
2. Motivation

A Simple Linear Patch Revives Layer-Pruned Large Language Models

• Layer pruning removes entire Transformer layers 

without requiring specialized kernels. Most methods

suffer from severe performance degradation .

• We find the degradation mainly stems from 

activation magnitude mismatch across the 

pruning interface..

1. Background

3. Method Overview — LinearPatch

4. Experiment

Table 1: Comparison on QA benchmark with training-free methods.

• Observation: The activations before and after 

the pruned layers exhibit drastically different 

scales → 

Leads to distributional shift and instability in 

forward propagation.

• Root causes:
1️⃣ Channel-wise magnitude mismatch between layers.
2️⃣ Token-wise outlier activations (e.g., BOS, 

delimiter tokens).

•Key question:

How can we efficiently re-align activation 

magnitudes without retraining the entire model?

Goal: Bridge activation magnitude mismatch at the 
pruning interface with a lightweight plug-and-play patch.

Core Idea: Fuse Hadamard transformation and channel-
wise scaling into a single symmetric matrix:

𝑋new
ℓ∗

= 𝑋 ℓ∗ 𝐻𝐷𝐻⊤ = 𝑋 ℓ∗ 𝑃

where 𝑋 ℓ∗ is activation of layer ℓ∗, 𝐻 is the Hadamard 
matrix, 𝐷 is the diagonal scaling, and 𝑃 is the LinearPatch.

Table 3: Comparison on PPL benchmark 
with training-free methods.

Table 2: Comparison on QA benchmark with LLM-Streamline(FFN).

Table 4: Ablation study on ingredients.

Code is available at https: //github.com/chenxinrui-tsinghua/LinearPatch
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