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Mag+Angle shows between bias-term

rankings and downstream performance across diverse data regimes.
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SOTA LLMs Tend to be Bias-Free

Extension to Bias-Free LLMs

from torch import nn

class Addbiaslinear (nn.Linear):

def  1Init (self, in features, out features):

nn.lLinear. 1n1tT (self, 1n features, out features)

# Add trainable bias term

self.add bias = nn.Parameter (self.weight.new zeros((out features)))

def

# Freezing the pre-trained weight matrix

self.weight.requires grad = False

forward(self, x):

result = nn.functional.linear(x, self.weight)] + self.add bias

return result
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Extension to Bias-Free LLMS
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Adding b, Adding b, Adding b,

LLaMA2-7B 94.9% 90.0% 68.0%
DeepSeek-Coder-Base-1.3B 76.9% 67.4% 60.3%
GPT-J-6B 92.8% 88.3% 63.8%

(SST-2)

Directly adding and fine-tuning b, in low-data regimes!
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