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The Cornerstone of System Reliability: Observability
• The Three Pillars of System Observability: Modern systems rely on Metrics, 

Traces, and Logs
• Metrics tell you that a problem happened.
• Traces tell you where it happened.
• But Logs are often the only ground truth to tell you why it happened.

“The most effective debugging tool 
is still careful thought, coupled with 
judiciously placed print statements.”

-- Brian Kernighan



The Problem: Logging Debt
• However, the traditional process for improving it is broken:

ü Manual & Meeting-Driven: Relies on post-incident reviews and SRE meetings.
ü Reactive: Fixes problems after an incident occurs.
ü Unscalable: Cannot keep pace with the rapid evolution of large-scale codebases.



The Gap: Why Can't Existing Tools Help?
• Claim: Tools are Reactive.
• Fact 1: Existing tools require a developer to first select a method to improve.

• They cannot answer the critical whether-to-log question at scale.
• Fact 2: Logging is SPARSE in real-world codebases.

Ø Conclusion: A tool that just inserts logs everywhere is not practical.

The hardest part

[ICSE’22] Using deep learning to generate complete log statements
[ICSE’24] UniLog: Automatic Logging via LLM and In-Context Learning
[FSE’24] Go Static: Contextualized Logging Statement Generation



• Claim: Existing tools are narrow.
• Fact 1: Existing tools focus only on insertion.
• Fact 2: Logging insertion is only 44.1% of real-world work.

Ø Conclusion: We must generate holistic logging patches to 
cope with logging debt.

We need a Proactive and Holistic logging tool.

The Gap: Why Can't Existing Tools Help?

[ICSE’22] Using deep learning to generate complete log statements
[ICSE’24] UniLog: Automatic Logging via LLM and In-Context Learning
[FSE’24] Go Static: Contextualized Logging Statement Generation



Our Proposal: LogImprover



Our Proposal: LogImprover



Our Proposal: LogImprover



Our Proposal: LogImprover



Our Proposal: LogImprover



Main Contribution: Two Paradigm Shifts
• Shift 1: From Reactive Generation → Proactive Discovery

• Old Way: A developer picks a method, and invoke the logging tool.
• Our Way: The tool proactively scans the entire codebase to discover whether and where to improve.

• Shift 2: From Simple Insertion → Holistic Patch Generation.
• Old Way: Tools focus only on inserting new logging statements.
• Our Way: The tool generates holistic patches that mirror real developer work: Insertion, Modification, 

and Variable Enhancement.



Stage 2: Cascading Contextualized RAG
• Problem: Abstract rules are too general to follow.
• Solution: Ground suggestions in peer-validated evidence from post-incident 

fixes and show house repos.
• Cascading RAG Pipeline:
1. Lexical Filtering (BM25): Fast, coarse-grained filter .
2. Semantic Re-ranking (Dense): Matches functional intent .
3. Dependency-Aware Re-ranking (LLM): Matches structural context (call graph isomorphism) 
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Stage 3: Inheritance-Aware False Positive Pruning
• Logging Responsibility

• A method may intentionally not log, instead enhancing an error (e.g., fmt.Errorf) for the caller to handle.
• We analyze the call stack to respect these boundaries.

• Implicit Logger Inheritance
• Modern frameworks automatically inject context (e.g., trace_id) via a base logger.
• Our Log Config Agent (Static Analysis + LLM) builds a profile of this implicit behavior to prevent redundant 

suggestions.



Evaluation Setup: Close-World
• Dataset (with real-world logging patch as label)

ü 10 mature, large-scale cloud services at ByteDance (3.8M Go LoC)

• Baselines.
ü SCLogger , LANCE
ü Raw LLM, Raw LLM + RAG

• Metrics (Each stage is conditioned on the success of the previous one.)
ü Decision (D-F1): Is the whether-to-log decision correct?
ü Position (P-ACC): Is the location correct?
ü Content (L-ACC, V-F1, etc.): Is the log content (level, variables) correct?
ü Overall Quality (Judge Score): A holistic score for valid suggestions.



RQ1: How effective is LOGIMPROVER? 
• Logging Statement Insertion

• We are 28.2% better at the critical whether-to-log Decision (D-F1).

• Logging Statement Modification
• LogImprover again leads in deciding which logs to modify and generating superior content.

• Logging Variable Enhancement
• LogImprover outperform baselines in identifying where to enhance error variables and generate the 

most valuable enhancements 



RQ2: How do the different stages contribute? 

• W/O Stage 1 (Proactive Scan)
• Token cost per method increased by 4x.
• Role: Essential for efficiency and scalability.

• W/O Stage 2 (Contextualized Refinement)
• Severe performance drop across all metrics.
• Role: Grounding in concrete examples (RAG) is the 

core driver of quality.

• W/O Stage 3 (Inheritance-Aware Pruning)
• Significant quality drop; introduces critical noise.
• Role: Provides structural pruning and precision



Real-World Deployment & Case Study
• Deployed at ByteDance, scanning legacy code and new logging patches.
• Key Result.

ü 68.12% Overall Labeled Developer Acceptance Rate

• Validating the Holistic" Approach
ü 46.4% Variable Enhancement
ü 38.6% Insertion
ü 15.0% Modification



Takeaways
• Our empirical study revealed real-world logging improvement is holistic; the majority 

of developer effort is on modification and enhancement, not just insertion.

• Effective logging recommendations are derived from mining the silent practices of 
mature, peer-validated codebases, not from abstract principles.

• High precision requires pruning; analyzing logging responsibility and implicit logger 
behavior is as critical as generation itself.

• High developer acceptance is achieved not just by the patch, but by synthesizing all 
pipeline evidence into a convincing, multi-faceted argument that builds trust .
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