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Direct Alighment Methods Experiment: Multi-Objective Alignment

Alighment is a crucial step for building safe LLMs that satisfy human expectations and values. ¢ Dataset: IMDB Movie Reviews, Model: GPT-2, Task: Open-ended movie review generation. ¢
Human Annotation: Preferences generated for ~25,000 prompts with three reward functions: sentiment
) A”gnment with Reinforcement Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO) (DlStllBERT), iInformativeness (SpaCY), and grammar (SpaCY)
Learning from Human Feed- il . |, loclrvards e Evaluation: On a 10,000-sample test set, the GPT-2 mixture aligned with MoE-DPO achieves higher
back (RLHF) is costly due to T;'—= >L5w —> reward model " LM policy © r_= >L:‘" > finalLM « reward scores than the DPO-aligned model, with clear expert specialization across components.
sampling, and reinforcement preference data e © sample completions preference data 1 yimum
. . IKelinoo . - . :
Iearr“ng IS UnStab|e reinforcement learning Hketihood Table 1: Reward scores (Mean + SE) for Mix-DPO on IMDb test set. T-SNE of Head Parameter Representation Colored by Dominant Head
- Direct Preference Optimiza Overview of RLHF and DPO for alignment. Model Sentiment [nformativeness Grammar 7 : Egjz Py '04- %
tion (DPO) is efficient and sta- Human Expectations Baseline DPO 0.610 £0.004 0.363 £0.008  0.216 +0.001 S s ; '@ Lo ¢ k.
ble, avoiding bOth the reward Single Distribution Heterogeneous Distributions Case 1 (Mixture) 0.654 + 0.004 0.326 +0.007 0.241 + 0.001 g 0 o Ty g X .
Case 1 (Sparse) z 7] : -
model and the RL loop. vs. /\ Head 0 0.616+£0.02  0.396+0.007  0.263 % 0.001
Head 1 0.720 +£0.003  0.394+0.008  0.213 +0.001
Single vs. heterogeneous distributions of human expectations. Head 2 0.632 + 0.004 0.342+ 0.007 0.267 + 0.001 -75
Current direct methods are limited to a single distribution of human expectations, failing to capture
heterogeneity across expectations, e.g., alignment to different regulatory standards or investor types. Experlment: Multi-User Allgnment

Latent Conditional Bradley-Terry Model Dataset: UItraFe.edback—Personalized [2], Model: Llama 3.2 1B, Task: Open-ended te?<t ge.neration. ¢
Human Annotation: Preferences are generated for 10,000 prompts and response pairs with respect to
Model human preference likelihoods conditionally on a latent class > = k, offering a richer approach to ¢ four user types of helpfulness, honesty, truthfulness, and instruction-following, using GPT-4 as annotator.
modeling pairwise preferences than the classical Bradley—Terry model [2]. Evaluation: MoE-DPQO achieves higher win rates and expert specialization, as judged by GPT-40.
IP(y+ '8 | T,z = 1) —) ['/':_,ﬁ) > E] Heterogeneous Distributions >ingle bistribution Table 3: Pairwise Win Rates for MoE-DPO - Average Characteristic Scores per Policy
Model Evaluation Win Rate
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To better capture this heterogeneity, we structure our policy and reward to be a Mixture of Experts model. ¢ iR < . I L5
Theorem (Informal)d. Optimal policy for k-th expert of the e e 1o
KL_regulanzed reward mixture has the Closed form: Input x Each point rgpresentsauser encoqed by a vector of reward differences Yvhich are
1 1 L computed with the learned MoE policy over (prompt, context response) triples.
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rollary (Informal). Using this in the latent Bradley—Terr LJ Eoro | | L3k Eoro | | . .
Corollary (Info a_) Using this in the ate_ t Bradley ° y w (x) (T, ra) (12, r2) (i, 1) « Using a latent Bradley—Terry model, we introduce direct alignment to MoE models. ¢
model and aggregating the K experts, the alignment Iossﬁ IS: _ o | - o
Lo I%e (k) Lo « Show improved generalization that offers interpretability through expert specialization.
LroE-DPO(T YY) kilw’f(x)ﬁDPO(x’ vy 5 [ Zoeoro - Well-suited for financial applications, such as alignment across regulatory standards or investor types.

(T[, r) [1] Rafailov, Rafael, et al. "Direct preference optimization: Your language model is secretly a reward model." Advances in neural information processing systems 2023.

“Proof for the theorem on the closed form of the optimal policy can be found in [3]. [2] Poddar, Sriyash, et al. "Personalizing reinforcement learning from human feedback with variational preference learning." NeurlPS Spotlight, 2024.
bHere W (x) denotes the input-dependent mixture weights, where Zle Wy (x) = 1. Schema of our MoE Models. [3] Bohne, Jason, Polak, Pawel, Rosenberg, David, Bloniarz, Brian, and Kazanstev, Gary. “Mix and MoE-DPO: Variational Inference Approach to Direct Preference Optimization” 2025.




