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GRADIEND — GRADIent ENcoder Decoder

Data: Alice explained the vision as best [MASK] could .

I
| L> female — [MASK] = she v (factual)
he X (counterfactual)

\4

Model MLM/CLM Gradients - - - - - > GRADIEND

Encoder Decoder
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GRADIEND - Mathematical Breakdown

GRADIEND as encoder-decoder network
e f =decoencwith
_ eTlC(V+Wm) — tanh(WeT . V+Wm + be) — h Model MLM/CLM Gradients
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GRADIEND

Encoder Decoder

« tanh ensures encoding in [—1, +1] S 9 o 3 | o
e his a scalar feature value o © - 0=0 O0—0 = O
®) [ @) () MSE @
- dec(h) =h-Wy+bg = VW © @ o6 O 00 >
+ Learn f such that f(V,W,) = V, W, T S St
- W,,W,;, b; € R, b, € R are learnable parameters
GRADIEND model update
update strength
W, =W, + o . dec(h®)
feature direction
e «a — learning rate controlling the update strength
e h* —feature factor controlling the feature direction
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Encoded gender value Gender classes are consistently separated
across models

(>0 — female ¢ Separation holds across diverse architectures

{=0 — neutral ., Ngytral iInputs remain distinct from the feature
<0 — male
\ classes

L1 Female B Male [ 1 T Neutral EEE0 BlIASNeutral o Label

1.01 = — O

o 0.5 - > ﬁ
0.0 = —_

_0:5] o

—1.0- b= ¢ . —o— —o— -o— o |
BERTpase BERTage DistiBERT RoBERTa GPT-2 LLaMA LLaMA-Instruct

Model
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1 Asian — Black 1 Black — Asian 1 White — Asian 1 T Neutral 1 Not used during training O Label
Bl Asian — White I Black — White Bl White — Black 3 BIASNeutral [ Used during training
Asian/Black Asian/White Black/White
1.0 1 1
< 0.01 : ] I
—0.51 ‘ 1 1
—1.01 1 1
Asian Black White Neutral Asian Black White Neutral Asian Black White Neutral
1 Christian — Jewish 1 Jewish — Christian 1 Muslim — Christian 1 T Neutral 1 Not used during training O Label
B Christian — Muslim B Jewish — Muslim B Muslim — Jewish 3 BIASNeutral [ Used during training
Christian/Jewish Christian/Muslim Jewish/Muslim
1.0 ? 1 <r 1
0.51 1 1 ‘
< 0.0 : ]
—0.51 ‘ 1 ‘ 1 |
—1.01 1 .
Christian  Jewish ~ Muslim  Neutral Christan  Jewish  Muslim  Neutral Christian  Jewish ~ Muslim  Neutral

Results shown for BERT base for readability; the same pattern holds across models.
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Model GRADIEND Changed
Decoder . :
o Moge! « Language modeling performance remains
earning rate «
| o) close to the base model
© + Ox @)
@) | () Variant Prop. Rank Bias Language Modeling (%)
@) feature factor h* @) Name AWPP MeanT SS SEAT LMS GLUE SuperGLUE
— GRADIEND + INLP o/ 0.88 0.91 0.84 0398706 |-04768.23 |-1.7250.65
W ) CDA + INLP v v 075 078 073 10978648 10367755 11.865267
Dropout + INLP o/ 0.71 0.78 0.64 [-1098442 |-2437475 |-08050.01
INLP X v 067 062 072 10108756 10136883 0825155
GRADIEND + SentDebias v v 0.64 067 061 1-1.128634 [1-0926778 . -0.835154
Dropout + SentDebias o/ 0.62 0.70 055 1 -3258227 | -2257493 \-0.2150.60
SentDebias X v 060 048 072 10528694 -0446827 | -0.085229
CDA + SentDebias o/ 0.57 071 043 10018552 10507768 11.2552.06
e Update parameters selected GRADIEND vV X 046 050 042 1-0738672 10006870 I-0635173
p . p CDA X 0.44 042 045 10238574 10457764 11375218
via grid search SelfDebias X v 041 041 - 1-96577.81 » =
- o _ LEACE X v 036 032 041 10498697 10016871 L-1.7150.66
. Deblasmg maximized while RLACE X v 031 021 040 42198526 {-0.066864 1855051
. Dropout X 0.30 040 0.20 2118340 |-3.097410 {-04250.39
preserving language Base Model X X 017 0.1 0.23 87.46 68.70 52.37
mOde“ng pe rformance Models are sorted by the Mean column of proportional debiasing ranks. AW and PP indicate debiasing

variant using weight modification and post-processing, respectively. Best variant type marked with a blue .
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GRADIEND: Feature Learning in Neural Networks
Exemplified through Biases

GRADIEND learns a targeted feature neuron from model
gradients and decodes it into controlled model updates

Demonstrated for social debiasing: gender, race, and religion

https://github.com/aieng-lab/gradiend-bias



