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Background _ Methods

Humans are known to show an acquiescence bias (yes-bias): We measure Yes-No bias as: On class-balanced datasets,
 Children more often answer ‘yes’ to unknown questions [1] this yields a normalized bias
» Adults self-report ‘yes’ more on personality/health/political surveys [2,3] Rigq — 1T 1 ES-responses — 77NO-Tesponses | o .o ranging from —1 (NO) to
1. Social Hypothesis: 2. Distributional Hypothesis: 7+ Questions + 1 (YES) response behavior.
Yea-saying in humans is a result of Yea-saying in humans is result of _ -
social desirability/conformity, ‘yes’ appearing more commonly in We derive base LM responses via single-token LogProbs:
aversion of confrontation, other distributional patterns in our -
social pressures such as authority. language input. Q: Sally pays salary to Harry. | ___ P(Q|Yes/ Yes) = —4.675  \odel Answer:
L our 4. _ _ . Is Sally Harry’s boss? P(Q|No/_No) = —5.179 YES
We can test the distributional hypothesis by evaluating purely statistical J

learners, i.e., language models (LMs) for yes bias! _ _ _ _ _ _
We explore response behavior and bias correction efficacy in relation to:

We find that LMs do not acquiesce like humans, but do exhibit -  Prompt Complexity: Test LMs using zero-shot & few-shot prompts.
systematic, dataset-dependent yes-no preference. We also present a » Instruction Tuning: Test both instruct & non-instruct versions of LMs.
“ i ,, i | ] (] ] ]
zero-cost LogProbs-based method to correct "yes-no bias™ in LMs. » Model Family: Test LMs with shared design & training procedures.
[ Generic Correction ] [ Dataset-Specific Correction ] | Datasets
Intuition: LM prefers one response Intuition: LM shows response bias as a function of the | |. COMPS-YNQ: Adapted from COMPS [5], yes-no
over the other regardless of input. dataset being tested. conversion of 2100 concept-property pairs testing
. s : . basic world knowledge:
1. Feed BOS token to LM to get ‘zero- | 1. Dataset is split into = 20% evaluation sets, with the | . _ 9 ,
input’ LogProbs for Yes/._ Yes and remaining ~ 80% being used as calibration sets. tAn iguana/a trolley e Deesdan pieneya el
basks in the sun. 4
No/_ No tokens. 2. LogProbs forYes/, Yes and No/_ No are averaged
2. Subtract these values from dataset- across the calibration set. Il. EWoK-YNQ: Adapted from EWoK [6], yes-no
derived LogProbs values. 3. Mean values are subtracted from LogProbs values conversion of 2056 context-target pairs testing
. . | i contextual world knowledge:
Simple baseline strategy, meant to for evaluation set items. - J D ([ Choo s mak op )
‘ N : : : Chao is making Yan's job {easier/harder} L0 18 TEL S Wl 578
target ‘common token’ bias [4]. Done in a k-fold (k=5) fashion for full dataset evaluation. » {easier/harder}.Is
Chao is {helping/hindering} Yan ?
Results
v Applying . Generic_ correctiop ofter] worsens bi_as, while da_tas?t-specific 07 EWoK—YNQI, zero-shot | peconsonmase
dataset-specific correction drastically improves bias and maintains accuracy! e Falcon3-Mamba-7B-Base
correction (relative ||* Response preferences are consistent within families but vary n S ambariBnstuc
fo base inference): across datasets and prompt complexity. 070 P ®  mpt-7b-chat
: ' o ® mpt-7b-8k
AN RGEENCRSIH ¥ Heatmap of bias scores (zero-shot only) for both datasets, all models ¥ %5. o o gwptﬂf-:l;—;hat
D wenl.5-
% (all models): Base Inference . o e Qwenl.5-7B-Chat
COMPS-YNQ- 0.32 0.33 0.42 0.24 0.26 -0.05(0.27 0.11 0.6 0.02|0.33 0.15 020 0.16 | . 0.65 | x| ® Qwenl.5-14B
Zero-shot: o O . X """"""""" ° e Qwenl.5-14B-Chat
0907/ R (N N GYAZN | EWokYNQ 041 0.41 -0.05 0.28 [-0.44 -0.17 -0.21-0.44 0.27 0.02 -0.25 -0.16 I é O%X . g:ggjjiizg_mstruct
EWoK: —90.57% -1 |12 g ; e Olmo-2-1124-13B
Generic Correction . 0.60 _..§>< e 0Imo-2-1124-13B-Instruct
Few-shot: COMPS-YNQ RPR 089 0.83 1.00 0.97 [0.55 0.020.17 0.88 [ORAM 0.77 | 0.59 I ...........................
-.—_ 027220, I EBE | EEH B O B e e Xt
COMPS. —93 230% 0 ¢ on E ® —> Base Inference
EWoK: —106.13% EWoK-YNQ -0.02 | 0.42 NOVPRRVELRKER o -2 -0.43 -0.22 -0.24 NOWEN -0.00 Hoi:R 0.44 I_l 0.55 - X —> Specific Correction applied
Ava. acc. increase Specific Correction 1 o |
g . i
% a" mOdels: COMPS-YNQ- 0.04 0.02 0.07 0.09|-0.09 0.01 -0.03 -0.06| 0.00 -0.02 -0.02 -0.02]0.04 0.01 0.02 -0.02 I 0.50 E —1.00 — Pure No-bias
0 | | | | ' ' ' ' 0.00 — Perfectly non-biased
Zero ShOt' EWoK-YNQ- 0.01 0.05 -0.03 0.05|0.01 -0.03 -0.02 0.02 | 0.03 -0.02 0.04 -0.02|-0.06 -0.03 -0.04 -0.08 I —1.00 -0.75 -0.50 _0258 Ogo 0.25 0.50 0.75 1.00 +1_OO—>|§ufeCerzj:iaslase
- - | | | | | | | | | | | | | | | _1 ilas Score
COMPS: +1.36% . T S NS U VUSSR VIR S VIR S VIR _ _
: 0 ° F T T TS TS TSN DS A Well-performing, low-bias LMs should place at the top-center of scatterplot A
E WOK . + 2 - 1 2 /O Q(b’ \{\‘9 ,\Q)’ \Q% @Q ,\‘0 é':\ csk- é\, ,\‘b \f’) b(p’ '\',\’}/ \Q(O l\,.)/b‘ \{{o
N R D ¥ & A W '] & LY AN A ¢ Q' : . .
: g0 & 5 & eg?\ S IS A R M A * Few-shot prompting generally has a bias reduction effect.
Few-shot: S P& & & & S & & A : - :
COMPS: +7.20% < @é’ &N © > Og\?’ O ,\;,\'?’ * |nstruction-tuned models generally show less-biased behavior
EWoK: +5.26% & %oog’ N 6@6 compared to non-instruct counterparts (~0.755 lower bias score on avg.)
<
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