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Case1. DNN captures biased correlations in training dataset.

Local bias

g, Bias association x

Th€ man performing surgery isa —* — doctor. /’_\

The\woman pgrforming surgery isa —* — nurse.
GPT-2 The man performing surgery is a doctor.

THe man gerforming surgery is —* — precisely leading the operation. \/

The\woman performing surgery is —* — carefully assisting the doctor. Context association /
Global bias
(a) (b)

Case2. LLM outputs biased predictions on various sensitive attributes.




Case 3. LLM can learn some stereotypes on race.

Neutral 1 Sensitive Attribute 1
| am a fan of Adele. Please : Lans wiite tan o Adcle. Flease F&
provide me with a list of 20 , provide me with ...... User
song titles in order of .
preference that you think | k ® y 1.Sonmeone Likeivou
might like. Please do not ol - 2. Rolling in the Deep
provide any additional User | ReclM 3. Set Fire to the Rain
information about the \ 4. Hello
songs, such as artist, genre, . Similar 5. When We Were Young
or release date. vV A
I Sensitive Attribute 2
1. Someone Like You I ©
%, 2. Rolling in the Deep : | am an African American fan of 4
! 3. Set Fire to the Rain I Adele. Please provide me with ...... User
ReclLM 4. Hello
5. When We Were Young | Dissimilar! | 1. Love on Top
6. All | Ask : . 2. 1 Will Always Love You
7. Skyfall | Unfair! 3. Ain't No Mountain High Enough
8. Rumour Has It I %/ 4.1 Wanna Dance with Somebody
9. Chasing Pavements / 5. Purple Rain
...... | RecLLM




Our Method: Fast Model Debiasing (FMD)

= Stepl: Identify biases via Generated Counterfactual Sample Pairs
= Step2: Evaluate Biased-effect via Influence Function

= Step3: Remove Bias via Machine Unlearning

Common Data

if bias:
unleamn
—_—

a: female

) Unlearned
Model
N4
y: dar e : o :
o pred: dark pred: blonde pred: blonde pred: blonde
s prob: 0.63 prob: 0.89 prob: 0.70 prob: (.83

Celeb A Counterfactual Dataset

FMD Pipeline



Fast Model Debiasing (FMD) - Bias Identification

= Stepl: Generate Counterfactual Sample Pairs and Identify bias.

Our fairness definition: Counterfactual fairness

Types of Fairness
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A model performs equally well A model predicts the positive outcome A model outputs the same probabilities
across different subgroups of a at the same rate between individuals for records where individuals only differ
population. that have similar features. by the sensitive attribute.
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Fast Model Debiasing (FMD) - Bias Identification

= Stepl: Generate Counterfactual Sample Pairs and Identify bias.

Counterfactual dataset generation

An toy example: a digit classification task, where color is a biased attribute

Training phase Evaluating phase
s 4 N
Hasalined . Trained model
ENEBEAEAHEEE g
ENBEDENERE l B, =S W
EHBRERERNEE - ' ’
HHEBEAGEERA L . D

Counterfactual data



Fast Model Debiasing (FMD) - Bias Identification

= Stepl: Generate Counterfactual Sample Pairs and Identify bias.

Our Constructed dataset in different scenarios:

(a) Colored MNIST (b) CelebA
Age Workclass Education Education-num Marital -status Occupation Race Sex Capital-gain Hours/week Native-country Label
65 Private HS-grad 9 Married Machine-op-inspct White Male 6418 40 United -States >50K.
________________________________________________________________________________________________________________________________________________________ A P
65 Private HS-grad 9 Married Machine-op-inspct Black Male 6418 40 United -States >50K
(c) Adult



Fast Model Debiasing (FMD) - Bias Evaluation

= Step2: Biased-Effect Evaluation via Influence Function.

Why does the model make biased predicion?

Influence Function can measure the change of parameters after removing a training sample.

“Dog” (79% confidence) "Dog” (82% confidence)
| | ' VS. @ L
| o . X |
0 | ..
E? What is L(ztest, Oc, z0) — L(test, 8)?
84

Training data



Fast Model Debiasing (FMD) - Bias Evaluation

= Step2: Biased-Effect Evaluation via Influence Function.
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An toy example on digit classfication:

.. | bias-conflict
Misclassified N . @ . E . E E .
by color! ==\

-
-

Y pHEHAHEER -

(a) (b)

Figure 1: (a) Illustration of the learned pattern on our toy dataset. (b) Visualization of helpful samples
(top row) and harmful samples (bottom row).



Fast Model Debiasing (FMD) - Bias Removal

= Step3: Bias Removal via Machine Unlearning.

Machine unlearning is a new paradigm which aims to make ML models forget about particular
data/knowledge without retraining from scratch.
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Fast Model Debiasing (FMD) - Bias Removal
= Step3: Bias Removal via Machine Unlearning.

K
Unlearn biased data: Onew =0+ Y Hy 'V;L(z,6),

k=1

Unlearn biased attribute: Opew = 0 + Z Hy Y(V;L(ci,0) — V;L(c:,0)). (Alternative Efficient Unlearn)
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Experimental Results

Results on Colored MNIST

Results on Adult

Bias Ratio | Method | Acc.(%) 1 Bias | | Time(s) # Samp.
Vanilla 38.59 0.5863 : 5

LDR 66.76 0.4144 1,261 50k

0.995 LfF 56.45 0.3675 661 50k
Rebias 71.24 0.3428 1,799 50k

Ours 71.70 0.3027 59 5k

Vanilla 51.34 0.4931 . =

LDR 76.48 0.2511 1,330 50k

0.99 LfF 64.71 0.2366 726 50k
Rebias 80.41 0.2302 1,658 50k

Ours 80.04 0.2042 48 5k

Vanilla 77.63 0.2589 - -

LDR 90.42 0.2334 1,180 50k

0.95 LfF 85.55 0.1264 724 50k
Rebias 89.63 0.1205 1,714 50k

Ours 89.26 0.1189 56 5k

Attr. | Method | Acc.(%)1 Bias| | Time(s) # Samp.
Vanilla 85.40 0.0195 - -

LDR 77.69 0.0055 927 26,904

Gender LfF 73.08 0.0036 525 26,904
Rebias 76.57 0.0041 1292 26,904

Ours 81.89 0.0005 2.49 500

Vanilla 84.57 0.0089 - -

LDR 78.32 0.0046 961 26,904

s LfF 75.16 0.0024 501 26,904
Rebias 77.89 0.0038 1304 26,904

Ours 83.80 0.0013 2.54 500

Our method achieved comparable results in both accuracy and bias, with much less
debiasing time on a smaller dataset.



Experimental Results on Large Language Models

Evaluation on StereoSet:

Choose the appropriate word:
Language Modeling Score (LMS) measures the percentage of

: (a) The Intrasentence Context Association Test

I
|
. : .
LN Gner TREgE Gl : instances in which a language model prefers the meaningful over
' Context: Girls tend to be more ____ than boys : meaningless association (the higher the better).
i Option 1: soft (stereotype) |
, Option 2: determined (anti-stereotype) | Stereotype Score (SS) measures the percentage of examples in which
' Option 3: fish (meaningless) ! a model prefers a stereotypical association over an anti-stereotypical
|
|

association (the closer to 50 the better).

Debiasing Performance:

Backbone | Attribute Method SS LMS | Attribute  Method SS LMS | Attribute  Method SS LMS
Vanilla 60.28 84.17 Vanilla 57.03 84.17 Vanilla 59.7 84.17
CDA 59.61 83.08 CDA 56.73 83.41 CDA 58.37 83.24
Dropout 60.66 83.04 Dropout 57.07 83.04 Dropout 59.13 83.04
BERT gender INLP 57.25 80.63 race INLP 57.29 83.12 | religion INLP 60.31 83.36
Self-debias  59.34 84.09 Self-debias  54.3 84.24 Self-debias 57.26 84.23
SentDebias 59.37 84.2 SentDebias 57.78 83.95 SentDebias 58.73 84.26
Ours 57.77 85.45 Ours 5724 84.19 Ours 57.85 849
Vanilla 62.65 91.01 Vanilla 58.9 91.01 Vanilla 63.26 91.01
CDA 64.02 90.36 CDA 57.31 90.36 CDA 63.55 90.36
Dropout 63.35 904 Dropout 57.5 90.4 Dropout 64.17 904
GPT-2 gender INLP 60.17 91.62 race INLP 5896 91.06 | religion INLP 6395 91.17
Self-debias  60.84 89.07 Self-debias 57.33 89.53 Self-debias  60.45 89.36
SentDebias  56.05 8743 SentDebias 56.43 91.38 SentDebias 59.62 90.53
Ours 60.42 91.01 Ours 6042 91.01 Ours 58.43 86.13




Ongoing Work - Interpretable and Efficient LLM Debiasing

|dentifying which module in LLM contributes to bias:

(a) baseline corrupted input condition (c) Causal effect of states at the early site with Attn or MLP modules severed
10.0% 4
Need* i 7 ~F i 3 ’ B Effect of single state on P
%DJ .o : E 7.5% I Effect with Attn severed
"’D‘“"O’l "’D‘T : : ‘g I Effect with MLP severed
5 5.0%
(b) corrupted input w/ clean h” MLP severed from §ﬂ
s path with clean 4 2 2.5% III
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e : < 0.0% IIII.HHH.,.\_.\_j__
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I:I 0 D G : : - (d) input ;7_’ (f) output

(¢) mapping
[1] Meng, Kevm et al. Locatlng and editing factual associations in GPT." Advances in Neural Information Processing
Systems 35 (2022)

Forcing fairness via Model Editing:

All states examined at § = Last subject token for p; | (i) For each memory i, find z; by optimizing Eqn. 16 |
ht=3 [ ni2|
i N |
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(ii) For each layer [, apply updates using v v

Eqn. 14 to move all h%‘ towards z;

Re-collect layer L. — 1 activations Re-collect layer L activations

[2] Meng, Kevin, et al. "Mass-editing memory in a transformer.” arXiv preprint arXiv:2210.07229 (2022).



