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Abstract

This study aims to test how large language models (LLMs) understand gradable adjectives and
whether their understanding compares with humans, under the framework of formal semantics.
We introduce a diagnostic dataset, referred to as the Modifier-Adjective Scale Probe (MASP),
to evaluate how well LLMs understand a gradable adjective (e.g., long) when the adjective is
combined with one modifier (e.g., very long or slightly long, a condition referred to as degree
modification) or is further negated (e.g., very not long and not very long, a condition referred
to as compositional negation). The dataset consists of over 80,000 natural language inference
questions in both Chinese and English. We apply the MASP dataset to test both humans and
11 popular LLMs, including GPT-40 and Gemini-2.0-Flash. The results show that most LLMs
can correctly understand whether a modifier boosts (e.g., very) an adjective. However, they
fail to understand the modifiers that weaken the degree and the negation forms of modifiers.
Furthermore, we parameterize the human and LLLM behavior, and find that the judgment patterns
of LLMs differ from humans especially in the Chinese tests. These findings suggest that LLMs
are still not well aligned with humans in terms of the interpretation of simple adjective phrases,
and MASP provides a new approach to quantify the interpretation of adjective phrases in LLMs.

1 Introduction

The capacity of large language models (LLMs) to encode semantic information has been extensively
studied in many linguistic tasks such as natural language inference (NLI) (Bowman et al., 2015; Devlin et
al., 2019; Ruis et al., 2023). However, the semantics of certain linguistic expressions can vary in degree,
depending on modifiers. For instance, the utterance “John is tall” may be true when John is compared
to middle school students, but the utterance “John is extremely tall” may be false since the modifier
“extremely” boosts the degree of tallness and John may not be qualified as “extremely tall”. While formal
semantics provides the theoretical frameworks for describing the semantics of degree (Kennedy, 2007;
Lassiter, 2017), it remains debated whether LLMs can encode degree semantic information (Liu et al.,
2023a; Lin et al., 2024), especially when gradable adjectives/verbs are combined with scalar modifiers.
LLMs do not explicitly encode the degree semantic information, but the absence of explicit encoding
does not necessarily imply that the information is entirely unnecessary for LLMs. One possibility is that
degree semantics can functionally explain the linguistic behavior of LLMs. Here, we investigate whether
LLMs can encode degree semantic information, by quantitatively examining LLMs’ understanding of
gradable adjectives with one modifier (e.g., very long and slightly long) or are further negated (e.g., very
not long and not very long).

We build a diagnostic dataset, referred to as the Modifier-Adjective Scale Probe (MASP), to evaluate
LLMs’ understanding of the gradable adjectives and scalar modifiers. MASP is formulated using the
NLI task, which requires LLMs to identify the entailment relation between a pair of sentences (Nie
et al., 2020). In recent years, various NLI-style diagnostic datasets have been developed to evaluate
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A 138 cm plant is [modifier] tall.
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Figure 1: The overview of the MASP dataset. The dataset is organized along two conditions, with
each condition instantiated in both Chinese and English tests. In the examples, word that are filled into
template are underlined.

specific linguistic capabilities such as lexical semantic reasoning (Sinha et al., 2019) and commonsense
inference (Tafjord et al., 2022), and to probe the superficial heuristic learned by LLMs (McCoy et al.,
2019). Some studies also focused on the degree semantics of bare adjectives (Liu et al., 2023b), but they
did not analyze the compositionality between adjectives and modifiers, nor did they explore the cross-
linguistic commonalities of degree semantics in LLMs. To address this, MASP contains both Chinese
and English tests, and separately evaluate 2 main aspects of adjective and modifier interpretation, i.e.,
degree modification and compositional negation (Figure 1).

We apply the MASP dataset to evaluate 11 state-of-the-art LLMs (e.g., Gemini-2.0-Flash and GPT-4o,
all GPT-40 results reported in this paper are based on the gpt-40-2024-08-06 model release.), and found
that most LLMs can capture the variations when a modifier boosts (e.g., very) an adjective, but fail to
understand the modifiers that weaken the degree and the negation forms of modifiers. LLMs with better
language comprehension capabilities encode degree semantics that are more similar to those of humans.
In addition, we parameterize the human and LLM behavior using three factors, including polarity confi-
dence, decision thresholds and judgment precision, and find that humans are more consistent and rapid in
adjusting their judgments as the modification strength of modifiers changes. The main contributions of
our study are: (i) constructing a theoretically motivated NLI diagnostic dataset to examine the LLMs’ un-
derstanding of compositional scalar expressions, (ii) demonstrating that LLMs encode degree semantic
information differently from humans, exhibiting lower consistency in responses to modifiers and slower
adaptation to increased modification strength.

2 Dataset Construction

2.1 Task

The dataset is organized along two conditions: (1) degree modification, and (2) compositional negation,
with each condition instantiated in both Chinese and English tests. For each test, we design a degree
estimation task following the adjective probing framework described by Liu et al. (2023b). The degree
estimation task requires LLMs to identify whether the premise could or could not entail each hypothesis
from the set of hypotheses separately. Each premise contains a pair of antonyms, and each premise is
tested with 40 hypotheses that only differed in the numeral, which are sampled from given range with
fixed interval (see an example in Figure 1). All premises and hypotheses are generated using templates.

The Chinese version of the tests is directly translated from the English version.To ensure semantic and
pragmatic equivalence across languages, we carefully adjust the translations based on linguistic structure
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Degree remise hypothesis entailment range
modification p yp g
Chinese 120 cm FOFEY) 2 &1, a cm AW [modifier] = HY a>120—-4

80 cm AUTEHAI AR o cm FIEAYE [modifier] FEHY) a>80+6
Enelish A 120 cm plant is long, A o cm plant is [modifier] tall. a>120—-46
& and a 80 cm plant is short. A a cm plant is [modifier] short. a<80+4
Compositional remise hypothesis entailment range
negation p ypothes &

acm FIFEYIE T [modifier] B a<80+46

Chinese 120 cm [IAEY) R =i Y, o cm FIHEYIR [modifier] 7 &= fY a<80+4
80 cm HIMEAIHIIERT - acm FIHEYIE T [modifier] BF o >120—6
a cm FIHEYIZE [modifier] &R a>120—46

A o cm plant is not [modifier] tall. a<80+46
A 120 cm plant is long, A «a cm plant is [modifier] not tall. a<80+0
and a 80 cm plant is short. A « cm plant is not [modifier] short. « > 120 —§

A « cm plant is [modifier] not short. « > 120 —§

English

Table 1: Examples for each condition. The placeholder [modifier] is the candidate scalar modifier
that can be choice from {(), very, really, extremely, relatively, slightly, somewhat}. () represents bare
adjectives. The entailment range column shows the entailment condition of « for the sentence pair. In
these examples, a € [60,140], with a fixed interval of 2. § is a value depending on the modifier (Solt,
2019; Kennedy and McNally, 2005).

(e.g., word order). These adjustments include modifying word order, selecting appropriate scalar modi-
fiers (e.g., rendering slightly as 4 #% or A %), and handling differences in negation scope. All translated
items are reviewed and refined by native Chinese speakers to ensure naturalness and consistency with
everyday usage.

In total, we construct a total of 40,000 premise—hypothesis pairs for Chinese and English, respectively,
covering 7 scalar modifiers under each condition (2,000 for each modifier in degree modification and
4,000 for each negated modifier in compositional negation, examples for each condition are shown in
Table 1. In the following, we detail how the premise and hypothesis are constructed for each condition.

2.2 Degree Modification

Scalar modifiers modulate the internal thresholds of gradable adjectives by altering the degree of adjec-
tives. Drawing from Kennedy’s (2007) framework, we define a continuum of 7 scalar modifiers ordered
by linguistic intuition:

somewhat — slightly — relatively — ) — really — very — extremely

Here, the modification strength gradually increased from left to right, with the bare adjective ()
serving as the baseline. Modifiers to the left of the bare adjective are diminishers (e.g., somewhat,
slightly), which weaken the degree of the adjective they combine with (Quirk et al., 1985). Modifiers
to the right are intensifiers (e.g., very, extremely), which strengthen the scalar interpretation (Paradis,
2008). For both Chinese and English tests, each premise-hypothesis pair shares the same adjective, and
the hypothesis is different from its premise by a modifier (Table 1).

2.3 Compositional Negation

The degree of adjectives can be operated by the combination of modifiers. For instance, “not very tall”
indicates the complement of “very tall”’, while “very not tall” indicates the enhanced degree of “not tall”
(Hersh and Caramazza, 1976). To investigate how the modifier interacts with others, we introduce two
negation forms for each modifier (Table 1):

Modifier negation: A o cm plant is not [modifier] tall.
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Figure 2: Human and LLM behavior on both Chinese and English tests of degree modification with
positive adjectives (e.g., fall). See the full set of the results in Appendix Figures 1 and 2.

Adjective negation: A o cm plant is [modifier] not tall.

These forms test whether LLMs can correctly distinguish between modifier negation (reversing the
effect of modifiers) and adjective negation (reversing the degree of adjectives). For both Chinese and
English tests, each premise-hypothesis pair shares the same adjective, and the hypothesis is different
from its premise using the modifier negation or the adjective negation form (Table 1).

3 Systematic Sensitivity to Scalar Modifiers

3.1 Experimental Setup

We evaluated 11 LLMs on MASP, including:

Open-Source Models: LLaMA-3.1-8B, LLaMA-3.1-70B, LLaMA-3.3-70B (Grattafiori et al., 2024);
Mistral-7B (Jiang et al., 2023), Mistral-Small, Mistral-Large; Qwen2.5-7B, Qwen2.5-72B (Yang et al.,
2024); DeepSeek-R1 (DeepSeek-Al et al., 2025);

Closed-Source Models: Gemini-2.0-Flash (Google DeepMind, 2025), GPT-40 (OpenAl et al., 2023).

LLMs were tested using a zero-shot NLI paradigm following the prompts described in a recent study
(Reynolds and McDonell, 2021). Each model was instructed to identify the entailment relation between
a premise and hypothesis without in-context examples (see the prompts in Appendix A).

To further ensure robustness, we conducted a consistency analysis using four prompt variants that
differed in surface phrasing but conveyed the same NLI task. These included: (1) “Determine whether
the premise entails the hypothesis™, (2) “Does the premise entail the hypothesis? 7, (3) “Is the premise
true based on the hypothesis? ” and (4) “Can the hypothesis be logically inferred from the premise?”.
We randomly sampled 500 pairs of sentences from the MASP dataset and evaluated five representative
LLMs (GPT-40, Gemini-2.0-Flash, DeepSeek-R1, LLaMA-3.3-70B and Mistral-Large). The agreement
across prompt variants ranged from 0.970 to 0.992, with deviations within +0.050 of the main results,
indicating stable model behavior across different prompt wordings.

The closed-source models and DeepSeek-R1 were queried using the OpenRouter API, and other open-
source models were run locally. Following previous studies (Brown et al., 2020), we set the temperature
parameter, which controlled the randomness of the model response, to 0 and max_tokens, which con-
trolled the maximum number of tokens to generate, to 200 in all tests.
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Chinese English
Model
¢ dEE  EM RIHE MX FERL A 0 very really extremely relatively slightly somewhat

Deepseek-R1 0.88 082 084 082 074 06 062 08 072 0.84 0.62 0.72 / 0.8
GPT-40 094 09 094 09 074 074 0.78 087 082 0.86 0.84 0.74 0.7 0.87
Gemini-2.0-Flash 094 093 09 092 082 080 082 096 0.78 0.92 0.86 0.84 0.80 0.96
Llama-3.1-8b 0.68 032 043 036 033 045 038 092 08 0.86 0.82 0.75 0.73 0.92
Llama-3.1-70B 0.84 071 062 0.67 056 038 031 09 081 0.86 0.88 0.77 0.48 0.9
Llama-3.3-70B 0.9 07 072 072 068 062 056 09 079 0.85 0.8 0.61 / 0.9
Mistral-7B 0.81 082 08 065 042 056 042 094 08 0.88 0.76 0.77 0.68 0.94
Mistral-Small 0.82 053 064 064 054 058 05 084 074 09 0.74 0.8 0.82 0.84
Mistral-Large 0.76 053 064 064 053 058 05 088 054 0.74 / 0.68 0.23 0.88
Qwen2.5-7B 0.52 / 0.36 / 0.18 / / 0.88 0.22 048 0.2 0.48 0.18 0.88
Qwen2.5-72B 075 0.8 083 075 078 062 057 0.88 / / / 0.71 / 0.88

Table 2: The Pearson correlations between human and LLM behavior on both Chinese and English tests
of degree modification. Since the proportion of entailment obtained by some LLMs is 0, the correlation
cannot be calculated and is marked as /.

We also collected human annotation on the degree modification of MASP, involving 80 participants
for Chinese and 40 for English. Each participant was required to annotate 80 questions. The human
annotation for the degree estimation task was designed in a structured numerical reasoning format to
assess degree semantic interpretations under scalar modifiers (see the instruction in Appendix B). For
both human and LLM responses, we calculated the proportion of entailment — the number of responses
labeled as “entailment” (or % 2 in Chinese) divided by the total number of responses. All human
responses were pooled to calculate the proportion of entailment.

3.2 Result
3.2.1 Modification Strength of Single Modifier

To compare the modification strength between different modifiers, we analyzed the human and LLM
behavior when adjectives were combined with different modifiers. This analysis focused on how the
proportion of entailment of humans and LLMs varied with modifier-adjective combinations.

We visualized the behavior of humans and five representative LLMs in Figure 2, with the full set of the
results presented in Appendix Figures 1 and 2. In both Chinese and English, the proportion of entailment
shifted upwards on the scale for an intensifier (e.g., extremely) compared to the bare adjectives (Figure
2), indicating that both humans and LLMs applied stricter semantic thresholds when the strength of
modification increased. Similar patterns emerged for negative adjectives (e.g., short) (Appendix Figures
3,4, 5 and 6). These consistent patterns across Chinese and English suggested that humans and LLMs
exhibited cross-linguistic understanding when adjectives were combined with intensifiers.

A divergence was observed between human and LLM behavior when adjectives were combined with
diminishers (e.g., relatively). For humans, the proportion of entailment shifted downward compared to
the bare adjectives, and peaked at mid-scale degrees (e.g., a = 110 cm), reflecting a bounded window
for diminishers. In contrast, while the proportion of entailment also shifted downward along the scale,
LLMs exhibited a monotonic increase rather than peaking at specific degrees, suggesting a failure to
capture the attenuating semantics of diminishers.

These findings confirmed that humans and LLMs exhibited the cross-linguistic scalar sensitivity to de-
gree modification, capturing the general direction and relative magnitude of graded modifiers. Nonethe-
less, divergences from human behavior also highlighted residual challenges in LLMs’ understanding of
degree semantics.

To ensure that these results are not artifacts of a particular model or run, we also assessed the consis-
tency across models themselves. We computed Pearson correlations between five representative LLMs
(GPT-40, Gemini-2.0-Flash, DeepSeek-R1, Qwen-2.5-72B, and Mistral-Large) on the MASP dataset.
The correlations ranged from 0.89 to 0.97, indicating that these models exhibit highly consistent scalar
judgments across languages and conditions.
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Human — LLM alignment on MASP vs. LLM Reasoning Capability

Chinese English
1ol r=085p=0001 e r=0.78,p=0.004 | !: Deepseck-RI
’ QGQ%/,/’ ° 2: Gemini-2.0-Flash
= 08 ras ° 3: GPT-40
= R
g 79 4: Llama-3.1-8B
5 06 ot 5: Llama-3.1-70B
; //' 6: Llama-3.3-70B
2 04 1 .
= 7 7: Mistral-7B
é 0.2 // 8: Mistral-Small
= A 9: Mistral-Large
0.0 10: Qwen2.5-7B
024 (7] | 11: Qwen2.5-72B
50 60 70 80 20 40 60 80
CLiB Score MMLU-Pro Score

Figure 3: Correlation between human-LLM alignment and the reasoning capability of LLMs. The rea-
soning capability is quantified using the benchmark scores in CLiB (for Chinese) and MMLU-pro (for
English).

3.2.2 Alignment between Human and LLM Behavior

We further analyzed the alignment between human and LLM behavior on the degree modification of
MASP. To quantify the alignment, we computed the Pearson correlation between the proportion of en-
tailment from humans and LLMs (Table 2). GPT-40 and Gemini-2.0-Flash showed human-aligned be-
havior in most tests of degree modification, while the behavior of smaller LLMs (e.g., Qwen2.5-7B and
Llama-3.1-8B) were not strongly correlated with human behavior (Table 2). To characterize the rela-
tionship between human-LLM alignment on MASP and LLMs performance, we further measured the
correlation between human-LLM alignment (Pearson correlation that averaged across all tests of degree
modification) and model performance on two representative benchmarks for language comprehension:
MMMU-Pro (Yue et al., 2024) for English and CLiB (EasyLLM, 2025) for Chinese. LLMs with higher
benchmark scores (i.e., better reasoning capabilities in general) tended to perform more similarly to
humans on the MASP dataset (Figure 3).

Overall, these results suggested that LLMs generally captured human-like degree semantics when
adjectives were combined with a single modifier. Besides, the alignment between human and LLLM be-
havior in MASP was strongly associated with the LLMs’ reasoning abilities, highlighting the importance
of evaluating formal semantics as a benchmark for evaluating human-like language understanding.

3.2.3 Modification Strength of Negated Modifier

We further analyzed five representative LLMs behavior on the tests of compositional negation. For
bare adjectives, a negator took the complement set of degrees on the scale (Figure 4). The proportion of
entailment declined at the upper end of the scale on the modifier negation test. This pattern suggested that
LLMs interpreted the modifier negation as the complement set of all adjective phrases (e.g., complement
set of very tall). In contrast, on the adjective negation test, the proportion of entailment decreased more
steeply and earlier, where phrases like “very not tall” were more readily interpreted as directly entailing
“very short” (see Appendix Figure 2). These results revealed that LLMs could correctly distinguish the
adjective negation and the modifier negation, showing a clear understanding of the negated modifier.

4 Parameterizing Human and LLM Behavior

4.1 Experimental Setup

To systematically compare the human and LLM behavior, we fitted the proportion of entailment in the
tests of degree modification using a few interpretable parameters. This approach was aligned with psy-
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Premise: A 120 cm plant is tall. A 80 cm plant is short.

Modifier negation Adjective negation
Hypothesis: A o cm plantisnot __ tall. Hypothesis: A a.cm plantis ___ not tall.
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Figure 4: Theoretically expected human performance and actual model performance on the English tests
of compositional negation with positive adjectives. The plots on the left illustrated cases of modifier
negation, whereas those on the right represented adjective negation. The theoretically expected human
performance is estimated based on the sigmoid function (Hersh and Caramazza, 1976), since we do not
collect human data on compositional negation. See full set of results in Appendix Figures 3, 4, 5 and 6.

chophysical frameworks for modeling semantic thresholds (Kruschke, 2014) and computational seman-
tics methodologies for gradable expressions (Kennedy and McNally, 2005).
The proportion of entailment was fitted using a sigmoid function and a Gaussian function:

o A _ (z—gﬁ
) =1 Ba o Tampre

~
—
5

Where A, B, C, i, o, and amp are the parameters used for fitting. We defined three interpretable param-
eters to capture critical aspects of human and LLM behavior:

1. Polarity Confidence (A), which determined confidence in accepting hypotheses. Higher values of A
indicated stronger confidence in entailment judgments (Lassiter, 2017).

2. Decision Threshold (C), which determined the position at which the proportion of entailment
exceeded 0.5, indicating a transition from rejection to acceptance of entailment. Lower values of C
implied tolerance for weakly intensified statements (e.g., somewhat long), while higher values of C indi-
cate stricter thresholds, requiring modifiers with increased modification strength (Kennedy and McNally,
2005).

3. Judgment Precision (o), which quantified the dispersion of responses. The lower values of o
indicate concentrated judgments (high precision), while the larger values of o reflect the tolerance to
ambiguity (Kruschke, 2014).

We employed non-linear least squares (NLLS) regression to fit the composite function to the propor-
tion of entailment for LLMs and humans, minimizing the mean squared error (MSE). We performed
5-fold cross-validation and the averaged regression performance were reported in Appendix Table 1.

4.2 Result

4.2.1 Polarity Confidence Varies with Modification Strength

As the modification strength of the modifier changes (e.g., from somewhat long to very long), the polar-
ity confidence, representing the confidence in accepting hypotheses, did not increase monotonically in
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Premise: A 120 cm plant is tall. A 80 cm plant is short. Premise: 120 cm fIEMESH . %mn%ﬁ%mgmo
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Figure 5: Polarity confidence, decision thresholds and judgment precision fitted from humans and five
representative LLLMs behavior.

LLMs, whereas monotonicity was generally maintained in humans (see the top row of Figure 5). Instead,
LLMs showed the highest polarity confidence when bare adjectives (()) were presented, with confidence
decreasing for both diminishers and intensifiers. This produced a trapezoidal pattern, suggesting that
LLMs preferred to make more confident entailment decisions for single adjective rather than adjective
phrases. In contrast, humans showed a more consistent upward trend, indicating growing confidence as
the modification strength increased. This divergence suggested that while humans interpreted intensifiers
as enhancing meaning, LLMs might treat them as softening the entailment signal.

4.2.2 Decision Thresholds Shift Along the Modification Strength

The decision thresholds, representing the transition from rejection to acceptance of entailment, systemat-
ically shifted along with modification strength for both humans and LLMs (see the middle row of Figure
5). For the intensifiers (e.g., very), the decision threshold shifted rightward (or leftward for negative
adjectives). This result indicated that LLLMs dynamically adjusted the internal threshold to categorize the
premise-hypothesis pair as entailment or non-entailment, depending on different modifiers.

While both humans and LLMs exhibited the trend, humans tended to change more abruptly, complet-
ing the transition within just one or two neighboring modifiers, whereas LLMs showed a more gradual,
smoothed adjustment. This suggested that humans recalibrated category boundaries more discretely,
while LLMs distributed the adjustments more continuously.

4.2.3 Judgment Precision Increases for Extreme Modifiers

The judgment precision, which reflected how sharply the LLMs or humans distinguished entailment
from non-entailment, did not consistently decrease with the strength of the modifier across LLMs (see
the bottom row of Figure 5). While humans (blue line) showed a relatively clear trend toward increased
precision for modifiers (e.g., from slightly long to extremely long), indicating that entailment decisions
became more concentrated, most LLMs displayed non-monotonic patterns.

This contrast suggested that humans recalibrated with intensifiers in a more categorical and decisive
fashion compared to diminishers, while LLMs might lack consistent internal scaling, leading to more
diverse judgments. Altogether, these results revealed that despite showing graded sensitivity to degree
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modification, LLMs encoded the degree semantic information differently from humans.

5 Related Work

Understanding how LLMs process language is essential for model interpretability and the construc-
tion of more reliable language models. Despite the impressive performance of LLMs like GPT-4 on
general-purpose benchmarks, a large number of studies suggested that these models remain fragile in
domains requiring fine-grained semantic reasoning. Liu et al. (2023a) demonstrated that current LLMs
have difficulties in modeling ambiguity, including vague modifiers and context-dependent interpreta-
tions. Relatedly, Lin et al. (2024) observed that even advanced models display inconsistent patterns in
plan reasoning tasks. Our study contributes to this body of literature in theoretically informative ways.
The MASP dataset focuses on the evaluation of scalar expressions, including gradable adjectives and
adjective phrases. The MASP dataset is grounded in the formal semantics (i.e. degree semantics) of
adjectives, borrowing the insights of formal semantics to help better interpret the internal representa-
tions of LLMs. Some previous studies have also analyzed the properties of gradable adjectives under the
framework of degree semantics: Soler and Apidianaki (2021) find that a diagnostic classifier can decode
the modification strength of adjectives from word embeddings of BERT. Liu et al. (2023b) reveal that
language models encode the degree semantics of bare adjectives but fail to employ it. Both of these
studies aim at the bare adjectives, while ignoring the compositionality between adjectives and modifiers,
which is the key aspect of the adjective interpretation. Our study builds on this growing body of research
by offering a diagnostic dataset for compositional semantics between adjectives and modifiers, going
beyond prior work that typically investigates isolated adjective-modifier pairs.

In addition, the MASP dataset provides an approach to quantify the cross-linguistic interpretation of
adjective phrases, i.e., Chinese and English. Though most LLMs have multilingual capabilities, most di-
agnostic datasets and benchmarks focus on model performance in English (Wang et al., 2019; Rajpurkar
et al., 2016), which may lead to square-one bias for model evaluation (Ruder et al., 2022). Crucially,
scalar reasoning should account for cross-linguistic generalization, as degree semantics and the effect of
modifiers may differ across typologically diverse languages (Beck et al., 2021). Yet few probing datasets
currently evaluate such behavior in multiple languages. Our work addresses this gap by constructing a
multilingual dataset to analyze the cross-linguistic difference in degree semantic information encoded
by LLMs. Therefore, we offer a theoretically motivated approach to evaluate LLMs’ ability to encode
the degree semantic information of adjectives and adjective phrases, and extend previous studies into a
multilingual, compositional, and theoretically grounded setting.

6 Conclusion

In conclusion, based on the degree semantics analysis of adjectives, this study constructs the MASP
dataset to evaluate LLMs’ understanding of adjectives and modifiers. By integrating scalar modifiers and
negation modifier into the degree estimation task, we uncover systematic behavior through interpretable
metrics: polarity confidence, decision thresholds, and judgment precision. While LL.Ms generally encode
degree semantic information, LLMs’ understanding of adjective phrases diverges from human patterns
in key areas, particularly for relatively neutral modifiers. Our study offers a compact, scalable tool for
probing degree semantics and advancing human-aligned, cross-linguistic language understanding.

While MASP relies on synthetic templates, this allows for controlled and cross-linguistically compa-
rable evaluation. We acknowledge its limitations in naturalistic contexts and leave this for future work.
Critically, the observed divergences point to a fundamental challenge for current LLMs: their reported
deficiency in robust compositional reasoning, especially when processing nuanced interactions between
modifiers and adjectives. To overcome this limitation, future work should prioritize brain-inspired com-
putational models implementing sequence chunking through neural encoding of ordinal positions (Ding,
2025), alongside recent advances in: (1) Topological neural manifolds (Deb et al., 2025) enforcing brain-
like spatial organization for compositional binding, (2) Dynamic composition attention (Xiao et al., 2024)
closing the modifier-adjective integration gap.
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Appendix

Appendix A: LLMs models experiment details

We adopted a zero-shot prompting setup for all LLM models, constructing inputs as natural language
inference (NLI) tasks (Wang et al., 2019). Each model was instructed to determine entailment between
a premise and hypothesis without in-context examples, ensuring reliance on pre-trained representations
rather than task-specific adaptation (Brown et al., 2020). The prompts were structured as follows.

English Prompt: Premise: {premise}, Hypothesis: {hypothesis}. Determine whether the premise
entails the hypothesis. Respond with ’entailment’ or 'not entailment’.

Chinese Prompt: Hj#&: {premise}, 1%: {hypothesis}, FIWTEIIERTE & FIZ - FE HE
& 8 "JEZE - This design follows methodologies for probing cross-lingual semantic consistency
in LLMs (Lauscher et al., 2020) while minimizing language-specific prompt engineering (Reynolds and
McDonell, 2021).

Appendix B: Human annotation for the degree estimation task

The human annotation for degree estimation task was designed in a structured numerical reasoning for-
mat to assess degree semantic interpretations under scalar modifiers. The English and Chinese version
of the task followed the template as shown below:

English version:

If a 120 cm plant is tall, and a 80 cm plant is short,

Then,

A [modifier] tall plant is between ____ cm and ____ cm.

Chinese version:

AR 120 em WIHEIZ T - 80 cm HITEY)ZRER -

A,

———cm B ____cm BIHEY)E [modifier] =AY -

modifier € {0, very, really, extremely, relatively, slightly, somewhat }

Appendix C: Human and model performance on both English and Chinese cross tests
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Appendix Figure 1: Other model performance on both Chinese and English tests of degree modification
with positive adjectives.
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Premise: A 120 cm plant is tall. A 80 cm plant is short. Premise: 120 cm FIHEPIE S . 80 cm MNIEMEZEN .
Hypothesis: A a cm plantis __ short. Hypothesis: a cm FJ{E¥ZE  BH.
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Appendix Figure 2: Human and model performance on both Chinese and English tests of degree modifi-
cation with negative adjectives.

Premise: A 120 cm plant is tall. A 80 cm plant is short.
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Appendix Figure 3: Other model performance on the English tests of compositional negation with posi-
tive adjectives.
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Appendix Figure 4: Theoretically expected human performance and actual model performance on the
Chinese tests of compositional negation with positive adjectives. The theoretically expected human
performance is estimated based on the sigmoid function (Hersh and Caramazza, 1976), since we do not
collect human data on compositional negation.
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Premise: A 120 cm plant is tall. A 80 cm plant is short.

Modifier negation Adjective negation
Hypothesis: A o cm plant is not ___ short. Hypothesis: A a.cm plantis ___ not short.
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Appendix Figure 5: Theoretically expected human performance and actual model performance on the
English tests of compositional negation with negative adjectives. The theoretically expected human
performance is estimated based on the sigmoid function (Hersh and Caramazza, 1976), since we do not
collect human data on compositional negation.
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Appendix Figure 6: Theoretically expected human performance and actual model performance on the
Chinese tests of compositional negation with negative adjectives. The theoretically expected human
performance is estimated based on the sigmoid function (Hersh and Caramazza, 1976), since we do not
collect human data on compositional negation.

Appendix D The R? of the curve fitting for the entailment responses of the LLM models on test

fold
Model Chinese English
0  FEE ER WE N B BA 0 very really extremely relatively slightly somewhat

Human 085 079 078 087 08 075 087 079 079 0.9 0.78 0.83 0.84 0.8
Deepseek-R1  0.89 0.86 08 09 089 0.82 083 087 09 0.88 0.8 0.75 0.82 0.83
GPT-40 081 085 08 086 091 086 0.78 0.87 091 0.81 0.87 0.86 0.87 0.86
Gemini-2.0 087 0.8 074 0.83 071 087 071 091 0.89 0.8 0.9 0.71 0.79 0.83
Mistral-Large 0.87 0.87 0.76 0.75 086 0.83 085 0.83 0.79 0.83 0.86 0.78 0.87 0.91
Qwen2.5-72B 091 0.81 0.73 081 087 0.71 091 086 0.8 0.86 0.8 0.88 0.83 0.82

Appendix table 1: R? of the curve fitting on both Chinese and English tests of degree modification.

Proceedings of the 24th China National Conference on Computational Linguistics, pages 1003-1019, Jinan, China, August 11-14, 2025.

(c) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 1019



