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Overview
VLM-as-a-Judge often ignores the image and blindly favors 
the more informative answer, even when it conflicts with what is 
shown. We call this Informativeness Bias.

The Problem: Judging Without Looking

(A) Two answers to a VQA question, B adds a specific (but wrong) 
park name. (B) Humans prefer the truthful Answer A. (C) The 
judge is fooled by Answer B’s greater informativeness and picks 
it. (D) The same model, asked the question directly, knows the 
name is not visible in the image.

2: Judges Are Deceived by Informativeness

Removing the image barely changes accuracy. The gap between 
accuracy with and without images (IRS) remains small.

1: Judges Are Nearly Blind to Images

Split data by what should decide the answer: informativeness-
driven (IDS) vs. correctness-driven (CDS) subset.

3: Informativeness Bias ≠ Length Bias

Informativeness bias before→ after equalizing answer length 
to remove length bias.

BIRCH: Anchor on a Truthful Reference

BIRCH = Balanced Informativeness and coRrectness with a 
truthful anCHor. 

Experiments

BIRCH substantially improves accuracy when the more 
informative answer is wrong (+12.7% to +21.4%), effectively 
reducing informativeness bias and driving the overall gains.

AccIDS >> AccCDS for every judge. We define the gap between 
AccIDS and AccCDS as Informativeness Bias.

The values remains high (26-45.5%). Removing length effects 
is not enough, informativeness bias needs a dedicated fix.

The judge builds its own anchor, then judges against it, shifting 
focus from informativeness to image-grounded correctness.

BIRCH wins on all 8 models × 2 benchmarks, with gains of 
+2.7% to +9.8%.


	Slide 1

