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In large-scale enterprise environments, growing system complexity makes failures inevitable, threatening business continuity and
customer satisfaction. To maintain system stability, efficient ticket triage is crucial for timely incident resolution. However, it remains
a knowledge-intensive task requiring substantial domain expertise and detailed analysis, revealing the limitations of traditional
rule-based and text-based methods. Recent advances in large language models (LLMs) offer new possibilities for automating triage
through their remarkable reasoning and language capabilities. Yet, in industrial settings, LLMs often struggle to leverage domain-
knowledge essential for accurate triage. We present CoTriage, a practical and scalable end-to-end automated ticket triage system,
designed and deployed for real-world industrial scenarios. CoTriage leverages novel collaboration between large and small models: a
small set of labeled tickets is used to distill high-quality LLM reasoning into a lightweight model, which is further optimized through a
self-reinforcement mechanism. The refined triager then acts as a reward model to fine-tune a ticket summarizer using reinforcement
learning. Comprehensive experiments conducted in the production environment of ByteDance, a leading global online video service
provider, demonstrate the effectiveness of CoTriage, reducing the average triage time to 15.0 seconds and significantly enhancing
operational efficiency and accelerating incident resolution in practice.
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1 Introduction

As enterprise systems continue to scale and evolve in complexity, their IT infrastructures have become increasingly
intricate, incorporating thousands of microservice components, cross-regional data centers, cloud-native architectures,
and heterogeneous technology stacks. This high degree of distribution and heterogeneity introduces intricate depen-
dencies and operational uncertainties, making the occurrence of incidents unavoidable [1, 7, 35, 52]. Typical examples
include kernel failures, hardware performance degradation, and network packet loss, all of which can severely disrupt
the operation of mission-critical business services. For example, a one-hour service disruption on Amazon.com can
result in direct revenue losses exceeding $100 million [6]. Consequently, when such incidents arise, rapid response and
effective troubleshooting by responsible teams are essential to prevent escalation and mitigate immediate financial and
operational impacts.

To ensure timely responses to incidents, enterprises widely implement ticket management systems aimed at mini-
mizing service disruptions and mitigating operational risks [9], as shown in Figure 1. Traditional ticket triage processes
typically rely on a combination of manual operations and predefined rules. In this workflow, triage engineers are
required to carefully review user-submitted tickets and accurately assign the ticket to the appropriate responsible team.
However, there is a significant gap between the limited processing capacity of manual triage and the overwhelming
volume of tickets. On the one hand, this process is time-consuming and labor-intensive, as engineers must conduct a
comprehensive analysis of the ticket before assignment. In ByteDance, an triage engineer requires approximately 200
seconds on average to process a ticket. Furthermore, the efficiency and accuracy of manual triage are highly contingent
upon the engineer’s professional expertise, which typically requires months or even years to cultivate. Once a ticket is
misassigned, the incident cannot be resolved promptly and must be reassigned based on feedback until the correct
responsible team is identified. Such inefficiencies significantly prolong the incident resolution cycle, increase the risk
of issue propagation, and can even escalate to critical incidents, resulting in considerable operational and financial
losses [6]. Consequently, to improve operational efficiency and alleviate manual workload, the development of a rapid
and accurate automated ticket triage system has become an urgent necessity for enterprises.

In recent years, numerous automated ticket triage methods have been proposed [7, 35, 44]. However, effective ticket
triage requires substantial domain knowledge and complex logical reasoning. Existing approaches, which primarily
rely on ticket textual information, often lack mechanisms for modeling and integrating domain-specific knowledge,
thereby imposing significant limitations on their text comprehension capabilities. For example, such methods may fail
to recognize critical domain-specific terminology or implicit contextual cues essential for accurate triage, ultimately
resulting in degraded overall performance. Thus, their adaptability to large-scale production environments remains
limited.

Recent advancements in large language models (LLMs) have demonstrated remarkable capabilities in language
understanding and reasoning across various natural language processing tasks [20, 34, 55], thereby providing a
robust foundation for automated ticket triage. Building upon these insights, we introduce an LLM-driven ticket triage
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framework designed to address the inherent limitations of traditional approaches in effectively leveraging domain-
specific knowledge and executing complex reasoning. However, it still faces two domain-specific challenges (detailed in
Section 3).

Challenge 1: Class Imbalance. In real-world production environments, ticket teams are highly imbalanced,
with common classes having abundant samples while rare ones remain severely underrepresented. Furthermore,
evolving business requirements continuously introduce new teams with a few samples, worsening this imbalance. Such
disparities hinder LLM models from learning distinctive features of minority classes, ultimately degrading overall triage
performance.

Challenge 2: Noisy Ticket Content. In ticket triage, textual information (including titles and discussions) plays a
critical role in assigning tickets to the appropriate teams. However, the quality of these discussions is inconsistent, often
containing ambiguous phrases, images, or hyperlinks, which pose significant challenges for LLM models to accurately
comprehend and utilize the content.

To address these challenges, we present CoTriage, an automated ticket triage framework that leverages multi-LLM-
agents to achieve efficient and accurate triage. For Challenge 1, we propose a collaborative ticket triage approach
that integrates knowledge distillation to enable effective learning from limited labeled tickets, together with a self-
reinforcement mechanism that mitigates class imbalance by generating and leveraging synthetic samples of rare teams,
thereby enabling continuous performance improvement. For Challenge 2, we design a joint learning strategy for ticket
summarization optimization, which accurately extracts critical ticket information and thereby improves the model’s
capability to comprehend noisy and unstructured content.

The main contributions of this work are as follows:

• We propose CoTriage, an end-to-end automated ticket triage framework that achieves accurate and efficient
triage through large-small model collaboration.

• To achieve accurate ticket triage, we: (1) distill the reasoning capabilities of LLMs into small language models
(SLMs) and continuously refine them using a self-reinforcement mechanism (Section 4.2), and (2) introduce
a collaboratively optimized ticket summarization strategy to avoid the suboptimality of manual summaries
(Section 4.3).

• To demonstrate the practical effectiveness of CoTriage, we conduct a comprehensive evaluation using a dataset
collected from a real-world system technology and engineering (STE) scenario of a leading global online video
service provider, ByteDance. The results demonstrate CoTriage’s effectiveness. Furthermore, it substantially
reduces the average ticket triage time to 15 seconds, achieving a 13-fold improvement in efficiency over traditional
manual workflows and demonstrating significant operational gains.

2 BACKGROUND

2.1 Incident Tickets

In real-world production environment of large-scale enterprise, system architectures are highly complex, comprising
numerous interconnected service components and dependencies. During system operation and maintenance, engineers
frequently encounter a wide range of incidents. These incidents can span systemic failures—such as service unavailability,
abnormal requests, and severe performance degradation—to more common operational queries, including requests
for device information associated with a particular IP address, clarification of technical concepts, or instructions for
executing particular commands.
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[Problem type]: Virtual Machine Service
                                                                             Virsh error on compute node

[Priority]: P3                              [originator]: @_user_1
[Problem Region]: ***                [Main Oncall staff]: @_user_2 @_user_3

[Problem parameters]: ***
...

[Problem description]: 

Discussion:
@user1  Please help check this issue, virsh reported an error. @_user_2
https://virtual.service/...
@user2  Take a look at the logs and see if anything went wrong.
 ...
@user1  I'm not sure about this either. �
 ...

(a) Example of incident ticket

Report Ticket

Engineers Triage
Engineers

Triage Ticket

Teams

Respond Ticket

(b) Human triage workflow

Fig. 1. Illustration of the incident ticket and the overview of the human on-call workflow.

When issues arise, engineers typically submit tickets to the ticket management system. As illustrated in Figure 1a,
each ticket serves as a detailed record that captures all the information necessary for triage, diagnosis, and resolution.
Standard ticket fields generally include the problem type, problem description (a brief description of the encountered
issue), priority (often categorized as low, medium, high, or critical, based on potential customer impact), originator
details, associated problem parameters, and a discussion section that logs prior troubleshooting dialogues among
engineers. These elements collectively provide essential context for ensuring timely and effective incident management.

2.2 Ticket Triage

To maintain system stability, enterprises widely deploy robust ticket management systems to efficiently handle tickets
reported by engineers in production environments. Figure 1b illustrates a typical manual ticket triage workflow: when
an incident occurs, engineers create and submit a ticket detailing the issue. A triage engineer then carefully reviews the
detailed information in the tickets and classifies it based on the nature of the issue, thereby enabling its assignment to
the appropriate owner or specialized team for resolution [6, 7, 35]. Each assignment typically incorporates contextual
information, attempted troubleshooting steps, and relevant discussions to facilitate rapid understanding and resolution
by the responsible teams. In practice, many organizations employ automated escalation mechanisms based on incident
severity to ensure timely responses [32], particularly for high-impact or critical issues. However, due to the inherent
complexity and interdependencies of enterprise IT systems, tickets are often misassigned to inappropriate teams. These
misassignments substantially extend diagnosis and mitigation times, resulting in prolonged service downtime and
elevated operational risks.

2.3 LLM-based Agents

In recent years, LLMs have achieved remarkable progress in natural language processing, demonstrating strong
capabilities in language understanding and reasoning. These advancements highlight the transformative potential of
Agentic AI in automating various software engineering tasks. Traditional software engineering workflows often involve
lengthy and repetitive processes, such as requirements analysis, code review, and debugging, all of which demand
substantial time and effort. In contrast, LLM-based agents extend the capabilities of language models to plan, reason,
and interact with external tools and resources, effectively emulating diverse roles within a software development team
Manuscript submitted to ACM
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(e.g., requirement analyst, architect, developer, and tester). By leveraging such agents, software engineering tasks can
be increasingly automated across multiple stages, reducing manual workload and improving overall work efficiency.

In the domain of software development [17, 36], MetaGPT [17] integrates Standardized Operating Procedures (SOPs)
and assigns specialized roles to various LLM-based agents, enabling effective multi-agent collaboration across the
software development lifecycle and facilitating the generation of high-quality solutions. In the field of code generation
[3, 26], CodePlan [3] innovatively integrates an incremental dependency analysis, a change may-impact analysis
and an adaptive planning algorithm with LLMs to synthesize multi-step editing chains, thereby achieving efficient,
repository-level code generation. In software testing [40, 54], TestPilot [40] constructs detailed prompts that include the
function signature, implementation, documentation comment, and usage examples to generate tests. When a generated
test fails, the failed test along with the corresponding error messages are fed back into the LLM to iteratively refine the
prompts and produce corrected tests.

Collectively, these advancements demonstrate the potential of LLM-based agents as autonomous problem-solvers,
providing valuable insights and methodological inspiration for the design of automated ticket triage system.

[Problem description]: After scaling the instance to 300GB, the transfer speed remained unchanged. 
 ...
[Discussion]:
@user1 Disk throttling and customer’s write bandwidth could not improve. 
@user2 The disk had not reached its throughput limit. 
@user1 The customer is using a custom Windows image.
 ...

The user reported that the transfer speed did not change after 
instance expansion, mentioning issues such as disk throttling 
and insufficient write bandwidth, and also noted that a custom 
Windows image was being used. ... Although disk-related topics 
were mentioned, the final troubleshooting direction focuses on 
Windows-related problems, which fall under the operating 
system category and are not related to software sources. 
Therefore, this should be classified as OS/Other.

LLM Response

Kernel/Storage covers file system 
issues  and var ious  d isk-re la ted 
problems ...

The user’s issue is more specifically 
related to storage performance and 
throttling, which aligns more closely 
with the Kernel/Storage category.

Knowledge Gaps

Fig. 2. Limitations of naive LLMs in ticket triage.

3 MOTIVATION

The STE team of ByteDance is responsible for core system technologies, including operating system kernels, virtualiza-
tion, foundational system software, and the overall stability of large-scale data centers. Their ticket management system
handles a substantial number of system failure-related tickets each day, which must be assigned to highly specialized
infrastructure teams. These teams are defined by fine-grained domain knowledge rather than explicit textual patterns,
making accurate triage a knowledge-intensive task.

In recent years, LLMs have demonstrated strong performance across various tasks without task-specific fine-tuning.
However, ticket data often embeds rich domain knowledge, which may not be fully captured by naive LLMs, leading
to incomplete understanding and misassignments. As illustrated in Figure 2, the LLM relied primarily on surface-
level keywords (e.g., “Windows") rather than core indicators (e.g., “disk throttling", “bandwidth") and incorrectly
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conflated troubleshooting actions with the actual root cause. Moreover, its lack of domain knowledge related to storage
performance led to the ticket being misclassified as OS/Other instead of the correct Kernel/Storage team.

Therefore, to alleviate the workload of triage engineers and improve triage efficiency, we propose an end-to-end
automated ticket triage framework that leverages collaborative optimization between large and small models to achieve
accurate and efficient triage. However, it confronts the following two challenges: class imbalance and noisy ticket
content.

3.1 Challenge 1: Class Imbalance

In real-world production environments, tickets often exhibits severe class imbalance: common fault types have abundant
samples, whereas long-tail teams are sparse. This imbalance constrains the generalization capability of supervisedmodels,
resulting in overfitting to frequent classes and poor recognition of rare ones. Moreover, as business processes evolve,
new teams continually emerge with only a few samples, further exacerbating the imbalance problem. Consequently,
existing automated triage methods rely heavily on large annotated datasets, which is impractical under conditions of
data imbalance.

To address these challenges, we propose a ticket triage framework that integrates knowledge distillation with a
self-reinforcement mechanism to improve generalization under class imbalance. Specifically, we first distill the reasoning
capabilities of LLM into a lightweight student model using a limited set of labeled tickets. Subsequently, through a
self-reinforcement strategy, the student model iteratively improves without additional labeled tickets by leveraging its
prediction confidence and consistency as guidance during learning. Crucially, during this process, the student model
actively generates inputs corresponding to underrepresented classes, effectively augmenting rare-class samples. This
approach reduces dependence on extensive annotations while improving the model’s generalization and adaptability in
imbalanced, resource-limited settings, enabling more efficient and intelligent ticket triage.

3.2 Challenge 2: Noisy Ticket Content

In ticket triage, textual information (e.g., titles and discussion content) plays a critical role in assigning tickets to
the appropriate team. However, the quality of discussion content in real-world tickets is often highly variable, often
containing noise such as disorganized expressions, ambiguous phrases, images or hyperlinks. Directly feeding raw tickets
into LLMs can lead to hallucinations caused by noisy information and a tendency to over-rely on the beginning and
end of the text while overlooking critical content in the middle, ultimately degrading triage performance. Consequently,
a fundamental challenge for accurate triage is to identify and extract critical information from noisy ticket content.

Existing approaches [8] have attempted to leverage general-purpose language models without fine-tuning to generate
summaries. However, tickets often contain rich domain knowledge, and LLMs trained on generic corpora lack the
necessary domain awareness [4, 21, 37], resulting in summaries with significant randomness and irrelevant terms. In
addition, constructing large-scale, high-quality summaries for training is highly labor-intensive, and model performance
is extremely sensitive to the structure of these descriptions, while manually crafted templates are often suboptimal.

To address these challenges, we propose a collaborative optimization-based ticket summarization method that
enhances domain awareness and reduces reliance on costly manual annotations by employing an end-to-end training
strategy to jointly optimize accurate summary generation and effective ticket triage. Specifically, the triage model
serves as a reward function to construct preference pairs, and the summary generation model is optimized via Direct
Preference Optimization (DPO) [38], thereby effectively aligning summary quality with triage performance.
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LLM Corpus    Triagert Triagert

Triagert+1

Response

RewardsPreference Pairs
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Iteration

Summarizer Triager
DPO

training

CoT Template

Seed Tickets

SLM
Seed Tickets

Generated 
Tickets

Triagert

SFT

DPO
training

Reported TicketIncident Engineer Triager Team

Preference Pairs

Summarizer

Summaries

Fig. 3. The framework of CoTriage.

4 METHODOLOGY

4.1 Overview

As illustrated in Figure 3, the offline stage of CoTriage is designed to transform naive SLMs into high-quality ticket
triage experts through two core modules. Module 1, Ticket Triager Fine-tuning, leverages a small amount of labeled
ticket data to perform knowledge distillation, transferring the reasoning capability of a large, powerful teacher model
to a lightweight student model. Subsequently, the preliminary fine-tuned Triager constructs preference pairs using
a self-reinforcement mechanism, and iteratively improves its triage performance via DPO tuning. Module 2, Ticket

Summarizer Fine-tuning, the fine-tuned Triager serves as a reward model to synthesize preference pairs for ticket
summaries. The Summarizer is subsequently tuned through DPO to generate accurate and concise ticket summaries,
which in turn facilitate more accurate triage.

For online ticket triage, when processing incident tickets, CoTriage first employs the Summarizer to extract key
discriminative information essential for accurate triage. Subsequently, the Triager assigns tickets to the appropriate
teams based on the summarized content.

4.2 Ticket Triager Fine-tuning

CoTriage employs a collaborative approach that combines large and small models, where a domain-specific SLM, Triager,
is trained to compensate for the naive LLMs’ limitations in domain knowledge.

4.2.1 Knowledge distillation from large models. LLMs endowed with strong capabilities in natural language understand-
ing and reasoning, can not only predict labels but also generate rationales that explain and justify their predictions
[24, 45]. Compared with simple labels, high-quality Chains of Thought (CoT) provide richer and more detailed reasoning
information, establishing explicit mappings from problems to labels and enabling smaller models to better comprehend
complex tasks. Prior studies have demonstrated that such CoTs can substantially enhance the reasoning ability and
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## Instruction ##
You are a ticket triage expert with extensive knowledge in system and technical domain categorization.
The category of the text is already known. Please thoroughly understand each category based on the fo-
llowing [Category Descriptions], analyze the [User Issue Description] step by step, and provide a reaso-
ning process within 200 words.
...
## Category Descriptions ##
[Relevant category description here]

## User Issue Description ##
[Ticket content here]

## Category ##
[Ticket category ]

## Reasoning ##
[Step-by-step explanation ]

Fig. 4. Illustration of CoT prompt template.

learning efficiency of smaller models [16, 18, 30]. Building upon this insight, we employ LLMs as teacher models to
effectively leverage their reasoning capabilities for efficient fine-tuning of smaller models.

Specifically, given an annotated ticket dataset T , where each ticket is labeled with its corresponding team, we design
a CoT prompt template 𝑝 , as illustrated in Figure 4, to guide the LLM in generating detailed triage rationales. Each
prompt explicitly specifies the problem-solving logic and can be represented as a quadruple (𝑡𝑖 , 𝑘𝑖 , 𝑦𝑖 , 𝑟𝑖 ), where 𝑡𝑖
denotes the ticket content, 𝑘𝑖 represents the relevant domain knowledge, describing the typical issues addressed by
each team. These team descriptions were manually authored by engineers to concisely summarize possible scenarios
for each team (e.g., the Compile/Java is responsible for handling JVM coredumps and Java exceptions), which involves a
modest manual effort. Here, 𝑦𝑖 is the ground-truth team , and 𝑟𝑖 is the rationale explaining why 𝑡𝑖 should be classified
as 𝑦𝑖 . For each ticket 𝑡𝑖 ∈ T , the corresponding triplet (𝑡𝑖 , 𝑘𝑖 , 𝑦𝑖 ) is integrated into the prompt 𝑝 and then submitted to
the LLM to generate the triage rationale 𝑟𝑖 .

After obtaining these reasoning-augmented annotations, we construct the distilled dataset D = {(𝑡𝑖 , 𝑘𝑖 , 𝑟𝑖 , 𝑦𝑖 )}𝑁𝑖=1.
This enriched dataset is subsequently used to perform supervised fine-tuning on the smaller triage model, Triager. By
incorporating rationales during tuning, the model is guided not only to predict the correct team but also to capture
intermediate reasoning processes, fostering a deeper understanding of the underlying decision logic. This design
facilitates the generation of predictions that are both more accurate and interpretable.

4.2.2 Iterative self-reinforcement. Due to the inherent imbalance in responsible team, the Triager obtained through
initial supervised fine-tuning often exhibits limited generalization capability: it tends to overfit frequent teams while
underperforming on rare ones. Inspired by [13, 27, 48, 53], the AI feedback demonstrates outstanding performance,
enabling LLMs to continuously optimize and improve themselves using unlabeled data through AI feedback. CoTriage
adopts a iterative self-reinforcement strategy to further enhance the Triager’s triage performance, where the Triager
acts both as a triage model to generate predictions and as a reward model to evaluate its own outputs. Through
preference-based optimization, the Triager iteratively refines its triage performance.

The entire process is carried out in an iterative manner, with each iteration consisting of the following four main
steps.
Manuscript submitted to ACM
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Step1: Augmented Ticket Generation. First, a subset of tickets are sampled as seed instances, and the Triager’s
inherent language generation capability is leveraged to synthesize new ticket examples based on these seeds. This step
primarily addresses the issue of class imbalance. During generation, responsible team consistency is strictly maintained,
while semantic diversity is deliberately introduced to ensure that the augmented data remains coherent and enhances
the Triager’s robustness to linguistic variations.

Step2: Triage Prediction Generation. The tickets generated in the previous step are then fed into the Triager,
which functions as a standard triage model to generate corresponding predictions. Alongside the predicted responsible
teams, the Triager produces intermediate reasoning steps, which provide interpretability and serve as critical input
for subsequent reward scoring process. These rationales capture the model’s internal logic and help ensure that the
predictions are not only correct but also justifiable.

Step3: Self-Evaluation and Reward Scoring. The generated predictions are returned to the Triager along with an
evaluation prompt that guides it to assess the outputs across multiple dimensions, including accuracy, consistency, and
completeness. Specifically, the evaluation begins by verifying the correctness of the predicted team, followed by an
examination of the reasoning component to ensure that it is logically coherent, sufficiently justified, and comprehensive.
Based on these criteria, the Triager assigns a scalar reward score 𝑅 ∈ [0, 5], which reflects the overall quality of the
prediction.

Step4: Preference Pair Construction and DPO Tuning. For each ticket sample, preference pairs P are constructed
based on the evaluation scores, where the higher-scored prediction is designated as the “preferred option” and the lower-
scored prediction as the “less preferred option”. Using these pairs, we form a preference dataset 𝐷 = {(𝑋,𝑌acc, 𝑌rej) |
(𝑌acc, 𝑌rej) ∈ P}, and apply DPO to fine-tune Triager, guiding it to favor outputs with higher reward scores in future
predictions.

Through this iterative refinement process, Triager incrementally mitigates performance degradation caused by class
imbalance and substantially enhancing both triage accuracy and robustness. Importantly, this approach enables effective
self-improvement even in scenarios where large-scale annotated data is scarce or unavailable, making it highly practical
for real-world ticket triage applications.

4.3 Ticket Summarizer Fine-tuning

Incident tickets typically consist of a title accompanied by a series of discussions. However, these discussions are
often highly unstructured and exhibit substantial variability in quality. In practice, they frequently contain redundant
descriptions or even irrelevant information, that can hinder the decision-making capabilities of Triager and ultimately
degrade triage accuracy.

To address this issue, CoTriage introduces a specialized ticket summarization module, referred to as Summarizer,
built upon a SLM. Rather than merely producing a condensed version of the ticket, the Summarizer aims to strategically
extract and emphasize information that is most salient to the final responsible team.By filtering out noise and preserving
discriminative signals, the Summarizer provides the downstream Triager with cleaner and more structured textual
input, thereby enhancing overall triage performance

Nevertheless, directly training such a summarization model using human annotations presents practical challenges.
Generating high-quality summaries requires expert domain knowledge, is both costly and labor-intensive. Moreover,
suboptimal or poorly structured summaries maymisguide the Triager, potentially exacerbating performance degradation.
To overcome these limitations, we propose a collaborative ticket summarization fine-tuning approach that jointly
optimizes summary generation and triage effectiveness. This strategy encourages the Summarizer to produce outputs
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that are not only fluent and concise but also maximally informative and utility-aligned with downstream triage
objectives.

Specifically, this approach consists of three key steps: (1) generating diverse candidate summaries, (2) assigning
rewards based on triage performance, and (3) aligning summary generation with reward-driven preferences through
DPO fine-tuning.

4.3.1 Ticket Summarization. For each input ticket 𝑡𝑖 ∈ T , the Summarizer generates a set of candidate summaries
{𝑠𝑖1, 𝑠𝑖2, . . . } based on the ticket title and discussion content. To enhance the diversity of candidate summaries, we adopt
temperature-controlled decoding. Increasing the decoding temperature smooths the token probability distribution,
reducing the dominance of high-probability tokens and encouraging lexical and structural variation in the generated
summaries. Such a diverse pool of candidate summaries provides a rich foundation for subsequent preference-based
optimization, making it possible to identify and reward those summaries that are most beneficial for accurate and
robust triage.

4.3.2 Reward Assignment Based on Triage Performance. To effectively guide the Summarizer toward generating sum-
maries that enhance triage accuracy, we leverage the previously fine-tuned Triager as a reward model. Specifically, for
each candidate summary 𝑠𝑖𝑛 , we concatenate it with the corresponding domain-specific knowledge 𝑘𝑖 and the predefined
set of team labels. This combined input is then passed to the Triager, which outputs a confidence distribution over all
possible teams. The confidence score corresponding to the ground-truth label 𝑦𝑖 is extracted and used as the reward
signal:

𝑅(𝑘𝑖 , 𝑠𝑖𝑛) = confidence(𝑦𝑖 | 𝑡𝑖 , 𝑠𝑖𝑛, 𝑘𝑖 ) . (1)

This reward formulation provides task-aligned and model-driven feedback without relying on human annotations.
Summaries that enable the Triager to produce more confident and accurate predictions are assigned higher rewards,
whereas those that introduce ambiguity or omit critical information are penalized. Consequently, the Summarizer is
implicitly optimized to capture salient and discriminative information that directly enhances triage accuracy.

4.3.3 Summarizer Optimization via DPO Tuning. With reward signals available for each candidate summary, we further
construct pairwise preference relations within the candidate set corresponding to the same ticket. Specifically, for each
ticket, candidate summaries with higher reward scores are considered preferable to those with lower scores, forming a
set of preference pairs. We further employ the DPO framework to fine-tune the Summarizer. DPO explicitly models
the preference distribution between candidate summaries, thereby effectively aligning the output distribution of the
Summarizer with reward-driven preferences. This approach enables the consistent optimization of summary generation
and triage performance, without requiring explicit human annotations.

5 EVALUATION

In this section, we conduct a comprehensive evaluation of CoTriage to answer the subsequent research questions (RQs):

• RQ1: How does CoTriage perform in ticket triage?
• RQ2: How do model scale and reasoning capability affect CoTriage’s performance?
• RQ3: Does each component of CoTriage contribute significantly to CoTriage’s performance?
• RQ4: How efficient is CoTriage in production environment?
• RQ5: How does the decoding temperature affect summarization diversity and downstream triage performance?
• RQ6: How robust is CoTriage under data drift?
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• RQ7: How the quality of generated summaries?
• RQ8: How does the general capability of CoTriage perform?
• RQ9: How effective is ticket synthesis?

5.1 Experiment Setup

Compile/Cpp Firmware/BIOS AiC/Image Firmware/BMC
Platform Kernel/Storage Kernel/Compute Compile/Java
Virtualization/CentralCloud Kernel/Network Hardware/Memory OS/Other

（a）Training Dataset （b）Validation Dataset （b）Test Dataset

Fig. 5. Team distribution across training, validation, and test sets

5.1.1 Dataset. To evaluate the accuracy of ticket triage, we collect a total of 1,678 tickets from the production envi-
ronment of ByteDance from Q1 2023 to Q3 2025, involving 12 distinct teams. To better reflect real-world deployment
scenarios, we partition the dataset chronologically. Specifically, the earliest 1,308 tickets are used for training, followed
by 150 tickets form a validation set for hyperparameter tuning (e.g., temperature selection). The 220 most recent tickets
from the latest months are reserved as the test set to evaluate triage performance. In addition, we collect 30 tickets from
two newly introduced teams to assess the robustness of CoTriage under data drift and previously unseen teams.

As illustrated in Figure 5, the dataset is constructed to reflect the real-world distribution of ticket teams observed
in the production environment. Specifically, both the training and test sets follow a naturally imbalanced, long-tailed
distribution derived from ticket records collected over recent months. Teams such as Kernel/Network and OS/Other
occur more frequently, whereas others (e.g., Platform) are comparatively rare. Such a configuration enables a more
rigorous evaluation of whether CoTriage can effectively mitigate the adverse effects of class imbalance during the
training process.

5.1.2 Implementation Details. We conduct all the experiments with two NVIDIA A6000 GPU. Considering the trade-off
between resource overhead and Chinese language processing capability, we experiment on three SLMs: DeepSeek-
R1-Distill-Qwen-7B [10], Llama-3.1-8B-Instruct [12], Qwen3-8B and Qwen3-4B [49]. Additionally, GPT-3.5-Turbo-16k
was employed as the teacher model for the knowledge distillation. Within our framework, the Triager was fine-tuned
through three rounds of self-reinforcement.

5.1.3 Evaluation Metrics. Following prior work [7, 44], we adopt the widely used accuracy metric to evaluate the
performance of ticket triage. Under this evaluation scheme, a prediction is considered correct if the actual responsible
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team is ranked among the top N teams by the classifier based on their predicted probabilities. Specifically, we report
two metrics, ACC@1 and ACC@3, which are calculated as follows.

ACC@N =
Sum(Correct Team in Top N Teams)

Test Size
(2)

To further assess the performance of different methods under class-imbalanced conditions, we additionally employ
Macro-Precision, Macro-Recall and Macro-F1 score, which assign equal importance to each team regardless of its
frequency. Furthermore, we report Precision (P), Recall (R), and F1-score (F1) to specifically evaluate the performance
on head and tail classes.

5.1.4 Baseline Approaches. To evaluate ticket triage performance of CoTriage, we adopt the following methods.

• DeepCT [7]: DeepCT introduces a gated recurrent unit (GRU) model with attention-based mask strategy and a
revised loss function, enabling it to incrementally learn from discussions and dynamically update triage results.

• DeepTriage [35]: DeepTriage ensembles several submodels, including a simple multiple additive regression tree
(MART) model, a light gradient boosting machine (LGBM) model, an inverted index model, a locality-sensitive
hashing model (SI), and a deep neural network (DNN) model.

• COMET [44]: COMET filters out irrelevant logs, leverages a domain-informed LLM for keyword extraction, and
performs similarity-based triage using embeddings from a fine-tuned FastText model.

• TickIt [31]: TickIt adopts a Chain-of-Thought (CoT) reasoning paradigm integrated with retrieval-augmented
In-Context Learning (ICL), leveraging LLM to enable accurate multi-class ticket escalation.

• Triangle [51]: Triangle is a multi-agent-based incident triage framework that integrates semantic distillation
with multi-role agent negotiation.

• SetFit [42]: SetFit is a prompt-free and efficient few-shot learning method based on Sentence Transformer.
• w/CoT: LLM with the CoT prompting [46], encouraging the model to generate intermediate reasoning steps
before producing the final triage decision.

• w/Few-Shot: LLM with the few-shot prompting [5], where a small set of labeled ticket examples is provided in
the prompt to guide prediction.

• w/RAG: LLM with Retrieval-Augmented Generation (RAG) framework, where historically labeled tickets serve
as the knowledge base for retrieval during inference.

5.2 RQ1: The Overall Performance

The comparative results presented in Table 1 demonstrate the promising performance of CoTriage, which achieves an
ACC@1 of 0.618 and a Macro-F1 score of 0.506. Compared to non-LLM baselines such as DeepTriage, DeepCT, and
SetFit, CoTriage demonstrates a substantial performance improvement. Specifically, it achieves Macro-F1 gains ranging
from 28.2% to 40.4%, highlighting the advantage of LLMs in understanding complex, unstructured ticket data. Ticket
triage remains an inherently knowledge-intensive task, requiring models not only to grasp category distinctions but
also to perform multi-step reasoning. When compared against various LLM-based approaches, under the same backbone
(Qwen3-8B), CoTriage consistently achieves the best overall performance, with ACC@1 improvements ranging from
1.1% to 8.6% and Macro-F1 gains of 0.6% to 17.8%. These results indicate that the improvements do not merely stem
from the backbone model itself, but from the CoTriage framework. Furthermore, CoTriage progressively approach, and
for certain metrics even narrow, the gap with approaches built on more powerful proprietary LLMs such as GPT-3.5. A
key advantage of CoTriage lies in its superior performance–efficiency trade-off. While Triangle incurs a substantial
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Table 1. Performance comparison of triage methods. (Statistical significance is determined by aWilcoxon signed-rank test on per-class
F1-scores across 12 teams, † indicates significant statistical differences (𝑝 ≤ 0.05) between a baseline and ours.)

Seed LLM Method ACC@1 ACC@3 Macro-Precision Macro-Recall Macro-F1 Avg.Tokens

DeepTriage† 0.336 0.632 0.174 0.172 0.165 -
DeepCT† 0.214 0.491 0.089 0.114 0.070 -
SetFit† 0.236 0.441 0.250 0.176 0.178 -

GPT-3.5

w/CoT 0.635 0.854 0.540 0.553 0.505 2.91k
w/Few-Shot 0.591 0.891 0.481 0.481 0.439 2.85k
w/RAG 0.636 0.866 0.435 0.524 0.435 5.43k
COMET† 0.318 0.855 0.254 0.268 0.211 2.35k
TickIt 0.653 0.875 0.559 0.564 0.539 6.13k
Triangle 0.665 0.872 0.501 0.493 0.449 15.62k

Qwen3-8B

w/CoT 0.594 0.845 0.413 0.453 0.396 3.70k
w/Few-Shot† 0.568 0.836 0.477 0.480 0.447 3.80k
w/RAG† 0.532 0.775 0.345 0.361 0.328 6.13k
TickIt 0.607 0.826 0.515 0.532 0.500 5.11k
CoTriage 0.618 0.823 0.515 0.560 0.506 4.24k

Table 2. Performance comparison on head and tail teams

Seed LLM Method
Head Teams Tail Teams

Kernel/Network OS/Other Virtualization/CentralCloud Platform

P R F1 P R F1 P R F1 P R F1

DeepTriage 0.353 0.471 0.403 0.308 0.205 0.246 0 0 0 0 0 0
DeepCT 0.364 0.078 0.129 0.289 0.333 0.310 0.077 0.500 0.133 0 0 0
SetFit 0.778 0.137 0.233 0.232 0.333 0.274 0.056 0.250 0.091 0.167 0.333 0.222

GPT-3.5

w/CoT 0.816 0.608 0.697 0.491 0.737 0.589 0.143 0.250 0.182 0.667 0.667 0.667
w/Few-Shot 0.865 0.627 0.727 0.423 0.564 0.483 0.125 0.250 0.167 0.500 0.667 0.571
w/RAG 0.894 0.667 0.764 0.453 0.649 0.533 0 0 0 0.286 0.667 0.400
COMET 0.714 0.392 0.506 0.342 0.333 0.338 0.040 0.250 0.069 0.118 0.667 0.200
TickIt 0.786 0.673 0.725 0.471 0.632 0.539 0.167 0.250 0.200 0.500 0.667 0.571
Triangle 0.837 0.804 0.820 0.552 0.421 0.478 1.000 0.250 0.400 0.400 0.667 0.500

Qwen3-8B

w/CoT 0.795 0.620 0.697 0.440 0.564 0.494 0.053 0.250 0.087 0.333 0.667 0.444
w/Few-Shot 0.780 0.627 0.696 0.382 0.538 0.447 0.045 0.250 0.077 0.500 0.667 0.571
w/RAG 0.808 0.745 0.776 0.519 0.378 0.438 0.034 0.250 0.061 0.200 0.667 0.308
TickIt 0.783 0.706 0.742 0.391 0.462 0.424 0.100 0.250 0.143 0.667 0.667 0.667
CoTriage 0.731 0.745 0.738 0.462 0.462 0.462 0.053 0.250 0.087 0.667 0.667 0.667

overhead of 15.62k tokens per request due to intensive multi-agent interactions, CoTriage achieves higher F1 scores
using only 4.24k tokens, reducing token consumption by approximately 72.6%. This efficiency is particularly important
in real-world industrial deployment, where inference latency and token costs directly impact scalability. Overall, the
results confirm that CoTriage achieves a strong balance between accuracy, reasoning capability, and deployment
efficiency.

To address the extreme class imbalance in real-world production environment, the results in Table 2 demonstrate
the robustness of CoTriage. For highly scarce tail classes, such as the Platform, CoTriage achieves an F1 score of 0.667.
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However, performance varies across different tail classes. For instance, in Virtualization/CentralCloud, the F1 score
drops to 0.087. This is primarily because incidents in this team often exhibit surface symptoms such as disk recognition
anomalies, increased CPU load, or system performance fluctuations at the operating system level, while their root causes
lie in virtual machine resource scheduling or abnormalities in the underlying virtualization components. This leads to
semantic overlap with OS/Other team and blurred class boundaries, making fine-grained discrimination more difficult
under limited training data. For head classes, such as Kernel/Network, CoTriage maintains competitive performance
comparable to GPT-3.5-based methods, ensuring stability on common tasks. By leveraging an effective fine-tuning
strategy, our approach mitigates the challenges of few-shot learning for most tail classes, enabling accurate identification
of rare teams. Overall, these results highlight CoTriage’s capability in addressing class imbalance, while also indicating
potential improvement space for extremely semantically ambiguous teams.

CoTriage significantly improves ticket triage performance by incorporating a ticket Summarizer to extract the most
relevant information from ticket content and by employing a fine-tuned Triager that integrates effective reasoning with
domain-specific knowledge.

5.3 RQ2: Impact of Model Scale and Reasoning Capability on CoTriage’s Performance
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To assess the impact of different SLMs scale and reasoning capability on the performance of CoTriage , we conduct a
comprehensive analysis across four representative models: DeepSeek-R1-Distill-Qwen-7B [10], Llama-3.1-8B-Instruct
[12], Qwen3-8B and Qwen3-4B [49]. We evaluate each model using three metrics: ACC@1, ACC@3, Macro-F1 Score.

Effect of Distillation. As illustrated in Figure 6, the knowledge distillation mechanism consistently improves
performance across all SLM backbones. Notably, we observe that the smaller backbone, Qwen3-4B, demonstrates the
highest sensitivity to the refinement process, with ACC@1 increased from 0.464 to 0.582. This observation suggests
that smaller or less advanced models benefit more substantially from the refinement process, indicating that CoTriage
does not merely rely on strong SLMs but can effectively enhance weaker SLMs.

Performance Across Iterations. As illustrated in Figure 7, model performance across multiple self-refinement
iterations demonstrates the model’s stability and convergence. We observe that both ACC@1 and ACC@3 improve or
stabilize within 2–3 iterations, suggesting that the self-refinement mechanism converges without amplifying noise.
This trend suggests that early iterations progressively correct model errors, after which performance reaches a stable
equilibrium.

In conclusion, Qwen3-8B demonstrates superior performance. Consequently, we adopt it as the default SLM backbone
in all subsequent experiments, providing a stable and high-performance foundation for evaluating the effectiveness of
CoTriage.

5.4 RQ3: Ablation Study

Table 3. The evaluation results of ablation study

Seed LLM Method ACC@1 ACC@3 Macro-Precision Macro-Recall Macro-F1

Qwen3-8B
CoTriage 0.618 0.823 0.515 0.560 0.506
A1: w/o Triager 0.568 0.832 0.407 0.402 0.374
A2: w/o Summarizer 0.600 0.832 0.451 0.492 0.440

To comprehensively validate the contribution of each core component in CoTriage, we conduct an ablation study
under different conditions: A1: replace the fine-tuned Triager with a naive SLM (Qwen3-8B) to generate triage results;
A2: remove the fine-tuned Summarizer and directly use the Triager for ticket triage.

5.4.1 Effectiveness of the Triager Module. The results in Table 3 demonstrate that the Triager significantly improves
the triage performance. Specifically, the ACC@1 increased from 0.568 to 0.618, while Macro-F1 score achieves an
improvement of 13.2%. These improvements can be mainly attributed to two factors: (i) the knowledge distillation
mechanism, which integrates labeled tickets with LLM-generated reasoning information, enabling SLMs to capture
not only ticket–label mappings but also the underlying logical cues of triage decisions; and (ii) the self-reinforcement
strategy, which iteratively refines model behavior by reinforcing correct reasoning patterns and generating dense,
model-driven signals, thereby mitigating class imbalance and data sparsity. Together, these mechanisms endow the
Triager module with stronger generalization and robustness in ticket triage tasks, leading to substantial gains in triage
accuracy.

5.4.2 Effectiveness of the Summarizer Module. As illustrated in Table 3, incorporating the Summarizer leads to further
improvements in triage accuracy. Specifically, the ACC@1 increases by 1.8%, while Macro-F1 score achieves a gain of
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6.6%. These gains can be attributed to the collaborative optimization strategy adopted by the Summarizer, in which
a fine-tuned Triager serves as a reward model to guide the generation of summaries that better support accurate
triage decisions. By jointly optimizing the summarization and triage objectives, the Summarizer learns to produce
semantically focused summaries that are closely aligned with the requirements of downstream triage tasks. These
structured summaries reduce noise and irrelevant information, providing the Triager with concise and discriminative
input representations. This design is particularly effective for handling tickets with lengthy or highly unstructured
descriptions, enhancing the robustness and accuracy of the overall triage process.

5.5 RQ4: Efficiency of CoTriage

Previously, manual ticket triage typically required over 200 seconds per ticket. Such latency primarily arose from two
factors: (i) the heavy workload that often delayed timely processing, and (ii) the knowledge-intensive nature of the task,
which demanded thorough contextual comprehension, and domain-specific reasoning to ensure accurate triage.

With the adoption of CoTriage, the average triage time per ticket is reduced to 15.0 seconds, achieving a 13 times
improvement in efficiency compared to manual triage. Specifically, the Summarizer takes an average of 7.8 seconds
to generate a concise and informative summary of the ticket, and the Triager spends approximately 7.2 seconds to
determine the ticket responsible team. This remarkable reduction not only lowers human and time costs but also
substantially enhances overall operational efficiency.

5.6 RQ5: Temperature Sensitivity in Summarization

Table 4. Comparison of temperature configurations.

Temperature ACC@1 ACC@3 Macro-Precision Macro-Recall Macro-F1

0.3 0.607 0.800 0.640 0.548 0.548
0.8 0.624 0.832 0.690 0.603 0.608
1.2 0.613 0.800 0.650 0.544 0.549

To examine the impact of decoding temperature on the effectiveness of CoTriage, we conduct a sensitivity analysis
on this hyperparameter in the summarization module. Table 4 reports the ACC@1 and Macro-F1 scores under different
temperature settings. The results indicate that temperature has a impact on balancing summary diversity and semantic
fidelity. When the temperature is set to a low value (e.g., 𝜏 = 0.3), generation becomes nearly deterministic, leading to
limited lexical variation and reduced diversity among candidate summaries. This leads to relatively low performance
(ACC@1 = 0.607). As the temperature increases to 𝜏 = 0.8, CoTriage achieves the best performance (ACC@1 = 0.624 ,
Macro-F1 = 0.608 ), suggesting that moderate stochasticity effectively enhances summary diversity while preserving
key diagnostic signals. However, further increasing the temperature to 𝜏 = 1.2 degrades performance (ACC@1 = 0.613),
as excessive randomness introduces noise, negatively affecting the Triager’s decision-making process. These findings
indicate that a moderate temperature strikes the optimal balance between diversity and informativeness. Based on this
observation, we adopt 𝜏 = 0.8 as the default setting in summary generation.

5.7 RQ6: Robustness of CoTriage Under Data Drift
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Table 5. Performance of CoTriage on novel responsible team.

Seed LLM Method P R F1

GPT-3.5

w/CoT 0.882 0.500 0.638
w/Few-Shot 1.000 0.300 0.462
w/RAG 0.483 0.414 0.446
TickIt 1.000 0.467 0.636
Triangle 1.000 0.679 0.805

Qwen3-8B

w/CoT 0.940 0.379 0.525
w/Few-Shot 0.900 0.233 0.367
w/RAG 1.000 0.433 0.507
TickIt 0.944 0.333 0.451
CoTriage 0.938 0.400 0.554

In real-world production environments, ticket teams may change due to organizational adjustments. To evaluate the
robustness of CoTriage under data drift and unseen teams, we conducted experiments on 30 tickets from two new teams.
Traditional deep learning methods such as DeepTriage and DeepCT rely on supervised fine-tuning with a fixed output
space and therefore cannot predict previously unseen teams. Similarly, COMET depends on historical incident retrieval
and is unable to identify novel responsible team. Consequently, we focus on LLM-based baselines for comparison. As
shown in Table 5, CoTriage achieves an F1-score of 0.554 on the new responsible teams, demonstrating its adaptability
to unseen ticket types.
5.8 RQ7: Analysis of Generated SummaryQuality

Table 6. Human evaluation of generated summaries.

Factual Consistency Relevance Informativeness

Qwen3-8B (Naive) 4.08 4.41 4.25
Summarizer(Qwen3-8B) 4.12 4.54 4.32

To evaluate the quality of the generated summaries, we randomly sampled 50 tickets from the test set while
ensuring coverage across diverse ticket teams. The generated summaries were assessed along three dimensions: Factual
Consistency, Relevance, and Informativeness. Factual Consistency measures whether the summary faithfully reflects
the content of the original ticket without introducing unsupported information. Relevance evaluates the degree to
which the summary focuses on fault-related information critical for downstream triage. Informativeness measures
whether the summary retains sufficient key information to enable accurate triage.

The evaluation was independently conducted by two domain experts with extensive experience in incident manage-
ment. Each dimension was scored on a 1-5 scale, where higher scores indicate better summary quality. To ensure the
reliability of the evaluation results, we further measured inter-annotator agreement using weighted Cohen’s Kappa,
achieving a score of 0.588, indicating moderate agreement between the evaluators.

Table 6 reports the average quality scores for summaries generated by the naive LLM (Qwen3-8B) and our reward-
optimized Summarizer. The evaluation results indicate that both methods produce summaries with high factual
consistency. Furthermore, the reward-optimized Summarizer achieves higher Relevance scores, generating summaries
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that are more closely aligned with the fault content. These findings suggest that reward-optimized summaries provide
more relevant and informative information for downstream ticket triage, while maintaining high factual fidelity.

5.9 RQ8: The General Capability of CoTriage

Table 7. Bug triage performance comparison of triage methods on the MSR 2013 bug dataset.

Seed LLM Method ACC@1 ACC@3 Macro-Precision Macro-Recall Macro-F1

DeepTriage 0.310 0.480 0.263 0.202 0.200
DeepCT 0.190 0.345 0.010 0.050 0.016
SetFit 0.225 0.405 0.243 0.239 0.210

GPT-3.5
COMET 0.220 0.555 0.185 0.212 0.183
TickIt 0.435 0.625 0.430 0.460 0.415
Triangle 0.402 0.628 0.492 0.423 0.378

Qwen3-8B

w/CoT 0.133 0.331 0.215 0.139 0.124
w/Few-Shot 0.209 0.429 0.168 0.164 0.129
w/RAG 0.250 0.440 0.295 0.242 0.208
TickIt 0.315 0.444 0.337 0.314 0.281
CoTriage 0.335 0.510 0.307 0.318 0.279

To evaluate the generalization capability of CoTriage, we conducted comprehensive experiments on the widely used
MSR 2013 Bug dataset[7, 25, 51], which is based on the defect tracking records of the open-source software system
Eclipse. Since the original dataset lacks team-related information required by LLM-based approaches, we randomly
selected 20 developers and summarized key team functional information based on existing metadata and historical
bug resolution records. This approach balanced manual effort while ensuring adequate coverage across 200 assembled
bug cases. As shown in Table 7, under the same experimental settings, CoTriage achieved an ACC@1 of 0.335 and
a Macro-F1 score of 0.279, outperforming other methods based on the same backbone model. Although all methods
performed lower than conventional ticket triage, likely due to the relatively limited textual information in bug reports,
CoTriage consistently maintained a clear advantage, providing partial evidence of its generalization capability.

5.10 RQ9:Qualitative Analysis of Synthetic Tickets

To examine whether synthetic tickets introduce meaningful diversity rather than mere surface-level paraphrasing,
we present representative example in Table 8. As shown, by using original ticket titles as generative seeds, our method
enriches the operational context. While strictly preserving the core semantic integrity of labels (e.g., “connection error”),
the synthesized tickets organically incorporate fine-grained, discriminative features, such as CLOSE_WAIT kernel
states and gRPC protocol latencies. This transition from sparse intent to rich operational scenarios shows that our
synthetic tickets go beyond surface-level paraphrasing, helping to address long-tail class sparsity and providing the
model with a stronger basis for accurate ticket triage.
6 Industrial Deployment

6.1 Online Deployment

CoTriage has been deployed in the ticket management system of ByteDance’s STE team. For each engineer-submitted
ticket, CoTriage first generates a concise summary by extracting key information from the title and discussion content.
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Table 8. Qualitative examples of synthetic tickets.

Type Illustrative Examples

Seed Ticket Some instances in the TCE service frequently encounter TCP connection errors when access-
ing external networks.

Synthetic Ticket 1 In the TCE cluster, some application instances frequently encounter TCP connection timeouts
when accessing external APIs. The errors are concentrated during specific time periods.
Restarting the instances temporarily mitigates the issue, but it reoccurs afterward. The net-
work connection state of the instances is observed as CLOSE_WAIT, but the root cause
remains unclear. An investigation is needed to determine whether abnormal network configu-
rations or service dependencies are causing connections to remain open for extended periods,
and whether any underlying network devices or firewall policies are imposing restrictions.
Assistance is requested to analyze relevant logs and network paths to identify the root cause
and resolve the issue.

Synthetic Ticket 2 On the TCE cluster, a microservice intermittently experiences connection timeouts when
invoking external APIs via the gRPC protocol. Network monitoring indicates connection
establishment failures and significant request latency fluctuations. Investigation is needed
to determine whether the issue stems from network configuration or service dependency
problems.

Based on this summary, it predicts the appropriate team and assigns the ticket to the appropriate team, where engineers
further analyze and resolve the incident.

Training Cost. The system runs on a high-performance Linux server equipped with an Intel(R) Xeon(R) Gold 5416S
CPU and two NVIDIA A6000 GPU with 48 GB VRAM. The training pipeline includes 11 hours of knowledge distillation
fine-tuning, followed by 15 hours of self-reinforcement optimization to transform a naive LLM into a specialized ticket
Triager, and an additional 4 hours of DPO tuning for the ticket Summarizer.

6.2 Case Study

Ticket summary provided by the Summarizer:
During the cloud adaptation process of the 
pooling machines under TCE, an error 
occurred at startup: “Huh? What family is it: 
0x19?!”. It is currently uncertain whether this 
affects the network. Multiple machines (such 
as ** and **) reported similar errors, with the 
message containing “0x19”. There is no 
immediate business impact  during the 
adaptation period. It is recommended to 
collect the IPs of the pooling machines for 
downtime analysis.

Final responsible team 
category determined by 

the Triager:

Kernel/Compute

Summarizer 

Ticket:
The merged pool machine reported 
the error ``Huh? What family isit: 
0x19?! ". The on-call target hopes 
to identify the cause of this error, 
assess its potential impact, and 
determine how to fix it. During the 
TCE cloud migration adaptation 
process, this error occurred when 
starting a machine in the merged 
pool, and it is currently unclear 
whether this issue affects the 
network.        
[Relevant error log information]
  ...

Triager

Fig. 8. The workflow of an example.

To comprehensively demonstrate the effectiveness of CoTriage, we present a detailed case study. To maintain strict
corporate data privacy standards, all sensitive information has been excluded from the description.
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As illustrated in Figure 8, we analyze a real-world ticket from a TCE cloud migration scenario, where a startup
error occurred in a merged pool environment with the message: “Huh? What family is it: 0x19?!” We propose a
collaborative strategy. Firstly, the Summarizer filters system noise and extracts the most discriminative information,
specifically the startup error occurring during the cloud adaptation process in a merged pool environment. Based on
this distilled summary, the Triager infers that the hexadecimal code “0x19” indicates potential kernel resource conflicts.
By mapping these symptoms to the Kernel/Compute team, which covers soft lockups, reboot issues, and kernel panics,
the system identifies the ticket as kernel-related. Ultimately, the Triager accurately assigns the ticket, demonstrating
the collaborative advantage of CoTriage in enabling precise reasoning and reliable triage.

6.3 Generalizability and Flexibility

6.3.1 Generalizability. This study is based on data collected from the production environment of ByteDance’s STE
team, ensuring the representativeness and generalizability of our methodologies and findings. Although the framework
was initially designed for the specific scenarios in this study, it can be effectively extended to other tasks involving
complex long-text classification, such as ticket triage in customer service systems. This demonstrates CoTriage’s strong
adaptability and potential for cross-scenario applications in diverse long-text processing contexts.

6.3.2 Flexibility. CoTriage adopts a modular design, endowing the framework with high flexibility and enabling fine-
grained customization according to specific application requirements without compromising overall triage performance.
For instance, users can adjust the sampling strategy of the summarizer or the scoring mechanism to accommodate
different application contexts. This configurability is particularly critical in dynamic and diverse application scenarios,
allowing the framework to adapt to various demands and challenges, thereby significantly enhancing its applicability
and practical value in production environments.

6.4 Lessons Learned

6.4.1 Collaborative Optimization Enhances Summary Generation Quality. Although LLMs perform well in summariza-
tion, they often fail to capture critical information when processing real-world tickets, which are typically lengthy,
noisy, and rich in domain knowledge. This limitation undermines their effectiveness in supporting downstream triage
tasks. Our study shows that collaborative optimization, using the Triager as a reward model for end-to-end training,
effectively guides the summarizer to focus on discriminative information closely related to triage, improving the
alignment between summary quality and triage accuracy.

7 DISCUSSION

7.1 Limitations

Our study explores the potential of collaboration between large and small models in ticket triage scenarios and identifies
two major limitations.

7.1.1 Self-Reinforcement Induced Bias. The self-reinforcement mechanism relies on the model’s internal cognition,
which may inadvertently amplify existing biases during reinforcement learning optimization if the base model has
absorbed undesirable biases during training. The model may rationalize its predictions through seemingly coherent
reasoning steps and reward itself for outputs that conform to learned patterns. We observed some cases where the
reasoning chain appeared plausible, yet the final classification was incorrect. To mitigate this issue, we first fine-tuned
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the model via knowledge distillation, equipping it with an initial high-quality triage capability. Building on this improved
foundation, we then applied self-reinforcement to further enhance performance. Future work should explore hybrid
strategies, such as using endogenous rewards as the primary signal while incorporating high-quality human feedback
or guidance from more capable models to periodically correct model biases.

7.1.2 Limitations in Handling Image-Based or Multimodal Data. Our current approach focuses exclusively on text-based
tickets and does not incorporate image-based or multimodal information, such as screenshots or visual logs, which are
prevalent in real-world ticket management systems. This limitation may reduce the model’s ability to fully capture the
contextual cues present in complex tickets, potentially affecting triage accuracy. To address this limitation, future work
should explore integrating visual representations or joint text-image modeling, possibly combining pretrained vision-
language models with our current framework to enhance performance on tickets containing rich visual information.

7.2 Threats to Validity

7.2.1 Internal threats. The triage performance of CoTriage can be influenced by the selection of SLMs. To systematically
examine this potential sensitivity, we conducted comparative evaluations across several widely used SLMs, including
DeepSeek-R1-Distill-Qwen-7B, Llama-3.1-8B-Instruct, Qwen3-8B and Qwen3-4B. The experimental results demonstrate
that, while slight performance variations exist among different model , CoTriage consistently achieves high triage
accuracy across diverse configurations. These findings highlight the robustness and generalizability of our approach,
indicating that its effectiveness is not overly sensitive to the particular choice of backbone models.

In addition, the human evaluation of the generated summaries may introduce potential threats to internal validity.
Although the 50 evaluation samples were randomly selected to cover diverse ticket teams, they may not fully represent
all real-world incident scenarios. Furthermore, the evaluation process inherently involves subjective judgment from
human experts. To mitigate this threat, each summary was independently assessed by two domain experts with extensive
experience in incident management. The final scores were computed by averaging the ratings across evaluators, thereby
reducing potential individual bias. Moreover, inter-annotator agreement was assessed using weighted Cohen’s Kappa,
with a score of 0.588, indicating moderate agreement among the evaluators.

7.2.2 External threats. The threat to external validity lies in the extent to which our experimental results can be
generalized.We evaluated CoTriage only on ticket data collected from the STE team in ByteDance’s real-world production
environment. Nevertheless, we believe CoTriage’s method is highly transferable to triage scenarios in other organizations,
owing to its modular design and flexible fine-tuning strategy for SLMs, which together offer strong adaptability. With a
limited amount of labeled data from a target domain, CoTriage can be efficiently transferred and customized, enabling
rapid deployment and improved performance in new application scenarios. Future work will focus on further validating
and optimizing CoTriage’s generalizability and robustness across industries, languages, and diverse operation and
maintenance environments, promoting its application in broader real-world production environments.

7.3 Broader Potentials of Agentic AI in AIOps

Although our study primarily focuses on ticket triage, the potential of agentic AI in AIOps extends well beyond this
domain. By leveraging the inherent strengths of AI agents, specifically their capabilities in contextual reasoning,
autonomous decision-making, and tool invocation, AIOps can evolve toward more intelligent operational paradigms.

For example, in root cause analysis, multiple agents can collaborate to integrate insights from various data sources
including logs, metrics, and traces, thereby enhancing both diagnostic accuracy and interpretability. By synthesizing
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signals from different types of data, agents can uncover issues that a single agent might overlook, leading to more reliable
anomaly detection and root cause analysis. Furthermore, in incident mitigation, equipping agents with the necessary
tools enables the agent-based system to autonomously invoke remediation scripts and validate recovery outcomes
through iterative feedback loops. This dynamic approach ensures more efficient incident mitigation, significantly
reducing the time to mitigate (TTM) and minimizing the need for manual intervention.

Collectively, these directions highlight the transformative potential of agentic AI to drive end-to-end automation
across the AIOps lifecycle.

7.4 Deployment Challenges

While our approach demonstrates promising performance in offline experiments, deploying it in real-world production
environment introduces additional challenges due to the gap between offline testing and online operation. Offline
experiments enable rapid trial-and-error validation, identifying effective strategies at relatively low cost. Once initial
results are obtained, online deployment provides fast feedback from real usage, allowing iterative refinement and
performance optimization. This offline–online iterative workflow underscores the value of combining controlled
experimentation with real-world validation to ensure both effectiveness and adaptability in enterprise settings.

8 RELATEDWORK

8.1 Triage in software engineering

In software engineering, triage is generally categorized into incident triage and bug triage, based on the types of objects
being addressed, application scenarios, and core objectives [33, 50, 58]. Incident triage focuses on handling incident
tickets reported for unexpected operational incidents in production environments. Its primary goals are to rapidly
identify the scope of impact, assess the urgency of incidents, and triage them to the appropriate responsible teams,
thereby minimizing service downtime and business loss. In contrast, bug triage targets the systematic processing of
bug reports submitted during the software development and maintenance phases. Its core objective is to efficiently
assign bugs to the most suitable developers or teams through a series of analytical processes, ensuring that defects are
prioritized and accurately resolved under limited development resources.

Incident ticket triage. Ticket triage aims to build classifier models by leveraging both textual and non-textual
features to achieve efficient and accurate ticket triage. Existing research has made notable progress in this area.
For example, [23] improves triage accuracy through ensemble methods combining Naive Bayes, SVM, KNN, and
Decision Tree. CNN Triager [28] employs Convolutional Neural Network and word embeddings for automated ticket
triage, enhancing triage efficiency. DeepCT [7] utilizes GRU model to capture temporal dependencies in discussions,
incorporates attention mechanisms to mitigate noise, and optimizes stage-wise predictions using a continuous loss
function. This enables incremental knowledge learning, allowing accurate incident triage with fewer interactions and
significantly reducing incidentmitigation time. Additionally, [6] adopts deep learning to further improve the performance
of ticket triage. DeepTriage [35] integrates multiple machine learning techniques to efficiently and automatically assign
incidents to the appropriate teams. While Goel et al. [14] combines retrieval-based association mining with LLM
reasoning. It integrates X-lifecycle data into GPT-4–based reasoning pipelines for root cause recommendation and
monitoring classification, leveraging event semantics and dependency metadata to improve LLM-based ticket triage.
COMET [44] combines domain knowledge with LLMs to extract keywords and predicts the responsible team based on the
similarity between new and historical incident embeddings, thereby improving accuracy and reducing mitigation latency.
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TickIt [31] introduces an LLM-based online ticket escalation framework that continuously understands dialogue content,
performs topic-aware multi-class escalation, and exploits inter-ticket relationships, achieving efficient automated
ticket escalation through feedback-driven fine-tuning. Triangle [51] proposes a multi-agent collaborative ticket triage
method, which integrates semantic distillation, candidate team generation, and negotiation-based decision-making to
automatically fuse multi-team domain knowledge and achieve high-accuracy ticket triage. Despite these advancements,
existing ticket triage methods often rely on large models making them difficult to deploy under resource-constrained
settings. Our approach, CoTriage, overcomes these limitations by transferring a large model’s reasoning capability to
a lightweight student model via knowledge distillation, enhanced with self-reinforcement and collaborative tuning,
achieving efficient deployment and expert-level triage.

Bug triage. Recent research on bug triage is extensive and can generally be divided into twomain categories: machine
learning–based methods and information retrieval-based methods. Machine learning–based approaches typically
formulate bug triage as a supervised classification problem. By learning patterns from historical bug reports, these
methods build models to automatically complete the triage task. For example, Lee et al. [29] employed a convolutional
neural network combined with Word2Vec embeddings to achieve automated bug triage. Dipongkor [11] proposed an
ensemble method that integrates six Transformer-based LLMs, combined with voting and stacking techniques, and
demonstrated that the ensemble outperforms individual models. In contrast, information retrieval–based approaches
treat bug triage as a text matching task, assigning developers by measuring the similarity between new bug reports
and historical reports or developer-related documents. For instance, Bugzie [41] combines fuzzy sets with caching
mechanisms to model developers’ fixing expertise, incrementally updates membership scores and aggregates fuzzy sets
for new bugs, then ranks developers for triaging. Dretom [47] constructs topic models from historical bug resolution
records to capture developers’ interests and expertise in different bug types, and ranks developers accordingly for new
bug reports. BugFixer [19] builds a Developer–Component–Bug network to model the relationships among them and
ranks developers based on their connectivity and similarity to historical bug-fixing information. However, the inherent
scale, complexity, and diverse failure patterns of cloud systems make incident triage significantly more challenging in
real-world industrial environments.

8.2 LLMs in cloud system maintenance

In the realm of cloud system maintenance, LLMs have been widely applied to address various challenges, including
incident management [15, 43], incident reporting [22, 52], root cause analysis [1, 8, 56, 57] and incident mitigation
[2, 39]. NetAssistant [43] is a dialogue-based network diagnosis system that leverages natural language processing to
understand user queries and performs diagnosis using predefined workflows built from network engineers’ expertise.
OASIS [22] generates human-readable system outage summaries to help maintenance engineers quickly grasp the
context and severity of issues. mABC [56] is a collaborative framework based on multi-agent systems and a blockchain
voting mechanism, which achieves efficient root cause analysis by standardizing task decomposition and collaboration
through agent workflow. [39] leverages LLMs to perform contextual learning using a customized Ansible-based
remediation dataset, automatically generating and executing Ansible playbooks to resolve various issues inmicroservices
environments. Unlike previous approaches, we propose for the first time a collaborative method combining large and
small models to achieve efficient ticket triage.
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9 CONCLUSION

To improve the accuracy and efficiency of ticket triage, we propose CoTriage, an end-to-end automated ticket triage
framework powered by LLMs. CoTriage leverages CoT knowledge distillation to transfer the advanced reasoning
capabilities of LLMs to SLMs. Building on this foundation, CoTriage incorporates a self-reinforcement mechanism that
iteratively refines the model’s reasoning ability, further enhancing its triage performance. Additionally, to effectively
extract key information from noisy ticket content, CoTriage utilizes the previously trained triage model as a reward
model and employs DPO to fine-tune a ticket summarizer , thereby assisting in improving triage accuracy. Extensive
experiments on a real-world ticket dataset from the production environment of a top-tier global online video service
provider, ByteDance, demonstrate CoTriage’s effectiveness. Moreover, CoTriage has been successfully deployed in the
STE team’s ticket management system at ByteDance, significantly improving ticket triage efficiency. The average triage
time per ticket has been reduced to 15.0 seconds, achieving a 13-fold efficiency gain compared to manual triage, and
substantially lowering both labor and time costs.
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