly (or well) on both conditions.

Overall, our paper offers multiple new insights
on the similarity between humans and LLMs sen-
tence processing mechanisms, which can be fur-
ther studied in future work.
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Limitations

In this study, we evaluated reading comprehension
across a wide array of LLMs. However, we stud-
ied only one family of closed-source models and
did not test models from Anthropic or Google.
Measuring their understanding can be interesting
for future works. Additionally, we did not try
every type GP. Measuring performance on addi-
tional GP types would validate the difference we
found between GP and non GP sentences. Finally,
we did not collect data on metrics beyond reading
comprehension, such as eye gaze or reading time,
Gathering such metrics and analyzing their corre-
lation with sentence comprehension could provide
valuable insights.
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A Experiment materials

In Table 6 are all the sentences for each of our
structures.

B Prompts used

Figure 4 shows an example prompt with each sys-
tem prompt. The other prompts differ in the order
the examples within the prompt. All our prompts
can be find in our codebase at Anonymised.

C Full results

Table 7 shows the results on the target and baseline
conditions for all the models.

D Difference to humans

In Table 8 we show the absolute difference in
accuracy between humans and LLMs on various
structures.

E Full results directionality

In Table 9 we can see the directionality for all the
models on all the structures.
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You are a linguistic experiment subject. You will be presented with a sentence,
and will need to answer a reading comprehension question. You will need to
select an option amongst the proposed answers.
Here are a few examples of questions and relevant answers:

The doctor that she called checked on the patient yesterday.

Answer with Yes or No:
Did she call the doctor?
My answer is: Yes

The sailor that John punished stayed in his room.

Answer with Yes or No:
Did John stay in his room?
My answer is: No

The professor that emailed the surgeon was stuck on a case.

Answer with Yes or No:
Did the surgeon email the professor?
My answer is: No

The driver that saved the cyclist went back home.

Answer with Yes or No:
Did the driver go back home?
My answer is: Yes

Figure 4: Example of the first system prompt
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You will answer a reading comprehension question about a sentence.
Here are a few examples of questions and correct answers:

The singer that hired the guitarist arrived to the concert early.

Answer with Yes or No:
Did the singer hire the guitarist?
My answer is: Yes

The doctor that the nurse called checked on the patient yesterday.

Answer with Yes or No:
Did the nurse call the doctor?
My answer is: Yes

The professor that emailed Matt was stuck on a case.

Answer with Yes or No:
Did Matt email the professor?
My answer is: No

The teacher that helped you graded the papers on the weekend.

Answer with Yes or No:
Did you grade the papers?
My answer is: No

Figure 5: Example of the second system prompts
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Subject/Object (GP) (Amouyal et al., 2025)

1. While the secretary typed the memo neared completion. 2. While Janet baked the bread rose in the oven.
3. While the explorer paddled the canoe headed toward a waterfall. 4. While the public cheered the team left the restaurant.
5. While the cowboy rode the horse sweated profusely. 6. While the cleaner mopped the floor was filled with stains.
7. While Tom grilled the hot dog began to burn. 8. While the chef cooked the meal impressed the couple.
9. While the architect drew the building represented modern times style. 10. While the child finished the homework waited on the table.
11. While the chef stirred the soup boiled over. 12. While the student knitted the sweater sold to the highest bidder.
13. While the tourist explored the tunnel echoed with mysterious sounds. 14. While the astronomer observed the comet lit up the room.
15. While the woman drank the water spilled on the floor. 16. While the players started the game bored the children.
17. While the snake swallowed the frog kicked vigorously. 18. While the professor taught the students looked at the board.
19. While the lion attacked the baboon screamed in terror. 20. While the pianist practiced the melody echoed through the hall.
21. While the maid dusted the picture tipped over. 22. While the couple left the bar buzzed with activity.
23. While the teacher counted the children formed a line. 24. While the gardener harvested the tomatoes hanged on the vine.
25. While the champion raced the challenger stumbled and fell. 26. While the horse pulled the cart moved silently.
27. While Jerry played the violin went out of tune. 28. While the man hunted the deer ran into the woods.
29. While the girl painted the rainbow slowly faded outside. 30. While the skipper sailed the boat veered off course.
31. While Kendra parked the van bumped the curb. 32. While the orchestra performed the symphony played on the radio.
33. While Angela cleaned the dog stood in the yard. 34. While the bridesmaid ordered the dress got delivered.
35. While the sailor smoked the pipe glowed brightly. 36. While Susan wrote the letter fell off the table.
37. While the tourist filmed the dancer blocked the sidewalk. 38. While the farmer steered the tractor pulled the car.
39. While the athlete wrestled the opponent shouted insults. 40. While the lawyer studied the contract lay on the roll-top desk.
41. While the warrior fought the enemy retreated. 42. While the clown juggled the balls fell on the ground.
43. While Harry chewed the steak fell to the floor. 44. While Anne vacuumed the rug lost its colors.
45. While Bill ate the turkey sat on the table.

NP/VP (GP)

1. The complex houses married soldiers. 2. The devoted stage the protest. 3. The poor taste the soup.
4. The strong arm the cannons. 5. The mighty power the engines. 6. The free press the grapes.
7. The official addresses the crowd. 8. The brave mount the horses. 9. The clean sweep the floors.
10. The strong bear the load. 11. The poor harvest the crops. 12. The private school the recruits.
13. The experienced coach the team. 14. The young plant the trees. 15. The public transport the supplies.
16. The professional cook the meals. 17. The weak lift the boards. 18. The blind date the new girl.
19. The graceful dance the waltz. 20. The old record the race. 21. The weak point the way.
22. The brave face the danger. 23. The poor light the lanterns. 24. The hard drive the cattle.
25. The orderly file the document. 26. The rich soil the gardens. 27. The quick fix the leaks.
28. The young fish salmon. 29. The blind spot the birds. 30. The strong drink the ale.
31. The skilled hand the control. 32. The sick leave the building. 33. The bold move the furniture.
34. The designated head the committee. 35. The simple answer the questionnaire. 36. The slow burn the letters.
37. The clever fool the guards. 38. The just cause the revolt. 39. The seasoned grill the steaks.

40. The sharp edge the tiles.

Reduced relative (GP)

1. The chef hired last month worked overtime. 2. The doctor tested last week gave out prescriptions.
3. The friends invited to the gala mingled with guests. 4. The committee selected this morning met the candidates.
5. The editor published this month received praise. 6. The leaders inspired last year implemented reforms.
7. The teachers praised in the review felt encouraged. 8. The manager blamed after the incident left the office.
9. The client thanked at the reception booked a boat trip. 10. The staff appointed last week started work.
11. The soldiers attacked at midnight held their ground. 12. The author criticized last week defended his work.
13. The scientist nominated for the award gave a speech. 14. The workers replaced during the strike returned to their posts.
15. The company financed this quarter expanded its reach. 16. The coach trained overseas shouted at its team.
17. The professor reviewed last year received a prize. 18. The guest met at the conference called yesterday.
19. The officers promoted this year attended the ceremony. 20. The firefighters instructed during orientation conducted drills.
21. The lawyers sued last year took on new cases. 22. The directors elected in 2020 resigned.
23. The mentors guided through the program offered feedback. 24. The doctors treated at the clinic improved quickly.
25. The manager interviewed for the position seemed qualified. 26. The headhunter recruited last week looked for candidates.
27. The florist sent the flowers was pleased. 28. The artists commissioned for the sculpture received awards.
29. The department merged last year diversified operations. 30. The screen displayed in the mall broke suddenly
31. The policemen dispatched yesterday found violations. 32. The students surveyed for feedback passed the class.
33. The fugitive wanted in Europe left the US. 34. The lawyer consulted for free gained experience.
35. The guides accompanied on the tour provided assistance. 36. The father caught on camera drove too fast.
37. The teachers rewarded with bonuses improved morale. 38. The policeman arrested during the raid stole weapons.
39. The robots manufactured last quarter malfunctioned. 40. The cat captured in the forest slept on the couch.
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NP/S (GP)

1. The student forgot the solution was in the back of the book. 2. The scientist proved the theory was incorrect after experiments.
3. The chef remembered the recipe required two hours of cooking. 4. The president announced the policy was approved unanimously.
5. The coach discovered the player tried to show off all the time. 6. The tennisman conceded the point was beautiful.
7. The student understood the question was too hard. 8. The president declared war was not an option.
9. The musician heard the song was good. 10. The filmmaker showed the movie was bad.
11. The reporter believed the story turned out problematic. 12. The guard recognized the visitor was armed.
13. She recalled the conversation ended abruptly. 14. The couple regretted the wedding lasted only 2 hours.
15. Tom noticed the murderer left town. 16. The reporter repeated the claim was false.
17. The policeman saw the lights were off. 18. The driver forgot the car slowed down at night.
19. The journalist shared the scoop was fake. 20. The guard remembered the code changed last night.
21. The manager noticed the report was overdue. 22. The tourist discovered the bridge was closed for the holiday.
23. The art curator explained the painting sold for 4 million dollars. 24. The undergrad understood the formula was too complicated for him.
25. The driver knew the road was slippery. 26. The manager heard the plan fell through.
27. The professor realized the experiment failed due to contamination. 28. The analyst believed the numbers were wrong.
29. The plaintiff accepted the verdict was unfair. 30. The painter recalled the model stood him up.
31 The committee found the proposal was flawed. 32. The guard saw the diamond disappeared overnight.
33. The editor mentioned the errors were corrected. 34. The critic knew the song was very popular.
35. The archaeologist revealed the artifact broke during extraction. 36. The student learned the lesson was canceled.
37. The new hire learned Spanish was mandatory for client meetings. 38. The experiment proved the claim was incorrect.
39. The detective disclosed the evidence was only recently found. 40. The musician recognized the song was catchy.

Double center embedding

1. The man that the teacher that the student liked called sat. 2. The sculptor that the model that the photographer interviewed inspired
rested.

3. The doctor that the nurse that the patient trusted praised arrived. 4. The programmer that the tester that the manager supervised debugged
coughed.

5. The neighbor that the parent that the child thanked invited waved. 6. The knight that the squire that the bard praised served bowed.
7. The author that the editor that the reviewer praised interviewed smiled. 8. The violinist that the conductor that the critic praised directed bowed.
9. The scientist that the assistant that the intern admired warned laughed. 10. The senator that the lobbyist that the voter called persuaded spoke.
11. The actor that the director that the critic praised hired performed. 12. The mountaineer that the guide that the photographer hired led slipped.
13. The chef that the waiter that the customer thanked helped cooked. 14. The banker that the attorney that the journalist interviewed represented

coughed.
15. The mayor that the journalist that the photographer called questioned
spoke.

16. The firefighter that the medic that the witness thanked rescued smiled.

17. The engineer that the manager that the investor trusted promoted resigned. 18. The merchant that the broker that the customer trusted advised laughed.
19. The singer that the producer that the fan liked hugged performed. 20. The king that the advisor that the noble criticized guided wept.
21. The researcher that the lab assistant that the supervisor instructed assisted
published.

22. The magician that the assistant that the child admired helped bowed.

23. The soldier that the officer that the reporter questioned commanded
marched.

24. The umpire that the commentator that the player applauded criticized
frowned.

25. The athlete that the coach that the scout evaluated trained competed. 26. The biologist that the curator that the volunteer assisted guided sneezed.
27. The farmer that the merchant that the customer paid supplied harvested. 28. The pianist that the tutor that the student hired trained smiled.
29. The painter that the curator that the visitor admired guided smiled. 30. The carpenter that the foreman that the architect hired managed hammered.
31. The novelist that the agent that the critic praised represented spoke. 32. The minister that the advisor that the secretary contacted briefed coughed.
33. The dancer that the choreographer that the spectator cheered instructed
spun.

34. The hiker that the ranger that the tourist consulted escorted slipped.

35. The lawyer that the judge that the journalist questioned summoned
coughed.

36. The clerk that the supervisor that the auditor evaluated trained yawned.

37. The pilot that the mechanic that the supervisor thanked assisted rested. 38. The courier that the dispatcher that the customer called disliked sighed.
39. The captain that the sailor that the tourist praised assisted yawned. 40. The monk that the scholar that the pilgrim visited guided meditated.

Depth charge

1. No head injury is too trivial to be ignored. 2. No goal is too distant to be put aside.
3. No detail is too minor to be overlooked. 4. No emotion is too fleeting to be set aside.
5. No question is too simple to be dismissed. 6. No truth is too uncomfortable to be left out.
7. No error is too small to be disregarded. 8. No victory is too small to be minimized.
9. No concern is too insignificant to be quashed. 10. No crime is too petty to be pardoned.
11. No risk is too small to be unadressed. 12. No promise is too minor to be broken.
13. No task is too easy to be neglected. 14. No wound is too shallow to be left untreated.
15. No symptom is too mild to be overlooked. 16. No project is too useless to be neglected.
17. No complaint is too trivial to be put aside. 18. No adventure is too dangerous to be ruled out.
19. No warning is too faint to be discounted. 20. No witness is too unreliable to be discounted.
21. No opportunity is too slight to be skipped. 22. No award is too minor to be looked past.
23. No act of kindness is too small to be minimized. 24. No lesson is too unimportant to be skipped.
25. No effort is too minor to be omitted. 26. No skill is too elementary to be snubbed.
27. No idea is too unconventional to be abandoned. 28. No cause is too minor to be ditched.
29. No contribution is too insignificant to be snubbed. 30. No experiment is too basic to be left out.
31. No suggestion is too outlandish to be forgotten. 32. No child is too mean to be ostracized.
33. No gesture is too subtle to be waved off. 34. No lecture is too boring to be unattended.
35. No tradition is too new to be abandoned. 36. No painting is too ugly to be destroyed.
37. No achievement is too modest to be unrecognized. 38. No culture is too bizarre to be rejected.
39. No dream is too ambitious to be dropped. 40. No job is too small to be dismissed.
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Similarity interference (Gordon et al., 2001)

1. The banker that the barber praised climbed the mountain just outside
of town before it snowed.

2. The actor that the director thanked worked in many hit movies before
1990.

3. The admiral that the general advised reminisced nostalgically before
the trip got underway.

4. The dancer that the reporter phoned cooked the pork chops in their own
juices on New Year’s Eve.

5. The poet that the painter inspired wrote an autobiography after their
friendship became well known.

6. The coach that the referee criticized talked publicly about the incident
after the game.

7. The architect that the fireman liked dominated the conversation while
the game was on television.

8. The chef that the cashier distrusted called for help after the restaurant
closed.

9. The lawyer that the client interviewed had a very small office. 10. The waiter that the broker despised drove the sports car home from
work that evening.

11. The aunt that the child amused made paper dolls out of the newspaper. 12. The plumber that the electrician called drove a grey truck.
13. The detective that the secretary disliked clipped the coupons out with
the dull scissors.

14. The violinist that the conductor complimented performed at Carnegie
Hall for two weeks.

15. The salesman that the accountant contacted spoke very quickly. 16. The judge that the doctor ignored watched the special about Colom-
bian drug dealers on the nightly news.

17. The teacher that the student questioned wrote a long science fiction
novel during the summer vacation.

18. The clown that the magician entertained was a star.

19. The robber that the mailman insulted read the newspaper article about
the fire.

20. The editor that the author recommended changed jobs after a new
merger was announced.

21. The clerk that the traveler helped worked in a large foreign bank. 22. The governor that the comedian admired answered the telephone in
the fancy restaurant.

23. The tailor that the customer described worked in a small building near
the bus station.

24. The gardener that the homeowner envied was very friendly.

Table 6: Experimental sentences from the hardest conditions for each syntactic structure.

Model Subj/Obj. GP NP/S GP NP/VP GP Red. rel. Depth charge Double center Interference
Targ. Base Targ. Base Targ. Base Targ. Base Targ. Base Targ. Base Targ. Base

Qwen.0.6B 0.36 0.36 0.39 0.35 0.65 0.64 0.40 0.46 0.51 0.51 0.52 0.77 0.52 0.51
Qwen.1.7B 0.09 0.21 0.21 0.05 0.41 0.46 0.32 0.60 0.64 0.55 0.49 0.89 0.62 0.52
Qwen.4B 0.03 0.15 0.17 0.21 0.27 0.42 0.18 0.58 0.55 0.83 0.55 0.89 0.68 0.70
Qwen.8B 0.28 0.22 0.33 0.31 0.42 0.43 0.38 0.74 0.56 0.87 0.66 0.90 0.77 0.87
Qwen.14B 0.12 0.12 0.10 0.18 0.22 0.42 0.34 0.79 0.79 0.86 0.79 0.88 0.91 0.87
Qwen.32B 0.05 0.09 0.16 0.34 0.28 0.62 0.53 0.86 0.52 0.76 0.69 0.84 0.87 0.80
Deepseek-1.5B 0.38 0.42 0.39 0.34 0.39 0.32 0.40 0.44 0.69 0.72 0.59 0.84 0.43 0.41
Deepseek-7B 0.32 0.40 0.44 0.30 0.41 0.43 0.53 0.69 0.78 0.68 0.25 0.85 0.68 0.74
Deepseek-14B 0.15 0.12 0.07 0.09 0.25 0.28 0.25 0.53 0.74 0.84 0.66 0.87 0.65 0.71
Gemma-1B 0.40 0.39 0.38 0.36 0.43 0.43 0.39 0.40 0.65 0.58 0.44 0.57 0.41 0.44
Gemma-1B-Ins. 0.40 0.49 0.34 0.24 0.52 0.49 0.37 0.44 0.64 0.46 0.20 0.30 0.28 0.39
Gemma-4B 0.35 0.34 0.37 0.34 0.38 0.42 0.34 0.38 0.55 0.54 0.35 0.48 0.35 0.42
Gemma-4B-Ins. 0.40 0.50 0.36 0.34 0.37 0.41 0.34 0.38 0.54 0.54 0.04 0.13 0.35 0.40
Gemma-12B 0.23 0.20 0.23 0.26 0.26 0.33 0.25 0.36 0.62 0.59 0.44 0.58 0.42 0.41
Gemma-12B-Ins. 0.12 0.13 0.18 0.15 0.20 0.30 0.24 0.75 0.64 0.78 0.60 0.61 0.70 0.78
Gemma-27B 0.14 0.13 0.15 0.16 0.16 0.24 0.18 0.31 0.38 0.44 0.38 0.50 0.27 0.28
Gemma-27B-Ins. 0.07 0.25 0.20 0.24 0.32 0.60 0.31 0.95 0.53 0.80 0.14 0.22 0.82 0.87
Llama-1B 0.33 0.34 0.35 0.33 0.30 0.29 0.32 0.34 0.80 0.74 0.33 0.83 0.35 0.32
Llama-1B-Ins. 0.40 0.41 0.47 0.40 0.24 0.20 0.12 0.18 0.75 0.70 0.26 0.78 0.28 0.31
Llama-3B 0.30 0.37 0.30 0.24 0.38 0.37 0.37 0.43 0.53 0.61 0.59 0.80 0.34 0.44
Llama-3B-Ins. 0.42 0.52 0.49 0.39 0.61 0.55 0.63 0.70 0.38 0.40 0.41 0.80 0.51 0.80
Llama-11B 0.47 0.43 0.56 0.52 0.66 0.77 0.72 0.86 0.38 0.39 0.62 0.75 0.82 0.90
Llama-11B-Ins. 0.50 0.41 0.62 0.54 0.72 0.85 0.79 0.93 0.33 0.34 0.61 0.79 0.69 0.80
Llama-90B 0.25 0.20 0.29 0.42 0.40 0.57 0.39 0.87 0.43 0.62 0.88 0.80 0.93 0.91
Llama-90B-Ins. 0.17 0.15 0.24 0.39 0.37 0.59 0.36 0.93 0.43 0.66 0.90 0.82 0.98 0.96
GPT-4o 0.42 0.42 0.47 0.58 0.59 0.78 0.88 0.98 0.32 0.78 0.90 0.88 0.98 0.99
GPT-4.1 0.40 0.27 0.57 0.71 0.63 0.88 0.76 0.98 0.63 0.99 0.90 0.88 1.00 1.00
o3 0.49 0.37 0.56 0.76 0.66 0.89 0.95 1.00 0.64 1.00 0.98 0.95 1.00 1.00
o3-mini 0.18 0.63 0.16 0.52 0.38 0.85 0.71 1.00 0.49 0.91 0.97 0.95 1.00 1.00
o4-mini 0.28 0.39 0.56 0.66 0.52 0.87 0.82 0.99 0.57 0.96 0.69 0.88 0.99 0.98
GPT-5 0.32 0.27 0.45 0.53 0.45 0.80 0.65 0.98 0.83 0.94 0.98 0.95 1.00 1.00

Table 7: Accuracy of all models on all structures. For each structure, Target (Targ.) and Baseline (Base) conditions
are shown side by side.
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Model Avg GP Depth ch. Dbl. ctr. Interf.

Qwen-0.6B 0.200 0.230 0.198 0.151
Qwen-1.7B 0.113 0.360 0.167 0.251
Qwen-4B 0.138 0.270 0.228 0.311
Qwen-8B 0.113 0.280 0.338 0.401
Qwen-14B 0.081 0.510 0.468 0.541
Qwen-32B 0.107 0.240 0.367 0.501
Deepseek-1.5B 0.140 0.410 0.267 0.061
Deepseek-7B 0.167 0.500 0.073 0.311
Deepseek-14B 0.119 0.460 0.338 0.281
Gemma-1B 0.155 0.370 0.117 0.041
Gemma-1B-Ins. 0.173 0.360 0.122 0.089
Gemma-4B 0.140 0.270 0.027 0.019
Gemma-4B-Ins. 0.148 0.260 0.283 0.019
Gemma-12B 0.102 0.340 0.117 0.051
Gemma-12B-Ins. 0.081 0.360 0.277 0.331
Gemma-27B 0.104 0.100 0.057 0.099
Gemma-27B-Ins. 0.101 0.250 0.182 0.451
Llama1B 0.115 0.520 0.008 0.019
Llama1B-Instruct 0.198 0.470 0.062 0.089
Llama3B 0.103 0.250 0.267 0.029
Llama3B-Instruct 0.279 0.100 0.087 0.141
Llama11B 0.344 0.100 0.297 0.451
Llama11B-Ins. 0.399 0.050 0.287 0.321
Llama90B 0.092 0.150 0.557 0.561
Llama90B-Ins. 0.084 0.150 0.578 0.611
GPT-4o 0.332 0.040 0.578 0.611
GPT-4.1 0.332 0.350 0.578 0.631
o3 0.407 0.360 0.657 0.631
o3-mini 0.168 0.210 0.647 0.631
o4-mini 0.287 0.290 0.367 0.621
GPT-5 0.209 0.55 0.658 0.631

Table 8: Absolute accuracy differences from human
performance for each model.
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Model Subj/Obj GP NP/S GP NP/VP GP Red. rel. GP Depth charge Double center Interference

Qwen-0.6B ✗ ✗ ✗ ✓ ✗ ✓ ✗
Qwen-1.7B ✓ ✓ ✗ ✓ ✗ ✓ ✗
Qwen-4B ✓ ✓ ✓ ✓ ✓ ✓ ✓
Qwen-8B ✗ ✓ ✗ ✓ ✓ ✓ ✓
Qwen-14B ✗ ✓ ✓ ✓ ✓ ✓ ✗
Qwen-32B ✓ ✓ ✓ ✓ ✓ ✓ ✗
Deepseek-1.5B ✓ ✗ ✗ ✓ ✓ ✓ ✗
Deepseek-7B ✓ ✓ ✗ ✓ ✗ ✓ ✓
Deepseek-14B ✗ ✓ ✓ ✓ ✓ ✓ ✓
Gemma-1B ✗ ✗ ✗ ✓ ✗ ✓ ✓
Gemma-1B-Ins. ✓ ✗ ✗ ✓ ✗ ✓ ✓
Gemma-4B ✗ ✓ ✗ ✓ ✗ ✓ ✓
Gemma-4B-Ins. ✓ ✓ ✗ ✓ ✗ ✓ ✓
Gemma-12B ✗ ✓ ✓ ✓ ✗ ✓ ✗
Gemma-12B-Ins. ✓ ✓ ✗ ✓ ✓ ✓ ✓
Gemma-27B ✗ ✓ ✓ ✓ ✓ ✓ ✓
Gemma-27B-Ins. ✓ ✓ ✓ ✓ ✓ ✓ ✓
Llama-1B ✓ ✗ ✗ ✓ ✗ ✓ ✗
Llama-1B-Ins. ✓ ✗ ✗ ✓ ✗ ✓ ✓
Llama-3B ✓ ✗ ✗ ✓ ✓ ✓ ✓
Llama-3B-Ins. ✓ ✗ ✗ ✓ ✓ ✓ ✓
Llama-11B ✗ ✓ ✗ ✓ ✓ ✓ ✓
Llama-11B-Ins. ✗ ✓ ✗ ✓ ✓ ✓ ✓
Llama-90B ✗ ✓ ✓ ✓ ✓ ✗ ✗
Llama-90B-Ins. ✗ ✓ ✓ ✓ ✓ ✗ ✗
GPT-4o ✗ ✓ ✓ ✓ ✓ ✗ ✓
GPT-4.1 ✗ ✓ ✓ ✓ ✓ ✗ ✗
o3 ✗ ✓ ✓ ✓ ✓ ✗ ✗
o3-mini ✓ ✓ ✓ ✓ ✓ ✗ ✗
o4-mini ✓ ✓ ✓ ✓ ✓ ✓ ✗
GPT-5 ✗ ✓ ✓ ✓ ✓ ✗ ✗

Table 9: Directionality pattern for each model on all structures. Crosses mark cases for which the accuracy on the
baseline sentences is lower than on the difficult, and check signs marks the opposite.
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