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Motivations

• Meta-learning (`learn-to-learn’) requires AI to adapt its capability 
across subtle changes in conditions

• LLMs remain relatively deficient in the seamless, dynamic 
adaptation, e.g., `catastrophic forgetting' or `alignment tax’

• Human nervous system has a two-level architecture: 
• Neurotransmitters => Synaptic Plasticity
• Neuromodulators => Meta-plasticity
• Adaptive gain control without the metabolic cost of physical rewiring

• Analogously, we want to have:
• Backbone parameters => general capability
• Meta-parameters => meta-capability
• Use a hypernetwork to adaptively adjust meta-parameters, without 

updating backbone parameters

• Potential benefits:
• Explicit text-based meta-signals (input hypernetwork)
• Reduce general capability degradation when adapting to specific tasks
• Low training cost (small hypernetwork)



Different Meta-Paradigms

• Most LLM-based attempts feed the MAML framework with in-context examples.

• Text-to-LoRA [1] employs a hypernetwork which adapts LoRA matrices to task descriptions

• Adapter methods [2]: series VS parallels

• Our framework also leverages the hypernetwork, parallel to the backbone; yet:
• The hypernetwork adjusts the FFN nonlinearity

• The input of hypernetwork is generalized text (i.e., conditions)

[1] Charakorn, et al. Text-to-LoRA: Instant transformer adaption. ICML 2025

[2] Hu, et al. LLM-adapters: An adapter family for parameter-efficient fine-tuning of large language models. ACL 2023
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• Self-Gating mechanism to reweight the MLP based on SiLU
• Generally adopted in modern LLMs (Llama, Qwen, Mistral, …)

Beta-SwiGLU

• Allow beta to deviate from 1 during post-training
• Meta-Gating that adaptively controls LLM nonlinearity

allow beta deviated from 1
adjust nonlinearity of 
• Gating
• FFN
• LLM



Model Architecture
Nominal LLM



Model Architecture
Losses

Hypernetwork (H)
1) accept textual input (z), encoded by LLM’s own emb layer
2) cross-attention between emb(z) and the block input (x)
3) add the layer index emb (layer-wise difference)
4) use an MLP to produce beta 

Nominal LLM MeGan
Meta-Gating-on-Condition



Model Architecture
Losses

Hypernetwork (H)Dimension Compression
1) accept textual input (z), encoded by LLM’s own emb layer
2) cross-attention between emb(z) and the block input (x)
3) add the layer index emb (layer-wise difference)
4) use an MLP to produce beta 

Nominal LLM MeGan

• SwiGLU expands the input dim 
(D) to a larger dim (C)

• H first compresses D to R, then 
operates on C

• => Information bottleneck

Meta-Gating-on-Condition



Conditions and Experimental Settings

• Our Hypernetwork (H) accepts varied types of textual signals
• task
• domain
• persona
• style
• sentiment
• emotion
• …

• Data format: QA (x, y) => labeled QA (x, y, z)
• To differentiate from `in-context’, we call this meta-signal (z) by `condition’



Instructions of conditions

We use GPT-4o to generate task descriptions for task conditions.

We use simple human-written instructions for no-task conditions.



Experiment Results
Adaptation to the conditions of
• persona (Persona-Chat)
• domain (AdaptSum)
• style (GYAFC, MIC)
• sentiment (SST)

Adaptation to the conditions of
• task types (CrossFit&UnifiedQA)
• transfer to low-resources and unseen tasks

Adaptation to the conditions of
• task descriptions (trained by SNI)
• test on 10 unseen general benchmarks



Further Analysis

Beta distributions are aligned with their semantics.

MeGan can scale with different backbone sizesMeGan provides reasonable stylistic generations



Takeaways & Future Works

•We design beta-SwiGLU which adaptively adjusts the FFN nonlinearity by beta in Swish.
•We implement a hypernetwork, which produces adaptive beta by textual conditions. 
•We obtain reasonable performance under varying conditions of persona, domain, task, 
style, and sentiment.
• Small training cost and good general capability preservation
• Small inference cost

• Adapt to unseen modality
• Acquire meta-knowledge
• Robustness on incorrect conditions

Contribution

Future work

Our Paperhttps://github.com/AaronJi/MeGan


