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ABSTRACT: Aligning natural language with operating system (OS) commands allows users to perform complex com-
puter tasks through simple natural language descriptions. However, due to the complex nature of natural language, it still
remains challenging to achieve precise alignment. In this paper, we present ComAlign, a Chinese benchmark dataset
that pairs Chinese natural language descriptions with corresponding OS commands. ComAlign covers a broad range
of 82 distinct OS command types with a total of 1811 natural language descriptions. We elaborate on the construction of
ComAlign and construct three baselines to evaluate the alignment accuracy on ComAlign. Experimental results show
that even advanced large language models struggle with certain ambiguously phrased OS commands. Specifically, the
best performing baseline achieves 46.9% alignment accuracy. We demonstrate that ComAlign is collected from real-
world application scenarios, making it particularly suitable for developing and benchmarking intelligent OS and agent
systems that support user-machine interactions through natural language.
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1 Introduction
The ability for users to control computers through natural language is a long-standing goal of human-

computer interaction [1]. And with the rapid development of artificial intelligence (AI) assistants and
AI personal computers (AIPC), aligning natural language with underlying os commands has become an
increasingly important research direction. Modern AI assistants aim to execute tasks such as adjusting system
settings, retrieving information, and managing schedules based on spoken or written descriptions [2,3]. With
the advent of large language models (LLMs), there is renewed potential for such AI assistants to understand
complex natural language instructions [4,5]. However, a crucial challenge remains: how to precisely align
a natural language user description with its corresponding operating system (OS) command [6,7]. For
example, if a user says “I forgot my password, I need to set a new one”, the system must recognize this as
a request to invoke the OS function for changing the user password. Misaligning the user’s intent with an
incorrect command could lead to failure or unintended side effects. To facilitate studies on this task, Lin
et al. [8] introduce the NL2Bash dataset for aligning English natural language to Linux commands, which
contains approximately 10,000 commonly used one-line Bash commands paired with their English natural
language descriptions. Preliminary studies demonstrate the considerable difficulty of this task. Specifically,
even when restricted to single-line commands, the baselines achieve only about 36% Top-1 alignment
accuracy. The NLC2CMD [9,10] competition organized at NeurIPS further advanced this research area,
improving alignment accuracy to 53.2% through the introduction of Transformer-based models and other
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advanced techniques. However, existing studies and datasets are predominantly focused on English, while the
alignment between natural language and OS commands in Chinese remains largely unexplored and under-
resourced [11]. Due to the distinct linguistic characteristics of Chinese, such as differences in lexical structure
and semantic ambiguity, directly applying approaches trained on English data often yields suboptimal
performance. Moreover, we’d like to emphasize that Chinese text processing presents unique linguistic
challenges due to the absence of explicit word boundaries, flexible word formation, and high semantic
ambiguity. For example, a short character sequence may correspond to multiple valid segmentations or
meanings depending on context. These characteristics increase the complexity of modeling Chinese texts.

To tackle the above issue, we introduce ComAlign, a Chinese benchmark dataset designed to systemat-
ically support exploring approaches to align Chinese natural language descriptions with the corresponding
OS commands. Our primary contribution is a curated dataset of diverse natural language user instructions
in Chinese paired with their aligned OS command descriptions. ComAlign includes a wide spectrum of
operation tasks that typical users might request, ranging from system operations (e.g., changing settings or
managing hardware devices) to question & answer tasks. In total, it encompasses 82 distinct OS command
types and 1811 natural language descriptions, making it, as far as we know, the first comprehensive Chinese
benchmark dataset for this language-command alignment task. The dataset is intended to facilitate training
and evaluation of models that act as an interface between the user’s natural language descriptions and
OS commands.

We formulate the language-command alignment task primarily as an intent classification problem,
i.e., given a user’s natural language description, predict which OS command (from the predefined set)
is being requested, and identify any necessary parameters. For example, a natural language description
like “ ” (the screen is too dark, I want to increase the brightness) should
be mapped to the “ ” (Set Screen Brightness) command with an appropriate parameter,
e.g., “ ” (increase). To establish baseline performance on ComAlign, we design and implement three
benchmark baselines, including a vector matching-based baseline (VM), an input normalisation and vector
matching-based baseline (INVM), and a vector matching with LLM-powered intent-consistency evaluation-
based baseline (VMICE). We conduct comprehensive analyses of their performance on the ComAlign
dataset. Experimental results show that even the LLM-powered VMICE baseline solely achieves 46.9%
alignment accuracy on ComAlign, highlighting the inherent difficulty of this task and underscoring the need
for substantial further study to advance this task.

Compared with existing text-to-SQL and command-line benchmarks, constructing a Chinese natural
language–OS command dataset presents several unique challenges. First, OS commands often correspond
to multi-step Graphical User Interface (GUI) operations, so it is non-trivial to abstract them into concise,
reusable command templates. Second, Chinese user instructions in daily computer use are highly colloquial
and elliptical. For example, users tend to simply describe a state (e.g., “ ”, “the screen is too dark”)
instead of explicitly specifying the desired operation. Third, there exists a strong many-to-one relationship
between natural language descriptions and OS commands. These properties motivate the design of our
ComAlign benchmark.

In summary, our contributions can be summarized as follows:
(1) Construct a Benchmark Dataset. We collect 1811 pairs of <natural language description, operating

system command> to construct the ComAlign dataset. The dataset covers 82 types of OS commands.
To the best of our knowledge, this is the first dataset in the Chinese language domain for the purpose
of aligning natural language with operating system commands.

(2) Design Reproducible Baselines. For the task of aligning natural language with OS commands, we
design three reproducible baselines. These baselines leverage fastText and LLMs to perform vector
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matching, input normalization, and intent-consistency evaluation, providing strong and reproducible
baselines to facilitate future studies.

(3) Extensive Experiments and Analysis. We conduct comprehensive experiments and analyses of the
three baselines on the ComAlign dataset. Experimental results highlight the intrinsic difficulty of
aligning natural language with OS commands and provide insights that point toward promising
directions for future studies.

2 Related Work

2.1 Aligning Natural Language with OS Commands
Early studies formalize the task of aligning natural language with OS commands as a semantic parsing

task [12]. A representative early work in this area is the NL2Bash dataset. Lin et al. [8] collect a set
of commonly used Linux Bash commands and their corresponding English descriptions from technical
question & answering forums, tutorials, and other online sources. After quality control and filtering, they
released 10,000 text–command pairs covering over 100 Bash utilities. They also proposed several baselines,
including Seq2Seq, CopyNet, and a rule-based heuristic baseline named TELLINA, establishing an initial
performance benchmark for this task. Subsequent studies further expanded this study. The NLC2CMD [9,10]
competition organized at NeurIPS introduced a larger-scale English NL2Bash dataset and new evaluation
metrics. Transformer-based models and other advanced techniques are proposed, substantially improving
alignment accuracy to 53% on full-command prediction. Fu et al. [13] conduct in-depth analyses of
top-performing approaches, summarize optimization strategies, and propose an improved workflow that
achieves new state-of-the-art performance on the NLC2CMD dataset.

2.2 Aligning Natural Language with Codes
Beyond OS commands, aligning natural language with code (NL2Code) [14] has attracted growing

attention in recent years. On one hand, extensive work has focused on automatic generation and understand-
ing of general programming codes [15]. For example, Microsoft introduced the CodeXGLUE benchmark [16],
which encompasses ten types of tasks, including code clone detection, code search, code summarization,
and text-to-code generation, across multiple programming and formal languages (e.g., SQL). These tasks
essentially aim to align natural language to specific code semantics and can be framed as program synthesis
problems, i.e., generating code that satisfies given specifications such as natural language descriptions or
input–output examples. With the advancement of deep learning and pretrained language models, many pow-
erful code generation models have emerged. Transformer-based pretrained models such as CodeGPT [16],
CodeBERT [17], and CodeLLaMA [18] have established strong baselines across CodeXGLUE tasks. More
recently, large-scale models like OpenAI Codex [19] and DeepMind AlphaCode [20] have achieved near-
human-level performance on general code generation benchmarks. On the other hand, research on NL2Code
in non-English contexts lags behind English contexts [15]. Due to the lack of large-scale annotated datasets,
most prior work on text-to-code generation has focused on English. To promote progress in the Chinese
domain, the community has begun constructing corresponding datasets and benchmarks. For example,
Wang et al. [11] release DuSQL, a Chinese cross-domain text-to-SQL dataset containing 23,797 pairs of
Chinese questions and corresponding SQL queries. This work fills a crucial data gap for semantic parsing in
Chinese database queries.
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3 Dataset Construction

3.1 Data Collection and Annotation
Source and Scenarios. Our dataset originates from real personal-computer usage scenarios, primarily

using an open-source desktop OS (i.e., openKylin) and its common applications. We simulate typical user
environments and compile a list of system functions covering system settings, application launch, multimedia
control, network management, and so on.

Annotation Process. We first enumerate potential OS operations, e.g., “ ” (modify user
password), “ ” (bluetooth setting), “ ” (set screen brightness). Then, we draft a
normalized OS command description serving as the unique identifier for each type of operation. Next,
we collect various Chinese natural language expressions to describe these operations, including colloquial,
formal, and incomplete phrases. These expressions are carefully checked and bound to the corresponding OS
command, with parameters (e.g., volume level, brightness percentage) recorded as needed. It should be noted
that the dataset is collected directly from real-world application scenarios rather than being manually crafted
or annotated by human annotators. As a result, there is no explicit annotation process involving multiple
annotators, and issues such as inter-annotator agreement or annotation consistency procedures do not apply
in this context. Each data entry reflects naturally occurring system records generated during actual usage,
ensuring authenticity and practical relevance of the dataset.

The resulting dataset contains 1811 pairs of natural language descriptions and corresponding normalized
OS command descriptions. Among them are 1706 OS operation tasks and 105 question & answering tasks.
Each data entry includes the task type, normalized OS command description, natural language description,
and optional parameters. We identify 82 types of OS commands, where each type has one normalized
command description and 18 to 25 natural language descriptions. The majority (81.61%) of these natural
language descriptions contain 6 to 14 Chinese tokens. However, we also add both short and long natural
language descriptions to increase the diversity. For example, the shortest natural language description has 3
Chinese tokens while the longest contains 28 Chinese tokens. We present the detailed Chinese token counts
of the natural language descriptions in Fig. 1.

Figure 1: Chinese token count statistics of natural language descriptions
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We visualize the semantic representation of natural language descriptions to analyze the semantic
distribution of natural language descriptions across different normalized OS command descriptions. Specif-
ically, the selected normalized OS command descriptions are “ ” (modify user password),
“ ” (set screen brightness), “ ” (bluetooth setting). For each normalized OS com-
mand description, we first transformed its natural language descriptions into numerical vectors using
the Term Frequency–Inverse Document Frequency (TF–IDF) representation, and subsequently applied
dimensionality reduction techniques (PCA and t-SNE) for visualization. Fig. 2 presents the visualization
results, from which we can observe that the natural language descriptions are well distributed in the
embedding space, indicating the diversity of these descriptions.

Figure 2: The visualization results of semantic distributions of natural language descriptions across three types of OS
commands

Additionally, we’d like to emphasize that natural language descriptions and normalized OS command
descriptions form a many-to-one relationship. Fig. 3 takes the normalized OS command “ ”
(modify user password) as an example and presents some natural language descriptions that should align
with it.

We report more analyses of the ComAlign dataset in Section 6.1.

Figure 3: A case study of the many-to-one relationship between the natural language descriptions and the normalized
command description



6 Comput Mater Contin. 2026;87(2):54

3.2 Task-Type Distribution and Parameters
To analyse the ComAlign dataset further, we count task types and parameter distributions:

(1) OS operations vs. question-answering. Approximately 94.2% (1706) of data entries involve OS opera-
tions, and 5.8% (115) are question & answering tasks. The latter task requires invoking a large language
model to generate answers and thus are excluded from alignment accurracy evaluation.

(2) Parameterised vs. non-parameterised tasks. Among the 1706 natural language descriptions of OS
operations, around 868 are parameterised (e.g., “volume control”, “set screen brightness”), while the
remaining 838 have no parameters (e.g., “modify user password”). Parameterised descriptions span
43 types of OS commands and non-parameterized ones 39 types of OS commands. Parameterised
descriptions often involve numeric or directional adjustments, whereas non-parameter descriptions
tend to be simple toggles or navigation actions.

We report more task-type and parameter distribution analyses in Section 6.1.2.

3.3 Multi-Parameter Instances
In our current dataset scheme, each data entry in ComAlign is associated with a single canonical intent

category, and linguistically complex user commands that mention several sub-goals are normalized to one
OS-level operation whenever they can be executed as a single command. The remaining complexity is mainly
reflected in the number of explicit slot arguments attached to each intent. Concretely, among all the data
entries, 76 examples (4.2%) involve two explicit slots (for example, specifying both an operation type and
a time-zone name in “ ”). If we regard these two-slot cases as “multi-parameter” or “multi-
intent-like” commands in the sense that the model must satisfy multiple constraints simultaneously, then
they account for 4.2% of the ComAlign dataset.

4 Baseline Construction
This section outlines three baselines for aligning natural language descriptions with normalized OS

command descriptions, which are named as Vector Matching-based baseline, Input Normalisation and
Vector Matching-based baseline, and Vector Matching with Intent-Consistency Evaluation-based baseline.

4.1 Vector Matching-Based Baseline (VM)
The first baseline performs alignment by nearest-neighbour search in a embedding space. Each natural

language description in the dataset is segmented and mapped to 300-dimensional fastText embeddings. The
vector representation of a description is the mean of its word vectors. The vectors form a database for fast
nearest-neighbour descriptions. For a user input, we compute its mean vector and retrieve the database
vector with the best similarity. The normalized OS command description corresponding to this most similar
vector is returned as the candidate. To avoid mismatches, we apply a similarity threshold (initially set to
0.90): if the highest similarity falls below this threshold, the input is treated as a question & answering
task. Fig. 4 illustrates the architecture of the VM baseline. The VM baseline is efficient and does not require
a large language model, but fastText embeddings cannot capture complex syntax and context. Consequently,
colloquial or long sentences are prone to errors.

In this study, we explore calculating the similarity using the Cosine similarity and Euclidean distance.
We report the exploration results in Section 5.
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Figure 4: The architecture of the vector matching-based baseline

4.2 Input Normalisation and Vector Matching-Based Baseline (INVM)
The second baseline adds a user input normalisation step before vector matching to reduce the impact of

colloquialisms and redundant words. We design a prompt with examples such as “User input: please help me
turn on Bluetooth; Normalised input: turn on Bluetooth”, instructing an LLM to rewrite any user input into a
concise command phrase. When a new input arrives, we generate a normalised input via an LLM, preserving
the core action and parameters while removing pleasantries or background. We then embed this normalised
input with fastText and perform vector matching with the same algorithm presented in Section 4.1. Fig. 5
illustrates the architecture of the INVM baseline. Because the normalisation step eliminates many colloquial
words and modifiers, this method improves matching accuracy by making expressions more uniform.
However, we also observe that the normalization step causes performance drops in some scenarios. We
present detailed analyses in Section 5.

Figure 5: The architecture of the input normalisation and vector matching-based baseline

4.3 Vector Matching with Intent-Consistency Evaluation-Based Baseline (VMICE)
The third baseline introduces an intent-consistency evaluation using an LLM to overcome the limitations

of a fixed similarity threshold. We first apply the vector matching as aforementioned to obtain the candidate
description. Then we construct a question for an LLM, i.e., “Please judge whether the following two descriptions
refer to the same system operation. Answer only ‘Yes’ or ‘No’. description 1: normalized input, description 2: best-
matching natural language description.” If the LLM outputs “Yes”, we return the OS command associated with
the best-matching natural language description; otherwise, we treat the normalized user input as a question
& answering task. The evaluation prompts include examples and highlight action verbs and parameters. This
VMICE baseline does not rely on a fixed threshold and can handle semantically equivalent sentences with low
vector similarity. Fig. 6 illustrates the architecture of the VMICE baseline. In Section 5, we present detailed
experimental results and analyses.
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Figure 6: The architecture of the vector matching and intent-consistency evaluation-based baseline

4.4 Future Extensions
While this work focuses on lightweight and task-specific baselines to highlight the inherent challenges

of the problem, future research could explore the integration of contextual embedding models and modern
Chinese sentence encoders. For instance, large language models, such as Qwen [21,22], LLaMA [23,24], and
GPT [25] series models, potentially further improve performance on complex or ambiguous cases. We leave
a systematic investigation of these advanced models for future work.

5 Experiments

5.1 Experimental Settings
All experimental results are obtained by evaluating the proposed ComAlign dataset, and the evaluation

metric is the alignment accuracy, which is the proportion of natural language descriptions that are aligned
to the correct normalized OS command descriptions. We explore normalizing user inputs and intent-
consistency evaluation with seven LLMs, i.e., FM9G-4B, FM9G-8B, FM9G-7B, (https://www.osredm.com/
jiuyuan/CPM-9G-8B), miniCPM-4B [26], LLaMA-3.1-8B (LLaMA-8B for short) [24], Qwen2.5-7B (Qwen-
7B for short) [21], and LLaMA-3.2-3B-Instruct (LLaMA-3B for short) [24]. The other experimental settings
are shown below:

(1) Embedding and matching. Each natural language description is embedded into 300-dimensional
fastText [27] vectors, and a vector database is built. Euclidean distance and Cosine similarity are used
to calculate the similarity, respectively.

(2) Input normalisation. For the INVM baseline, we employ an LLM to normalise user input, guided by
prompts emphasising concise commands. After normalisation, embedding and matching follow as the
VM baseline. All seven LLMs are investigated to normalize user inputs.

(3) Intent judgement. For the VMICE baseline, the best-matching natural language description and
the user input are fed to an LLM to evaluate their intent consistency. If the LLM responds “Yes”,
the corresponding normalized OS command description is returned; otherwise, an LLM is called to
respond to the user input.

To fairly evaluate the three baselines on the proposed ComAlign benchmark dataset, we adopt leave-
one-out cross-validation. Each time, one instance from the 1811 pairs is held out for testing and the rest serve
as training data. Only OS operations are included in the alignment accuracy calculation.

https://www.osredm.com/jiuyuan/CPM-9G-8B
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5.2 Main Results
Table 1 summarises the alignment accuracy of the three baselines under four similarity thresholds (0.9,

0.8, 0.7 and 0.6). The results reveal several notable patterns and provide insights into the linguistic and
technical challenges inherent to the ComAlign dataset.

(1) Performance comparison across baselines. Among the three baselines, the VMICE baseline consis-
tently achieves the highest alignment accuracy across all threshold settings, followed by the INVM
baseline, while the VM baseline performs the worst. For instance, at a threshold of 0.9 using Euclidean
distance, the average alignment accuracies of the VMICE, INVM, and VM baselines are 43.6%,
40.7%, and 39.2%, respectively. These trends confirm the benefit of incorporating LLMs in both the
normalization and intent-consistency evaluation phases. The INVM baseline improves upon VM by
reducing noise from redundant or colloquial expressions through input normalization, enabling more
semantically compact and comparable representations. Meanwhile, the VMICE baseline introduces a
secondary intent-consistency check that allows the baseline to correctly identify semantically equiva-
lent descriptions even when their surface forms differ significantly. This step effectively compensates
for the limitations of fastText embeddings, which primarily rely on shallow lexical similarity. The
consistent performance gain of VMICE suggests that ComAlign contains a substantial proportion
of paraphrased or semantically ambiguous user expressions that simple vector similarity cannot
fully capture.

(2) Influence of similarity thresholds. For all the three baselines, higher similarity thresholds lead to
better performance. Taking the VM baseline as an example, when the threshold is increased from 0.6
to 0.9, alignment accuracy improves from 32.7% to 39.2%. A similar trend is observed across INVM
and VMICE. This pattern implies that the semantic representations produced by fastText embeddings
sometimes overestimate similarity between unrelated descriptions. Higher thresholds act as a filter,
excluding spurious matches caused by shared context words (e.g., “ ” setting or “ ” open) that
frequently appear in multiple commands but do not necessarily indicate the same intent. Therefore,
stricter thresholds enhance precision by ensuring that only those pairs with stronger semantic overlap
are accepted as aligned commands.

(3) Impact of similarity metrics. Comparing Cosine similarity and Euclidean distance, we find that
Euclidean distance yields slightly better results in 9 out of 12 setting scenarios, though the overall
difference is modest (typically below 0.5%). This observation suggests that both metrics capture
comparable relational structures in the embedding space. The minor advantage of Euclidean distance
may stem from its higher sensitivity to absolute vector magnitudes, which can help discriminate
semantically close but non-identical expressions in the fastText embedding space.

(4) Performance against task type and linguistic variation. Further examination shows that alignment
accuracy varies across task categories. Commands with clear, distinct semantics (e.g., “ ”
(modify user password), “ ”) (open Bluetooth) are matched more accurately, while tasks
involving graded or parameterized operations (e.g., brightness or volume adjustment) exhibit lower
accuracy. This reflects the inherent ambiguity of parameterized instructions in natural language,
where modifiers such as “ ;” (a bit higher) or “ ” (a bit brighter) can introduce
uncertainty in both intent and parameter magnitude. Additionally, commands expressed in colloquial
or mixed-form language (e.g., “ ”, turn up the volume) tend to confuse purely
vector-based approaches, underscoring the linguistic diversity of ComAlign and highlighting why
normalization and intent-consistency alignment steps substantially improve performance.

(5) Model stability and LLM effects. When comparing across the seven LLMs used in INVM and
VMICE, we observe modest variability (typically within ±3%) in alignment accuracy, indicating
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stable behavior across model architectures and sizes. Larger instruction-tuned models (e.g., Qwen-7B
and LLaMA-8B) generally outperform smaller ones, suggesting that an LLM’s instruction-following
and semantic generalization capabilities contribute directly to improved normalization and intent-
consistency evaluation. Notably, FM9G-8B achieves the best overall score (46.9%) under VMICE,
implying that LLMs trained on Chinese-heavy corpora may capture linguistic subtleties in user
expressions better than multilingual or English-dominant LLMs.

Table 1: Alignment accuracy of the three baselines on the ComAlign benchmark dataset. “Euclidean” denotes calculating
the similarity with the Euclidean distance. Similarly, “Cosine” denotes using the Cosine similarity to calculate the
similarity. “Avg.” denotes the average alignment accuracy score across the seven LLMs. Note that the VM baseline doesn’t
include an LLM in its implementation

Baseline
Similarity LLM

Avg. (%)
Algorithm Threshold FM9G-4B

(%)
FM9G-7B

(%)
FM9G-8B

(%)
LLaMA-3.2-3B

(%)
MiniCPM-4B

(%)
Qwen2.5-7B

(%)
LLaMA-3.1-8B

(%)

Euclidean 0.9 – – – – – – – 39.2
Cosine – – – – – – – 38.9

Euclidean 0.8 – – – – – – – 37.4
VM Cosine – – – – – – – 35.6

Euclidean 0.7 – – – – – – – 33.2
Cosine – – – – – – – 34.1

Euclidean 0.6 – – – – – – – 32.7
Cosine – – – – – – – 33.4

Euclidean 0.9 39.3 38.1 37.9 40.1 42.4 42.7 44.6 40.7
Cosine 40.4 37.5 38.6 41.2 40.5 43.2 43.0 40.6

Euclidean 0.8 36.7 37.4 38.2 38.1 37.6 40.1 41.1 38.5
INVM Cosine 35.8 37.3 38.9 37.2 38.5 39.2 41.6 38.4

Euclidean 0.7 34.6 37.1 36.8 36.6 38.4 39.2 39.5 37.5
Cosine 35.3 36.7 34.2 36.8 37.2 38.5 41.0 37.1

Euclidean 0.6 33.0 35.8 34.6 35.2 36.7 38.2 37.6 35.9
Cosine 34.6 34.9 34.2 35.5 36.0 37.2 36.4 35.5

VMICE Euclidean – 44.9 39.3 46.9 39.6 44.2 44.2 46.4 43.6
Cosine 44.2 38.7 45.6 40.2 43.8 44.0 46.5 43.3

In summary, the above results reveal that the simple VM baseline is insufficient for robust natural
language to OS command alignment due to its inability to handle paraphrasing and context ambigu-
ity. The INVM baseline mitigates surface-level variance, while the VMICE baseline further bridges the
semantic gap between diverse user expressions and canonical OS commands. Nonetheless, even the best-
performing baseline achieves only 43.6% average alignment accuracy, underscoring the complexity of the
ComAlign dataset and the substantial room for improvement. Future work should explore richer embedding
models, contextual parameter extraction, and hybrid retrieval-generation architectures to further advance
alignment performance.

5.3 Comparison of Baselines
Compared to the VM baseline, the INVM baseline includes a component of input normalization, and

the VMICE baseline leverages LLMs to evaluate the intent-consistency of the user input and the best-
matching natural language description. By analyzing the results reported in Table 1, we draw the following
conclusions:

(1) Limitations of vector matching. Using fastText embeddings combined with Euclidean distance yields
only 39.2% alignment accuracy on the ComAlign dataset when setting the threshold to 0.9. This
relatively low performance reflects fundamental limitations in relying purely on word embeddings
and vector-space similarity for semantic alignment. First, fastText, although efficient, lacks deep
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contextual understanding. It treats words largely in isolation and cannot effectively handle polysemy
or phrasal nuance. As a result, it struggles to distinguish between closely related instructions, such
as “ ” (set screen timeout) and “ ” (set sleep time), which require
understanding subtle intent differences. Second, the method is highly sensitive to surface-level features
such as colloquial expressions, function words, and word order. For instance, users may phrase the
same instruction in several informal ways, e.g., “ ” vs. “ ”, but these may diverge
in fastText space due to token variation. Moreover, the method does not learn to ignore semantically
irrelevant stopwords, causing it to overvalue irrelevant token overlap. Finally, the approach is particu-
larly brittle in low-resource conditions, where training data are sparse or unevenly distributed across
instruction types. Without fine-tuned supervision or task-specific adaptation, vector similarity alone
fails to generalize well across description patterns.

(2) Moderate but necessary improvement from normalisation. Introducing a pre-processing step that
normalizes user inputs, i.e., through token standardization, stopword removal, synonym replacement,
and punctuation cleanup, yields a modest yet consistent improvement in accuracy, raising it by over
1.0% on average alignment accuracy. For the simple VM baseline, this is a non-trivial gain, especially
considering that LLMs like miniCPM-4B, Qwen-7B, and LLaMA-8B achieve 42.1%, 42.7%, and
44.6% alignment accuracy after post-normalisation. The improvement stems from reducing the lexical
variability that fastText struggles with. By eliminating surface noise and regularizing key terms (e.g.,
converting “ ” to a common form, i.e., “ ”), normalization increases the chance
that semantically similar descriptions will be matched in embedding space. In effect, it reduces the
embedding dispersion caused by informal phrasing or user-specific expression. However, the relatively
small gain also reveals a ceiling on what normalization can do. While it helps bridge superficial lexical
gaps, it does not address deeper semantic ambiguities or compositional reasoning challenges. Thus,
although normalization is essential for robustness in low-resource settings, it is not sufficient to resolve
the alignment task comprehensively.

(3) Notable gain from intent-consistency evaluation. Substituting the fixed similarity threshold in the
VM baseline with LLM-based intent-consistency evaluation yields a more substantial improvement,
with an average accuracy increase of approximately 4.0% average alignment accuracy scores, and up
to +7.7% scores compared to the VM baseline. This gain reflects the strength of LLMs in semantic
inference and pragmatic understanding. Unlike fixed similarity thresholds, LLMs can reason about
paraphrases, handle implicit intent, and disambiguate vague expressions. For example, given a query
like “ ” (“I don’t want the computer to sleep too soon”), an LLM can correctly
infer the intent to change the sleep timeout, even if that phrase is absent. Moreover, LLM-based intent-
consistency evaluation adapts dynamically to different description contexts, rather than applying a
uniform similarity threshold across all inputs. This flexibility enables the VMICE baseline to better dis-
tinguish near-miss cases that would otherwise fall on the wrong side of a similarity cutoff. The gains are
particularly evident in categories with high lexical variance (e.g., display settings, connectivity options),
where traditional methods falter due to surface mismatch. The results suggest that incorporating
semantic decision-making is critical for advancing real-world command alignment systems.

6 Analyses
This section provides an in-depth examination of the ComAlign dataset and the performance behavior

of the three proposed baselines from multiple perspectives. We analyze statistical properties, linguistic and
semantic diversity, and baseline characteristics, and finally provide a qualitative discussion of common failure
patterns and underlying challenges.
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6.1 Dataset Analysis
6.1.1 Dataset Composition and Structural Characteristics

To the best of our knowledge, the ComAlign dataset is the first Chinese benchmark that systematically
aligns natural language with OS commands. It contains 1811 manually curated pairs of natural language
descriptions and corresponding normalized OS command descriptions. These pairs are distributed across 82
distinct command types, covering system configuration, application control, device management, network
operations, etc. Each command type is associated with an average of 22 Chinese token expressions, forming
a many-to-one mapping between natural language descriptions and canonical normalized OS command
descriptions. A fine-grained inspection reveals two primary categories of tasks, as shown below:

(1) OS operation tasks (94.2%), which require mapping a natural language description to a normalized
OS command description.

(2) Question-answering tasks (5.8%), which call for invoking an LLM to respond to the task.

The clear separation between these categories allows us to evaluate alignment accuracy independently.
Within the OS operation subset, roughly half of the commands are parameterized, i.e., they require
arguments such as brightness level, volume percentage, or direction of adjustment. The remaining non-
parameterized commands are primarily toggles or simple activations (e.g., open Wi-Fi, change user
password). More details can be found in the next section.

6.1.2 Task-Type and Parameter Distribution
We further analyze command structure by grouping samples along two axes: (1) task type (OS operation

vs. question & answer) and (2) parameterization (with or without arguments). The summary statistics are
shown in Table 2, from which we can observe that: (1) Parameterized tasks exhibit longer and more semanti-
cally complex descriptions, averaging 13.7 Chinese tokens, compared to 10.9 for non-parameterized ones; (2)
Unique command coverage is higher for parameterized subsets (43 vs. 39), suggesting that parameterization
is not confined to a few categories but broadly distributed across OS operations. This balanced yet diverse
structure provides both lexical and functional heterogeneity—key properties for developing generalizable
alignment models.

Table 2: Summary statistics by task type and parameterization in the ComAlign dataset. “Avg./Med. Length” denotes
the average and medium Chinese token counts of the natural language descriptions

Type Parameterized Samples Unique Commands Avg./Med. Counts
OS Operation False 838 39 10.9/10.0
OS Operation True 868 43 13.7/13.0

QA Task False 91 12 15.4/14.0
QA Task True 14 7 17.8/17.0

6.2 Linguistic and Semantic Analysis
6.2.1 Lexical and Syntactic Variability

Chinese natural language descriptions exhibit extensive lexical diversity. Users employ multiple syn-
tactic forms, ranging from imperative statements (e.g., “ ”, turn on Bluetooth), to declaratives with
implicit intent (“ ”, I’d like to open Bluetooth), to colloquial or incomplete forms (“ ”,
turn off Bluetooth). These variations lead to syntactic sparsity in the embedding space, i.e., surface forms
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with the same intent often appear far apart in embedding space. For static vector models such as fastText,
this results in reduced nearest-neighbor accuracy, as the embedding primarily reflects lexical co-occurrence
rather than functional equivalence.

6.2.2 Semantic Ambiguity and Implicit Intent
Another challenge lies in implicit argumentation and vague modifiers. Chinese user inputs often express

scalar changes through relative or metaphorical terms like “ ” (a bit brighter) or “ ”
(make it a bit louder). Such expressions lack explicit numerical references, leaving the model to infer direction
and magnitude purely from semantics. Parameter extraction becomes nontrivial in such cases. For example,
while “ ” (increase brightness) and “ ” (a bit brighter) are equivalent in effect, their lexical
representations diverge significantly.

Similarly, semantically adjacent operations such as “ ” (set screen timeout) and
“ ” (set sleep time) are nearly indistinguishable lexically but differ operationally. These exam-
ples underscore the semantic granularity problem, i.e., fine-grained OS operations often share overlapping
vocabulary but distinct executable intents.

6.2.3 Length and Structural Trends
Fig. 7 depicts the distribution of descriptions’ Chinese token counts by parameterization. Parameterized

descriptions are consistently longer and exhibit higher variance. This difference reflects the added cog-
nitive and linguistic complexity of specifying optional parameters and contextual qualifiers. The median
description length of parameterized commands is 13 Chinese tokens, compared to 10 for non-parameterized
ones. This structural gap partially explains why baselines, especially VM and INVM, show lower alignment
accuracy on parameterized subsets. The added contextual elements introduce both noise and ambiguity,
which static vector embeddings are ill-equipped to capture.

Figure 7: The average description length counted by Chinese tokens. We divide the natural language descriptions
included in ComAlign into seven categories



14 Comput Mater Contin. 2026;87(2):54

6.2.4 Inter-Class Semantic Overlap
An additional layer of complexity arises from cross-command semantic interference. Commands

belonging to the same functional family, such as display, sound, or network settings, tend to share
highly overlapping terms like “ ” (setting), “ ” (adjust), “ ” (open), etc. The resulting inter-
class proximity compresses the embedding space, causing misalignment between semantically adjacent but
distinct commands. VMICE’s LLM-based intent-consistency evaluation alleviates this issue by reasoning
over functional intent rather than relying solely on lexical similarity.

6.3 Error Analyses and Discussions
To gain deeper insight into failure modes, we conduct a qualitative analysis of 200 misaligned samples

and present detailed error analysis below.

(1) Paraphrase and synonym confusion. A major source of error is lexical paraphrasing, i.e., differ-
ent expressions referring to the same operation. For example, “ ” (turn on Bluetooth) and
“ ” (open Bluetooth) are semantically equivalent but lexically dissimilar. The VM baseline
often fails due to insufficient embedding overlap, whereas the VMICE baseline handles most of
these correctly.

(2) Multi-Intent or compound commands. Natural language descriptions like “
” (increase brightness and enable eye-protection mode) contain multiple actions. Since

ComAlign currently associates one description with a single normalized command, such samples
violate the one-to-one mapping assumption, leading to partial misalignment.

(3) Implicit negation and polarity errors. Natural language descriptions expressed with negation (e.g.,
“ ”, don’t sleep automatically) or negated modality (“ ”, I don’t want to shut
down) are often misinterpreted, particularly when negation markers are subtle or colloquial (“ ”,
don’t shutdown; “ ”, don’t sleep now). FastText-based embeddings fail to capture polarity,
resulting in reversed matches.

(4) Ambiguous parameter phrases. Parameterized natural language descriptions often include vague
adverbs like “ ” (slightly) or “ ” (a bit more). These expressions lack standardized quan-
titative mappings, making it difficult to judge whether “slightly brighter” corresponds to “+10%”
or “+20%”. Current baselines ignore such fine-grained distinctions, treating all “increase” opera-
tions equally.

(5) Semantic overlap across domains. Natural language descriptions from semantically adjacent
domains, such as display vs. power settings, often use overlapping lexemes (“ ”, brightness; “ ”,
sleep; “ ”, screen). Without contextual grounding, the VM and INVM baselines often misclassify
these cases. This observation highlights the potential benefit of introducing contextual embeddings
(e.g., BERT-style models) or hierarchical intent taxonomies to disambiguate functional relations.

6.4 Limitations and Future Directions
Despite promising results, our study has several limitations that highlight both the complexity of

aligning natural language with OS commands and the opportunities for future improvement.

(1) Data scale and diversity. ComAlign contains 1811 manually curated pairs across 82 OS com-
mand types, which remains limited in size compared to large English datasets such as NL2Bash
or NLC2CMD. Some OS command categories are underrepresented, and the dataset primarily
focuses on desktop-level operations. Future work will focus on validating the proposed approach
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on larger-scale and more heterogeneous datasets, including data collected from real industrial or
practical applications.

(2) Modeling and representation constraints. All three baselines rely on static word embeddings
(fastText) to represent natural language descriptions, which are limited in capturing contextual
semantics, compositional structure, and negation. Consequently, semantically similar expressions such
as “ ” (brighten the screen) and “ ” (increase brightness) may appear far apart in
embedding space. Although the LLM-enhanced VMICE baseline improves performance (up to 46.9%
alignment accuracy), it introduces higher computational cost, dependency on prompt design, and
limited reproducibility. Future work will explore adaptive parameter tuning strategies and alternative
model architectures to further improve robustness and generalization performance.

Future work will investigate optimization techniques such as model compression, parallel com-
puting, and incremental learning to reduce computational overhead.

(3) Evaluation scope and practical deployment. The current evaluation focuses solely on alignment
accuracy between user inputs and normalized OS command descriptions, without assessing parameter
extraction, compound intent handling, etc. Furthermore, real-world deployment of OS-level natural
language agents introduces safety and policy challenges, such as access control, permission handling,
and prevention of unintended operations. Future work will extend ComAlign to support end-to-
end evaluation, including safety-aware and human-in-the-loop testing, to develop trustworthy and
deployable intelligent OS systems.

In summary, ComAlign serves as an initial but essential step toward understanding and benchmarking
natural language–to–command alignment. Overcoming these limitations will require expanding data cov-
erage, enhancing semantic modeling, and integrating alignment evaluation into real-world system contexts.

7 Conclusion
In this paper, we present ComAlign, the first Chinese benchmark for aligning natural language

descriptions with normalized operating system (OS) command descriptions as far as we know. The dataset
contains 1811 annotated pairs across 82 types of OS commands, supporting research on aligning natural
language with OS commands. We also propose three baselines, i.e., Vector Matching (VM), Input Normal-
isation and Vector Matching (INVM), and Vector Matching with Intent-Consistency Evaluation (VMICE).
Experimental results show that the basic VM baseline achieves 39.2% accuracy, while the LLM-powered
VMICE baseline raises performance to 46.9%. These results highlight both the promise and the difficulty
of precise language–command alignment. Future work will expand ComAlign’s data scope, explore stronger
semantic encoders, and evaluate end-to-end models that jointly optimize accuracy, efficiency, and safety.
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