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Motivation - Fairness in Continual Learning
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Motivation—Fairness in Continual Learning
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Contributions

* We propose a novel Fairness Direct Preference Optimization (FaiDPO
or -DPO) approach to Continual Learning in LMMs.

e Our contributions can be summarized as follows.

v'Introduce a new continual learning paradigm via DPO, which addresses the
catastrophic forgetting problem.

v'Present a novel Fairness DPO loss to address the fairness problem caused by
imbalanced data, by analyzing the limitations of traditional DPO.

v'Provide a comprehensive theoretical analysis to show that our ¢-DPO can
address both catastrophic forgetting and imbalanced data.

v'Construct preference data labels for current continual learning benchmarks, to
support the DPO learning in our framework.

v'Achieve State-of-the-Art performance via intensive experiments and ablation
studies.



Continual Learning via DPO

Traditional Continual Learning Approach

T; = argmax IEx,yEZ)t [logp(y|x)] + Dforget(nt I 7Te—1)

T
‘ Supervised Forgetting Mitigation

Fine-tuning

Continual Learning via DPO

m; = argmaxEx. - [HEII] — D (e 1) Il ey C 1))
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Continual Learning via DPO - Objective

+ _
° LDPO(n’-t’ T[t_l) — _]Ex,y'l',y_ I:logo_(ﬁ log (Y™ |x) _ﬁlog (Y~ |x) )]

i1 (¥ t|x) Te—1(Y~|x)

l Trainable Policy

* Lppo (s, Tpq1) = _IEx,y"',y_[lOg G(E(log (Y™ |x) —logm (¥~ |x)) —
Bogm,_; (y*|x) —logm_; (y~[x)))]

Fixed Reference

» DPO Objective prevents the policy from drifting away from the previous learning task

» Mitigates ] ing ¥




Continual Learning via DPO-Theoretical Analysis

(Lemma 1-The Lower Bound) (Lemma 2-The Upper Bound)
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The lower bound ensures 1, stays close to 1,_,, thereby mitigating catastrophic forgetting.

The upper bound regularizes updates, ensuring adaptability to a new learning task.
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Fairness DPO in Continual Learning
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Fairness DPO in Continual Learning

9, B(6) = VgLppo(6;9) — VgLppo(8;q)
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Fairness DPO in Continual Learning

Observed

Distribution B(Q) = VHLDPO (0, q) — VHLDPO(H’ q’)
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Lppo(6; 1) = —E,[logp(y™ >y~ | x)]




Fairness DPO in Continual Learning

Observed

Distribution B(Q) = VHLDPO (0, q) — VHLDPO(H’ q’)

q

Lppo(8; 1) = —E,[logp(2)]

Introducing new Fair DPO Loss:

L)];po(e;.u) — _Eu[(l - p(Z))y lng(Z)]

y : Focusing Parameter, balancing the gradients of each group.



Fairness DPO in Continual Learning

Observed

Distribution B(Q) = VHLDPO (0, q) — VHLDPO(H’ q’)

q

Lppo(0; 1) = —E,[logp(2)]

B (0) = VHL])SPO(H; q) — VGL)]SPO CH'D

L]];p()(gi.u) — _IE,u[(l - p(Z))y lng(Z)]




Fairness DPO in Continual Learning

Observed

Distribution B(Q) — VHLDPO(H; q) _ VHLDPO(H; q’) . ”B(H)” = 0

q

B"(8) = VoLppo(8;0) — Vg Lppo (659"

(Lemma 3)
- 1% — Fair DPO Loss can yield fairer
» yll)r?o ”B (8) ” 0 » gradient updates as y increases.




The Framework of ®-DPO
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Preference Data Curation

Prior Benchmarks:
Instruction-following data suitable for LLMs,
but lacked preference annotations required for DPO!
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Preference Data Curation

We construct pairwise preference data for each benchmark » Enable continual learning in DPO #



Experimental Results

Results on MLLM-CL Benchmark Results on ColN Benchmark
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Experimental Results

Results on MLLM-CL Domain Benchmark
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Thank You For Watching!
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