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Toward a Single Multi-Task LLM
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• Modern LLMs show strong performance across many tasks

• Building one model that performs well on all tasks remains challenging

✓ Joint multi-task post-training is often computationally expensive

✓ Tasks may induce conflicting optimization directions, making joint training unstable

→ A practical alternative is to reuse task-specific models and combine their knowledge

Multi-task 

data

✓ Computationally expensive

✓ Hard to optimize across different tasks

Challenges in Building Multi-Task LLMs

LLM



Model Merging
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• Model merging constructs a multi-task model by combining multiple task-specific models

• Each task-specific model is fine-tuned from the same pre-trained model

• The task-specific updates are aggregated into one merged model

• This avoids training a single model jointly on all task datasets

Pre-trained model 

→ Task-specific fine-tuning 

→ Post-hoc one-shot merging 

→ Multi-task model

Typical pipeline of merging

Merging

Multi-task 

model
Task-specific

fine-tuning 



Limitations of Post-Hoc Merging
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• Most existing methods use post-hoc merging, where task-specific models are merged 

only once after training

• Post-hoc merging can cause abrupt parameter changes when task updates conflict

• This leads to information erasure caused by task interference

Q. How can we improve multi-task capability through 

model merging without erasing task-specific knowledge?

A. Gradually integrate task knowledge while reducing 

destructive interference via many-shot merging !

Key research question

Merged Model

▪ Task Interference

▪ Information Erasure

Tasks

Task

Task

Task

Task



Proposed - Overview
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• We propose METIS, Mitigating Erasure from Task Interference for Stable many-shot 

merging, a framework that iteratively merges task-specific models

• METIS use 1) loss-gap-aware weighting to recover underrepresented tasks and 

2) consensus-based masking to retain compatible parameter updates



Proposed – 1) Loss-Gap-Aware Weighting 
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• The task-wise loss gap measures how much task-specific knowledge is degraded

after the previous merging round

• If a task has a large loss gap, it means that task knowledge was erased or underrepresented

• METIS assigns a larger merging weight to such tasks in the next round

Tasks with larger loss gaps 

receive larger weights, 

allowing METIS to recover

underrepresented task knowledge

Key Intuition
Task-wise Loss-gap

…

tasks

…

tasks

Compute

Loss-gap-aware Weight
Weighted Sum

…

task
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• METIS constructs task-specific masks to identify updates aligned with each task

• A consensus mask keeps only the updates supported by multiple tasks

• The final merged model is updated using only consensus-supported parameters

Proposed – 2) Consensus-based Masking

Consensus masking filters out conflicting

updates and retains parameter changes 

supported by multiple tasks

Key Intuition

Sum of all task vectors

Task vector of 𝜏

Task-specific

Mask  . 

Consensus 

Mask   .
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• Models & Baselines

• Backbone Models: Gemma-2-2B. Llama-3.2-3B, Llama-3.1-8B, Qwen-3-4B 

• Compared Methods: Task Arithmetic [1], DARE [2], TIES [3], ConsensusTA [4] 

• Tasks & Datasets 

• Instruction-following: 

• Training: TULU-3 / Evaluation: IFEval

• Mathematical reasoning: 

• Training: DART-Math, NuminaMathTIR / Evaluation: GSM8K

• Multilingual understanding: 

• Training: Aya / Evaluation: M-MMLU, M-ARC, M-HellaSwag

• Safety: 

• Training: WildGuardMix, WildJailbreak / Evaluation: XSTest

Simulation Setup

[1] G. Ilharco, et al., “Editing models with task arithmetic,” in ICLR, 2023. 

[2] L. Yu, et al., “Language models are super mario: Absorbing abilities from homologous models as a free lunch,” in ICML, 2024.

[3] P. Yadav, et al., “TIES-Merging: Resolving interference when merging models,” in NeurIPS, 2023. 

[4] K. Wang, et al., “Localizing task information for improved model merging and compression,” in ICML, 2024. 
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Simulation Results

• METIS achieves the best average normalized performance across all backbone models

• METIS improves robustness to information erasure by better preserving weak tasks

[Performance Comparison: Post-Hoc vs. Many-Shot Merging] [Robustness to Information Erasure]
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• METIS shows the highest worst-performing task score and the smallest average–worst gap

• METIS stays closest to the pre-trained model’s performance, reducing knowledge forgetting

[Robustness to Worst-performing Task] [Robustness to Pre-trained Knowledge Forgetting]

Simulation Results
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• Many-shot Merging

✓ Enables stable integration by repeatedly

merging task-specific models

• Loss-Gap Weighting

✓ Rebalances task contributions based

on the task-wise loss gap

• Consensus Masking

✓ Filters out potentially conflicting parameter

updates

• Full METIS

✓ Achieves the best normalized performance, 

showing that the components are complementary

Simulation Results – Ablation Study



Post-Hoc Merging is Not Enough: 
Many-Shot Model Merging with Loss-Gap Balancing

[ICML 2026]

Project Page

Poster Session 2
July 7th (TUE) 14:00 

COEX, Hall A


	Slide 1: Post-Hoc Merging is Not Enough:  Many-Shot Model Merging with Loss-Gap Balancing
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12: Post-Hoc Merging is Not Enough:  Many-Shot Model Merging with Loss-Gap Balancing

