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Abstract

Syntactic complexity contributes to language
processing difficulty, yet most evaluation met-
rics rely on shallow proxies or conflate syn-
tactic and lexical difficulty, leaving the struc-
tural contribution unmeasured. We address this
gap by introducing two locality-aware syntactic
complexity metrics inspired by Dependency
Locality Theory (DLT): LACE-CorEg, which
quantifies the memory load and integration
difficulty of syntactic dependencies, and LACE-
FuLL, which additionally captures the cost of
introducing new discourse referents. We bench-
mark these metrics across three dimensions:
(1) agreement with human judgments of text
simplification, (2) overlap with other complex-
ity metrics, and (3) prediction of difficulty in
downstream QA tasks. Our results show that
LACE-FuLL aligns more closely with human
judgments of simplified text, while LACE-Corg
provides the most length-independent signal of
structural complexity. These findings estab-
lish LACE as a theory-grounded benchmark
for syntactic complexity, with potential appli-
cations to text simplification, readability, and
accessibility.

1 Introduction

Syntactic complexity is a well-established determinant
of processing difficulty in human language comprehen-
sion (Yngve, 1960; Chomsky and Miller, 1968; Miller
and Chomsky, 1963). Psycholinguistic work shows
that constructions involving long—distance dependen-
cies, center embeddings, and the introduction of new
discourse referents impose substantial memory and inte-
gration demands (Bever, 2013; Miller and Isard, 1964;
Gibson, 1998, 2000). These effects cannot be inferred
solely from surface features such as sentence length or
lexical choice. Rather, they arise from the syntactic
structural configuration of a sentence, such as its de-
pendency distances, unresolved relations, and points of
integration (Abney and Johnson, 1991; Kimball, 1973;
Levy, 2008; Futrell et al., 2020).

Prior work has revealed that Large Language Mod-
els (LLMs) struggle to parse structures such as center-
embeddings, garden-path sentences, long-distance and
referential dependencies (Amouyal et al., 2025; Irwin

1. Subject-headed relative clause:

(subject) (verb)
The reporter who attacked the

2. Object-headed relative clauses incur a higher cost than subject-headed
relative clauses:

(subject) (verb)
The who the senator attacked.

~

3. Multiple nested embeddings make sentences almost too complex to parse:

[the cat [the dog chased] caught]

Figure 1: Different syntactic structures, such as relative
clauses and center embeddings, can contain varying
degrees of syntactic complexity. Sentences 1 and 2 are
taken from Gibson (1998). Sentence 3 is modified from
Hudson (1996).

et al., 2023; Li et al., 2024). These failures arise even
when the vocabulary is simple and the length is short,
indicating that syntactic load, rather than lexical com-
plexity, contributes to model errors. Despite this limi-
tation, there is no standardized metric for quantifying
structural complexity in naturalistic text or systemati-
cally relating this complexity to model behavior. This
motivates the need for a practical metric that directly
quantifies syntactic load.

Automatic evaluation of text complexity (and, by
extension, the quality of simplified text), has tradi-
tionally relied on two categories of metrics. (1)
Readability formulas, such as Flesch Reading Ease
(FRE), Flesch—Kincaid Grade Level (FKGL), Fog Index
(FOG), and SMOG grade (Kincaid et al., 1975), esti-
mate difficulty from surface features such as sentence
length or proportions of polysyllabic words. (2) Ma-
chine—translation—inspired metrics, including BLEU,
iBLEU, and SARI (Sun and Zhou, 2012; Xu et al., 2016)
compare system outputs to human references using
n—gram overlap. Although useful for certain evaluation
settings, these metrics provide no principled way to
isolate the contribution of syntactic structure to overall
complexity. They are driven primarily by lexical or



surface patterns, not by dependency configuration or
structural load.

A theory that directly models structural load is there-
fore needed. To address this gap, we draw on De-
pendency Locality Theory (DLT; Gibson, 1998, 2000),
a theoretical framework that models structural diffi-
culty in terms of storage and integration costs over
syntactic dependencies. DLT explains classic contrasts
in human processing difficulty, for instance, why ob-
ject—extracted relative clauses are harder to understand
than subject—extracted ones, and why multiple center
embeddings quickly become uninterpretable, as shown
in Figure 1. Crucially, DLT offers an explicit account of
the structural determinants of complexity, independent
of surface length or lexical frequency.

We operationalize DLT into two automatic syntac-
tic complexity metrics: LACE-CorE, which quantifies
the memory load and integration cost associated with
syntactic dependencies, and LACE-FuLL, which aug-
ments LACE-Core with the explicit, cumulative cost of
introducing new discourse referents. We evaluate these
metrics across three dimensions: (1) correspondence
with human judgments of text simplification; (2) over-
lap and complementarity with established complexity
measures; and (3) associations with model difficulty in
downstream reasoning tasks. By bridging psycholin-
guistic theory and NLP evaluation, we contribute a
theory—grounded, computationally tractable benchmark
for syntactic complexity based on DLT and adapted for
modern NLP evaluation.'

2 Background and Related Work

We situate our work within three areas of prior research:
(1) psycholinguistic theories of syntactic complexity,
(2) computational metrics for measuring complexity in
text, and (3) syntactic robustness in neural language
models. Together, these threads motivate the need for
a theory-grounded, reference-free metric that directly
quantifies structural load in naturalistic text.

2.1 Psycholinguistic Accounts of Syntactic
Complexity

A long tradition in psycholinguistics links structural
properties of sentences to processing difficulty. Classic
work showed that humans incur substantial cognitive
load when resolving long-distance dependencies, center
embeddings, or unresolved syntactic relations (Yngve,
1960; Miller and Chomsky, 1963; Chomsky and Miller,
1968; Miller and Isard, 1964; Bever, 2013). Such effects
may arise independently of sentence length or lexical
difficulty, reflecting load in working memory and inte-
gration processes (Abney and Johnson, 1991; Kimball,
1973; Levy, 2008; Futrell et al., 2020).

Dependency Locality Theory (DLT) (Gibson, 1998,
2000) provides a formal account of these cognitive costs.
DLT models processing difficulty as arising from (i) the

'We will release all code for our experiments upon accep-
tance.

introduction of new discourse referents, (ii) the storage
of incomplete syntactic predictions, and (iii) integration
across syntactic distance. Experimental evidence shows
that DLT explains contrasts in relative clause difficulty,
pronoun facilitation, and the breakdown of center em-
beddings, making it one of the most influential theories
of sentence processing.

Despite its explanatory power in cognitive science,
DLT has not been operationalized into a general-purpose,
computable metric for syntactic complexity in NLP. Our
work directly addresses this gap.

2.2 Metrics for Measuring Syntactic Complexity

Surface-based and readability metrics. Automatic
evaluation of text complexity has largely borrowed from
readability research. Formulas such as Flesch Read-
ing Ease, Flesch-Kincaid Grade Level, Fog Index, and
SMOG grade (Kincaid et al., 1975) estimate difficulty
from surface proxies including sentence length, syllable
counts, or proportions of polysyllabic words. While
widely used, these metrics capture lexical and length-
based difficulty, not structural load.

Reference-based metrics. Evaluation in text simpli-
fication has been dominated by machine translation-
inspired metrics such as BLEU, iBLEU, and SARI (Sun
and Zhou, 2012; Xu et al., 2016). SARI rewards n-
gram additions, deletions, and retentions, making it the
standard metric for simplification. Recent work has ex-
tended evaluation to semantic fidelity and fluency using
BERTScorEe (Zhang et al., 2020), MovERSCORE (Zhao
et al.,2019), and UnNIEvaL (Zhong et al., 2022), or tested
factual consistency using QA-based approaches such
as QuesTEvaL (Scialom et al., 2021). However, these
methods emphasize lexical or semantic similarity and
do not isolate syntactic structural load.

Structural proxies. A smaller body of work has at-
tempted to capture syntactic complexity through struc-
tural heuristics. Parse tree depth and mean dependency
length correlate with processing difficulty (Temperley,
2007; Liu, 2008), and dependency-based compression
methods implicitly reduce syntactic load (Filippova and
Strube, 2008). Metrics such as T-Unrr length (Hunt,
1965) and SuB-CLaUSE counts (Lu, 2010) also track
structural variation. Yet these proxies are coarse, task-
dependent, and lack grounding in cognitive theory (Al-
Thanyyan and Azmi, 2021).

2.3 Syntactic Complexity as a Probe of Model
Robustness

Syntactic phenomena have long been used to diagnose
brittleness in neural language models. Early work
showed that RNNs struggle with syntax-sensitive gen-
eralizations such as subject—verb agreement (Linzen
et al., 2016) and hierarchical contrasts (Marvin and
Linzen, 2018), motivating controlled benchmarks in-
cluding BLIMP (Warstadt et al., 2020) and SynTAX-
Gywm (Gauthier et al., 2020) that target phenomena such



as center embeddings, agreement attraction, and garden-
path effects. While large pretrained models exhibit some
hierarchical generalization, they remain vulnerable to
increasing structural load (Wilcox et al., 2019; Irwin
et al., 2023; Li et al., 2024).

Recent probing work shows that these limitations per-
sist in modern LLMs. Diego-Simoén et al. (2025) find
that syntactic representations degrade with increasing de-
pendency distance and syntactic depth, while Amouyal
et al. (2025) show systematic misinterpretation and re-
analysis failures on classic garden-path constructions
in both humans and LLMs. Nandi et al. (2025) further
demonstrate weak syntactic generalization in transformer
models unless explicitly biased toward hierarchical struc-
ture, and Williamson et al. (2025) report correlations
between syntactic complexity and mathematical reason-
ing errors without establishing cross-domain generality.
Together, these studies use syntactic complexity diag-
nostically, via controlled probes or minimal pairs, rather
than as a general-purpose, computable metric applicable
to natural text.

Gap in the Literature Although syntactic complex-
ity is central to psycholinguistics, text simplification,
and LLM evaluation, no widely adopted, theory-driven
metric exists for quantifying structural load in arbi-
trary text: readability metrics emphasize surface dif-
ficulty, MT-style metrics require references, structural
proxies are coarse, and diagnostic evaluations are not
general-purpose. To our knowledge, no prior work oper-
ationalizes Dependency Locality Theory as a scalable,
reference-free metric or benchmarks it against human
judgments, structural baselines, and LLM reasoning
difficulty.

3 Methodology: A Locality-Aware
Measure of Syntactic Complexity

Syntactic complexity has long been studied in psycholin-
guistics as a determinant of human language processing
difficulty. Among formal models, DLT (Gibson, 1998,
2000) provides one of the most influential accounts. DLT
attributes processing cost to three cognitively motivated
sources: (i) the introduction of new discourse referents,
(ii) the storage of incomplete dependencies in working
memory, and (iii) the integration of dependents with
their syntactic heads across distance.

We adapt these components into a practical, com-
putable metric of syntactic complexity that can be ap-
plied to arbitrary text corpora. To separate structural
from discourse-related contributions, we define two vari-
ants of our DLT-inspired metric: LACE-CoREg, which
measures only storage and integration costs, and LACE-
FuLL, which additionally incorporates discourse referent
introduction.

3.1 Discourse Cost

Discourse cost reflects the introduction of new discourse
referents, realized by content words such as nouns,
proper nouns, verbs, and numerals. For a sequence s

+1 +1
+1 +1 +1

Figure 2: Discourse Cost on an example sentence. Each
referent increments the cost by 1. Sentence modified
from Gibson (2000).

with tokens w1 __p, we formally define discourse cost in
Equation 1 and visualize it in Figure 2.

N
Caiscoune(s) = »_ 1[w; € REFERENT_POS], (1)
i=1

where a token is considered a referent if it has a POS
tag € {NOUN, PROPN, NUM, VERB}. Each such token
increments the discourse cost by 1 (Gibson, 1998, 2000).

3.2 Storage Cost
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Figure 3: Storage cost of sequence. Each syntactic head
introduces Memory Units (MUs) to complete the string
as a grammatical sentence. Sentence modified from
Gibson (2000).

Comprehension requires maintaining predictions
about upcoming syntactic dependents until they are
resolved. For example, encountering a subject noun
phrase creates an expectation for a verb to complete the
dependency. At each token position i, let O (i) denote
the set of unresolved dependencies at that position.

In classical DLT (Gibson, 1998, 2000), storage cost
is defined as the cumulative number of such open de-
pendencies. For large-scale automatic evaluation across
heterogeneous corpora, however, cumulative counts can
be unstable and highly sensitive to local parse variation.
Inspired by the same underlying intuition as DLT but
adapted for robust corpus-level scoring, we approxi-
mate storage cost using the peak number of unresolved
dependencies, normalized by sentence length.

max;<i<n |0 ()|
N 9

This emphasizes the maximum momentary working-

memory load, the point of greatest resource demand,

@)

Cstorage (s) =



while preserving the DLT intuition that unresolved syn-
tactic commitments drive processing difficulty (see Fig-
ure 3).

3.3 Integration Cost

porter

disliked)+2.5

pyect? =
o

Who (PRON) adds a fractional cost

Figure 4: Integration cost is computed by counting the
discourse referents that intervene between a dependent
and its syntactic head; each such referent contributes
one unit of integration cost. Sentence modified from
Gibson (2000).

Integration occurs when a dependent is attached to its
syntactic head, and processing cost increases with the
distance between the two. In DLT, this distance is defined
as the number of intervening discourse referents between
the dependent and its head. For a sentence s with tokens
wi..N, let D(s) denote the set of dependencies in its
parse, where each element is a dependent-head pair
(wi, hi). Let I(w;, h;) be the set of intervening referents
between w; and h;.

Following Gibson (2000), who note that integrating
over pronouns is less costly than integrating over non-
pronominal referents, we assign each intervening referent
r € I(w;, h;) a cost of 0.5 if it is a pronoun and 1
otherwise. We formally define the cost of each referent
in Equation 3:

e cosr(l) — Z {0.5 if POS(r) = PRON 3

1 otherwise
rel

where POS() is a function that returns the part-of-
speech tag of an input referent r.

Classical DLT sums the costs of referents directly
across all dependencies. For large-scale automatic eval-
uation across corpora with wide variation in sentence
length and referential density, raw sums are difficult to
compare and can obscure structural effects. To retain
the core DLT intuition while ensuring cross-sentence
comparability, we normalize the summed referential
costs by the total number of discourse referents Cgiscourse
to get the final integration cost in Equation 4:

2 (wi.hi)en(s) REF_-COST(I(w;, hy))
Cintegration (s) = C .
discourse

“)

This normalized formulation preserves the theoret-

ical basis of DLT that longer and referentially denser

dependencies impose greater integration cost, while

yielding a stable, scale-invariant measure suitable for
heterogeneous NLP datasets.

3.4 LACE-Core and LACE-FuLL Metrics

We define two aggregate metrics from these components:
LACE-Cogre captures the syntactic structural load:

LACE'CORE( S) = Cstorage (S) + Cimegralion (S) . 5

LACE-FuLL augments this by adding discourse cost
directly:

LACE-FuLL(s) = Cstorage(s)
+Cintegration () (6)
+Cliscourse ()

In this formulation, storage and integration costs are
normalized while discourse cost is raw. This design
reflects a balance between structural load and referent
density. Together, these variants provide a principled,
psycholinguistically inspired benchmark for syntactic
complexity that is directly computable from dependency
parses.

4 Evaluation Setup

To validate our proposed metrics, we design an eval-
uation protocol aligned with three research questions
(RQs). Each RQ targets a complementary dimension of
validity:

RQ 1: To what extent does LACE align with human
judgments of simplification?

RQ 2: How does LACE compare with established sur-
face and structural baselines in capturing syntactic
complexity?

RQ 3: How reliably does LACE predict difficulty for
downstream NLP tasks?

Together, these RQs form a comprehensive evaluation
framework: RQ1 anchors the metrics to human percep-
tion, RQ2 situates them relative to canonical syntactic
complexity metrics, and RQ3 tests whether they capture
the structural difficulty that challenges state-of-the-art
models.

4.1 Baseline Metrics
To contextualize the performance of LACE, we compare
it against four canonical syntactic complexity metrics:

 Sentence length( LeEnGTH): defined as the number
of tokens.



* Mean dependency length( MDL): the average
linear distance between heads and dependents (Liu,
2008).

* Mean T-unit length( T-UniT): the average length
of a minimal terminable unit (an independent clause
plus its dependents) (Hunt, 1965).

¢ Subordinate clause count( Sus-CLAUSE): the
number of dependent clauses per sentence (Lu,
2010).

We report all evaluations for both LACE-Core and
LACE-FuLL alongside these baselines.

4.2 Datasets

Our evaluation spans two categories of datasets corre-
sponding to the three research questions.

4.2.1 Simplification Corpora

For RQ1 and RQ2, we evaluate syntactic complex-
ity metrics on established sentence simplification
corpora spanning multiple languages, including AS-
SET (Alva-Manchego et al., 2020) (English crowd-
sourced complex—simple pairs with multiple references),
WikiAuto (Jiang et al., 2020) (large-scale automat-
ically aligned English Wikipedia—Simple Wikipedia
pairs), and MuLTiSiM (Ryan et al., 2023), a profession-
ally curated multilingual benchmark. For MuLTISIM,
we use selected subcorpora from German, French, and
Italian.”

We focus on these non-English subcorpora because
they are predominantly SVO languages for which our
DLT-based complexity computation applies directly,
with cross-lingual variation arising primarily from the
dependency parser rather than from language-specific
algorithmic changes. Moreover, these languages are
supported by reliable, high-quality dependency parsers
in spaCy, enabling consistent and robust computation
of metrics across corpora.

4.2.2 QA Benchmarks

For RQ3, we evaluate the impact of syntactic com-
plexity on downstream reasoning using three chal-
lenging QA benchmarks: SUPERGPQA (Team et al.,
2025), a large-scale multiple-choice benchmark of
graduate-level questions across academic disciplines;
MMLU (Hendrycks et al., 2021), a broad multiple-
choice benchmark covering professional and academic
knowledge; and GSM8K (Cobbe et al., 2021), a dataset
of linguistically diverse grade-school math word prob-
lems.

For RQ1 and RQ2, LENGTH is computed as the number
of whitespace-separated tokens. For RQ3, LENGTH is
determined using each model’s native tokenizer. In all
cases, dependency parses are generated using the same

’The selected MuLTiSi™ subcorpora include CLEAR and
WIKILARGEFR (French), GEOLINOTEsT and TEXTCOMPLEXI-
TYDE (German), and ApmiNIT, SimpPiTikKiWiki, PACCSS-IT,
TeAcHER, and TereNcE (Italian).

parsing pipeline, and all complexity metrics (LACE
and baseline) are computed over these parses to ensure
comparability across experiments.

5 Results and Analysis

5.1 RQ1: Alignment with Human Judgments of
Simplification

To assess whether LACE reflects human intuitions of
syntactic complexity, we evaluate their ability to assign
higher complexity to the more complex sentence in
aligned complex-simple sentence pairs from the datasets
introduced in subsubsection 4.2.1.

For each aligned pair (sorig, ssimp) we compute the
difference:

AMerric = METRIC(Sorig) - METRIC(Ssimp)7

where a positive value indicates that the metric assigns
higher complexity to the original (unsimplified) sentence.
For each metric and dataset, we report the proportion
of pairs where Apgrric > 0, which corresponds to agree-
ment with the gold simplification direction.

Figure 5 presents these results across ASSET, WikI-
Avuro, and MurLtiSim. On ASSET, LACE-Core and
LACE-FuLL agree with human simplification in 74.9%
and 89.8% of pairs, respectively. Performance increases
further to 99.8% and 100% respectively on WikiAuTo,
a large-scale corpus. Traditional structural baselines
show more variable alignment. While T-Unrt achieves
strong agreement on WiktAuto (>99%), its perfor-
mance drops substantially on ASSET (86.4%) and it
is the second-lowest performing metric on MULTISIM
(47.7%). MDL is one of the highest-performing metrics
on WikrAuto and MuLtiSiv, but only the fourth-highest
performing metric on ASSET. Subordinate clause count
is the least reliable, falling to 44.2% on ASSET, 61.4%
on WikiAuto, and 10.3% on MuLtiSim. Sentence
length performs well overall.

Performance of all metrics is lower on MuLTiS1™ than
on ASSET and Wik1AuTo, suggesting that our metrics
work better for English than for German, French, and
Italian. We provide a per-language breakdown of the
MurtiSim results in appendix section A.6. We find that
LACE-CoreE has the highest positive complexity delta
for German, LACE-FuLL has the highest complexity
delta for French, and LENGTH is the best predictor for
Italian.

5.2 RQ2: Construct Overlap Among Complexity
Metrics

To determine whether LACE captures overlapping or
distinct aspects of syntactic complexity, we compute
pairwise Spearman (p) correlations among LACE-
Corg, LACE-FuLL, LEncTH, MDL, SuB-CLAUSE, and T-
Unrr across the simplification corpora introduced in
subsubsection 4.2.1. High correlations indicate redun-
dancy in how metrics rank sentences, as the metrics
are capturing mostly the same dimensions of structural


https://huggingface.co/datasets/facebook/asset
https://huggingface.co/datasets/facebook/asset
https://huggingface.co/datasets/facebook/asset
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/MichaelR207/MultiSim
https://huggingface.co/datasets/MichaelR207/MultiSim
https://huggingface.co/datasets/m-a-p/SuperGPQA
https://huggingface.co/datasets/cais/mmlu
https://huggingface.co/datasets/openai/gsm8k
https://huggingface.co/datasets/facebook/asset
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/MichaelR207/MultiSim
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/MichaelR207/MultiSim
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/MichaelR207/MultiSim
https://huggingface.co/datasets/facebook/asset
https://huggingface.co/datasets/facebook/asset
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/MichaelR207/MultiSim
https://huggingface.co/datasets/MichaelR207/MultiSim
https://huggingface.co/datasets/facebook/asset
https://huggingface.co/datasets/chaojiang06/wiki_auto
https://huggingface.co/datasets/MichaelR207/MultiSim

Proportion of Examples Simplified Across Metrics (asset)

Proportion of Examples Simplified Across Metrics (wiki_auto)

Proportion of Examples Simplified Across Metrics (multisim)

86.4% 85.0%

74.9%

aa.2%

89.8% 89.1% 100] 99:8% 100.0% 100.0%

100.0% 100.0% saen sar% 55.9%

50.0%

ar.7%

s1a% <

LACE CORE

(a) ASSET

LACEFULL  TUNIT_LEN DL SUB.CLAUSE  LENGTH Lace ‘Core

(b) WIKIAUTO

LACE FULL

TUNIT_LEN

MDL SUB.CLAUSE  LENGTH LACE CORE

(c) MuLTiISIM

LACEFULL  TUNIT_LEN DL SUB.CLAUSE  LENGTH

Figure 5: Proportion of examples with positive complexity deltas (A > 0) across metrics for ASSET, WikiAuto,
and MultiSim. Higher values indicate that the metric agrees with the human simplification direction (original >
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Figure 6: Pairwise Spearman correlations between complexity metrics for ASSET, WikiAuTto, and MULTISIM.
Darker colors indicate stronger positive correlations, suggesting that the metrics capture overlapping aspects of
syntactic complexity. Lower or inconsistent correlations highlight divergence in what each metric measures.

variation; low correlations indicate that the metrics cap-
ture different dimensions of structural variation. Based
on their definitions, we expect LACE-FuLL to correlate
more strongly with surface length, whereas LACE-Corg
should provide a more length-independent signal.

Figure 6 reports these correlations across ASSET,
WikiAuto, and MuLTiSiMm. As expected, LACE-FuLL
shows strong correlations with sentence length (o = 0.69
on ASSET, 0.89 on WikiAurto, 0.69 on MuLTISIM), re-
flecting its dependence on discourse referent counts.
In contrast, LACE-Core exhibits only low-to-moderate
correlations with LENGTH (p = 0.30,0.57,0.28). LACE-
CorE correlates most strongly with MDL on ASSET
(p = 0.71), and WikiAuTto(p = 0.74), consistent with
its theoretical grounding in integration cost. On MuLTI-
Sim, LACE-Core correlates most strongly with LACE-
FuLL and demonstrates a lack of significant overlap with
the baseline metrics, suggesting that its overlap with
MDL is specific to English. The baseline metrics show
heterogeneous relationships: MDL and T-Unir display
moderate-to-high correlations with length but lower cor-
relations with eachother. SuB-CLAUSE is the weakest
and most inconsistent signal, displaying negative cor-
relations with T-Un1t on ASSET and MuLtiSim and a
small positive correlation with T-Un1T on WikiAuro.
This suggests that it captures a distinct but unreliable
structural dimension.

To summarize, LACE-FuLL, which incorporates dis-
course referent cost, achieves consistently high align-
ment, rivaling or surpassing surface length metrics.
LACE-CorE correctly ranks the majority of complex-
simple pairs on ASSET, achieves almost perfect per-
formance on WikiAurto, and outperforms clause-
based baselines T-Unit and SuB-CLAUSE on MuULTI-
Sim. LACE-Core complements surface proxies by
isolating dependency-distance—driven structural load on
English text in ASSET and WikrAuro, while LACE-
FuLL captures a larger share of length- and discourse-
density—associated variation and is correspondingly
more sensitive to global sentence-level load. This dis-
tinction motivates evaluating both variants: LACE-FuLL
for length-sensitive judgments and LACE-Core for iso-
lating structure that is not attributable to LENGTH.

5.3 RQ3: Predicting Downstream Model Difficulty

Our third research question asks whether syntactic com-
plexity metrics can predict model failures on QA bench-
marks. To evaluate this, we first analyze whether model
accuracy is worse on examples deemed more complex
by our metrics (section 5.3.1). We then investigate
whether model surprisal (specifically, peak surprisal)
on syntactically complex sentences differs between in-
struct and base variants of the model (section 5.3.2).
We evaluate several base and instruction-tuned model
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pairs: LLAMA (8B), MisTrAL (8B), OLMo (7B) and
QweN (7B).2

5.3.1 Accuracy Trends

We perform a controlled Monte Carlo randomization
test (Nichols and Holmes, 2002) that isolates the most
syntactically complex examples according to each metric
and compares model performance on this subset against
randomly sampled subsets of equal size, allowing us to
assess whether higher syntactic load directly corresponds
to reduced accuracy. For each dataset, we compute
syntactic complexity using each of the metrics and
select the top 20% most complex examples as the hard
subset. We then repeatedly sample random subsets
of equal size and compute the performance difference
A = Yiandom — Ynard, where Y € {0, 1} denotes example-
level model correctness and ¥ is the mean correctness
(accuracy) over the corresponding subset. Positive
A values indicate worse performance on syntactically
complex instances, implying that the metric has isolated
examples that successfully predict model difficulty. We
conduct experiments using the benchmarks introduced
in subsubsection 4.2.2.

Table 1 summarizes the change in model accuracy
(AAccuracy) between syntactically hard and random
subsets across the benchmarks introduced in section
4.2.2. Overall, we observe that syntactic complexity
exerts markedly different effects depending on the task
. SupERGPQA and MMLU exhibit broadly significant
positive accuracy deltas, indicating systematic perfor-
mance degradation on syntactically complex questions.
GSMBSK results reveal fewer significant positive deltas
than SupERGPQA and MMLU, but the majority of deltas
are still significant and positive. Both LACE-Core and
LACE-FuLL yield statistically significant accuracy drops
for all models, demonstrating that LACE reliably isolates
structurally challenging questions in both datasets. On
GSMBSK, half of the deltas for LACE-FuLL and three out
of four deltas for LACE-CoRre are positive and signifi-
cant, demonstrating a weaker yet still significant trend
of LACE isolating more complex inputs. All baseline
metrics, with the exception of T-Unrr, yield significant
accuracy drops on almost all models for all datasets. The
largest accuracy drops alternate between length-sensitive
metrics, specifically LACE-FuLL and LENGTH, across
model families on all three datasets, indicating that ac-
cumulated discourse referents and sequence length are
dominant sources of difficulty in these settings. The sig-
nificant results observed for LACE-CorE on all models
except for OLMo on GSMS8K also point to localized
structural load modulating accuracy degradation on each
dataset.

5.3.2 Peak Surprisal and Instruction Tuning

To complement accuracy-based analysis, we examine
model surprisal during generation to assess whether in-
struction tuning alters sensitivity to syntactic complexity
beyond task performance. Surprisal is a measurement

3Prompting templates are detailed in subsection A.7.

of how uncertain a model is about a token in a text.
The less probable the token is, the more “surprised” the
model is by it. We compare base and instruction-tuned
variants of each model on identical inputs. At generation
step ¢, token-level surprisal is defined as:

Sy = —log ps(wy), @)

where p, (w;) is the probability assigned to the generated
token. We summarize sequence-level uncertainty using
peak surprisal:

Speak = max S;. ®)
1<t<T

Speak captures the point of maximal predictive un-
certainty during generation. Although generation-
time surprisal may be influenced by decoding
constraints(inference-time constraints arising from de-
coding algorithms, their hyperparameters, and imposed
output or prompt formats), prior work shows it remains
sensitive to syntactic structure (Gauthier et al., 2020),
motivating its use as a proxy for processing difficulty.
For each dataset, we compute Speax for outputs generated
by base and instruction-tuned variants in response to the
same QA inputs.

We analyze peak surprisal as a function of syntactic
complexity by computing linear fits between the two
(visualized in Figures 16 to 18). The intercept of each
line of best fit reflects a model’s baseline surprisal on
syntactically simple inputs, while the slope of the line
captures the strength of the relationship between model
surprisal and the syntactic complexity of its input. A
positive slope indicates that the model becomes more
surprised as syntactic complexity increases, while a
negative slope indicates that the model becomes /ess
surprised as syntactic complexity increases. Base-to-
instruct shifts in this slope—intercept space are visualized
using Structural Surprisal Dual-Space plots, where each
point plotted represents a line of best fit for a model
with its slope on the x-axis and its intercept on the y-
axis. Because points represent linear functions, they are
plotted in a dual space, hence the name of our plots. We
plot points for both base and instruct variants of models
in the same space and connect the points in each pair
via a dotted line.

Figures 7 to 9 display dual space plots for SUPERG-
PQA, MMLU, and GSMSK, respectively. Instruction-
tuning induces a consistent downward shift in intercept
across models on all three datasets, indicating lower base-
line surprisal on syntactically simpler inputs. Instruction
tuning generally increases the alignment between resid-
ual surprisal variation and localized syntactic complexity
as measured by LACE-Coreg, indicating that while mod-
els are more confident overall, residual variation in
output surprisal exhibits a stronger statistical associa-
tion with localized syntactic complexity. Changes in
slope differ among models and datasets. For LACE-
CoRrE, slopes increase unanimously on SUPERGPQA
and GSMBK, indicating that peak surprisal increases
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Model LACE-Core LACE-FuLL T-UniT MDL LENGTH SuB-CLAUSE
SurErGPQA
LLaMa 3-8B  0.040 +0.004  0.056 +0.005  0.052 + 0.004 0.027 + 0.005 0.054 +0.005  0.045 +0.005
MistrAL-7B 0.016 = 0.005  0.026 +0.005  0.023 = 0.005 0.010 = 0.005 0.027 +0.005  0.019 = 0.005
OLMo 3-7B 0.030 +0.005  0.060 +0.005 0.047 +0.005 0.030 =+ 0.005 0.063 +0.005  0.044 + 0.005
Qwen 2.5-7B  0.017 +0.005  0.044 +0.005  0.038 = 0.006 0.003 £0.005  0.039 +0.006 0.028 + 0.005
MMLU
LLaMa 3-8B  0.036 +0.008 0.074 +0.008  0.018 =+ 0.008 0.036 + 0.008 0.079 +0.008  0.073 +0.008
MistrAL-7B 0.054 +0.008 0.067 +0.008 -0.000 = 0.008 0.067 = 0.008 0.069 +0.009 0.073 = 0.008
OLMo 3-7B 0.018 +0.008 0.111 +0.008 -0.002 + 0.008 0.048 + 0.008 0.116 +0.008  0.115 +0.009
Qwen 2.5-7B  0.022 +0.008  0.124 +0.007 -0.001 £0.007  0.044 +0.008  0.124 +0.007  0.119 + 0.008
GSM8K
LLaMa 3-8B  0.041 +0.023  0.073 +0.023  0.020 +0.022 0.041 +0.023 0.083 +0.022  0.057 +0.023
MistrAL-7B 0.048 +0.027 0.116 +0.027 0.014 +0.028 0.071 = 0.027 0.115 +0.027  0.108 = 0.026
OLMo 3-7B 0.011 £0.020 0.022 +0.019 -0.027 £0.019 -0.0005 +0.019 0.064 +0.019 0.018 +0.020
Qwen 2.5-7B  0.039 +0.021  0.023 £0.021  -0.004 £0.020  0.050 +0.021  0.050 +0.021  0.038 + 0.021

Table 1: Change in task-level correctness (A, = SE) between syntactically hard and random subsets. Bold
values denote statistically significant effects (p < 0.05). Underlined values indicate the largest degradation per
model—dataset pair. All models are instruction-tuned.
T Full distributional visualizations (box plots and example-level analyses) are provided in Section A.1.
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Figure 7: Base-to-instruct movement in surprisal dual
space on SUPERGPQA for LACE-Core and LACE-FuLL.

with localized syntactic complexity after instruction-
tuning. On MMLU, however, LACE-CorE slopes de-
crease after instruction-tuning for all models except
OLMo, indicating weakened coupling between localized
syntactic complexity and peak surprisal on this dataset.
Slopes for LACE-FuLL vary depending on the model and
dataset. For SuPERGPQA, most models exhibit modest
increases in sensitivity to accumulated discourse-level
complexity, while QwWEN shows a reduction in slope. On
MMLU, slopes remain near zero or decrease for most
models, with OLMo being a notable exception. For
GSMSK, slopes barely increase for LLAMa and OLMo,
increase more noticeably for MisTrAL, and decrease for
Qwen. Overall, changes in slope are larger for LACE-
CORE than for LACE-FULL on each dataset, indicating
stronger post-training amplification of localized rather
than discourse-level complexity.

6 Conclusion

This work introduces and evaluates LACE, a new com-
putable metric for syntactic complexity based on De-
pendency Locality Theory (DLT), with two variants:
LACE-Core and LACE-FuLL. The evaluation, span-
ning human simplification judgments, existing complex-
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Figure 8: Base-to-instruct movement in surprisal dual
space on MMLU for LACE-CorEe and LACE-FuLL.
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Figure 9: Base-to-instruct movement in surprisal dual
space on GSM8K for LACE-Core and LACE-FuLL.

ity baselines, and LLM reasoning tasks, shows that
LACE-FuLL effectively captures discourse-level com-
plexity while LACE-CoRre isolates localized syntactic
load. These metrics provide a detailed tool for analyzing
model robustness under syntactic stress. LACE-FuLL is
ideal for discourse-heavy tasks, and LACE-CorE helps
identify specific structural failure modes, laying the
groundwork for future research in readability and model
evaluation.

7 Ethical Considerations

Our work does not involve training, finetuning, or deploy-
ing language models, so concerns pertaining to releasing
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new models are not applicable. All of the models we
use are open-source and the datasets we use are publicly
available. We do not conduct studies with human partic-
ipants, so there are no concerns about experiments with
human subjects.

8 Limitations

Reported analyses are correlational in nature and do not
establish causal mechanisms underlying model behav-
ior. While the observed relationships between syntactic
complexity and performance are consistent with theo-
retical expectations from Dependency Locality Theory,
they do not directly reveal how such structural load is
represented or processed within language models.

Another limitation concerns our reliance on automatic
dependency parses to estimate DLT-based complexity
measures. Although modern parsers are generally reli-
able, parsing errors may introduce noise into complexity
estimates, particularly for long or syntactically irregu-
lar inputs. Such noise would be expected to attenuate
observed effects rather than systematically favor LACE
over alternative metrics.

Finally, our evaluation is conducted on existing bench-
marks that, while widely used and carefully selected to
span diverse reasoning settings, may not fully reflect all
downstream applications of language models. As with
any benchmark-driven analysis, dataset-specific prop-
erties and potential artifacts may influence observed
trends.
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as determined by each metric (x-axis).

A Appendix

A.1 Benchmark Performance Variability

We report distributional statistics underlying the sum-
mary results for benchmark accuracy in § 5.3.1. For
Monte Carlo stress tests, performance differences are
computed over 1,000 random draws, and we visualize the
resulting distributions using box plots. Central tenden-
cies reported in the main text correspond to the mean of
these distributions, with variability summarized via stan-
dard errors or confidence intervals as noted. Figures 10
to 12 visualize the appropriate descriptive statistics. For
experimental details see subsubsection A.4.1.

A.2 Peak Surprisal Distributions

Peak surprisal captures the point of maximal predictive
uncertainty during generation and is commonly inter-
preted as a signal of processing difficulty or expectation
violation. Figures 13 to 15 present paired distributions
of peak surprisal for base and instruction-tuned variants
of each model, computed over identical input sets and
restricted to valid responses only.

These distributions provide a complementary view
to the slope-intercept analysis in § 5.3.2. Whereas the
regression analysis characterizes how surprisal scales
with increasing syntactic complexity, the distributional
plots visualize how instruction tuning reshapes the over-
all surprisal landscape. In particular, shifts in the mode
and mass of the distribution reflect changes in base-
line uncertainty, while changes in tail behavior indicate
how extreme uncertainty events are redistributed after
instruction tuning. Across datasets, instruction-tuned
models consistently exhibit a leftward shift in the sur-
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prisal distribution relative to their base counterparts,
indicating reduced baseline surprisal on structurally sim-
pler inputs. At the same time, overlap between base
and instruction-tuned distributions varies by model and
dataset, highlighting heterogeneity in how post-training
modulates predictive uncertainty. These plots contex-
tualize the regression results by making visible the full
distributional effects underlying changes in slope and
intercept.

A.3 Effects of Instruction-Tuning on DLT
Sensitivity

This subsection provides example-level visualizations il-
lustrating how instruction tuning alters model sensitivity
to syntactic complexity as measured by DLT-based met-
rics. Figures 16 to 18 show representative scatter plots
of peak surprisal as a function of syntactic complexity,
with separate linear fits for base and instruction-tuned
variants of the same model.

Each point corresponds to an individual input, plotted
by its syntactic complexity (x-axis) and peak surprisal
(y-axis). Solid lines denote ordinary least squares fits
computed separately for base and instruction-tuned mod-
els. The annotated slopes quantify surprisal sensitivity
to increasing syntactic load. These plots make explicit
two systematic effects summarized in the main text.
First, instruction tuning consistently reduces baseline
surprisal, reflected in downward shifts of the fitted inter-
cepts. Second, and more importantly, instruction tuning
often increases the slope of the surprisal-complexity re-
lationship, indicating heightened sensitivity to syntactic
structure. This slope increase is most pronounced and
consistent for LACE-CorE, suggesting that post-training
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Figure 11: Distribution of (A = ¥Yrandom — Yhard) across syntactic complexity metrics on MMLU.

sharpens responsiveness to localized dependency-based
complexity rather than to length- or discourse-driven
complexity captured by LACE-FurL. Effects are het-
erogenous, and often task/model specific.

A.4 Experimental Setup and Hyperparameters

This subsection documents experimental parameters
and design choices required for reproducibility. Most
parameters in our experiments are fixed by protocol or
theory, rather than tuned via hyperparameter search.

A.4.1 Monte Carlo Stress Tests.

For the downstream QA evaluation (§5.3.1), we assess
whether syntactic complexity metrics isolate systemat-
ically harder examples using Monte Carlo stress tests.
For each dataset and complexity metric, we select the
top 20% most complex examples to form a syntactically
hard subset. This threshold balances isolating high-
complexity inputs while retaining sufficient sample size
for stable estimation.We verified that qualitative trends
remain stable for nearby thresholds (e.g., 20-30%). For
each hard subset, we draw 1,000 random subsets of
equal size and compute the performance difference:

A = Yiandom — Yhards

where Y denotes task correctness. All reported confi-
dence intervals and significance tests are derived from
this Monte Carlo distribution.

A.4.2 Surprisal-Complexity Regression.

Slope and intercept values in the surprisal dual-space
analysis (§5.3.2) are obtained via ordinary least squares
(OLS) regression. For each model, dataset, and com-
plexity metric, we fit peak surprisal as a linear function

of syntactic complexity:
Speak = @ + 8 - Complexity.

The intercept « reflects baseline surprisal at low syntac-
tic complexity, while the slope S captures sensitivity to
increasing structural load. No regularization or hyper-
parameter tuning is applied. Base and instruction-tuned
models are evaluated on identical input sets to ensure
comparability.

Parsing, Tokenization, and Decoding. Dependency
parses are generated deterministically from spaCy’s pre-
trained English dependency parser. For German, French,
and Italian, spaCy parsers specific to each language are
used. Sentence length is computed using whitespace
tokenization for simplification corpora and each model’s
native tokenizer for QA benchmarks. All prompting
experiments use greedy decoding (temperature = 0)
with no sampling. Model architectures and decoding
parameters are listed in Table 2.

Model Params Max Temp Top-p Sample
LLAMa 3.3 8B 8192 0.0 1.0 False
MIiSTRAL 7B 8192 0.0 1.0 False
OLMo 3 7B 8192 0.0 1.0 False
QWEN 2.5 7B 8192 0.0 1.0 False
GEMMA 7B 8192 0.0 1.0 False
QWEN 2 72B 8192 0.0 1.0 False
LLAMaA 3 72B 8192 0.0 1.0 False

(a) QA models and decoding hyperparameters. All models
use greedy decoding (temperature = 0, no sampling).

Table 2: LLMs used in experiments.
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Yiandom — Yhard) across syntactic complexity metrics on GSM8K.

Dataset RQ # Ex. Split Format Description

ASSET RQI1,RQ2 2,000 Validation Paired Human-written sentence simplifica-
tions with multiple references

WikrAuTto RQI,RQ2 118,074 Test Paired Automatically aligned Wikipedia—
Simple Wikipedia sentence pairs

MurtiSim RQ1,RQ2  ~2,500 Test Paired Simplified text pairs across 12 lan-
guages.

SupErRGPQA RQ3 26,529 Test MCQA Graduate-level multiple-choice ques-
tions across academic domains

MMLU RQ3 14,042 Test MCQA Broad multi-domain academic and
professional knowledge benchmark

GSMSK RQ3 1,319 Test Open-ended  Grade-school math word problems

with single- and multi-step reasoning

Table 3: Summary of datasets used across research questions. All prompting experiments are zero-shot.

A.5 Dataset Statistics and Splits

This appendix summarizes the datasets used across all
experiments, including the number of examples and
evaluation splits, (see Table 3). All analyses in this
paper are conducted in a zero-shot evaluation setting.
Unless otherwise noted, results are computed on the
official test splits provided by each benchmark.

A.6 Individual Language Results on MuLTISI™M

Figure 19 displays the positive complexity deltas across
metrics for German, French, and Italian individually. On
German, LACE-Cogre achieves the highest positive com-
plexity delta whereas LACE-FuLL and LENGTH display
lower performance. This suggests that simplification in
the German dataset targets more localized features as op-
posed to sentence length or the number of new discourse
referents. The opposite is observed for French: LACE-
FuLL achieves the highest positive complexity delta, and
LencTH also displays a relatively strong signal. Results
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differ significantly on Italian, where LENGTH achieves
the highest delta value. MDL and T-Unrr achieve simi-
lar performance to one another on German and French,
with both metrics performing relatively high. On Italian,
however, MDL performs significantly better than T-UniT
and rivals the performance of LENGTH. SuB-CLAUSE
remains the lowest-performing metric across all three
languages.

Figure 20 displays the pairwise Spearman correla-
tions between complexity metrics for each language.
LACE-FuLL correlates more highly with LENGTH than
LACE-Core on all three languages, highlighting its
increased sensitivity to length compared to LACE-CoRrE.
LACE-CoreE has low-to-moderate overlap with the other
baseline metrics on German and French, and low-to-no
overlap with the baselines on Italian. LACE-CoRE is
most highly correlated with LACE-FuLL on all three
languages, suggesting that it captures distinct features
from the baselines.
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Figure 13: Base vs Instruct surprisal distributions across models on SUPERGPQA

A.7 Prompting Templates

§ Sections A.7.1 to A.7.3 document the prompting
templates used in our evaluation pipeline to ensure
reproducibility and clarity across datasets and model
classes. We distinguish between role-conditioned chat
prompting for instruction-tuned models and plain-text
prompting for base models, reflecting the different input
interfaces these model classes are trained to expect.

Crucially, the instructional and question content is
held constant across prompting formats: the chat-based
and plain-text templates differ only in surface repre-
sentation (i.e., role annotations and formatting), not in
the information provided to the model. No additional
guidance, examples, or task-specific cues are introduced
for instruction-tuned models beyond those present in the
corresponding base-model prompts.

For instruction-tuned models, we adopt a structured
chat-style format that separates dataset-level instructions
from question content using explicit system and user
roles, and constrains model outputs to a parseable JSON
schema for evaluation consistency. In all cases, the
required answer is a single multiple-choice option label
(e.g., A-D), with the JSON wrapper serving solely as
an output-formatting constraint.

For base models, which do not support conversational
roles, we instead use a single plain-text prompt that con-
catenates the same instruction (when present), question,
and answer options, followed by an explicit Answer:
completion cue to elicit the same single option label.
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Unless otherwise noted, these templates are applied
uniformly within each dataset.

A.7.1 SupErGPQA

Figures 21 and 22 illustrate the prompting templates
used for base and instruction-tuned models, respectively,
on SupERGPQA. While the surface form differs be-
tween plain-text and chat-based prompts, both templates
present the same multiple-choice question and options
and constrain the model output to a single option letter.

A.7.2 MMLU

Figures 23 and 24 illustrate the prompting templates
used for base and instruction-tuned models, respectively,
on MMLU. As with SuperRGPQA, instruction-tuned
models receive a chat-style prompt with an explicit
system instruction, whereas base models are prompted
using a single plain-text template terminating in an
Answer: cue.

A7.3 GSMSK

Figures 25 and 26 illustrate the prompting templates used
for base and instruction-tuned models, respectively, on
GSMSK. As with SupERGPQA and MMLU, instruction-
tuned models receive the text in a chat-style prompt and
base models receive all parts of the input as a plain-text
template with the addition of an Answer: cue at the
end. Differently from SupERGPQA and MMLU, both
base and instruct prompts for GSM8K ask the model
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Figure 14: Base vs Instruct surprisal distributions across models on MMLU

to respond using JSON format. If the answer is not in
JSON format the first number in the answer is chosen.

16


https://huggingface.co/datasets/cais/mmlu

Paired Surprisal Distribution (Valid Responses Only) Paired Surprisal Distribution (Valid Responses Only)

model model
[ base 12 [ base
12 1 instruct [ instruct
1.0
1.0
0.8
0.8
2 z
@ @
5 I3
8,6 Qo6
0.4 0.4
0.2 0.2
0.0 0.0
1 2 3 4 5
Surprisal Surprisal
(a) LLAMA 3.1-7B (b) Mi1sTRAL-7B
Paired Surprisal Distribution (Valid Responses Only) Paired Surprisal Distribution (Valid Responses Only)
1.6
12 model model
[ base [ base
1 instruct 1.4 1 instruct
1.0
1.2
0.8
1.0
2z 2z
206 208
o o
0.6
0.4
0.4
0.2
0.2
0.0 0.0
0.5 1.0 15 2.0 2.5 3.0 3.5
Surprisal Surprisal

(c) OLMo 3-7B (d) QweN 2.5-7B

Figure 15: Base vs Instruct surprisal distributions across models on GSM8K
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Figure 17: Base vs. instruction-tuned sensitivity across models on MMLU, measured via slope shifts for LACE-Core
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Figure 18: Base vs. instruction-tuned sensitivity across models on GSM8K, measured via slope shifts for LACE-Core
and LACE-FuLL.
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Figure 19: Proportion of examples with positive complexity deltas (A > 0) across German, French, and Italian
for MurtiSim. Higher values indicate that the metric agrees with the human simplification direction (original >
simplified).
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Figure 20: Pairwise Spearman correlations between complexity metrics for German, French, and Italian on
MurtiSm. Darker colors indicate stronger positive correlations, suggesting that the metrics capture overlapping
aspects of syntactic complexity. Lower or inconsistent correlations highlight divergence in what each metric
measures.

SuPERGPQA Base Prompt
Prompt construction (per example):
4 N
PROMPT
Answer the multiple-choice question based on the given context. Return the answer in JSON format: { "answer”:
"<option_letter>" }.
Question:
The common-mode rejection ratio of the first stage amplification circuit in a three-op-amp differential circuit is
determined by ().
Options:
A. the absolute value of the difference in the common-mode rejection ratio of Al and A2
themselves
B. all of the above
C. the average of Al and A2’s common-mode rejection ratios
D. the sum of Al and A2’s common-mode rejection ratios
E. the product of Al and A2’s common-mode rejection ratios
F. the square root of the product of Al and A2’s common-mode rejection ratios
G. the size of A2’s common-mode rejection ratio
H. the size of A1’s common-mode rejection ratio
1. The difference in the common-mode rejection ratio of Al and A2 themselves
J. input resistance
Answer:
. J

N J

Figure 21: Illustration of the SUPERGPQA base prompting format used in our evaluation pipeline.
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SuPERGPQA Instruct Prompt (Chat Template)

Prompt construction (per example):

( SYSTEM  example.instruction

\
[USER Question:

The common-mode rejection ratio of the first stage amplification circuit in a three-op-amp differential circuit is
determined by ().

Options:

A. the absolute value of the difference in the common-mode rejection ratio of A1 and A2 themselves
B. all of the above

C. the average of Al and A2’s common-mode rejection ratios

D. the sum of Al and A2’s common-mode rejection ratios

E. the product of Al and A2’s common-mode rejection ratios

F. the square root of the product of A1l and A2’s common-mode rejection ratios
G. the size of A2’s common-mode rejection ratio

H. the size of A1’s common-mode rejection ratio

1. The difference in the common-mode rejection ratio of Al and A2 themselves
J. input resistance

CASSISTANT { "answer”: "<option_letter>" } )

N\

Figure 22: Illustration of the SUPERGPQA instruct prompting format used in our evaluation pipeline.
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N

[
MMLU Base Prompt

Prompt construction (per example):

( PROMPT

Answer the following multiple-choice question.

Question:

A women’s action group attempted for many months, unsuccessfully, to reach an agreement with the local
professional men’s club to admit women to membership. The women’s group instituted a suit for a declaratory
judgment in federal court to determine whether the men’s club was subject to the state’s anti-discrimination act.
Prior to the elections for city officials, four members of the women’s group were sent to picket the offices of the
mayor and district attorney, both prominent members of the men’s club. Two members walked outside the front of
the mayor’s office building, carrying signs that read, “The mayor is supposed to serve all the people but his lunch
club is for men ONLY. So don’t vote for him.” The other two pickets walked outside the rear of the district
attorney’s office building, carrying similar signs, telling the public not to vote for him. This picketing was carried
on from 9 A.M. to 5 PM. The same day, two more pickets were assigned to carry identical signs in front of the
mayor’s official residence. Two pickets also carried duplicate signs in front of the district attorney’s suburban
home during the early evening hours. The picketing at all sites was held peacefully without any disturbance. The
relevant city ordinances concerning picketing read as follows: “Section 201. No picketing shall be permitted
inside of, or on any sidewalk or street immediately adjacent or contiguous to, city hall, without express permission
of the mayor. Applications for such permission shall be filed at least three days before such picketing is intended to
begin and shall state the purpose, place, and time of the proposed picketing. Section 202. It shall be unlawful for
any person to engage in picketing before or about the residence of an individual. Nothing herein shall be deemed
to prohibit the holding of a meeting or assembly on any premises used for the discussion of subjects of general
public interest.” The federal district court will most likely avoid making a decision on the merits of the suit for
declaratory judgment because

Options:

A. the case lacks adequate ripeness.

B. there is no case or controversy.

C. the relief sought is essentially for an advisory opinion.
D. the women’s group lacks standing.

Answer:

Figure 23: Illustration of the MMLU base prompting format used in our evaluation pipeline.
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-
MMLU Instruct Prompt (Chat Template)

Prompt construction (per example):

SYSTEM Answer the following multiple-choice question. Return the answer in JSON format:
{ "answer”: "<option_letter>" }.

USER

Question:

A women'’s action group attempted for many months, unsuccessfully, to reach an agreement with the local
professional men’s club to admit women to membership. The women’s group instituted a suit for a declaratory
judgment in federal court to determine whether the men’s club was subject to the state’s anti-discrimination act.
Prior to the elections for city officials, four members of the women’s group were sent to picket the offices of the
mayor and district attorney, both prominent members of the men’s club. Two members walked outside the front of
the mayor’s office building, carrying signs that read, “The mayor is supposed to serve all the people but his lunch
club is for men ONLY. So don’t vote for him.” The other two pickets walked outside the rear of the district
attorney’s office building, carrying similar signs, telling the public not to vote for him. This picketing was carried
on from 9 A.M. to 5 PM. The same day, two more pickets were assigned to carry identical signs in front of the
mayor’s official residence. Two pickets also carried duplicate signs in front of the district attorney’s suburban
home during the early evening hours. The picketing at all sites was held peacefully without any disturbance. The
relevant city ordinances concerning picketing read as follows: “Section 201. No picketing shall be permitted
inside of, or on any sidewalk or street immediately adjacent or contiguous to, city hall, without express permission
of the mayor. Applications for such permission shall be filed at least three days before such picketing is intended to
begin and shall state the purpose, place, and time of the proposed picketing. Section 202. It shall be unlawful for
any person to engage in picketing before or about the residence of an individual. Nothing herein shall be deemed
to prohibit the holding of a meeting or assembly on any premises used for the discussion of subjects of general
public interest.” The federal district court will most likely avoid making a decision on the merits of the suit for
declaratory judgment because

Options:

A. the case lacks adequate ripeness.

B. there is no case or controversy.

C. the relief sought is essentially for an advisory opinion.
D. the women’s group lacks standing.

[ASSISTANT { "answer”: "<option_letter>" }

N

Figure 24: Tllustration of the MMLU instruct prompting format used in our evaluation pipeline.
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(
GSMS8K Base Prompt

Prompt construction (per example):

~
PROMPT
Solve the following math problem step by step and then return your answer in JSON format: { "answer":
"<your answer>" }.

Question:
Terry eats 2 yogurts a day. They are currently on sale at 4 yogurts for $5.00. How much does he spend on yogurt
over 30 days?

Answer:

- J
- /

Figure 25: Ilustration of the GSM8K base prompting format used in our evaluation pipeline.

GSMSK Instruct Prompt (Chat Template)

Prompt construction (per example):

SYSTEM  Solve the following math problem step by step and then return your answer in JSON format: {
"answer”: "<your answer>" }.
J
)
USER
Question:
Terry eats 2 yogurts a day. They are currently on sale at 4 yogurts for $5.00. How much does he spend on yogurt
over 30 days?
J
(ASSISTANT { "answer": "<answer>" } )

N J

Figure 26: Illustration of the GSMS8K instruct prompting format used in our evaluation pipeline.
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