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1. Motivation
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2. Methodology
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What mechanism stores
key-value attention states?

A B
——%
Base Prompt

@
[ Group Prompt Pool

| Prompt1 | | Prompt2 |

| | e
Task Prompt Pool

Prompt1 Prompt2 Prompt 3

¥ \ v

Qutput A: Output B: Output C:
Browser CPU KVCache

Optimal Optimal Optimal
Specialization Specialization Specialization

HiVe

=

&)

Source code

Key Question

Why use the same prompt level for every input?

Flat Prompts
X Single level for all inputs

Hierarchical Prompts
X Fixed level for all inputs
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/" Adaptive level per input

.. Phase 1: Train Prompt Hierarchy & Group Stability Check
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Phase 2: Train Prompt Hierarchy & Keys
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Stability-driven Hierarchy Construction (Sec 3.2)

Phase 2 Training Loop
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3-Level .
Prompt Hierarchy mapping

Decomposition [Sec 3.1.2)

2-Level Cross Enl.'mp-,r Loss

Routing Key Training (Sec 3.3.1)
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Routing Key Inference (Sec 3.3.2)

@ Residual Prompt Decomposition

/\ Shared & task-specific knowledge are entangled
Q Lift the shared mean to upper-level prompt

@ Less redundancy & interference

@ Stability-driven Hierarchy Construction
/\ Task relationships are unknown

Q Group tasks once clustering is stable

@ Tasks with similar behavior grouped

) Vertical Mixture-of-Experts (V-MoE)

A Inputs need different specialization
() Route by key: B/ B+G / B+G+T
@ Input-adaptive prompt specialization

3. Experiments & Results

Main results vs. prompt-tuning baselines -~ Eull fine-tuning (1.2B params)
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Main Results

/ Best prompt-tuning results, in- & OOD
/ Comparable to full FT with far fewer params
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V-MoE Analysis

/' Diverse prompt levels across inputs
/ Clear gains over fixed-level prompts
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