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Broker Execution Strategies & Two-Stage MoE-DPO Framework Out-of-Sample Performance Across Different Market Regimes

Results compare four O-learned baselines, the SIP mixture, and MoE-DPO variants. MoE-DPO Execution
Quality delivers the highest profits and lowest costs, while Execution Speed trades for faster completion, and
SIP MIX provides a strong adaptive benchmark.

Four Canonical Broker Strategies: TWAP (uniform execution), VWAP (follows market volume), IS (early
execution), POV (adapts to real-time volume).

Key Limitations: Inflexible to changing market microstructure; brokers manually switch between strategies.
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Figure 1: Integration of Q-learning pretraining and MoE-DPO fine-tuning within ABIDES-Gym environment

O-learned rule-based strategies (TWAP, VWAP, IS, POV) are first integrated via Sequential Information Projection Cl—
(SIP), which adaptively weights experts based on execution quality. MOE-DPO then fine-tunes this SIP mixture
through preference-based optimization, producing interpretable and adaptive execution policies.

Fill Rate Over Time 70 Average Profit

Average Profit

Cumulative Fill Rate

Slippage Over Time

o-Learning Pretraining & MoE-DPO Fine-tuning

Average Execution Cost

Slippage (Relative to Entry Price)

We conduct experiments in ABIDES-Gym with 6.5-hour trading sessions (9:30 AM - 4:00 PM) and disparate
background agents (market makers, value agents, noise traders, momentum traders, volatility agents).

Stage 1: O-Learning Pretraining: Panel n ative fill here MoE-DPO Porf . g 100 trai .
We update O-values using the standard update rule: anel (a) shows cumulative fill rates, where MoE- erformance is compared across trajectories un-
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Figure 3: Out-of-sample evaluation of execution strategies. Figure 4: Out-of-sample evaluation across volatility regimes.
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Stage2: MoE-DPO Fine-tuning: s _ & ?v i;,&."l‘ﬁﬁjf‘-, and SIP mixtures.
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Figure 2: Policy probability dynamics during MoE-DPO training.

Stochastic I.EI\.II.:.AIternates betweep comput!ng €X~ The log probabilities of preferred actions rise while rejected
pert responsibilities g;.(x,y ™, y ™) using the Mixture- _ o5 decline across all experts. This consistent separa-
of-Bradley-Terry (MBT) model and updating expert 5 emerging after 500 steps, validates the MBT prefer-
policies and gating weights. ence optimization built on SIP-aenerated traiectories.

« Extended DPO to multi-expert execution domain with trajectory-level preferences
« Achieved consistent outperformance while maintaining interpretability through expert specialization
« Enabled preference-based customization (quality vs. speed) for institutional trading requirements
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