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Abstract

System logs are very useful for monitoring, debugging and diagnosing failures of large systems
but they tend to be sensitive and thus not easy to share and make use of in a research. We
propose a solution to this problem: to produce synthetic logs information of sufficiently good
quality such that the structure and the statistical distribution of the real logs and privacy infor-
mation are preserved. The strategy has three steps. The former part is masking the sensitive
material on the logs by using a multi-pass algorithm of anonymization that generates a dictio-
nary of sensitive words and substitutes them with generic names. Second, using the anonymized
logs synthetic logs are generated using large language models (LLMs) and to ensure continuity
between chunks summaries of previously generated synthetic log chunks are used and reflec-
tive verification loops also. Lastly, the produced logs are fed through a multi-agent debating
model which is automated and functions using an LLM pipeline to achieve the structural and
contextual correctness. With the help of this model, organizations can generate viable, inter-
changeable logs without revealing information that is confidential that can be used to aid in
the completion of tasks such as log enquiry, failure enquiry, and root-cause research.
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1 Introduction

The large content in the system records concerning the organization is highly sensitive e.g. infras-
tructure, behavior and activities of the system by users and therefore, this should not be shared
with people. To overcome this shortcoming, this paper targets to make a system for synthetically
generating system logs, which has the same structure and charectersitics of the private logs within
organizations.

A synthetic log data is applied in most of the real-life applications in the field of IT work
and cybersecurity, as well as in research. It gives an opportunity to analyze the behavior and the
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Fig. 1: Overview of 3 Stage Synthetic Log Generation

performance of a system without compromising the internal confidential information. Synthetic logs
are most often used in root cause analysis to help engineers in the investigation of failures without
even having to look at the actual production logs. They are also handy in designing and testing
of IT systems, detection and monitoring of anomalies where the actual data of the logs are not
available to share. Synthetic logs are also used to benchmark and train machine learning models
and to execute large-scale experiments because they not only give realistic data but also do not
violate privacy.

Among such key issues that can be faced when constructing synthetic logs, major one is the
excessive volume of system logs data. The system logs of most cases are larger than the context
window of a large language model and therefore the model can only fit a portion of the data at a
particular time. Regardless of the sophistication of our models, such as GPT-4o, the quantity of
tokens that can be generated or processed at a single run to create the synthetic logs, is limited.

The other critical issue is that of evaluating the generated synthetic logs. Because synthetic logs
contain non-natural language data, manual evaluation is difficult and automated procedures are
only possible evaluation methods. The quality and accuracy of synthetic logs can be assessed with
the help LLM based evaluation methods.

The combination of large language models and anonymization principles and a special evaluation
platform can produce quality synthetic data and this method protects confidential data from being
leaked. The given method is not confined to the system logs as it can be applied in the other fields
where the structured information has to be extracted and privacy has to be preserved.

This paper has been able to create the synthetic log without the leakage of any sensitive
information. The system logs are anonymized by replacing the confidential fields with generalized
placeholders. Large language models are then fed with the synthesized log data in the form of chunks.
The generated logs are extremely huge and to check structural validity of them, we employ a reflec-
tive step in checking logs. We check continuity of the generated log chunk by the use of summary
of the preceding log chunks. Finally, the synthetic logs are also tested with the aid of multi-agent
architecture that verifies the structural correctness and continuity of generated synthetic logs.

The main contribution of this paper are follows,

• A method for anonymizing sensitive content in system log data.
• An approach for generating synthetic log data from anonymized logs.
• A framework for evaluating the correctness and quality of the generated logs.

2 Related Work

Synthetic logs can be used in a wide variety of tasks, including question answering, anomaly deten-
tion, and root cause analysis. The framework in [1] offers effective question answering system which
can be applied on complicated IT logs comprising domain terminology, error codes and file names.
The LogHub dataset [2, 3], offers research log data on various tasks.

There are also some approaches that produce synthetically generated logs through the traditional
or large language models. AnomalyGen [4, 5] creates semantic log sequences by combining static
program analysis and Chain of Thought prompting approach using LLMs. AnomalyGen focuses to
generate syntetic logs for anomaly detection. But our method is more flexible and it can generate
the synthetic log for any task.
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LogGenST method [6–8] uses three connected LLMs to generate realistic logs. It has 3
components, Gnereator, Discriminator and Prompt Engineer. The Generator creates the logs,
Discriminator checks their quality, and Prompt Engineer updates the instructions based on this
feedback. This process helps ensure that system faults are represented correctly. However, this
method does not use raw, unprocessed logs. It also relies only on a single discriminator LLM for
evaluation.In contrast, our approach includes a reflective verification step during the generation of
each log chunk. Additionally, every generated chunk is evaluated independently using a multi-agent
debating system.

[9] describes a non-LLM method for generating synthetic log files. It uses Generative Adversarial
Networks (GANs) to make the logs look realistic. This approach requires GANs to be trained on
processed log data.

Our framework gives more importance to privacy than existing methods. At the same time, it
preserves the structure and flow of real log data. LogGenST uses an adversarial LLM to generate
fault scenarios without using real logs. Its main focus is flexibility, not privacy protection. Anoma-
lyGen, relies on static program analysis and access to source code. It generates semantically rich log
sequences, mainly for anomaly detection. It does not directly address privacy concerns.Although all
three approaches use LLMs to generate realistic logs, our framework offers an advantage. It enables
the creation of shareable, privacy-preserving logs from real world data.

3 Methodology

3.1 Problem Statement

System logs play a valuable role IT systems since it contain sensitive information about organizations
and users, they are difficult to share. Synthetic logs should be made in such a way that preserve the
structure and the patterns of the original data and while eliminating the privacy issues. The most
important tasks in generating the synthetic logs are concealing sensitive information, producing
high quality synthetic logs and ensuring the continuity and structural correctness.

3.2 Masking sensitive information

Examples of sensitive information that is usually present in system log data are system architecture
and system user activity of an organization. Because the system logs are large in size, it is not
possible to mask all the sensitive contents in one step.

To handle large log files, the log data is split into fixed size chunks. A well written prompt is
used to detect sensitive data in each log chunk. All the collected sensitive data is grouped based on
its categories and a generic label is assigned for each categories. The collection of sensitive content
is done by a local LLM. De-duplication of sensitive content is also performed. By this process a
dictionary is generated which connect sensitive content to its category name. With this dictionary,
sensitive content in the log file is programatically replaced by its category name.

Fig. 2: Diagram of Masking Mensitive Content from the Log File
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3.3 Generation of synthetic log

The second step is the synthesis of log information of the anonymized (masked) logs after masking
the sensitive information. Proprietary models (e.g. GPT 4o) can exist because of the substitution
of the sensitive fields. The masked log is divided into model context-window limited blocks.

It is created in batches and each batch is inputted into the LLM and few-shot prompt is provided
which explicitly requests the model not to the word-to-word recreation, but compels them to create
a log structure. The first chunk contains the masked chunk and examples in the few-shot prompt
are used to convince the generator to learn the format of the target.

It is challenging to keep continuity among pieces. To ensure the integrity and retain the imme-
diate succinct we retain a brief outline of each of the generated chunks. The masked form of the last
chunk i, the most recently generated chunk i, and summaries of the last n chunks generated are given
by the fact that the prompt of generation of chunk i is more than 1. This assists in ensuring that
it offers adequate background that does not overstrain in the provision of the input of the model.

The quality of the generated logs may begin to decrease with the increase of the number of
chunks. To cope with this we resort to reflective verification loop. Following the creation of chunk, an
independent verification prompt will be used to determine whether the chunk is structurally sound
and whether even it will fit within the already created content. The checking person passes or fails
and also provides brief explanation. As the chunk passes then it is retained and the generation is
resumed. When the verifier and original masked chunk fail to be recognized, the previous generated
chunk and corresponding summaries are sent through the generator which can then generate an
improved one.

3.4 Evaluating the generated synthetic data

Synthetic log data generated should be evaluated. Since human evaluation is expensive and
practically difficult, a better option is to use LLMs for synthetic log evaluation.

This algorithm involves a few-shot prompt to match each chunk of the log generated under this
technique with the original one. In order to give it a context, the chunk generated immediately before
is also evaluated alongside it in form of summaries of the preceding ten chunks. The evaluation is
conducted within a multi-agent deliberation system where one of the agents identifies the affirmative
aspect of the formulated chunk, the other agent emphasizes the demerit aspect and a judge is
brought to determine whether the chunk is connected to the standards of quality demanded.

This synthetic log evaluation approch uses a muti-agent debating method. To check the conti-
nuity of the generated log chunk, the log chunk is evaluated with summaries of the previous ten
chunks and the previous chunk itself. To check the structural correctness, each synthetically gener-
ated log chunk is compared with the original log chunk. In the debating system, one agent lists the
strengths of the generated chunk ( both structural and continuity) , another lists its weaknesses,
and the judge decides whether the chunk has necessary qualities. The judge can ask questionsto
the the agents, this makes the evaluation interactive.

4 Experimental Details

4.1 Preprocessing setup

To hide the sensitive content, the log file is divided into fixed size chunks of 200 lines. Sensitive
information in each log chunk is collected using the Mistral-7B model with the help of a structured
few-shot prompt. The collected sensitive information is stored in a text file as a dictionary. In the
dictionary each category name corresponds to the sensitive entities it represents.

After all chunks are processed, a Python script collect sensitive contents from all the log chunks
and removes duplicate entries. This gives a complete dictionary for the log file that maps each
sensitive data to its category name. Finally, another Python script replaces all sensitive information
in the log file with the corresponding category name.
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Fig. 3: Workflow of Synthetic Log Generation from Anonymized Logs

Fig. 4: Multi-Agent Debating System for Evaluating Synthetic Logs

4.2 Synthetic log generation

Synthetic logs are generated from the anonymized log file using GPT-4o model. The anonymized
log data is split into 200 line chunks and generated one chunk at a time. To make the generated log
continuous, the model is given examples, short summaries of the previous ten blocks, and the most
recently generated chunk.

After generation of log chunk, each generated log chunk is evaluated to confirm its structural
correctness and continuity. If any issues are found in the generated log chunk, feedback is given to
the log generator and the chunk is regenerated until it meets the required quality.

4.3 Evaluation framework

To evaluate the correctness of generated log chunk, multi agent debating system is used with GPT-4o
as the base model.
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4.4 Implementation Details

Sensitive information was anonymized using Mistral-7B model and to generate and evaluate the
synthetic logs GPT-4o was used. For log generation temperature of 0.1 and verification and eval-
uation temperature of 0.01 are used. The number of tokens was kept within the model’s context
window.

Experiments were done on real system logs called Warrior logs. The Warrior logs are semi-
structured. They store information related to timestamps, severity information, and event messages.

Mistral-7B model was run on a NVIDIA A40 GPU (24 GB VRAM). There was no finetuning,
all models are used via inference.

5 Limitations

The synthetic log generation method works well, but it has some limitations. One important issue
is hallucinations, the data generated by the framework seem to be correct, but may not be correct.
Reflective verification step and multi-agent evaluation system catch many errors, but they cannot
identify all the errors.

The method relies on GPT-4o. This make the log generation easier but limit the access and
reproducibility of the method. Using open-source could help in the future.

Generating logs in chunks and checking their quality repeatedly increases computation cost. This
can slow down the system and make the scaling also harder. This could be improved by increasing
chunk sizes and reducing evaluations.

Overall, these limitations show the trade-offs between quality, and efficiency, and point to ways
the framework can be improved.

6 Conclusion

This paper presents a new method to create and evaluate synthetic log data from already existing log
files that contain sensitive information. The method combines anonymization process, use of large
language models, and step-by-step evaluation using multi agent debating system. This framework
ensures both structural and continuty correctness of the generated log data. Logs are generated
in chunks, checked with reflective verification, and reviewed by a multi-agent system to ensure
quality and accuracy. This allows organizations to safely use synthetic logs for analysis, anomaly
detection, and benchmarking without revealing sensitive information. Overall, the approach shows
that modern language models can help produce high-quality, privacy-safe synthetic logs.
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7 Appendix

7.1 Prompts

These are the prompts used for the experiments.

Fig. 5: Prompt for synthetic log generation
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Fig. 6: Prompt for masking sensitive content from log data
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Fig. 7: Diagram for synthetic log evaluation
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Fig. 8: Prompts for Pros, Cons and Judge agent
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7.2 Case Study: Multi-Agent Evaluation of a Synthetic Log Chunk

We present a representative example illustrating how the proposed multi-agent evaluation frame-
work assesses a generated synthetic log chunk. The example highlights the practical effectiveness of
the proposed evaluation module in validating both structural correctness and contextual continuity
of synthetic logs.

Fig. 9: Case Study
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