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Setup and Challenges
Given: offline prior data (e.g., expert, exploratory data) 

Goal: sample-efficient offline-to-online RL
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1. Offline —  Given offline prior data, learn a policy.
2. Online —  Fine-tune the policy with online interactions. 

Results
(I) How does it compare to prior methods?

Offline RL

Key Ingredients of Efficient RL Algorithm
1. Use critic’s action gradient  to train policy 

2. Use expressive policy (e.g., flow/diffusion) 

3. Stable optimization (e.g., no naïve backpropagation through time)

∇aQ(s, a)

Challenge 1: Prior data is multi-
modal and complex.

Challenge 2: RL updates must be efficient and 
adapt to online data quickly.

Online Fine-tuning

(II) Hyperparameter Sensitivity

Prior action distribution

Online data

Fast adaptation

Adjoint Matching (Domingo-Enrich et al., 2025)

dg̃(a, t) = − ∇at[2vβ(at, t) − at /t] g̃(a, t)dt

dat = (2v(at, t) − at /t) dt + 2(1 − t)/tdWtStep 1, SDE:

Step 2, Adjoint:

Step 3, Matching! LAM(θ) = 𝔼a∼SDE [∫
1

0
∥2(vθ(at, t) − vβ(at, t))/σt + σtg̃(a, t)∥2

2dt]

g̃(a,1) = − ∇a1
Q(s, a1)

We adapted it to Q-learning!

Two residual RL variants

boundary condition —  

QAM-E = QAM + Gaussian edit policy

QAM-F = QAM + FQL

Δa ∼ πω( ⋅ ∣ s, a)
a ∼ πθ( ⋅ ∣ s) QAM fine-tuned policy

Edit policy

LFQL(ω) = − 𝔼μω[Q(a1)] + 𝔼D μω(a0, t) − ∫
1

0
vθ

t (at)dt − a0
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σt = 2(1 − t)/t


