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Anchor Bias

• Standard multilingual evaluation assumes one language per

input.

• Code Switching separates lexical mixing from the sentence-level

grammatical frame.

• If the frame dominates, the hidden state should move toward one

language anchor.

• This matters because the anchor predicts QA robustness.

Motivation & Problem

CS representations shift toward the frame language, predict QA degradation

Same information need, different grammatical frame

• Internal anchor bias follows the input’s grammatical backbone rather than its lexical mix: GF-SRC remains source-oriented

with a positive mean bias of +0.247, whereas GF-TGT shifts target-ward with a negative mean bias of −0.247.

• This frame-dependent anchor shift aligns with QA behavior: GF-SRC, which stays closer to the source anchor, incurs a 

smaller average F1 drop than GF-TGT (−3.5 vs. −6.2), suggesting better preservation of task performance.

• This anchoring pattern persists across depth, with GF-SRC source-anchored in 75.7% of layers versus only 36.1% for GF-TGT, 

showing that grammatical frame robustly shapes internal representations.

Random CosSim caused by anisotropy
Raw cosine similarity can overstate representational closeness!

Deriving Raw Anchor Bias

Normalizing Raw Anchor Bias

Hidden states produced 

by model M for input q

The layer-wise sentence representation

obtained by averaging hidden states over 

question token span C(q)

The cosine similarity between two inputs

Raw Anchor Bias, computed as source-

anchor similarity minus target-anchor similarity

Final Anchor Bias 

averaged over the upper layers

Normalized Anchor Bias after correcting 

for the layer-wise similarity (anisotropy).

Model- and layer-specific similarity 

used to normalize raw cosine scores.
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