KGR0
N Bar-llan 3 "“'NEURAL INFORMATION
Unive rSIty "‘i _ PROCESSING SYSTEMS

Recycling Data to Bridge
On-Policy and Off-Policy Learning via Causal Bound

Tal Fiskus, Uri Shaham

NeurlPS 2025

The 39th Conference on Neural Information Processing Systems




Department of

u u u Computer Science
D RL LI m Itat I O ns S - Facultypof Exact Sciences
R g

Bar-Ilan University

* Deep reinforcement learning (DRL) agents excel in solving complex
decision-making tasks across various domains.

 Main challenges:
* Substantial number of training steps.
* Very Large experience replay buffer.
* High computational demands.
* High resource demands.
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SUFT, a causal upper-bound loss optimization method for DRL.
* Significantly improve sample efficiency at a negligible cost.

* Reduce computational costs.

* Reduce resource demands.

* Bridge on-policy and off-policy learning methods.

* Strong theoretical result in the causal framework.

» Seamlessly applicable to any DRL agent with a V or Q-value network.

* Transform overlooked data into valuable causal insights.
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* To the best of our knowledge, all other works
bound the counterfactual loss using the
factual loss.
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* To the best of our knowledge, all other works
bound the counterfactual loss using the
factual loss.

* Our work bounds the factual loss using
the counterfactual loss.

* Why?
e How?

* In DRL, off-policy agents observe and store
counterfactual data while factual data
remains unobserved.
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* The estimated treatment effect loss in the causal framework is interpreted as our
SUFT off-policy evaluation (OPE) term in the DRL framework.

* This term aligns with the principles of OPE, focusing on quantifying the discrepancy
between the target policy and the behavior policy using off-policy data.

¢SUFTQ = E{s?a}wﬂn [L (Q(S? a; Hbehuvinr)a Q(S& a; 6]Itar‘gtt))]*
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e We conduct a theoretical result in the causal framework.

 Seamlessly adapting it to the DRL framework.

Causal Framework DRL Framework
€r, < €cF, + Vg + 0.
Upper bound the factual loss.

€0n-Polic {_: €Off-Polic + ("-/{f'SUFT + 5
Yo Yo Q2

Upper bound the on-policy loss.

Using the off-policy loss.
The SUFT OPE term.

And a constant term independent of Q.

Using the counterfactual loss.

The estimated treatment effect loss.

And a constant term independent of ¢.
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Recycling Value Network Outputs

The Q values are already being calculated in the action selection when generating
the experience.

* Our method, metaphorically:

* By storing the old Q-value in the replay buffer:

(s,a,r, s ,Q(s, a; Ovehavior )

\"l' »r,,} .}.mlllh “-.

w
'&1 !““l S
25BN ", (8
.'\' ot

e The SUFT OPE term:

((//'SUFTQ = E{s,a}an [L (Q(S: a; Bbﬂhﬂ\’iﬁl')ﬁ Q(S? a; |g‘it:ﬂget))]-
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* Optimizing the SUFT causal bound instead of the standard DRL loss.
* The agent’s loss objective function: €oft-policy,, + ATF * YsurTg -

* Adding a coefficient to the SUFT OPE term improves the flexibility and accuracy of
the loss optimization.

* Our method is applicable to any DRL agent with a V or Q-value network.

e The SUFT causal bound:

€0n-Polic < €Off-Polic + %'ff‘SUFT + 4.
Yo Yo o
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* Mean reward ratio comparison between agents using SUFT and baselines.
* Highlighting the profound reward gains across diverse agents and domains.
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* SUFT achieves the highest Human Normalized Mean reward gain.

* Better than all other tested methods that require higher resources and higher computational
costs.

* SUFT surpasses the baseline that has a x25 larger buffer, which is a 96% buffer size reduction.

Table 1: An ablation study on the DQN agent comparing the SUFT additional term impact against
enlarging the buffer size, adding a Vanilla DQN, and adding a Double DQN. The DQN, Vanilla
DQN, Double DQN, and SUFT DQN use a 4K buffer size. All agents are using L2 loss.

Agent Human Normalized Mean (%)

DQN 25.04%
DQN, buffer 100K 29.29%
Vanilla DQN 41.26%
Double DQN 42.31%
SUFT DQN 63.45%
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