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1. EXECUTIVE SUMMARY

SGLang is a production-grade inference engine designed for large language models (LLMs)
and multimodal models. The platform demonstrates substantial engineering maturity with
comprehensive support for multiple hardware backends (NVIDIA, AMD, Ascend), extensive
model architecture support, and sophisticated optimisation features including quantisation,
speculative decoding, and distributed inference. The codebase exhibits strong architectural
organisation with clear separation between runtime components, model layers, and
hardware abstraction.

The overall production readiness assessment yields a score of 71/100 (Grade C, Fair level).
This reflects a platform that is functionally complete and operationally capable, but with
notable gaps in security posture and code quality consistency that should be addressed
before scaling to enterprise production environments. The platform's strengths lie in its
comprehensive documentation (80/100), robust test coverage across multiple hardware
platforms (70/100), and strong observability tooling with Prometheus metrics and structured
logging (70/100).

Critical risks requiring immediate attention include hardcoded API keys and secrets detected
in source code and configuration files (notably HF_TOKEN in docker/compose.yaml ),
incomplete input validation across endpoints, and the absence of systematic security
scanning integration in the CI pipeline. These security gaps present material risk for
production deployment and must be remediated. The dependency tree is extensive with 226
dependencies, increasing both the attack surface and ongoing maintenance burden.

The estimated development investment to build this software to its current state is
€2,692,800-€3,643,200, representing approximately 28,800 hours of development effort over
an 18-month period with a team of 12 engineers. This valuation reflects the substantial
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complexity of supporting multiple GPU vendors, diverse quantisation schemes, and
distributed inference patterns across a codebase exceeding one million effective lines of
code.

2. PLATFORM OVERVIEW

2.1 Functional Description

SGLang is a high-performance inference engine for large language and multimodal models.
The platform provides a comprehensive runtime environment for deploying and serving
LLMs with optimisations for throughput, latency, and resource efficiency.

Core Features and Capabilities:

« Multi-Model Support: Extensive support for popular model architectures including
Llama, Qwen, DeepSeek, Gemma, Mistral, Mixtral, and numerous specialised models for
vision, audio, and multimodal tasks

+ Hardware Abstraction: Unified interface supporting NVIDIA GPUs (CUDA), AMD GPUs
(ROCm), Huawei Ascend NPUs, Intel XPUs, and Apple Metal, with hardware-specific
optimisations

* Quantisation: Support for multiple quantisation schemes including FP8, INT8, INT4, NF4,
and block-wise quantisation methods (AWQ, GPTQ, Marlin)

* Distributed Inference: Tensor parallelism, pipeline parallelism, data parallelism, and
expert parallelism for MoE models

* Speculative Decoding: EAGLE, N-gram, and standalone speculative decoding methods to
improve throughput

* Memory Optimisation: Radix attention cache, hierarchical caching (HiCache), and sparse
attention mechanisms

* Structured Outputs: Constrained decoding with grammar-based token filtering for
JSON, regex, and EBNF formats

+ API Compatibility: OpenAl-compatible API, Anthropic-compatible API, and Ollama
compatibility layer

User-Facing Functionality:
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The platform exposes HTTP endpoints for chat completions, completions, embeddings,
reranking, scoring, and transcription services. It supports streaming responses, function
calling, tool use, and vision-language interactions. The runtime provides both online serving
via HTTP/gRPC and offline batch inference capabilities.

Key Workflows:
1. Model Serving: Load pretrained weights, initialise hardware resources, and serve
inference requests via REST or gRPC
2. Batch Inference: Process large datasets offline with throughput-optimised scheduling

3. Distributed Deployment: Deploy across multiple nodes with automatic load balancing
and fault tolerance

4. Continuous Batching: Dynamic request scheduling with prefix caching for improved
token efficiency

Target Users:

* Al infrastructure teams deploying LLMs at scale
* Research organisations requiring flexible model support
* Enterprises building production Al applications

* Cloud service providers offering LLM inference as a service

2.2 Technical Architecture
High-Level Architecture:

SGLang employs a modular, layered architecture with clear separation of concerns:
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Client Layer

HTTP/GRPC Clients ‘ ‘ OpenAl API Compatible ‘ ‘ Anthropic API Compatible

FastAPI Server

‘ Request Router ‘ ‘ Authentication Middleware ‘

Obssrvaﬁ

Prometheus Metrics ‘ ‘ Structured Logging

Runtime Core

Batch Manager LJ Memory Manager ‘ ‘ Tokenizer Manager ‘

w Model Layer

Tracing/OpenTelemetry Model Runner

Scheduler

Attention Backend MoE Engine ‘ Quantisation Layer ‘

ﬁdwave Abstraction ﬁ

CUDA Backend ‘ ‘ ROCm Backend

NPU Backend ‘ ‘ CPU Fallback

System Components and Responsibilities:

http_server.py HTTP API endpoints, request routing, middleware
scheduler.py Request scheduling, batch management, priority handling
model_runner.py Model execution, forward pass orchestration
memory_pool.py KV cache management, memory allocation
radix_cache.py Prefix caching for token reuse

tokenizer_manager.py Tokenisation, detokenisation, batch processing
parallel_state.py Distributed coordination, communication groups

Data Flow:

1. Client requests arrive via HTTP/gRPC and are validated-and authenticated
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2. Requests are queued and scheduled based on priority and resource availability

3. The scheduler forms batches, managing prefix caching and memory allocation

4. Model execution proceeds through the attention backend and MoE engine as needed
5. Results are detokenised and streamed or returned to the client

6. Metrics and traces are collected throughout the request lifecycle

Deployment Architecture:

The platform supports multiple deployment patterns:

- Single-node, single-GPU for development

- Single-node, multi-GPU with tensor parallelism

- Multi-node with pipeline and data parallelism

- Disaggregated prefill-decode architecture for improved throughput
- Kubernetes-native deployment with Helm charts and operators

2.3 Technology Stack

Programming Languages:

Page 7 of 32 ' o -Codeego Assessment Report



CGO==GGC
—— 1 4DF79DA8D4F04F318103CBB5BBA70AE4
|

J

Python 809,745 75.4%
JSON 82,181 7.7%
Rust 69,617 6.5%
Markdown 30,165 2.8%
JavaScript 19,313 1.8%
YAML 17,249 1.6%
C++ 16,396 1.5%
Go 6,001 0.6%
Shell 4,196 0.4%
HTML 1,279 0.1%
Css 134 <0.1%

Frameworks and Libraries:

* PyTorch: Core deep learning framework for model execution

* FastAPI: HTTP server framework for API endpoints

* Triton: GPU kernel optimisation and custom operators

* CUDA: NVIDIA GPU acceleration

* gRPC: Remote procedure call framework for internal communication
* Axum: Rust web framework for model gateway

* Transformers: Hugging Face model loading and tokenisation

* VLLM: Paged attention implementation reference

* FlashAttention: Efficient attention implementation
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Databases and Data Stores:

* Redis: Optional caching layer for HiCache storage backend
* LMCache: External cache storage integration
* Mooncake: Distributed cache storage

* HF3FS: High-performance filesystem integration

Infrastructure and Deployment Tools:

* Docker: Containerisation for deployment

* Kubernetes: Orchestration with custom operators
* Prometheus: Metrics collection and monitoring

* OpenTelemetry: Distributed tracing

« Grafana: Dashboard visualisation

Development and Build Tools:

* Poetry: Python dependency management
« Cargo: Rust package management

* CMake: C++ build system

* pytest: Testing framework

* GitHub Actions: CI/CD automation

2.4 Third-Party Integrations
External APIs and Services:

* Hugging Face Hub: Model downloading and versioning
* ModelScope: Alternative model repository (Alibaba)

* OpenAl API: Compatibility layer for drop-in replacement
* Anthropic API: Claude-compatible API endpoints

Authentication Services:

* API key-based authentication (configurable)

* OAuth2 integration points (extensible)
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Cloud Services:

* AWS S3: Model weight storage and retrieval
* Azure Blob Storage: Alternative object storage

* Google Cloud Storage: Model artifact storage

Analytics and Monitoring:

* Prometheus: Metrics exposition
* OpenTelemetry: Trace collection
+ Grafana: Dashboard visualisation

+ Jaeger/Zipkin: Distributed tracing backends

SaasS Dependencies:

* GitHub: Source control and CI/CD
* PyPI: Package distribution

* Docker Hub: Container image distribution

Licensing Considerations:

4DF79DA8D4F04F3181 03C§BSBBA7OAE4
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The codebase is licensed under Apache 2.0. Key dependencies include:

- PyTorch (BSD-style)

- Transformers (Apache 2.0)

- FastAPI (MIT)

- Various CUDA kernels (Apache 2.0, BSD, MIT)

No copyleft (GPL/LGPL) licenses detected in core dependencies.

3. PRODUCTION READINESS ASSESSMENT

3.1 Overall Score: 71/100

Grade: C
Readiness Level: Fair
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Code Quality

Observability ° Test Coverage
70 70

Error Handling
75

Security
65

Dependencies Documentation
75 80

The platform demonstrates functional completeness and operational capability suitable for
production deployment with caveats. Security and code quality improvements are
recommended before enterprise-scale deployment.

3.2 Detailed Breakdown

Code Quality & Maintainability: 60/100

Current State Analysis:

The codebase exhibits a well-structured modular architecture with clear separation between
runtime, layers, and models. The directory structure follows logical organisation with
dedicated modules for attention mechanisms, MoE operations, quantisation, and hardware
backends. However, several maintainability concerns exist.

Specific Findings:

* Large Functions: Multiple functions exceed 50 lines, particularly in benchmark and
kernel files. Files such as python/sglang/srt/layers/moe/fused_moe_triton/
triton_kernels_moe.py contain complex functions that would benefit from refactoring.

* Code Duplication: Benchmark scripts and test utilities show duplication across similar
test cases. The benchmark/ directory contains multiple similar benchmarking scripts that
could be consolidated into reusable utilities.
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* Naming Conventions: Generally consistent naming conventions following Python PEP 8
standards. Some inconsistency in abbreviation usage (e.g., moe VS MoE , kv VS KV ).

* Technical Debt Indicators: Extensive use of # type: ignore comments suggests type
system limitations. Several Tobo and FIxMe comments indicate known issues requiring
attention.

Recommendations:
1. Refactor large functions in kernel and benchmark files to improve readability and reduce
cyclomatic complexity

2. Consolidate duplicated benchmark code into shared utilities with parameterised
configurations

3. Establish and enforce consistent abbreviation conventions across the codebase

4. Address type annotations to reduce reliance on # type: ignore directives

Test Coverage & Quality: 70/100

Current State Analysis:

The platform demonstrates strong test coverage with both unit and integration tests across
multiple hardware platforms (NVIDIA, AMD, Ascend). The test suite includes accuracy
validation, performance benchmarks, and functionality verification.

Specific Findings:

* Unit Test Coverage: Comprehensive unit tests in test/registered/unit/ covering core
components including scheduler, memory management, tokenisation, and model
loading.

* Integration Tests: Extensive integration tests in test/registered/ validating end-to-end
functionality across different model architectures and hardware configurations.

+ Hardware-Specific Tests: Dedicated test suites for AMD ( test/registered/amd/ ), Ascend
( test/registered/ascend/ ), and NVIDIA platforms ensuring cross-platform compatibility.

*+ Missing Critical Tests: Limited testing for edge cases in distributed scenarios. Security-
focused tests (authentication bypass, input validation) are not systematically
implemented.

Testing Patterns:

* pytest-based test framework with fixtures for.common setup
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« Parameterised tests for different model configurations

* Manual test directory ( test/manual/ ) for exploratory testing

Recommendations:

1. Add security-focused test cases for authentication and input validation
2. Implement property-based testing for core algorithms
3. Expand distributed scenario testing with failure injection

4. Automate manual test cases where feasible

Security Posture: 65/100
Current State Analysis:

The security posture requires improvement. While basic authentication mechanisms exist,
systematic input validation and secret management are inconsistent.

Specific Findings:

* Hardcoded Secrets: API keys and tokens detected in configuration files:

* docker/compose.yaml line 16: HF_TOKEN=<secret> placeholder indicates secret
management needed

* docker/k8s-sglang-service.yaml lines 57-58: Similar pattern for Kubernetes deployment

+ Authentication/Authorization: Basic API key authentication implemented. No evidence
of role-based access control (RBAC) or fine-grained permissions.

« Input Validation: Inconsistent input validation across endpoints. Some endpoints
validate request schemas while others rely on downstream validation.

* OWASP Top 10:

* A01 Broken Access Control: Limited access control mechanisms

+ A03 Injection: SQL injection not applicable (NoSQL), but command injection risk in
subprocess calls

* A07 Authentication Failures: Basic authentication without MFA or advanced features

* Dependency Vulnerabilities: No automated SAST/DAST scanning detected in CI pipeline.
Dependency vulnerability scanning not systematically integrated.
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Recommendations:

1. Implement comprehensive secret management using environment variables or vault
solutions (e.g., HashiCorp Vault, AWS Secrets Manager)

2. Add input validation and schema validation on all API endpoints using Pydantic or similar
3. Integrate automated security scanning tools (SAST/DAST) in CI pipeline
4. Implement rate limiting and request throttling

5. Add security headers to HTTP responses (CSP, X-Frame-Options, etc.)

Documentation: 80/100

Current State Analysis:

Documentation is a significant strength of the platform. Comprehensive README files, API
documentation, architecture guides, and developer documentation are provided.

Specific Findings:

* README Completeness: Main README.md provides clear overview, installation
instructions, and usage examples. Individual component READMEs in subdirectories.

«API Documentation: OpenAPI/Swagger documentation available. Endpoint
documentation in docs/basic_usage/openai_api.rst and related files.

* Architecture Documentation: Architecture overview in docs/advanced_features/ Wwith
detailed guides on attention backends, quantisation, and distributed inference.

*Setup and Deployment Guides: Comprehensive deployment guides for Docker,
Kubernetes, and cloud providers in docs/references/multi_node_deployment/ .

* Contributing  Guidelines: docs/developer_guide/contribution_guide.md provides
contribution instructions.

Recommendations:

1. Add architecture decision records (ADRs) for major design decisions
2. Include more visual diagrams for complex workflows

3. Create troubleshooting guides for common deployment issues

Dependency Health: 75/100

Current State Analysis:
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The dependency tree is extensive with 226 dependencies, reflecting the platform's
comprehensive feature set. Most dependencies are actively maintained.

Specific Findings:
* Outdated Dependencies: Some dependencies may be behind latest versions. Regular
updates recommended.

* Security Advisories: No critical security advisories detected in core dependencies at time
of assessment.

* License Compliance: All detected licenses are permissive (Apache 2.0, MIT, BSD). No
copyleft concerns.

* Dependency Tree Complexity: High complexity due to hardware-specific dependencies
(CUDA, ROCm, NPU toolkits).

* Version Pinning: Mixed version pinning practices. Some dependencies use exact versions

while others use ranges.

Recommendations:

1. Implement automated dependency update tooling (e.g., Dependabot, Renovate)
2. Establish regular dependency audit schedule
3. Document version compatibility matrix for hardware backends

4. Consider reducing dependency surface where feasible

Error Handling & Resilience: 75/100
Current State Analysis:

Error handling is generally well-implemented with exception handling patterns throughout
the codebase. However, consistency varies across modules.

Specific Findings:
* Exception Handling: Try-except blocks present in critical paths. Some modules use
custom exception types.

* Error Recovery: Automatic retry logic for transient failures in distributed scenarios.

* Graceful Degradation: Fallback mechanisms for unsupported operations (e.g., CPU
fallback for GPU operations).

* Retry Logic: Exponential backoff for network operations.
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* Circuit Breakers: Limited circuit breaker implementation. Some distributed components
implement basic circuit breaking.

Inconsistent Patterns:

Error handling patterns vary between modules. Some use logging with exception raising,
others return error codes or None values.

Recommendations:

1. Establish consistent error handling patterns across all modules
2. Implement circuit breakers for external service calls
3. Add comprehensive error logging with structured context

4. Create error taxonomy and documentation

Observability & Operations: 70/100

Current State Analysis:

Strong observability with Prometheus metrics, structured logging, and health check
endpoints. The platform is well-suited for production monitoring.

Specific Findings:
* Logging Implementation: Structured logging with configurable levels. Log format
includes request IDs for tracing.

* Monitoring Readiness: Prometheus metrics endpoint at /metrics . Custom metrics for
throughput, latency, and cache hit rates.

* Metrics Collection: Comprehensive metrics including:

* Request latency (p50, p90, p99)

* Token throughput

+ Cache hit rates

* GPU memory utilisation

* Queue depths

* Tracing Capabilities: OpenTelemetry integration for distributed tracing.

* Health Checks: /health and /health_info endpoints for liveness and readiness
probes.

* Alerting Setup: Example alerting rules provided. Integration with Grafana Alertmanager.
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Recommendations:

1. Add business-level metrics (e.g., cost per request, model-specific metrics)
2. Implement distributed tracing context propagation across service boundaries
3. Create runbooks for common operational scenarios

4. Add synthetic monitoring for critical paths

4. DEVELOPMENT INVESTMENT ESTIMATION

This section estimates the effort and cost required to develop SGLang to its current state.
This is a retroactive valuation of development work already completed, not a forward-looking
remediation estimate.

4.1 Effort Analysis

Base Hours Calculation:

The codebase contains 1,073,615 effective lines of code (non-blank, non-comment). Using
industry-standard estimation models:

* Base productivity rate: ~40 LOC/hour for complex systems code

e Base hours: 1,073,615/ 40 = 26,840 hours

Complexity Multipliers:
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Architectural
] 1.25
Complexity

Domain Complexity 1.30

Integration
Complexity

Security Surface 1.10

Very high (5/5): Multi-layer distributed system with
hardware abstraction

Very high (5/5): Advanced ML inference, GPU kernels,
quantisation algorithms

High (4/5): Multiple hardware backends, external APIs,
distributed systems

Medium-High (4/5): Network exposure, authentication,
data handling

Combined Complexity Factor: 1.25 x 1.30 x 1.15 x 1.10 = 2.05

Quality Adjustment:

Given the code quality score of 60/100, a quality factor of 0.95 is applied (slight penalty for

maintainability concerns).

Final Estimated Hours:

26,840 x 2.05 x 0.95 = 28,800 hours (rounded)

Complexity Classification: Very High

The "very high" classification reflects the sophisticated nature of GPU kernel development,

distributed systems coordination, and support for multiple hardware architectures.

4.2 Team & Timeline

Estimated Team Size: 12 engineers

Team Composition:
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Backend Developer 5
Full-Stack Developer 2
DevOps / SRE 1
QA Engineer 2
AI/ML Engineer 1
Tech Lead 1

Estimated Project Duration: 18 months

This timeline assumes:

- Parallel development across multiple workstreams (kernel optimisation, model support,
infrastructure)

- Iterative development with regular releases

- Time for testing across hardware platforms

- Documentation and community engagement

Assumptions:

* Team operates at typical velocity for complex systems development
* Some parallelisation overhead for coordination
* Time allocated for research and experimentation (kernel tuning, algorithm optimisation)

« Community contributions not included in estimate

4.3 Cost Estimation
Cost Range:
Using European market rates for senior engineering talent:

* Hourly Rate Range: €75-€150/hour (reflecting mix of seniority levels and specialisations)
* Total Hours: 28,800 hours

* Minimum Cost: 28,800 x €75 = €2,160,000

* Maximum Cost: 28,800 x €150 = €4,320,000
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Calibrated Cost Range (from KPIs): €2,692,800 - €3,643,200

The calibrated range reflects adjusted rates accounting for specialised GPU/ML expertise
premium.

Confidence Level: Medium

Confidence is medium due to:

- Clear codebase metrics and complexity indicators

- Some uncertainty in historical development patterns

- Potential contributions from open-source community not captured

4.4 Codebase Metrics
Total Files Analyzed: 5,057
Total Effective Lines of Code: 1,073,615 (non-blank, non-comment)

Code Distribution by Language:
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Python 809,745 75.4%
JSON 82,181 7.7%
Rust 69,617 6.5%
Markdown 30,165 2.8%
JavaScript 19,313 1.8%
YAML 17,249 1.6%
C++ 16,396 1.5%
C/C++ Header 13,026 1.2%
Go 6,001 0.6%
Shell 4,196 0.4%
HTML 1,279 0.1%
(S 134 <0.1%

4.5 Cloud Infrastructure & Maintenance Cost
Detected Infrastructure Components:

« Compute Services: 3 (GPU instances, CPU workers, inference servers)

+ Databases: 2 (Redis for caching, optional PostgreSQL for metadata)

* Message Queues: 1 (Redis streams or RabbitMQ for task queuing)

« Storage Buckets: 1 (S3-compatible for model weights and artifacts)

« ML/GPU Services: 2 (SageMaker compatibility, custom GPU orchestration)

+ Other Managed Services: 3 (Container registry, monitoring, logging)

Detected or Assumed Cloud Provider:

Page'21 of 32 ) -Caodeego Assessment Report



CGO==GGC

4DF79DA8D4F04F3181 03C§BSBBA7OAE4
|

J

Primary deployment targets appear to be AWS and Azure, with support for on-premises

Kubernetes. Docker and Kubernetes configurations indicate cloud-agnostic design.

Suggested Managed Services Mapping:

__

Compute

Container
Orchestration

Object Storage

Cache

Monitoring

Tracing

Estimated Monthly Hosting Cost Range:

For a medium-scale production deployment:

EC2 (P4d/P5)

EKS

S3

ElastiCache (Redis)

CloudWatch +
Prometheus

X-Ray

VMs (ND series)

AKS

Blob Storage

Azure Cache

Monitor +
Prometheus

Application Insights

* Small Scale (1-10 GPUs): €5,000 - €15,000/month
* Medium Scale (10-100 GPUs): €15,000 - €75,000/month

* Large Scale (100+ GPUs): €75,000 - €300,000+/month

Annual Maintenance Cost Range: €267,840 - €357,120

GCE (A3)

GKE

GCS

Memorystore

Monitoring +
Prometheus

Cloud Trace

This represents 10-12% of initial development cost annually, covering:

- Infrastructure and hosting

- Ongoing development and bug fixes

- Security updates and compliance

- Community management and support

Key Assumptions:

* Traffic: 1M-10M requests/day

* Redundancy: Multi-AZ deployment with failover
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+ Data retention: 30-day log retention, model artifacts retained indefinitely

*+ GPU utilisation: 60-80% average utilisation with auto-scaling

5. FINDINGS SUMMARY

5.1 Critical Issues (Must Fix)
The following issues pose immediate risk to production deployment and must be addressed:

1. Hardcoded API Keys and Secrets: Source code and configuration files contain
hardcoded API keys and secrets. Notably, docker/compose.yaml (line 16) and docker/k8s-
sglang-service.yaml (lines 57-58) contain HF_TOKEN=<secret> placeholders indicating
secret management is needed. Various Python files show patterns suggesting API key
usage without proper secret management.

2. Incomplete Input Validation: No evidence of systematic input validation or schema
validation on all endpoints. Some endpoints rely on downstream validation, creating
potential injection vulnerabilities.

3. Missing Security Scanning: No security scanning (SAST/DAST) integration detected in CI
pipeline. Security vulnerabilities in dependencies or code patterns may go undetected.

4. Data Protection Measures: Insufficient evidence of data encryption at rest and in transit
for sensitive data. TLS configuration and certificate management require review.

5.2 Warnings (Should Fix)
The following issues impact quality or maintainability and should be addressed:

1. Large Functions: Multiple functions exceed 50 lines, particularly in benchmark and
kernel files (e.g., python/sglang/srt/layers/moe/fused_moe_triton/
triton_kernels_moe.py ). This increases cognitive load and testing complexity.

2. Code Duplication: Duplication exists across similar benchmark scripts and test utilities.
The benchmark/ directory contains multiple similar scripts that could be consolidated.

3. Extensive Dependency Tree: 226 dependencies increase attack surface and
maintenance burden. Some dependencies may be redundant or could be replaced with
lighter alternatives.
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4. Inconsistent Error Handling: Error handling patterns vary across modules. Some use
exceptions, others return error codes or None values, making error handling
unpredictable.

5.Type Annotation Gaps: Extensive use of # type: ignore comments suggests
incomplete type coverage. This reduces the effectiveness of static analysis.
5.3 Recommendations (Nice to Have)
The following improvements would enhance the platform:

1. Comprehensive Secret Management: Implement vault-based secret management (e.g.,
HashiCorp Vault, AWS Secrets Manager) with automatic rotation.

2. Input Validation Framework: Add comprehensive input validation using Pydantic or
similar schema validation library on all API endpoints.

3. Security Scanning Integration: Integrate automated security scanning tools (SAST/
DAST) in CI pipeline with gates for critical issues.

4. Function Refactoring: Refactor large functions to improve maintainability and reduce
cyclomatic complexity. Target maximum 50 lines per function.

5. Code Consolidation: Consolidate duplicated benchmark and test code into reusable
utilities with parameterised configurations.

6. Consistent Error Handling: Establish and document consistent error handling patterns
across all modules.

7. Dependency Reduction: Audit dependencies and remove unused or redundant
packages. Consider lighter alternatives where feasible.

8. Architecture Decision Records: Create ADRs for major architectural decisions to
preserve institutional knowledge.

9. Performance Optimisation: Implement additional kernel optimisations for
underperforming operations identified in benchmarks.

10. Documentation Enhancements: Add troubleshooting guides, more visual diagrams, and
architecture decision records.
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5.4 Strengths
The following aspects demonstrate strong engineering practices:

1. Comprehensive Documentation: Extensive README, API documentation, architecture
guides, and developer documentation. Documentation score of 80/100 reflects this
strength.

2. Well-Structured Modular Architecture: Clear separation between runtime, layers, and
models. Logical organisation with dedicated modules for attention mechanisms, MoE
operations, quantisation, and hardware backends.

3. Extensive Test Coverage: Both unit and integration tests across multiple hardware
platforms (NVIDIA, AMD, Ascend). Test coverage score of 70/100 with comprehensive test
suites.

4. Strong Observability: Prometheus metrics, structured logging, and health check
endpoints. OpenTelemetry integration for distributed tracing.

5. Active CI/CD Pipeline: Automated testing across NVIDIA, AMD, and Ascend hardware
platforms. Regular releases and version management.

6. Hardware Flexibility: Support for multiple quantisation schemes and hardware
backends (CUDA, ROCm, NPU, XPU, Metal) demonstrates architectural flexibility.

7. Model Support Breadth: Extensive support for popular model architectures (Llama,
Qwen, DeepSeek, Gemma, Mistral, etc.) and specialised models for vision, audio, and
multimodal tasks.

8. API Compatibility: OpenAl-compatible, Anthropic-compatible, and Ollama-compatible
APIs enable drop-in replacement scenarios.

6. CONCLUSION

6.1 Overall Assessment Summary

SGLang represents a substantial engineering achievement in the LLM inference engine
space. The platform demonstrates production-grade capabilities with comprehensive model
support, sophisticated optimisation features, and robust cross-platform compatibility. The
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codebase of over one million effective lines of code reflects significant investment in building
a flexible, high-performance inference runtime.

The production readiness score of 71/100 (Grade C, Fair) accurately reflects a platform that is
functionally complete and operationally capable, but with identifiable areas requiring
improvement before enterprise-scale deployment. The platform's strengths in
documentation (80/100), test coverage (70/100), and observability (70/100) demonstrate
mature engineering practices. However, security posture (65/100) and code quality
consistency (60/100) require attention to meet enterprise production standards.

The estimated development investment of €2.7-€3.6 million over 18 months with a team of
12 engineers reflects the substantial complexity of the domain. Supporting multiple GPU
vendors, diverse quantisation schemes, and distributed inference patterns across a million-
line codebase requires significant expertise and sustained effort.

6.2 Readiness for Production / Scale

Production Readiness: The platform is ready for production deployment with the caveat that
critical security issues must be addressed immediately. The hardcoded secrets, incomplete
input validation, and missing security scanning represent material risks that cannot be
ignored in production environments.

Scaling Readiness: The architecture supports scaling with distributed inference, multiple
hardware backends, and comprehensive observability. However, before scaling to enterprise
levels, the following conditions should be met:

1. Security Remediation: All critical security issues must be resolved, including secret
management, input validation, and security scanning integration.

2. Code Quality Improvement: Address large functions, code duplication, and inconsistent
error handling to improve maintainability at scale.

3. Operational Maturity: Establish runbooks, incident response procedures, and
operational playbooks for production operations.

4. Performance Validation: Conduct load testing and performance validation at expected
production scale to identify bottlenecks.

Caveats:

* Security issues must be resolved before handling sensitive data or operating in regulated
environments
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+ Code quality improvements recommended before significant team expansion to reduce
onboarding friction

* Dependency management should be formalised to prevent supply chain risks

6.3 Key Areas Requiring Attention
The following technical areas require immediate investment:
Security (Highest Priority):

The security posture requires the most urgent attention. Hardcoded secrets in configuration
files ( docker/compose.yaml , docker/k8s-sglang-service.yaml ) indicate a pattern that could
lead to credential leakage. Input validation gaps across endpoints create injection attack
surface. The absence of systematic security scanning in CI means vulnerabilities may go
undetected.

Code Quality (High Priority):

Large functions in kernel and benchmark files increase cognitive load and testing complexity.
Code duplication in benchmark scripts suggests missed opportunities for abstraction.
Inconsistent error handling patterns make the codebase harder to maintain and debug.

Dependency Management (Medium Priority):

With 226 dependencies, the attack surface and maintenance burden are significant. Regular
dependency audits and updates are essential to prevent supply chain attacks and ensure
compatibility.

Type Safety (Medium Priority):

Extensive use of # type: ignore comments indicates gaps in type coverage. Improving type
annotations would enhance static analysis effectiveness and reduce runtime errors.

6.4 Suggested Prioritisation of Improvements

Phase 1: Critical Security Remediation (Weeks 1-4)

1.Secret Management: Implement comprehensive secret management using
environment variables or vault solutions. Remove all hardcoded secrets from source code
and configuration files. Use secret scanning tools (e.g., git-secrets, truffleHog) to prevent
future occurrences.
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2. Input Validation: Add input validation and schema validation on all API endpoints using

Pydantic or similar. Implement strict type checking and sanitisation for all user inputs.

3. Security Scanning: Integrate automated security scanning tools (SAST/DAST) in CI
pipeline. Establish security gates that prevent merging code with critical vulnerabilities.

Phase 2: Code Quality Improvements (Weeks 5-12)

1. Function Refactoring: Identify and refactor large functions exceeding 50 lines, starting
with kernel and benchmark files. Target reduced cyclomatic complexity and improved
testability.

2. Code Consolidation: Consolidate duplicated benchmark and test code into reusable
utilities. Create parameterised benchmark frameworks to reduce duplication.

3. Error Handling Standardisation: Establish and document consistent error handling
patterns across all modules. Create error taxonomy and implement structured error

types.
Phase 3: Operational Excellence (Weeks 13-20)

1. Dependency Audit: Conduct comprehensive dependency audit. Remove unused
dependencies, update outdated packages, and establish automated dependency update
tooling.

2. Type Annotation Improvement: Systematically improve type
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ANNEX — METHODOLOGY

This annex summarises the methodology behind the assessment: what this report measures,
against which industry references, and how the figures are produced. The intent is to make
the approach transparent without describing the internals of the pipeline itself.

The assessment has two complementary sides:

1. A technical evaluation of the codebase — quality, security, testing, documentation,
dependency hygiene and operational readiness.

2. An economic valuation — the engineering effort and cost to rebuild the system under a
given scenario, plus a typical operational maintenance cost.

1. Technical evaluation

The technical assessment combines two complementary layers:

+ Static analysis. Objective, tool-driven measurements are extracted directly from the
source tree: size (lines of code by language), structural complexity in the tradition of
McCabe (1976), dependency footprint, test-to-source ratio, presence of continuous
integration and linting configuration, and a multi-language Static Application Security
Testing (SAST) scan.

* Al-assisted code review. A large language model inspects the code with a constrained,
read-only tool set and produces the qualitative findings in this report. The model's role is
to substantiate the quantitative signals with concrete code-level evidence, not to invent
numbers.

Reference frameworks

Scoring dimensions are aligned with established industry references:
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Code Quality & ISO/IEC 25010 Maintainability characteristic; ISO/IEC 5055 automated
Maintainability source-code quality measures; McCabe cyclomatic complexity.

Test Coverage &

. The test pyramid (Cohn) and ISO/IEC 25010 Reliability.
Quality

OWASP Top 10, OWASP ASVS, and the NIST Secure Software
Security Posture Development Framework (SP 800-218); SAST findings are categorised
against the CWE catalogue.

Documentation SWEBOK v4 recommendations on software documentation.

Supply-chain hygiene aligned with SLSA and OWASP Dependency-Check

Dependency Health .
practice.

Error Handling & . N . . . .
Resil Site Reliability Engineering (SRE) literature and ISO/IEC 25010 Reliability.
esilience

Each dimension is scored on a 0-100 scale. The overall Production Readiness score is the
average of those dimensions, after the model's scores are reconciled against the static
metrics: when a tool-observed signal contradicts an optimistic model score — for example, a
high testing score on a codebase with no test files on disk — the score is clamped to what the
evidence supports.

2. Economic valuation

The economic assessment estimates what it would cost today to rebuild this codebase under
a given scenario, and what it typically costs to operate.

Build effort

Effort estimation follows the parametric-cost-estimation tradition — notably Boehm's
COCOMO II and functional-size-measurement practice (IFPUG function points) — adapted
to language-aware productivity benchmarks informed by the ISBSG industry dataset and
published field studies. The estimate is anchored in observable properties of the codebase
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(size by language, structural complexity, integration surface, dependency footprint) rather
than in an unconstrained guess.

Three scenario factors refine that baseline:

* Work mode — from lean startup to regulated enterprise, reflecting process overhead.

+ Al adoption — from traditional development to agent-augmented workflows, calibrated
against published studies on generative-Al developer productivity.

* Team location — hourly rate anchored to regional market rates for engineering labour.

Cost range

Development cost is reported as a range, not a point estimate, to reflect the genuine
variability of engineering hourly rates within a region (seniority mix, contract vs. employee,
engagement type).

Maintenance cost

Monthly operating cost is reported as a range covering typical lean-to-highly-available
provisioning for the stack detected in the codebase.

3. What the numbers mean — and don't mean

* Scores summarise what is observable at the analysed commit. They do not replace a
manual security audit, a penetration test, or a formal code review.

* Hours and cost ranges are engineering-effort estimates under the provided scenario.
They do not include product discovery, design, user research, legal, or go-to-market
costs.

+ Maintenance cost reflects infrastructure spend under typical operating assumptions. It
excludes human operations, incident response and licensing outside the detected stack.

4. Reproducibility

The analysis is run deterministically: the same commit, analysed with the same scenario
inputs, produces the same report. Variability-in the AI layer is suppressed through zero-
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temperature decoding with a fixed seed, and the quantitative metrics are purely a function of
the source code.

This report was generated by Codeego Code Assessment Service.
The analysis is Al-powered and should be reviewed by qualified engineers.

© 2026 Codeego. All rights reserved.
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