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Abstract

While large language models (LLMs) have demonstrated
remarkable performance on high-level semantic tasks, they
often struggle with fine-grained, token-level understanding
and structural reasoning—capabilities that are essential for
applications requiring precision and control. We introduce
TASE, a comprehensive benchmark designed to evaluate
LLMs’ ability to perceive and reason about token-level in-
formation across languages. TASE covers 10 tasks under two
core categories: token awareness and structural understand-
ing, spanning Chinese, English, and Korean, with a 35,927-
instance evaluation set and a scalable synthetic data genera-
tion pipeline for training. Tasks include character counting,
token alignment, syntactic structure parsing, and length con-
straint satisfaction. We evaluate over 30 leading commercial
and open-source LLMs, including O3, Claude 4, Gemini 2.5
Pro, and DeepSeek-R1, and train a custom Qwen2.5-14B
model using the GRPO training method. Results show that
human performance significantly outpaces current LLMs, re-
vealing persistent weaknesses in token-level reasoning. TASE
sheds light on these limitations and provides a new diagnos-
tic lens for future improvements in low-level language under-
standing and cross-lingual generalization.

1 Introduction

Large Language Models (LLMs) have demonstrated im-
pressive capabilities across a wide range of natural lan-
guage tasks. They excel in high-level semantic understand-
ing such as instruction following, logical reasoning, long-
context comprehension, and code generation.(Hua et al.
2025; Kostikova et al. 2025; Wan et al. 2024) These
strengths have driven their adoption in various applica-
tions, including conversational agents, educational tools,
and problem-solving systems.

Despite their success on complex tasks, LLMs often
struggle with surprisingly simple, fine-grained tasks that re-
quire token-level perception and structural reasoning.(Wang
et al. 2025; Hiraoka and Inui 2025) For example, even top-
tier models frequently fail to count the number of letter “r”’s
in “strawberry”, or perform basic operations such as de-
tecting spelling errors or manipulating individual characters.

“These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

34915

( @ ) TASE Bench
&OpenAl ________ — 7
DeepSeck O Eval Muti-Lunguage
@DouBao —_— |English| | L | | o= 0f |
36k
Qwen -
Awareness Structural
Bl e Train EIRES [ cowc | [ cowen |
Mistral m
g Meta un- [ewor | [ sorr | IERRES
vl ‘ limited VAR )

How many r's in
"Strawberry"

SE
302

berry
19772

Figure 1: Overview of the TASE benchmark. TASE evalu-
ates LLMs across fine-grained token-level tasks in three lan-
guages and two dimensions: token awareness and structural
understanding. The strawberry example illustrates common
model failures in token-level reasoning.

These shortcomings reveal a persistent gap in token aware-
ness—that is, the model’s ability to perceive, reason about,
and operate on individual tokens or characters with preci-
sion.

A key source of this problem is the reliance on sub-
word tokenization schemes like Byte-Pair Encoding (Shi-
bata et al. 1999), which obscure internal character struc-
tures and are not designed for character-level reasoning.
This deficiency is especially pronounced in non-English lan-
guages like Chinese and Korean, where complex composi-
tional structures pose even greater challenges. Yet, this fun-
damental blind spot has been largely ignored in mainstream
evaluation. Prominent benchmarks like GLUE(Wang et al.
2018), SuperGLUE(Wang et al. 2019), and XNLI(Conneau
et al. 2018) almost exclusively target high-level semantic
understanding, overlooking tasks that require direct token
manipulation or structural analysis. While recent work has
begun to probe these limitations(Xu and Ma 2025; Yehu-
dai et al. 2024), a comprehensive, multilingual benchmark



focused on these fine-grained abilities is still critically lack-
ing.

To facilitate a systematic evaluation, we design TASE,
a benchmark with ten fine-grained tasks across three typo-
logically diverse languages: English, Chinese, and Korean,
representing alphabetic, logographic, and featural writing
systems respectively (see Figure 1). TASE evaluates two
core dimensions of token-level understanding. The first, to-
ken awareness, directly tests a model’s perception of lin-
guistic units through tasks such as counting words in a
sentence, generating text of a specified length, identifying
minimal token differences, and reordering sentences under
strict adjacency constraints. The second, structural under-
standing, probes the model’s ability to analyze the inter-
nal form of tokens. This includes tasks such as counting
characters within a word, solving composition puzzles, re-
constructing text from corrupted representations (e.g., dot-
matrix patterns), and recognizing visual patterns in text. To-
gether, these tasks evaluate not just symbolic awareness but
also structure-sensitive reasoning.

We construct a curated evaluation set of 35,927 instances
across all tasks and languages, ensuring a broad and reliable
basis for performance measurement. Moreover, we develop
a scalable synthetic data generation pipeline capable of pro-
ducing unlimited training examples with guaranteed correct-
ness. This pipeline allows researchers to train or fine-tune
models on these tasks and to conduct controlled experiments
on how token-level training affects model behavior.

We benchmark more than 30 leading LLMs, including
proprietary systems such as GPT-4.1, Claude 4, and Gemini
2.5 Pro, and state-of-the-art open models like DeepSeek-R1.
In addition, using our synthetic data and the GRPO algo-
rithm(Shao et al. 2024), we fine-tuned a new model based
on Qwen2.5-14B-Instruct. Our evaluation reveals a clear
and consistent gap between human and model performance.
Even the strongest models underperform substantially on
TASE tasks, especially those requiring structure-aware rea-
soning such as visual recognition or component-level de-
composition. For example, tasks involving character com-
position or spatial reasoning often produce incorrect or hal-
lucinated outputs, while simple length-controlled generation
is frequently violated. Despite these shortcomings, we find
that targeted fine-tuning yields measurable improvements,
as our trained model surpasses its base on several tasks,
demonstrating that enhancing fine-grained capabilities can
help narrow the performance gap. Nevertheless, no model
achieves human-level performance across all tasks or lan-
guages, underscoring that token-level and structure-aware
understanding remains a core challenge for current LLMs.

We summarize our main contributions as follows:

* A multilingual benchmark specifically designed to eval-
uate token-level awareness and structural reasoning in
LLMs, spanning English, Chinese, and Korean.

A reproducible dataset of 35,927 evaluation instances
across ten fine-grained tasks, covering both perception
and manipulation of linguistic structure.

A scalable synthetic data generation pipeline for each
task, enabling training, fine-tuning, and controlled anal-
ysis of model behavior.
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* A comprehensive evaluation of over 20 state-of-the-art
LLMs and a fine-tuned 14B custom model, revealing
persistent weaknesses and quantifying the gap between
models and human performance.

2 Related Work
2.1 High-Level Understanding Benchmarks

Most existing benchmarks for large language models
(LLMs) focus on high-level semantic tasks. GLUE (Wang
et al. 2018) and SuperGLUE (Wang et al. 2019) em-
phasize sentence-level classification, inference, and ques-
tion answering. Their multilingual extensions, such as
XGLUE (Liang et al. 2020), XNLI (Conneau et al. 2018),
and TyDiQA (Clark et al. 2020), apply similar task types to
non-English languages. More recent efforts like P-MMEval
and BenchMAX expand the coverage to multilingual rea-
soning, coding, and instruction following. However, these
benchmarks do not evaluate fine-grained capabilities such
as character counting, token alignment, or structural anal-
ysis. Furthermore, current benchmarks (Wang et al. 2023;
Singh et al. 2024; Lai et al. 2023) lack support for testing
token-level or language-agnostic skills, particularly in low-
resource settings.

2.2 Token Awareness and Fine-Grained Evaluation

Several studies have recently highlighted that LLMs ex-
hibit surprising failures on basic token-aware tasks. Xu and
Ma (2025) show that even top-tier models frequently mis-
count letters within a word, despite understanding their se-
mantic context. Fu et al. (2023) find that models recog-
nize letters but often fail to count them accurately. Yehu-
dai et al. (2024) provide a theoretical framework suggest-
ing that fixed-size transformers struggle with simple count-
ing operations due to architectural limitations. Benchmarks
like LMEntry (Efrat, Honovich, and Levy 2022) and CUTE
test models on elementary character-level operations (e.g.,
identifying first/last letters, swapping characters) and expose
consistent performance gaps. These findings reveal funda-
mental weaknesses in LLMs’ token-level reasoning, often
obscured in high-level evaluations. However, current stud-
ies remain fragmented, with evaluations scattered across iso-
lated tasks, and lack a unified or systematic framework for
assessing token-level capabilities.

2.3 Structural Reasoning and Text Manipulation

Beyond token awareness, structural reasoning tasks such
as text editing or visual token recognition remain underex-
plored. CWUM introduces a bilingual benchmark targeting
letter-level editing and reordering, reporting large gaps be-
tween human and model accuracy. LLMs often fail to en-
force formatting constraints, satisfy length conditions, or re-
cover corrupted character structures (Zhou et al. 2023). At-
tempts to address these issues through synthetic data aug-
mentation or decomposition strategies (for example, spelling
out words or breaking tokens into components) offer partial
improvements. Still, systematic evaluation suites targeting
such structural capabilities across languages remain limited.
TASE represents the first systematic multilingual benchmark
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Figure 2: Illustration of the ten TASE tasks, grouped by two core capabilities: Token Awareness (top row) and Structural
Understanding (bottom row). Each cell shows an example highlighting the specific reasoning or perception skill evaluated by

the task.

designed to evaluate both token-level awareness and struc-
tural reasoning capabilities.

3 TASE

Three characteristics differentiate TASE from existing LLM
benchmarks: (1) TASE shifts the evaluation focus from ab-
stract semantic comprehension to concrete, low-level text
processing skills, directly probing a model’s awareness of
tokens and their internal structure. (2) TASE systemati-
cally investigates cross-lingual generalization by incorporat-
ing parallel tasks across English (alphabetic), Chinese (logo-
graphic), and Korean (featural syllabary) to reveal biases as-
sociated with different linguistic structures. (3) TASE is de-
signed for scalability and reproducibility, providing not only
a fixed evaluation set for fair comparison but also a synthetic
data generation pipeline for creating a virtually unlimited
volume of training examples.

3.1 Taxonomy of Language Capabilities

We define 10 fundamental low-level language capabilities,
organized into two distinct categories: token awareness and
structural understanding. These tasks are designed to assess
a model’s perception and manipulation of the fundamental
components of text. A detailed overview and visual exam-
ples of each task are provided in Figure 2.

Token Awareness This category focuses on direct opera-
tions over discrete token sequences, treating each token as
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an atomic unit without considering its internal structure.
We formalize all tasks in this category as functions oper-
ating over token sequences:

Fioken : S or (S1,52)orS — A

where S = (t1,to,...,t,) is a token sequence, S is a set
of such sequences, and A is a scalar, token, or reordered
sequence depending on the task (e.g., count, difference set,
sorted list).

Frequency Count (FREQ): the ability to accurately
count all occurrences of a specific token within a text.

Length Operations (LENOP): the ability to count the
number of tokens in a sentence and to generate a sentence
with a precise number of tokens.

Difference Identification (DIFF): the ability to compare
two sets of tokens and identify the single differing token
between them.

Length Sorting (SORT): the ability to sort a list of sen-
tences in descending order based on their token count.
Token Reordering (REORD): the ability to reorder a

sequence of tokens so that no token remains next to its
original neighbors.

Structural Understanding This category focuses on the
internal composition of tokens, such as characters, radicals,
strokes, or subwords, and their manipulation or reasoning.



We formalize all tasks in this category as functions that
analyze or reconstruct sub-token structure:

Gguet :torSor R — B

where ¢ is a token, S a sequence, R a corrupted or visual
form (e.g., matrix), and B a component count, token, pat-
tern, or restored form depending on the task.

* Component Count (COMPC): the ability to count sub-
token units, such as radicals in Chinese characters, letters
in words, or jamo in Korean.

Component Manipulation (COMPM): the ability to
combine constituent parts into a valid token or decom-
pose a token into its fundamental components.

Dot-Matrix Recognition (DOT): the ability to recog-
nize and classify characters from their visual represen-
tation as a binary matrix.

Structural Riddles (RIDL): the ability to solve rid-
dles based on the orthographic or structural properties of
words, not their semantic meanings.

Variant Restoration (VAR): the ability to identify and
correct characters that have been replaced by visually
similar homoglyphs.

3.2 Dataset Construction

The TASE benchmark is built upon a core evaluation set
of 35,927 instances, among which three tasks under the dot
category contain only 977 instances each. We designed the
dataset with a specific emphasis on probing the foundational,
structural capabilities of LLMs—a domain often overlooked
by traditional benchmarks. The dataset is comprehensive,
with 1,000 instances per language for most of our 10 de-
fined tasks, ensuring robust measurement. Only the riddle
task in English and Chinese leverages public data, while the
vast majority of instances are programmatically generated
by our synthetic pipeline. This approach guarantees not only
diversity and scale but also ground-truth correctness for ev-
ery instance, as the data is created with a known solution.

3.3 Evaluation Methodology

To enable a fair and objective assessment, our evaluation
methodology is designed to be rigorous and straightforward.
The tasks are deliberately structured to have unambiguous,
close-ended answers, such as a specific number, a single
word, or a precise ordering. The benchmark does not include
tasks that require creative or open-ended generation.

This evaluation format is crucial as it minimizes the in-
fluence of a model’s particular language generation style,
allowing for a more direct and accurate measurement of
its core reasoning abilities. The focus on verifiable answers
simplifies automated scoring and ensures that TASE pro-
vides a level playing field to compare the low-level skills
of different models across the multiple languages (English,
Chinese, and Korean) in the dataset.

3.4 Data Generation Pipeline

Our benchmark is supported by a scalable synthetic data
generation pipeline that creates evaluation instances using a
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set of fixed, programmatic rules. For Token Awareness tasks,
we constructed questions by sampling from large, standard-
ized word and character lists across English, Chinese, and
Korean. For Structural Understanding tasks, we generated
examples by systematically decomposing tokens into their
fundamental components, such as breaking down Chinese
characters into radicals or Korean syllables into phonetic
elements, following established linguistic rules. This auto-
mated approach ensures the ground-truth correctness and
consistency of our dataset. The complete details regarding
the specific resources, tools, and methods for each task are
available in the appendix.

4 Experiments
4.1 Experimental Setup

Benchmark Overview. Our evaluation is conducted on the
TASE benchmark, a comprehensive suite designed to assess
low-level language capabilities. TASE comprises 10 distinct
tasks organized into two core categories: Token Awareness
and Structural Understanding. The benchmark is multilin-
gual, with tasks spanning Chinese, English, and Korean, and
contains a total of 35,927 evaluation instances. For all model
evaluations, we employed a consistent set of generation pa-
rameters: temperature of 0.7, maximum token limit (Max-
Tokens) of 16384, T'op,, of 0.95, and T'opy, of 50.
Evaluated Models. We evaluated over 20 leading large
language models to provide a comprehensive view of the
current landscape. These models fall into three categories.
Leading proprietary models refer to top-tier commercial
systems known for their state-of-the-art performance, such
as GPT-4.1(Achiam et al. 2023), Claude Opus 4, Gem-
ini 2.5 Pro(Comanici et al. 2025), and O3. Mainstream
open-source models include a wide range of powerful,
publicly available alternatives, such as DeepSeek-R1, the
Qwen?2.5 series (7B, 14B, 32B, and 72B)(Qwen et al. 2025),
and Llama-3.3. Finally, we also developed a custom fine-
tuned model based on Qwen2.5-14B-Instruct, trained us-
ing the GRPO algorithm. This approach leverages a finer-
grained reward function and synthetic training data gener-
ated through the TASE pipeline, aiming to improve task-
specific performance.

Evaluation Metrics and Human Baseline. The primary
metric for evaluation across all TASE tasks is accuracy, or a
normalized score derived from it. Performance is measured
against a human baseline, which serves as the gold standard
for these tasks. To establish this baseline, we recruited three
native speakers for each language (Chinese, English, and
Korean). For each task type, 200 questions were uniformly
sampled and assigned to the evaluators. To affirm the va-
lidity of using a 200-item sample, we conducted a rigorous
statistical analysis comparing sampled evaluations against
full-dataset evaluations. The results confirm that this sam-
ple size is a highly reliable and accurate proxy for the full
dataset’s results (for a detailed statistical breakdown,see the
Appendix). As noted in the introduction, humans achieve
near-perfect accuracy on these fine-grained token manipu-
lation and reasoning challenges. This human performance
level represents the upper bound and the target for which
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Figure 3: Token Awareness vs. Structural Understanding
across major LLM families. This scatter plot illustrates the
performance of various Large Language Models (LLMs)
compared to human benchmarks on the TASE evaluation.
The data reveals a strong positive correlation between a
model’s token-level awareness and its structural comprehen-
sion.

4.2 Overall Performance

Our evaluation highlights a key finding: all language models
fall significantly short of human-level performance on the
TASE benchmark. As shown in Table 1, humans achieve the
highest scores across all metrics (average 89.24%), while the
best model, O3, reaches only 65.60%, underscoring a persis-
tent gap in fine-grained, high-precision language tasks.

As shown in Figure 3, most models remain distant from

human-level capabilities across both Token Awareness and
Structural Understanding. Only a few exhibit moderate com-
petence. Structural tasks such as DOT, RIDL, and COMPM
remain especially challenging, with models performing far
below humans.
Token Awareness Evaluation. The Token Awareness tasks,
which assess a model’s ability to perceive, count, and ma-
nipulate basic textual units, revealed a highly polarized
performance trend. While state-of-the-art models like O3,
DeepSeek-R1, and Gemini 2.5 Pro showed foundational
perceptual skills by achieving near-human performance on
direct subtasks like Frequency Count (FREQ) and simple
counting, their capabilities sharply decline when faced with
complex constraints. This weakness is particularly stark in
the Token Reordering (REORD) task, where nearly all mod-
els, including GPT-4.1 and Claude Opus 4, score close to
zero. Even the best-performing model, O3, only managed
31.60%, underscoring a critical deficiency in precise, con-
strained text manipulation.
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Structural Understanding Evaluation. The Structural Un-
derstanding tasks, which are designed to probe a model’s
grasp of the internal visual form of tokens like components,
radicals, and strokes, expose the most significant weak-
ness across all evaluated LLMs. Even top-tier models such
as O3 and Gemini 2.5 Pro demonstrated uniformly low
scores on specific challenges including Component Count
(COMPC), Dot-Matrix Recognition (DOT), and Structural
Riddles (RIDL). This widespread failure lends strong empir-
ical support to the “tokenizer blindness” hypothesis, which
posits that because LLMs depend on subword tokenization,
they are deprived of direct access to complete character-level
or visual information. Consequently, these models are fun-
damentally ill-equipped to handle tasks that require struc-
tural discrimination or visual pattern recognition, leading to
a collapse in their performance within this category.

4.3 Cross-lingual Performance

Pervasive Linguistic Imbalance. As shown in Table 2, a
consistent pattern of linguistic imbalance emerges across all
evaluated models. Performance is generally strongest in En-
glish, followed by Chinese and then Korean, establishing a
common trend of English >Chinese >XKorean. This hi-
erarchy is evident even among the top-performing models.
For instance, O3 achieves 86.71% accuracy in English but
drops to 69.12% in Chinese and 67.83% in Korean, result-
ing in a cross-lingual gap exceeding 18 percentage points.
Likewise, GPT-4.1 obtains 39.89% in English, while only
reaching 27.87% in Chinese and 25.75% in Korean. Such
discrepancies illustrate a persistent and systemic bias favor-
ing English across diverse LLM architectures.

In-depth Discussion. We identify three key, intercon-
nected factors behind the observed performance gap. First,
the imbalance in pre-training data skews model capabil-
ities toward English, as most LLMs are trained on corpora
rich in high-quality English text. Second, the tokenizer ef-
fect hinders CJK processing—tokenizers like BPE or Sen-
tencePiece, optimized for alphabetic scripts, often fragment
meaningful CJK units into subwords, disrupting structural
and semantic learning.

Third, the challenge is compounded by the linguistic
complexity of CJK languages. Korean’s featural syllabic
system and Chinese’s logographic structure require holistic
modeling of sub-character components, such as jamo or rad-
icals. Current models lack the capacity to fully capture these
features, leading to degraded performance, as seen in the Ko-
rean and Chinese results in Table 2. Overcoming these issues
calls for tokenizer innovations and more balanced, linguisti-
cally diverse pretraining.

4.4 Effect of Model Scale

Figure 4 shows the relationship between model size and
overall TASE accuracy across three families: Qwen3,
Qwen2.5-Instruct, and Yi-1.5. While performance gener-
ally increases with the number of parameters, the magni-
tude of this improvement varies significantly across differ-
ent model series. Notably, Qwen3 models consistently out-
perform their Qwen2.5 and Yi-1.5 counterparts—even at
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Token Awareness

Model COMPC COMPM DOT RIDL VAR FREQ LENOP DIFF SORT REORD Avg.
Human 98.17 97.56 95.61 4633 8594  89.06 98.17  92.89 96.06 92.67 89.24
03 75.47 85.17 2695 52.17 4887 96.37 93.67 55.87 89.83 31.60 65.60
deepseek-r1 75.03 71.70 18.70 3890 46.63 94.60 52.17 2410 77.50 2.87 50.22
gemini-2.5-pro 77.69 70.08 23.66 28.20 4273  98.90 37.58 3227 7730 10.97 49.94
gemini-2.5-flash 64.89 58.72 8.52  20.60 3423  83.00 46.15 23.50 6740 6.27 41.33
claude-opus-4 56.37 52.62 19.16 20.53 26.50 81.40 28.65 30.13 4270 3.73 36.18
deepseek-v3 71.30 59.93 9.84 2287 3043 63.13 22.88 20.70  34.23 1.23 33.66
grok-3 66.73 55.75 6.22 2393 2353 6293 30.83 11.77  28.33 0.50 31.05
qwen3-32b 56.75 37.22 9.06 16.33 1547 61.57 32.93 18.03  47.70 4.63 29.97
qwg-32b 50.27 30.77 1233  16.03 1537 54.80 31.97 19.43 4430 11.73 28.70
qwen3-14b 55.03 32.38 5.16 1230  13.13  62.27 33.10 20.60 46.40 3.27 28.36
gpt-4.1 49.29 52.77 590 2247 2403 58.17 20.27 16.03  24.70 0.17 27.38
claude-sonnet-4 41.90 43.97 19.06 13.73 2370 5493 15.25 2943  29.93 1.20 27.31
gpt-4o 40.52 52.43 4.51 14.17 23.80 45.33 18.58 21.63 2440 0.30 24.57
ol-mini 46.33 41.87 8.36 14.63 18.00 41.10 16.65 26.23  31.10 0.93 24.52
qwen3-8b 52.47 27.02 543 6.53 8.20 56.63 30.97 16.63  39.43 1.67 24.50
claude-3-sonnet 38.05 38.87 1372 11.87 1840 49.10 14.65 2320  25.80 1.03 23.47
gwen-max 48.01 49.13 6.14 12.63  13.17 46.33 11.73 1723 29.27 0.50 23.41
gwen-turbo 44.88 46.73 5.95 11.83  12.27  44.80 9.05 16.03  28.00 0.37 21.99
qwen3-4b 46.05 21.12 3.68 4.03 6.17 53.13 26.88 16.63  39.50 1.73 21.89
qwen2.5-14b-grpo 32.25 26.23 11.52 440 3.57 49.90 27.22 22.60  25.67 0.17 20.35
doubao-pro-32k 30.16 45.27 4.67 16.87  21.37 5047 2.98 4.77 21.53 0.23 19.83
qwen-plus 33.06 31.20 4.86 6.40 5.80 38.10 9.68 18.03  27.57 0.30 17.50
doubao-lite 23.76 36.55 3.96 17.03 1740 26.87 3.72 16.10 17.27 0.03 16.27
qwen2.5-72b 26.30 26.02 4.51 5.30 4.70 39.20 3.70 25.63 2397 0.13 15.95
llama-3.3-70b 19.65 9.70 4.21 1.50 3.80 37.77 16.52 19.73  33.83 0.00 14.67
qwen2.5-32b 22.56 20.52 3.55 4.10 3.83 35.77 12.62 16.20  23.37 0.40 14.29
dots.llm1 42.24 33.68 3.87 11.97  9.80 21.30 6.45 2.13 5.90 0.07 13.74
claude-3-haiku 27.69 21.27 247 7.80 5.57 32.03 10.47 7.03 20.17 0.30 13.48
gpt-3.5-turbo 26.72 23.02 2.82 6.53 6.00 26.20 10.18 8.30 17.73 0.10 12.76
gwen2.5-14b 20.57 17.25 3.18 3.47 4.03 23.90 4.87 19.37 19.93 0.17 11.67
yi-1.5-34b 17.21 11.08 4.58 1.17 0.80 14.80 9.42 4.23 10.57 0.03 7.39
Table 1: Evaluation Results of Token Awareness and Structural Understanding (%)
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4.5 The Effect of GRPO’s Fine-tuning

The qwen2.5-14b-grpo model, fine-tuned via the GRPO
method, showcases the efficacy of targeted fine-tuning in
addressing fine-grained reasoning gaps. As shown in Ta-
ble 3, it nearly doubles the average TASE score of the
base Qwen2.5-14B-instruct, achieving over threefold ac-
curacy gains on tasks like LENOP. Despite its smaller 14B
size, it even surpasses larger models (e.g., qwen2.5-32b,
qwen2.5-72b), with an average score of 20.40%, particu-
larly excelling in the Awareness dimension. These results
underscore the strength of our synthetic data pipeline and
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Figure 4: Effect of model size on TASE accuracy.

fine-tuning strategy in endowing smaller models with spe-
cialized capabilities. Nonetheless, average performance still
trails top-tier models like qwen-max and qwen-turbo, sug-
gesting that post-hoc fine-tuning cannot fully offset limita-
tions from pretraining or model scale.

Reward Function Design. GRPO exhibits strong gener-



Model Chinese English Korean Avg.
Human 87.54 91.45 91.71 90.23
03 69.12 86.71 67.83 74.55
deepseek-rl 59.71 60.10 48.32  56.04
gemini-2.5-pro 52.52 58.39 51.34 54.08
gemini-2.5-flash 44.50 51.10  46.35 47.31
claude-opus-4 36.38 45.03 36.19 39.20
deepseek-v3 45.81 39.07 27.57 37.48
grok-3 32.31 48.14 2596 3547
Qwen3-32B 32.53 47.68 16.76  32.32
gpt-4.1 27.87 39.89 2575  31.17
Qwen3-14B 32.13 45.32 14.80 30.75
qwqg-32b 28.45 45.22 17.14  30.27
claude-sonnet-4 21.28 36.48 29.30 29.02
gpt-4o 27.98 33.85 24.18 28.67
ol-mini 23.50 35.41 22.15  27.02
Qwen3-8B 28.28 40.04 11.19  26.50
gqwen-max 32.39 30.49 15.69 26.19
claude-3-sonnet 18.18 32.11 26.08 2545
gwen-turbo 31.65 26.92 15.03 2453
Qwen3-4B 21.99 38.99 8.80 2329
qgwen2.5-14b-grpo  18.26 3291 1597 22.38
doubao-pro-32k 33.16 18.41 1528 22.28
gwen-plus 21.88 24.13 11.36  19.12
doubao-lite 29.85 14.26 10.65 18.25
qwen2.5-72b 17.24 20.20 1349 1698
dots.llm1 22.71 16.21 835 15.76
qwen2.5-32b 14.26 22.39 10.21  15.62
Ilama-3.3-70b 6.97 27.71 10.78 15.15
claude-3-haiku 10.24 21.70 13.12  15.02
gpt-3.5-turbo 9.49 21.16 12.77 1448
qwen2.5-14b 13.88 14.58 8.78 1241
Yi-1.5-34B 5.11 13.65 5.41 8.06

Table 2: Performance comparison on Chinese, English, and
Korean tasks (%).

ality and adaptability. Even with a coarse-grained reward
aligned with evaluation (i.e., binary signals), it substantially
boosts performance on structural and awareness tasks e.g., T
qwen2.5-14b-grpo improves average score from 11.72% to
16.08%. Incorporating a fine-grained reward capturing sub-
tle quality differences further enhances performance, with
* qwen2.5-14b-grpo reaching 20.40%. Thus, while fine-
grained rewards are not essential for GRPO to be effec-
tive, they amplify performance by increasing the model’s
sensitivity to subtle distinctions, enabling more precise fine-
grained reasoning specialization, with specific training dif-
ferences provided in the appendix.

4.6 The Effect of Chain-of-Thought

Chain-of-Thought(Wei et al. 2023; Kojima et al. 2023)
prompting systematically improves model performance on
the TASE benchmark across the board. As shown in Table 4,
all evaluated models, from capable systems like o1-mini to
smaller ones like doubao-lite, demonstrate a clear perfor-
mance uplift when employing a CoT strategy. This suggests
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Model Structural Awareness Average
gwen-max 25.89 21.01 23.45
gwen-turbo 24.42 19.65 22.04
* qwen2.5-14b-grpo  15.68 25.11 20.40
qwen-plus 16.35 18.74 17.54
1 qwen2.5-14b-grpo  14.77 17.40 16.08
qwen2.5-72b 13.43 18.53 15.98
qwen2.5-32b 11.00 17.67 14.33
qwen2.5-14b 9.79 13.65 11.72

Table 3: Performance comparison of different Qwen models
on structural and awareness tasks (in percentages).
*: fine-grained version; §: coarse-grained version.

that prompting models to think step-by-step” helps decom-
pose complex fine-grained tasks into more manageable sub-
problems, thereby enhancing their reasoning capabilities.
Varying Degrees of Improvement. The magnitude of the
performance gain from CoT varies significantly across dif-
ferent models. The effect is most pronounced for ol-
mini, which sees its average accuracy skyrocket by over
50% (from 24.56% to 37.27%). Similarly, gpt-3.5-turbo
achieves a substantial relative improvement of nearly 45%
(from 12.80% to 18.45%). However, for doubao-lite, the
gain is marginal, indicating that the effectiveness of CoT
may be correlated with the model’s inherent capabilities.
While CoT can unlock latent reasoning skills, it cannot cre-
ate abilities that are fundamentally absent in a less powerful
model.

Model CoT Structural Awareness Average
ol-mini w/ocot 2591% 23.20%  24.56%
wcot  37.08% 37.45%  37.27%
doubao-pro  w/ocot 23.74% 16.00%  19.87%
wcot  25.17% 20.70%  22.94%
gpt-3.5-turbo w/ocot  13.10% 12.50%  12.80%
wcot  17.16% 19.75%  18.45%
doubao-lite  w/ocot 19.81% 12.80%  16.31%
wceot  19.97% 1290% 16.44%
qwen2.5-14B w/ocot  9.79% 13.65% 11.72%
wcot  12.56% 14.81%  13.69%

Table 4: Performance comparison with and without Chain-
of-Thought (CoT) prompting (%).

5 Conclusion

We introduce TASE, a comprehensive cross-lingual bench-
mark for evaluating LLMs’ fine-grained capabilities, and
show that while current models excel at high-level semantics
they still lag far behind humans on low-level precision tasks,
especially character-structure control, strict constraint satis-
faction, and cross-lingual generalization in Chinese and Ko-
rean, supporting the “tokenizer blindness” hypothesis; more-
over, scaling yields diminishing returns, whereas targeted
GRPO fine-tuning effectively improves fine-grained reason-
ing, making TASE both a diagnostic and a roadmap toward
models that combine high-level intelligence with low-level
precision.
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