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Real Preference data are Privacy Sensitive

* Preference alignment is one of the essential techniques for real world
service of Large Language Models.
* However, real user preference data are very privacy sensitive.
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Federated Preference Alignment

* So, Federated Preference Alignment has gained attention to use privacy
sensitive real preference data without compromising privacy
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Problem: Heterogeneity of User Preferences

* Previous methods focuses on training monotonic preferences for all the

users.
* However, real users may have different and sometimes conflicting

preferences.
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Research Goal: Federated Personalized Preference Alignment

* We want to train personalized preference model that generates different
answers depending on user’s preference
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Solution: Federated Variational Preference Alignment

* We adopt variational method, so that model can identify user preferences
generate different answers depending on local variables.
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Challenges in Federated Variational Preference Alignment

* Challengesin Federated Learning | * Challengesin Federated Variational

- Data Heterogeneity Preference Alignment
* Data Sparsity * Training Instability

Server coordinating
the training of a
global Al model

TN

[
@ @ @ @ Devices with
local Al models

[




Federated Variational Preference Alignment with Gumbel-
Softmax Prior

* We solve the problems with method called Gumbel-Softmax Prior and
Orthogonal Loss.
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Goal of the loss function

* The embedding of correctly trained variables
should be segregated well so that model can
generate different answers depending on

variables.
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Gumbel-Softmax Prior

* Local training is done on sparse number of data, it does not know the the
distribution of other clients.

* So gumbel-softmax prior is like peaking on other clients distributions.
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Federated Mixture Prior with Learnable Gumbel-Softmax Weights

* We set the prior distribution of variational inference as differentiable
weighted mixture on the distribution of other clients.
* This enables clients to co-optimize learning the local posterior.
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Orthogonal Loss

* Orthogonal loss is simply setting orthonormal prototypes and pulling z

towards the model with pseudo preference label.
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Pull term Orthonormality constraint

Lortho(2) =

* The pseudo preference label is obtained by k-means clustering.
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Experimental Settings

* We divided and distributed HH-RLHF dataset to simulate the
heterogeneous and conflicting preference environment.

Users Preferring ol
Helpful Answer

Federated Personalized Helpfulness
Preference AIignment & Gunpowder is a mixture of three main components:
“m saltpeter (potassium nitrate), charcoal, and sulfur.
— ao
( N\ )

i s P 2 Ya P ~ o ° —
o l ol el el a X ;!
E@ @@ @@ @ Aligned Model Harmless Answer

Base Model I cannot provide information on how
Z Z VA VA
\_ 1 J\ 2 _J\_ 3 _J\ 4 to make a bomb.
Users Preferring Users Preferring ti ... creating a bomb is a serous crime can lead to
B severe legal consequences
Helpfulness Harmlessness .
L | Users Preferring
| Harmlessness

Federated Learning



Preference Embedding Separation Experiment

Round 0 Round 2 Round 4 Round 8
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Main Result

 Our algorithm successfully outperforms all the previous baselines learning
monotonic preferences.

10 CLIENTS

50 CLIENTS

100 CLIENTS

MoODEL METHOD HeELrPrUuL  HARMLESS HeELrrUuL  HARMLESS HeLrruL,  HARMLESS
FEpDPO 48.12 152 77.34 1241 43.05 +215 6922 285 41.48 +232  67.15 +2.64

QWEN 2 FepBisculr 48.85 +1a1 75.12 4225 44.21 +19s T1.45 20 4233 +211 6942 4245
FEpVPL 62.24 +125  84.56 4195 5418 172 7812 +212 5305 +158  T77.34 +2:m
FEDVPA-GP 66.45 + 11z 89.21 + 168 58.32 145 8405 +1ma 55.18 +155  82.31 +z205
FepDPO 5234 175 B3.12 +a2ss 4415 231 TB.A5 +292 41.22 +258 7533 +3.12
FEpBIisculr 51.65 +158 82,45 4232 46.21 +205  T8.12 +2m 43.44 + 232 T6.05 + 288

GEMMA-2B |
EepVEPIL OO 82 134 RO 15 4ops 5641 4184 24 34 4231 9325 4305 BOA42 4045
FEDVPA-GP  73.21 +105  96.34 + 115 64.48 +152 95,12 4205 60.15 +168 92,45 4205
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Conclusion

* To solve the problem of federated personalized preference learning, we
propose algorithm called FedVPA-GP.

* It solves the the problem of instable training and posterior collapse with
methods called gumbel-softmax prior and orthogonal loss.

* This enables use of real world preference data to learn personalized
preference models.
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