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1. Domain-Specific 
Instruction Generation

Instruction: Generate a list of drugs 
which can be used for the treatment of 
the given symptom.

Instruction: Given medication 
records, predict possible drug-drug 
interactions.

Instruction: You are given data of 
genetic variations and mutations, 
generate a comprehensive report. 

Instruction: Provide an answer to the 
following question about the patient's 
medical history.

…

Domain-Specific 
Seed Instructions

(e.g., 80)

Base LLM 𝑀𝑏𝑎𝑠𝑒

3. Triggering 
Specialization

Base LLM 𝑀𝑏𝑎𝑠𝑒

2. Domain-Specific 
Response Generation

(Instruction, Input, Output)

Self-Specialization for Uncovering Domain Expertise

Self-Specialization: Uncovering Latent Expertise within Large Language Models. ACL 2024 Findings
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ℎ = 𝜃𝑥 + ∑𝛼𝑖∆𝜃𝑖 𝑥

= 𝜃𝑥 + ∑𝛼𝑖 𝜃𝐵𝑖𝜃𝐴𝑖 𝑥

𝛼 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝜃𝑟 𝑥 (𝑡𝑜𝑝𝑘)

Each Expert 1, 2, 3, 4

Routing Weights
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Improved Capabilities across All Domains
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performance in other domains

2. Introducing Self-MoE for Modular Specialization

Self-MoE transforms a monolithic LLM into a lightweight, modular system of 

self-specialized experts, without requiring extensive human supervision, 

compute resources, or added overhead in active parameters.

3. Findings

• Consistent improvement over a base LLM, outperforming various baselines

• Ablation studies validate the impact of modularity, routing strategies, and 

self-generated synthetic data

• Analyses explore routing distributions, forgetting issues, and the 

applicability to various base LLMs

Key Takeaways
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Thank you


