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Summary

Conservative policy updates (small changes in policy space) are an integral part of most
modern RL algorithms. The origins trace back to a classic "chicken-and-egg" problem in policy
improvement: to safely improve a policy, the value function must be accurate on average over
the distribution of states encountered by policy after the update. To deal with this, conservative
methods constrain the policy to remain where the value function estimate is already assumed
to be trustworthy.

This paper explores an alternative, Approximate Next Policy Sampling (ANPS). By (ap-
proximately) sampling the states that the policy will encounter after the update, ANPS can
train the value function on this importance set of states. We implement ANPS with Stable
Value Approximate Policy Iteration (SV-API), a lightweight modification to standard RL that
holds the target policy fixed for multiple rounds of data collection, only committing to a policy
update once the value estimates have stabilized. SV-API matches or exceeds baseline perfor-
mance on high-dimensional discrete (Atari) and continuous control, while making substantially
larger target policy updates. These results demonstrate the viability of ANPS as an alternative
approach to a classic challenge in RL.

Contribution(s)

1. Proposes Approximate Next Policy Sampling: an alternative to conservative policy updates
that explicitly aligns the training distribution with the next policy’s state visitation distribu-
tion — rather than constraining the policy update.

Context: Asimplemented, ANPS allows for unconstrained target policy updates, but must
constrain the behavioral policy updates.

2. A general bound (Theorem 3.3) that isolates the importance of the next policy’s distribu-
tion. This shows why conservative updates are only one possible solution to the distribution
mismatch problem raised by Kakade & Langford (2002).

Context: This bound follows straightforwardly from the Performance Difference Lemma
Kakade & Langford (2002).

3. SV-API, a practical modification to standard online RL that approximately samples the

next policy by decoupling the behavioral and target policies, along with empirical evidence
that this allows PPO to execute larger policy jumps without increasing the risk of policy
degradation due to distribution shift.
Context: SV-API is an proof-of-concept implementation of ANPS. It relies on a proxy
metric (stability of the value estimates) to determine when the value function is accurate
enough to update the target policy. Furthermore, it requires off-policy evaluation since it
introduces a separate behavioral policy.

4. A bound (Theorem 4.1) proving that our SV-API guarantees policy improvement by con-
trolling training error and behavioral divergence.
Context: Like standard related bounds (Kakade & Langford (2002), Schulman et al.
(2015)), it assumes bounded value error, which is not guaranteed for deep RL.
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Abstract

We revisit a fundamental "chicken-and-egg" problem in reinforcement learning: policy
improvement depends on the state visitation distribution of the updated policy, which
is unknown at training time. Conservative updates solve this problem, but at the cost
of shrinking the policy update. This paper explores an alternative solution, Approx-
imate Next Policy Sampling (ANPS), which modifies the training distribution to ap-
proximately equal the next policy’s state visitation distribution. To demonstrate the
feasibility and efficacy of ANPS, we introduce Stable Value Approximate Policy Itera-
tion (SV-API), which uses an iteratively updated behavioral policy to gather data, only
committing to a new policy once a convergence condition has been met. The update
is guaranteed to be safe if certain stability criteria are met, otherwise, it is no less safe
than standard approximate policy iteration. We find the application of SV-API to PPO
matches or improves performance on high-dimensional control (Atari) and continuous
control benchmarks. Moreover, it executes substantially larger target policy updates.
These results demonstrate the viability of ANPS as a new solution to a classic problem.

1 Introduction

Policy Iteration (PI; Howard (1960)) has long been the “big hammer” for solving exact MDPs,
often returning the optimal policy after surprisingly few iterations. In each round, PI computes the
action-value function of a fixed policy, Q™. It then obtains the next policy (7') via the greedy policy
update — selecting an action to maximize Q™ at each state. Approximate Policy Iteration (API)
replaces exact computation of Q™ with approximation (Bertsekas & Tsitsiklis, 1996). However,
this undermines the fundamental reason PI works: monotonic policy improvement (Bertsekas &
Tsitsiklis (1996), Perkins & Precup (2002)). Small changes to the value function estimate can lead
to massive shifts in the state-visitation distribution (Perkins & Precup (2002)). Unless the estimated
action-value is accurate on the new state distribution, improvement cannot be guaranteed, and API
may fail to converge to a locally optimum policy.

Ensuring policy improvement for API is a classic chicken-and-egg problem. Performance decline
can occur even with a “well-behaved” function approximator that minimizes error on its training
set—indeed, this behavior is part of the problem. By fitting the current distribution, the approxi-
mator may have high error on rare states. Since these states may be frequented after the update,
improvement cannot be guaranteed. Perhaps counterintuitively, the ideal training distribution is the
state-visitation distribution of the next policy, which is only defined after the update: hence the
“chicken-and-egg” analogy.

Various mechanisms for enforcing small policy changes have become widely adopted means of mit-
igating this problem. Conservative policy updates (Kakade & Langford (2002), Schulman et al.
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(2015)) make restricted steps in policy space, preventing drastic shifts in the state-visitation distribu-
tion. This strategy is foundational to many modern actor-critic algorithms (Schulman et al. (2015),
Schulman et al. (2017), Abdolmaleki et al. (2018), Hessel et al. (2022)). However, in minimizing
the worst case policy degradation, these approaches also limit the potential upside of performance
improvement.

Ultimately, the problem is not the size of the policy update, but the value error on the next policy’s
state distribution. This paper adopts an approach based on sampling, which we call Approximate
Next Policy Sampling (ANPS). Rather than forcing the next policy 7’ to remain close to 7w, ANPS
draws training data from a distribution designed to cover the distribution of states that 7" visits. This
focuses value estimation on the states that are most important for performance.

We implement ANPS with Stable Value Approximate Policy Iteration (SV-API), a variant of API
that uses multiple rounds of sampling and fitting during policy evaluation. Holding the target policy
fixed, SV-API repeatedly collects trajectories from a behavioral policy, which is updated based on
the present value estimate. When value estimate on the resulting state distribution converges, or
a patience threshold is met, the newest behavioral policy is selected to be 7/. Empirically, we
demonstrate that SV-API applied to PPO (SV-PPO) improves performance on standard benchmarks
Schulman et al. (2017). Analysis of our results reveals that SV-PPO shrinks the change in behavioral
policy, while executing substantially larger target policy updates. This decoupling of the target
policy from the behavioral policy reveals that small policy updates are useful primarily for safely
exploring the state space, while changes to the target policy are not essential, and can even be
detrimental.

2 Background

We consider a Markov Decision Process (MDP) with state space S and action space A. A policy
m(+|s) is a distribution over actions given state. At each timestep ¢, the agent takes action a; ~
m(-|s¢), transitioning to next state s;+1 ~ P(:|s¢, a;), and receives bounded reward r; = r(s;, a;)
with r, € [0,1]. We assume discount factor v € [0,1), and fixed initial state so. We overload
notation and sometimes use 7(s) as shorthand for 7(-|s).

The RL problem is to find a policy that maximizes the expected performance from the start state,
which is given by the value function V7 (so) = E.[>.,;2 7'r(s¢,ar) | so).' The action-value
function, ™, and advantage function are related value functions, defined as follows:

Qﬂ-(sv a) = T(S, Cl) + ’YES/NP(S,G)VN(S) (1
V7 (5) = Equn(s) @ (5, a) )
Aﬂ-(sva) iQﬂ(&a) _Vﬂ(s)' (3)

Since the reward is bounded, so is the value function: maxy s o Q(s,a) < 37207 = 125

A convenient way to express a policy’s performance is in terms of its discounted state action vis-
itation distribution. This quantity discounts states based on how far they are in the future, and is
normalized by (1 — ) to ensure it sums to one.

d™(s,a) =(1—1) Z’ytP(st =Ss,a; = a)
=0

The Performance Difference Lemma (PDL; Kakade & Langford (2002)) writes the improvement of
arbitrary policy ' over arbitrary policy 7 as an expected advantage, with respect to d™ .

/ 1
v -vr =—F
(s0) (s0) = 71— 5
Finally, for any two distributions p and ¢ over random variable z, the total variation distance is
defined as dry = 1> |p(z) — q(2)|.

I The subscript 7 indicates the expectation is over probabilities that are jointly governed by 7 and P.

+ A" (s,a). (PDL)

s,ar~vd™
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3 Distribution shift in on-policy API

Most scalable RL algorithms update the policy to maximize performance, as measured by the value
estimate. Algorithm 1 shows this high-level procedure, On-Policy API, which constructs a sequence
of policies {7 }72 , by iterating between data collection due to 7, policy evaluation of 7, and
updating the policy to obtain 7y1. The term on-policy means that the dataset Dy, contains samples
due to the target policy 7.

We assume generic subroutines for value function estimation and policy update: Eval estimates
q™ =~ @™, while I returns a new policy. Since it estimates the value of the target policy from data,
Eval is a function of the dataset Dy, as well as target policy 7. The policy improvement operator,
T, is a function of ¢™*, plus optional arguments 73 and Dj. With these methods broadly defined,
Algorithm 1 encompasses most on-policy actor-critic and value-based RL.

Algorithm 1 On-Policy API Algorithm 2 Stable Value API
Require: API Subroutines Eval and I’ Require: Eval, I, and Stability Criterion C
1: Initialize g 1: Initialize 7o, By < o
2: fork=0,1,2,... do 2: fork=0,1,2,... do
3 Collect dataset Dy, by rolling out 7. 3: Collect dataset Dy, by rolling out 3
4: q;* < Eval(my, Di) 4 q.* < Eval(my, D)
50 w1 < D(gg*, e, D) 5 Brr < T(a™, By, D)
6: end for 6: if C(qr",q," 7" Dy,) is True then
7: Tk+1 < Br+1 > Update target policy
8: else
9: Mht1 Tk > Hold target policy
10: end if
11: end for

Figure 1: API (Left) and Stable Value API (Right).

We now formalize the distribution shift problem by quantifying the improvement due to a single
iteration of Algorithm 1. The bound obtained in this section reveals the importance of aligning the
training distribution and next-policy’s distribution, a concept we term Next Policy Alignment. We
begin by defining two quantities upon which the policy improvement at each round of Algorithm 1
depends.

Definition 3.1 (Action-Value Error). The p-weighted estimation error of ¢™ is

epa™) =YY uls,a)|Q(s,a) — " (s,a)| - €

seSacA

Definition 3.2 (Estimated Expected Advantage). The estimated expected advantage of arbitrary 7’
over target policy 7 is

AL =E, g [d7(s,0) = VT(s)]. )

Most policy improvement operators optimize a quantity like Equation 5. For example, if the policy
update is greedy with respect to ¢™, then 7’ maximizes the quantity in Definition 3.2 at all states
exactly. We now bound the policy improvement of 7’ relative to 7.

Theorem 3.3 (Value Error and Policy Improvement). Given action-value estimate q* and target
policy , let the next policy be 7’ = T'(q, ). Then,
1

= (A el ) <V () =V (s0) < 1= (AT @) 6



Reinforcement Learning Journal 2026

This theorem implies that AT, must be larger than 5(d”l, q™) to guarantee monotonic policy im-

provement. The proof is in Appendix (6). It starts from the Performance Difference Lemma (PDL),
and replaces A™ (s, a) with an interval of radius e(d™ , ¢™) centered at ¢(s,a) — V(s).

We assume that Eval minimizes the action-value error on the training distribution, ;. Thus,
s(d’rl, q™) must be controlled some other way. The following Lemma shows that when the training
distribution matches the next round’s on-policy distribution, then E(d”/, ¢™) can be controlled with
standard distribution-shift arguments.

Lemma 3.4. Assume bounded value error: max; , » |Q™(s,a) — ¢"(s,a)| < ﬁ For any two

state-action distributions |, and d~':

’

ed™,q") <e(p,q") +

2 y
1_ ’ydTV(d aIU/)

The proof is in Appendix A. Combined with the preceding Theorem 3.3, Lemma 3.4 implies that
that, if the distribution shift is limited, then the policy improvement can be lower bounded. We call
the degree of distribution shift between training distribution and policy improvement Next Policy
Alignment.

Definition 3.5 (Next Policy Alignment (NPA)). Given next policy 7/, a training distribution x(s, a)
satisfies dg4;5¢-NPA if dpy (d™ , 1) < dgise-

Corollary 3.6. Assume the conditions of Theorem 3.3 and Lemma 3.4 hold, and that training dis-
tribution p achieves 04;5t-NPA (dry (d™ , 1) < ba;st). Then, the policy improvement is at least:

/ 1 1
™ _ YT > 7r/_
V7™ (s0) = V7(s0) = 1 _VAW 1—~

2
e(p,q™) — a2 7)25dist (7

Proof. Starting from Theorem 3.3, upper bound E(d“/, ¢™) using Lemma 3.4. O

When d4;5:-NPA is satisfied, then the policy improvement suffers two penalties: one proportional to
d4ist, and the other proportional to the training data error. The relationship with 04 in Cor. 3.6 is
the same in bounds due to Kakade & Langford (2002), which were later adopted by Schulman et al.
(2015). That result and our result both share a (1 — ~)~2 coefficient in front of the distribution shift
term. Unlike that work, our bound explicitly quantifies the dependence on value error.

3.1 Conservative Policy Iteration (CPI)

Conservative policy updates are designed to ensure that the policy improvement operator in Algo-
rithm 1 satisfies -NPA by making small policy changes. The following Lemma due to Agarwal
et al. (2021) relates the state-action distribution shift to the maximum policy change.

Lemma 3.7. dpy (7' (-|s), 7(-|s)) < 6(1 — ) for all states s implies dpy (d™ (s, a),d™(s,a)) < 6.

In the original CPI algorithm (Kakade & Langford, 2002), the next policy 7’ is a mixture of 7 and the
greedy policy. Specifically, I'cpr sets my1 = (1 — )7 + QT greedy, limiting the policy divergence
such that dpy (7'(¢|s), 7(:|s)) < « at every state. The update 7’ = T'cpr(¢™, 7, D ~ d™) enjoys
the following policy improvement bound due to Lemma 3.7 and Cor. 3.6.

/ 1 1 2a
T _ s > 7T/ _ T T\ _
14 (SO) 14 (50) =1 A‘n’ E(d 4 ) (1 _ 7)3

- 1—x

®)

From 8, assuming £(u, ¢™) is small enough, CPI can guarantee monotonic policy improvement, but
at the cost of exceedingly small policy improvements. Because bounding distribution shift using
policy divergence incurs a penalty of «/(1 — ~y)3, the permitted step size vanishes rapidly as v — 1.
Assuming v = 0.99, Theorem 12.2 of Agarwal et al. (2021) gives o ~ 0.0025. According to
Theorem 3.3, enforcing this limit wastes data and compute if the value error is low enough on the
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next policy’s state action distribution. Indeed, typical deep actor-critic methods implement much
weaker conservatism than CPI theory suggests. For example, the Muesli (Hessel et al., 2022) update
is regularized to prefer policies with dpy (7, Tr4+1) < 0.46, a jump in policy space large enough
to make the policy improvement bound vacuous. As another example, Engstrom et al. (2020) found
that TRPO and PPO held the average KL divergence at around 0.05 — still at least 20x too large
to guarantee policy improvement. While these methods are widely applied, they abandon strict
theoretical safety (Stiennon et al. (2020), OpenAl (2023)). In the next section, we introduce a
method that attempts to minimize e(d™ , ¢™) directly.

4 Approximate Next Policy Sampling with Stable Value API

Approximate Next Policy Sampling (ANPS) achieves NPA through a fundamentally different
mechanism: constructing a training distribution puy, that explicitly approximates the next policy’s
state distribution, d™*+*. ANPS achieves this by selecting a behavioral policy whose state-action
visitation distribution satisfies d4;s:-NPA. Then, minimizing the action-value error on the training
data, (ug, ¢™ ), safely bounds the error on the crucial state-action visitation distribution of the next
policy. This alleviates the need for 71 and 73 to remain close.

We introduce Stable Value API (SV-API, Algorithm 2) as a general recipe to execute ANPS with
arbitrary I' and Eval. SV-API separates the optimization process into three distinct policies at each
iteration k:

» Target Policy (7;): Uniquely determines the value target Q™" for evaluation.
* Behavioral Policy (5;): Collects the data.

* Next Target Policy (7;1): Updated only after a convergence criterion is met.

The full algorithm is shown in Algorithm 2. In each round, the value estimate is trained on data
from the behavioral policy, which is then updated with I". Unlike Algorithm 1, the target policy is
updated only after a stability condition, C, is met. In this work, we explore two concrete stability
conditions:

1. Static Intervals: The target policy is updated every K rounds, where K is a hyperparameter.

2. Dynamic Thresholding: The change in the value estimates falls below a hyperparameter ¢, for
at least K,,;, rounds. We track the absolute critic change:

. o1 - k1
it = o 3 I 0) = a5 (50) ©)
s,aeD

This quantity is a measurable proxy for e(u, ¢, ") and dpy (pk—1, f1). When either of these is
large, diff;, may also be large. To help ensure transferability across environments, we normalize
diffy, dividing it by the return before comparing to §,,. Finally, we implement a maximum number
of rounds spent evaluating a fixed policy, K, 4., to prevent stalling. The full convergence logic
used in this work is shown in Algorithm 4,

Static interval thresholding can be obtained by setting the maximum and minimum number of iter-
ations to the same value: i.e. K,,;n = Kpae = K. We now present an experiment comparing the
quantities from Section 2, for SV-API before returning to our theoretical analysis.

4.1 An empirical demonstration on the Four Rooms MDP

To examine how &(u, ¢™) and next-policy alignment interact in practice, we run deep RL on the
Four Rooms environment (Sutton et al., 1999). We compare a conservative API method, PPO, and
a Stable Value variant (SV-PPO), which performs Algorithm 2 with Eval and I'" from PPO. We
defer the implementation details to Section 5. The start state is in the top left room, while the goal
is the bottom right corner. The intended action is followed 80% of the time, otherwise the agent
moves randomly. The layout of the environment is provided in the first panel of Figure 2, along with
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True V(0 =k =<29) Dist. @ k=3 Value Pred. @ k=3 Dist. @ k=29 Value Pred. @ k=29
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Figure 2: Snapshots of two rounds of SV-PPO on Four Rooms (k = 3 and k = 29) with a fixed
target policy. True V'™ indicates the true value function of the target policy. “Dist. @ k” is the
moving average empirical state visitation distribution at round k. “Value Pred.” is the predicted
value.

the value function of the uniform random policy. Code to reproduce all experiments is available at
https://github.com/dillonmsandhu/next-policy-sampling/.

Based on its convergence logic, SV-PPO delays updating the target policy until round £ = 30. Figure
2 shows the true state value function V™ for k < 29, as well as the state distribution of an early
behavioral policy. Note that there is little overlap between the states visited with random exploration
and states with high value under the random policy. Sampling with the behavioral policy remedies
this. As the last two panels of Figure 2 show, by round k& = 29, ; has achieved significantly better
coverage near the goal, leading to a much stronger value estimate compared to the earlier rounds.
Without the sustained data collection from [, accurate value estimation of V™ at these distant,
high-value states would be impossible.

In contrast, standard PPO immediately updates the policy based on initial, high-error value esti-
mates. This leads to value churn (Tang & Berseth, 2024) and catastrophic forgetting around iter-
ation 80. Figure 3a shows the corresponding performance collapse. A deeper analysis reveals the
dynamic: the critic overestimates the value of rarely visited regions (the bottom room and leftmost
wall) leading to degradation of the policy in these regions. Then, premature policy updates adjust the
policy to avoid these regions, meaning that the value network rarely sees the data it would need to
self-correct. Since the policy is weak in this region, but cannot avoid visiting it due to action stochas-
ticity, PPO does not settle at the optimal policy during learning — as shown in the performance curve
in Figure 3a. See Supplemental Materials F for a detailed analysis of PPO’s and SV-PPO’s learning
dynamics.

By evaluating target policies for longer, SV-API suppresses value overestimation, obtains coverage
of high-value states, and successfully converges to the optimal policy. Figure 3a plots the value
of the sampling policy, while Figure 3b shows the value error, weighted by x4 1, the key quantity
that can undermine policy improvement. Despite having less frequent target policy updates, both
methods achieve a similar degree of NPA, as shown in Figure 3c. We track the convergence metric
for SV-PPO in Figure 3d, observing that it’s reasonably correlated with value error on the next
behavioral policy’s training distribution, the quantity for which it is a proxy.

4.2 Analysis of SV-API

We now consider when SV-API achieves a monotonic policy improvement. Since the target policy
is only updated when a convergence criterion has been met, SV-API can improve it by ensuring
the training distribution i is similar to d™*+! and lowering the training error. In other words,
during update round k, the cumulative distribution of states visited by behavioral policies Sy <
must provide good coverage of d™*+!, which, in an update round, equals d®++1.

To simplify the analysis, we do not consider the entire training distribution, which was collected by
Br’<k, but only the final d®. With this simplification, a sufficient condition for monotonic policy
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Figure 3: Four Rooms learning curves. Dots indicate target policy updates for SV-API. (a) Perfor-
mance of the data-collection policy for both algorithms; (b) Weighted Mean Squared Value Error,
weighted by the next policy’s on-policy distribution, E,, ,, (V™ (s) — vi(s))?; (c) Total variation
distance between successive training distributions py; and (d) Convergence: scaled diff; vs. the
threshold, ¢, (dashed line).

improvement is the proximity of subsequent behavioral policies (along with low value error). The
theoretical mechanism for ANPS is iterative refinement of the behavioral policy until 35 and Sj41
are sufficiently similar, at which point C must trigger an update to the target policy. We now present
our main theoretical result: sufficient conditions for SV-API to make safe, unconstrained updates to
the target policy.

Theorem 4.1 (SV-API Improvement). In Algorithm 2, assume the target policy up-
date occurs (mpy1 < Pry1) and that the behavioral policy has stabilized such that
maxg dry (B (+8), Be+1(:|8)) < 8(1 — 7). Let the training data distribution py, be the station-
ary distribution induced by the behavioral policy, py, = d°*. Finally, assume bounded error on the
training distribution €(uy, ¢™) < € and globally max; o » |Q™ (s,a) — ¢"(s,a)| < ﬁ Then, the
performance improvement is at least:

Tht1 T 1 T 20
V k+ (30) — V k(So) Z m (A‘IT:+1 — & — M) (10)

Proof. In an update round, the target policy becomes the new behavioral policy: m;4+1 = Sr+1. The
divergence between d’++1 and fu, is at most & (Lemma 3.7). Plugging this in for &4;,; in Corollary
3.6 yields the result. U

It is instructive to contrast the bound in Theorem 4.1 with the standard monotonic improvement
bounds found in conservative methods like CPI (Kakade & Langford, 2002). In CPI, because the
updated policy is a mixture, its expected advantage evaluates to a small fraction of the greedy ad-
vantage: AT = o, g1 [max, (g™ (s,a) — V7™ (s))] (Agarwal et al., 2021), which restricts
the update. We provide a more detailed comparison to the CPI result in Supplemental Materials B.

In contrast, Theorem 4.1 shows how SV-API can capture the full, unscaled expected advantage of
its updated policy, A?IEH. SV-API avoids scaling down the policy improvement because it does not
explicitly set 4 as a maximum target policy change. Rather, the algorithm waits for the behavioral
policy to stabilize to ensure §-NPA. If this occurs, ¢ is kept under control, but the estimated improve-
ment AQ;H can be large because 7,1 is the accumulation of multiple training steps. In this way,
a convergent sequence of behavioral policies avoids problematic distribution shift while permitting
leaps in target policy performance. In fact, it is sufficient for the final behavioral policy, Sy, to have

a bounded distance to Sy 1-

This is the motivation behind our proposed dynamic convergence criterion, which measures the
value function change on the behavioral distribution. When the value network stops changing on a
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Algorithm 3 Stable Value PPO Algorithm 4 Conv
Require: Target 7g, Value vg,, Num. Env. Steps T', || Require: yi.7, diff, nguapie, kn
Params: 0y, K.nin, Kmaz, Qent In-Scope (Alg. 3): §y, Kinin, Kimaz
Boy < Tgs kx 0, Nsgaple < 0 1: Check Stability:
fork=0,1,2,... do 2: ?T%%ZtTd |yl
Dk — {(st,at, S;, rt)}t:l:Ta ay ~ ﬂgk (St) 3 Istable < H(dlffk/?T < 61;)
1. Evaluate Target Policy (Eval)
y1.7 < VTrace(Dy, Bo, , 75) 4: Increment Number of Stable Iters:

W

AI:T — Retrace—GAE(Dk, ﬁ@k , ﬂ-é) Nstable < (nstable + 1) X Istable

Prt1 < Stepy (520, (yr — v, (51))?)
2. Update Behavioral Policy (I')

6: Stability Gating / Early Stopping:
0k‘+1 « StepG(JClip(gk, Al:T)) ; lfnstable > Kmi'n or k‘ﬂ' > Kmaac then
9

3. Stability Criterion (C) ; else"et“"“ True, 0
diffy, < 5 2, |y — vg, (s0)] ’

stable, 7gabie < Conv(yr.r, diffi, sabie, k) :? . dri‘;t“m False, e
if conv. then :
kr <+ 0
0 — Opi1 > Update target policy
else
kr+=1 > Hold target policy
end if
end for

shifting distribution, we take this as a proxy for the underlying training process stabilizing — both the
value estimate and resulting state distribution. If this is the case, then distribution shift is controlled
by the stabilization of the data-collection process and value estimate, in addition to any conservative
properties of I'.

5 Empirical results

We implement Algorithm 2 by modifying the conservative deep RL method, PPO (Schulman et al.,
2017). By preventing large changes in both the value function and (behavioral) policy, the clipped
PPO update helps induce the stabilization dynamic described above. The resulting algorithm, SV-
PPO, is shown in Algorithm 3. It maintains a frozen set of policy parameters, corresponding to the
target policy. Since SV-PPO must estimate V™ and A™ from potentially off-policy data, standard
importance sampling (IS) techniques with respect to the target policy are required. We use V-Trace
(Espeholt et al., 2018) and ReTrace(A) (Munos et al., 2016) for off-policy value and advantage
estimation, respectively. Similar to TD(A) Sutton (1988), V-Trace computes a return-based value
target, but it uses clipped importance sampling ratios to reduce bias due to off-policy trajectories
(full details are provided in Supplemental Materials P). The frozen policy action probabilities are
used to compute importance sampling (IS) ratios.

To help ensure the distribution shift conditions of Theorem 4.1 hold, SV-PPO applies the clipping
heuristic from PPO to subsequent behavioral policies within the standard PPO surrogate objective
JUP_which is provided in Supplemental Materials P. Standard PPO can be obtained from SV-PPO
by ensuring C is always true, for example by setting K4, = 1 or dy = oo and K, = 0.

SV-PPO does not require any additional training or environment sampling beyond standard PPO.
The primary additional computational cost is running inference with the frozen target policy, whose
predictions are used in the IS ratio for VTrace and ReTrace()\).
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5.1 Atari

We run on sixteen Atari games: the Atari-10 Benchmark (Bellemare et al. (2013), Aitchison et al.
(2022)), plus six well-known and interesting games: Breakout, Asterix, Freeway, Seaquest, Space
Invaders, and Ms. Pacman. We run two variants of SV-PPO: One uses a dynamic convergence
condition, and sets § = 0.01 and K,,,, = 33, the other uses a static convergence criterion of
Kpnin = Kmae = 9. Hyperparameters for C were obtained by tuning on MinAtar (Young & Tian,
2019), and besides these are due to PPO. We modify the hyperparameter for PPO compared to the
original paper to help maintain performance on stochastic versions of the games (See Supplemental
Materials 7 for full hyperparameters). Results are shown in Figure 4a.

Atari Performance (PPO Normalized) BRAX Performance (PPO Normalized)
T [
Asterix inverted_pendulum 4 e
Frostbite humanoidstandup
Phoenix halfcheetah
NameThisGame alte ,ee 2
Seaquest swimmer
Riverraid fast 4 Both beat PPO|
BattleZone walker2d
Spaceg;;ggglﬁ Both beat PPO inverted_double_pendulum A E.—<
Freeway pusher _—< 7777777 Either
KungFuMaster ant{ T
Qbert . hopper -—4
Doub/IfD_\:jnk 1 e Either beats PPO humanoid {0
MSParcnr%:r: I I Dynamic SV-PPO reacher 4 E.—<
N 1 3
9 3 Static SV-PPO T T T T + T T
Bowling B 0 20 40 60 80 100 120 140
0 200 400 600 800 1000 Score (% PPO)
Score (% PPO) (== pynamic sv-PPO =3 static Sv-PPO|
(a) Atari benchmark suite. Five Seeds. (b) BRAX continuous control suite. Twelve seeds.

Figure 4: SV-PPO Performance Comparison. Normalized scores relative to the PPO baseline
(100%). Bars show the performance of both variants, with the colored tip indicating the winning
variant and its margin.

Performance on each game is shown in Figure 4a. Dynamic SV-PPO saw better final performance
on 11 out of the 16 games, and was statistically significantly better on six (p = 0.1, Welch’s T-
Test), and significantly worse on none. Static SV-PPO also never statistically significantly harmed
performance, and improved performance on seven games.

Aggregate information about the size of the policy update is shown in Table 1. Both variants make
fewer, larger updates to the target policy. The static interval variant made one ninth the number of
target policy updates, each of which was 511% larger on average, as measured by the KL-divergence.
Dynamic SV-PPO made anywhere from 3% to 95% as many updates, which were 96% larger on
average. For per-game information, please reference Table 2 and 3 in the Supplemental Materials.

We also compare the difference in successive data collection policies at the time of the target policy
update in the last column of Table 1. This indicates the degree of next policy alignment: The change
in behavioral policy during the update step is reflected in the distribution shift terms in Theorem
4.1 and Equation 8. We find that SV-PPO, especially the dynamic variant, shrinks the distribution
shift between policies beyond the standard PPO clipping heuristic. As there are no other differences
between algorithms, this must be because SV-PPO’s critic evaluates each policy for longer, helping
stabilize the policy update.

We find that performance on most games benefited from slower target policy updates, which corre-
sponds to more data and learning for each value function encountered in the API loop. Figures 5
and 6 in the Supplemental Materials show the convergence threshold for all games. The dynamic
convergence criterion resulted in infrequent policy updates at the beginning (resembling policy it-
eration) and frequent refinements to the policy at the end (resembling value iteration). Based on
this fact, along with its heuristic control of policy drift and value error terms that appear in our the-
ory, we expected better performance from the dynamic variant. However, the static interval variant
improved performance on most games where the stable value principle was helpful. This suggests
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Table 1: Performance of Static and Dynamic SV-PPO across Brax and Atari environments (12 and
5 training seeds respectively). Scores are reported relative to PPO. The first column shows median
performance, with the interquartile range in brackets. The next shows the geometric mean normal-
ized performance and its multiplicative spread. The last two columns measure the mean change in
target policy and behavioral policy during policy update steps, as measured by KL-divergence.

Med. Score (% PPO) Mean Beat PPO (%) KL (7r) KL (5)
Static (Brax) 97.4 [85.7, 104.0] 93.4 (x/+1.13) 42.0 14.89x  1.40x
Dynamic (Brax) 100.2 [98.5, 104.2] 103.2 (x /= 1.11) 50.0 1.08x 1.05x
Static (Atari) 104.0 [98.8, 139.8] 133.3 (x/+ 1.84) 56.2 6.11x 0.94 %
Dynamic (Atari) 105.0 [98.2, 115.2] 113.2 (x/+ 1.32) 68.8 1.96 x 0.70x

that the convergence condition could potentially be improved. SV-PPO is able to shrink distribution
shift, improve the value function estimate on the relevant distribution, and obtain a larger policy
improvement.

5.2 Continuous Control

We test PPO and SV-PPO on standard continuous control benchmarks using the Brax physics sim-
ulator (Freeman et al., 2021). Final performance of Static and Dynamic SV-PPO relative to PPO
is shown in Figure 4b. For PPO, the policy is a Gaussian, which we find leads to high variance
importance sampling ratios. We hypothesize this offsets any benefits of regularizing value learning
using the stable value principle. Indeed, it seems SV-PPO can degrade performance on environ-
ments where the PPO policy is highly deterministic, such as the reacher and ant. After initially
experimenting with K,,,, = 32 as in Atari, we found better results with K,,,, = 8, which limits
how off-policy the data can become. The static variant performs nearly as well as standard PPO with
one eighth of the updates (K4 = Kpmin = 8). The dynamic thresholding variant set §,, = 0.05
and K,,,,; = 8, and performed a median of 1% better across the suite. We speculate that applying
Stable Value API to Soft Actor-Critic (SAC) Haarnoja et al. (2018) may help since SAC’s entropy
regularization may lower the variance of the IS ratios.

6 Conclusion

This work introduced ANPS, a new mechanism for policy improvement based on iteratively refining
a behavioral policy until it is suitable to become the new target policy. We implement ANPS using
SV-API, which waits until the change in the agent’s value estimates falls below a threshold before
updating the target policy. Our Theorem 4.1 demonstrates that if this heuristic stabilization corre-
sponds to a bounded state-distribution shift between successive behavioral policies, monotonic pol-
icy improvement is guaranteed. Because SV-API enables significantly larger target policy updates
while ensuring distribution shift does not degrade the expected return, it represents a fundamentally
new approach to safe policy improvement.

Directions for future work include: (1) improving the empirical convergence criterion C to better
approximate the unmeasurable theoretical quantities dictating alignment; (2) exploring alternative
methods to execute ANPS, such as planning in imagination with a learned world model; (3) integrat-
ing principled exploration techniques directly into the behavioral policy update; and (4) investigating
the practical impact of off-policy evaluation errors on SV-API and determining ways to reduce them.
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Appendix
Proof of Theorem 3.3
Proof of Theorem 3.3. Start with the PDL, and introduce ¢™ through addition and subtraction:

(1=7)(V™ (s0) = V™(s0)) = E, yoger A"(s,0) (PDL)
= Es,awd“, [qﬂ'(S? a) - Vﬂ-(s) + QW(Sa a) - qﬂ—(s? G/)]
= AZ’ + Es,awd”/ [QW(& a’) - qﬂ'(s’ Cl)]

Subtract AT, from both sides, and take the absolute value:

(1 =) (V™ (s0) — V™(s0)) — AT,

Es,awd"’/ [Qﬂ- (87 CL) - q(‘S? a)]
SE, gugr |Q7(s,0) — q(s,a)|
=e(d™,q")

Dividing by (1 — %) > 0 and noting |z| < a <= —a < z < a yields the theorem statement.

—e(d™,q") < (1 =) (V™ (50) — V™(s0)) — AL, < e(d™ ,¢™)
(AT @ ) < (V7 (s0) = VT (s0)) < 7 (AT + (@ 7))
177( T € 4 = 0 0 =14 B 4
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A Proof of Lemma 3.4

Given two distributions, p, and arbitary action-value estimate ¢™, we’d like to £(u’q™). Dropping
dependence on ¢™, and writing the difference:

e(u') —e(p)

Since () is positive for any distribution, we have

e(p') —e(p) < le(u’) — ()] (11)
= |[Es o |Q7 (8,0) — ¢7 (5,a)| — Eg anpu|Q™ (5, 0) — q" (5, a)|| (12)

=D = wlQ"(s,a) — ¢" (s, a)] (13)

<Dl = pllQ7(s,a) — ¢7(s,a)] (14)
:Z|/'L/_ILL||Q7T(S7G/) _qﬂ-(sua’” (15)

< max (|Q7(s,0) —¢"(s,0)]) Y |/ — ] (16)

1

< jzw—lﬂ a7

= 2 d7 ! 18

_1_,)/ TV(N?/’L) (18)

Rearranging gives

e(p) < e(p) + drv (', 1) (19)
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B Comparison of Theorem 4.1 to CPI Monotonic Policy Improvement
Bound

We compare our Theorem 3.3 to the related monotonic policy improvement bound from CPI, which
we state below. Note that the following bound uses ¢ that is distinct from e(u, ™). CPI uses ¢
to denote error in the greedy policy selection subroutine. Recall that in our notation, £(q™*, i)
measures the explicit mean value estimation error of the critic on its distribution w. These terms are
related, but are not interchangeable.

Theorem B.1 (Agarwal et al. (2021) Theorem 12.2). Assume access to a method which outputs a
policy 7’ such that AT} > maxz ATF —e. Then, the CPl update mj,11 = (1—6(1—7))mp+6(1—7)n’
vields the following performance bound:

1
VT 0) = V™ (00) 2 7 (00 g AT —d = 26%) 0

Note that the distribution shift penalty in the last term is of O(6%/(1 — v)), while for SV-API it is
of O(§/(1 — ~)?). This is because, for CPI, the coefficient §(1 — ~y) scales down both the expected
advantage and distribution shift. This allows CPI to guarantee monotonic policy improvement for
small enough §. In contrast, the bound in Theorem 4.1 is due to an unconstrained policy update, and

incurs no multiplier of 4 on the improvement A7* .
k+1
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C Detailed Atari Convergence Threshold
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Figure 5: Scaled value diff and convergence threshold §,, for SV-PPO on all 16 Atari games.
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D Detailed Atari Learning Curves
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E Learning Curves: Atari
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F Four Rooms Experiment

Four Rooms (Sutton et al., 1999) is a grid world with fixed starting state (top left room) and goal
state (bottom right room) The action is the intended direction of movement, and is executed noisily,
with a 20% chance of success. Hugging the walls mitigates the negative effect of an erroneous
move. The optimal policy, shown in Figure (8a), visits all four rooms: generally going through the
top room, but occasionally going through the bottom room if brought there via noise.

We use 10,000 rounds of value iteration to solve for the optimal policy on Four Rooms. We then
compute the optimal actions, placing equal weight on ties, and compute the associated discounted
stationary distribution.

Optimal State Visitation Distribution

0.07
0.06
0.05
0.04
0.03
0.02
0.01

(a) Optimal Policy (b) Associated State Visitation Distribution

Optimal Deterministic Policy

uoneyIsIA pauNodsia

Figure 8: Optimal Policies and Associated State Visitation Distribution

F.1 Experiment Details

We run an implementation of PPO due to Lu et al. (2022), using a convolutional actor critic network,
due to Gallici et al. (2025)). The observation space is visual (the entire grid, with the agent’s position
and wall marked). SV-PPO uses dynamic thresholding, and is discussed in detail in the next section.
We run for 195 total rounds, each corresponding to an update to the behavioral policy. Based on
the strictness of the convergence criterion, SV-PPO updates the target policy 40 times. Figure 3
visualizes the convergence logic (corresponding to C in Algorithm 2): If the quantity shown in blue
on the rightmost chart falls below the dotted line for four consecutive iterations, an update occurs.
We use A = 0.8 for the GAE()\) and TD(\) targets.

F.2 Results

In terms of performance, SV-PPO converges to the optimal policy. PPO has unstable convergence
to a local optimum that always attempts to go through the top rooms even if noise has pushed the
agent closer to the bottom-left room, while the optimal policy is to continue along the bottom route.
Of note is the sudden collapse in the performance of PPO in iteration £ = 80. This is due to mis-
generalization of the value network, sometimes called value churn (Tang & Berseth, 2024). Around
iteration k = 50, PPO’s CNN critic over-estimates the value along the left wall. By k£ = 60, the PPO
policy network learns to avoid the bottom room. Insufficient sampling and poor generalization leads
to catastrophic forgetting occurring at iteration £ = 90. This is indicated by a massive degradation
in the true value function at these states. The “recovery” in value that occurs for PPO is actually to
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avoid these states, which is a sub-optimal policy. Detailed visualizations of the learning dynamics
are in Figures 9 and 10.

By evaluating a fixed policy for longer, SV-PPO mitigated value overestimation. For example, it
experienced less-overestimation along the left wall, since it was fitting a lower value policy in the
top right room. Lower value estimates led to more consistent exploration of the problematic room —
instead of just seeking the left wall, as PPO did. The end result is that SV-PPO learns a strong policy
in the bottom left room, while PPO’s remains weak, even at the end of learning.
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Figure 9: Detailed Examination of PPO’s Learning on Four Rooms, highlighting the catastrophic
forgetting at iteration 90, and over exploration of the bottom left corner due to value over -estimation
at Iteration 100. This leads the agent to avoid the room altogether.
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Figure 10: Detailed Examination of SV-PPO’s Learning on Four Rooms, highlighting iterations
which saw value over-estimation the bottom left corner, but less widespread than PPO, and more
quickly resolved by exploring the room. The final policy goes through the bottom room just like the
optimal policy in Figure (8)
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Table 2: Static SV-PPO on Atari. By strictly gathering data for 9 rounds before every target
policy update, SV-PPO operates on 11% of the target updates of standard PPO as shown in (b)
Updates. Column (a) indicates the final converged return relative to PPO. Column (b) indicates
the fraction of rounds & where SV-PPO updates the target policy. Column (c¢) shows the size of the
target policy jump as a multiplier of PPO’s, demonstrating that SV-PPO executes substantially larger
target updates. Column (d) shows the same quantity for the behavioral policy remains constrained.

(a) (b) (©) (d)
Score Updates  KL(7y|[mk+1)  KL(Bk||Br+1)

Environment (% of PPO) (% of PPO) (x PPO) (x PPO)
Asterix 787 + 285 11 4.5x 0.7x
Frostbite 358 £+ 526 11 7.6x 1.1x
Phoenix 186 + 22 11 4.5x 0.8x
NameThisGame 184 £ 20 11 5.3x 1.0x
Seaquest 125 +17 11 6.9x 1.1x
Riverraid 120 £ 9 11 7.3x 1.0x
Spacelnvaders 113+ 6 11 4.7x 0.9x
Breakout 107 =3 11 6.2x 0.9x
Qbert 101 £+ 14 11 7.5x 0.9x
DoubleDunk 100 £ 1 11 11.3x 2.0x
BattleZone 100 £ 11 11 6.6x 0.9x
Freeway 99 + 14 11 4.9x 1.0x
KungFuMaster 98 + 8 11 6.1x 0.9x
Amidar 92 £10 11 5.7x 0.9x
MsPacman 90 + 14 11 6.7x 0.9x

Bowling 70 £ 32 11 4.9x 0.6x
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Table 3: Dynamic SV-PPO on Atari 2600 environments. Column (a) indicates the final con-
verged return relative to PPO, with bold indicating significantly different performance. Column (b)
indicates the fraction of rounds & where SV-PPO updates the target policy. Columns (c) and (d)
show statistics about the convergence value (diffy /7, in Algorithm 4), normlaized by the thresh-
old §,, such that a value < 1 implies stability.Column (e) shows the size of the target policy jump
as a multiplier of PPO’s, demonstrating that SV-PPO executes substantially larger target updates.
Column (f) shows the same quantity for the behavioral policy.

(@) (b) (©) (d) (e) ®
Score Updates  diffi /3, Std. diff, KL(7k||mer1) KL(Bk||Br+1)
Environment (% of PPO) (% of PPO) (Median) (% of §,) (x PPO) (x PPO)
Asterix 256 + 151 74 56 27 0.7x 0.5x
Phoenix 170 + 16 61 85 25 0.9x 0.5x
NameThisGame 137 £ 16 75 75 21 1.3x 1.1x
Frostbite 119 + 40 55 83 37 1.3x 0.6x
BattleZone 114 + 10 47 96 27 1.8x 0.8x
Riverraid 111 +1 67 73 27 1.2x 0.7x
Breakout 111 +5 4 187 90 9.6x 0.7x
Freeway 105 £5 38 106 189 2.3x 0.9x
Spacelnvaders 105 £ 12 41 100 24 1.4x 0.6x
KungFuMaster 103 +£3 79 67 21 1.2x 1.0x
Seaquest 101 £ 18 85 47 18 1.2x 1.0x
DoubleDunk 9 +1 3 1645 3299 27.0x 0.9x
Qbert 96 + 11 40 100 28 1.9x 0.6x
Amidar 94 4+ 27 54 83 36 1.3x 0.6x
MsPacman 92+ 19 27 115 39 2.8x 0.4x

Bowling 77 £74 40 105 2865 2.4x 0.7x
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Table 4: Dynamic SV-PPO on Continuous Control Column (a) indicates the final converged re-
turn relative to PPO. Column(b) indicates the fraction of rounds k£ where SV-PPO updates the target
policy. Columns (c) and (d) show statistics about the convergence value (diffy, /7, in Algorithm
4), normalized by the threshold §,, such that a value < 1 implies stability. Column(e) indicates
value loss (MSBE) at convergence as a multiplier of PPO’s. Column (f) shows the size of the target
policy jump as a multiplier of PPO’s, demonstrating that SV-PPO executes substantially larger target
updates. Column (g) shows the same quantity for the behavioral policy. Column (h) shows mean
policy entropy of PPO at convergence.

(® (h)

(a) (b) (© (d) ()

Score Updates  diffy. /0, Std. diff,  Value Loss KL(mk||met1) KL(B|lmeqr) H(m)
Environment (% of PPO) (% of PPO) (Median) (% of d,,) (x PPO) (x PPO) (x PPO) (PPO)
inverted_pendulum 137 £ 13 97.11 45 72 2.12x 1.0x 1.0x -2.39
humanoidstandup 110 £ 19 97.12 46 20 1.03x 1.0x 1.0x 36.89
walker2d 108 + 31 97.23 108 37 0.93x 1.0x 1.0x 1.82
inverted_double_pendulum 103 + 21 97.24 35 28 0.97x 1.2x 1.2x -0.43
swimmer 102 £3 96.91 46 24 1.08x 1.2x 1.1x 2.53
halfcheetah 100 £3 96.92 36 14 0.99x 1.1x 1.0x 5.24
fast 100+ 0 97.22 9 6 0.99x 1.1x 1.0x -0.23
pusher 100 £+ 16 97.03 63 46 0.83x 1.3x 1.2x -14.62
hopper 9 +4 97.20 51 24 0.80x 1.1x 1.1x 3.95
ant 9 +6 93.82 67 38 1.49x 1.0x 1.0x -0.07
humanoid 98 +2 97.18 48 21 1.08x 1.0x 1.0x 28.95

reacher 91 +21 97.20 83 37 0.89x 1.0x 1.0x -7.16
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Table 5: Static SV-PPO on Continuous Control. Column (a) indicates the final converged return
relative to PPO. Column(b) indicates the fraction of rounds k£ where SV-PPO updates the target
policy. Column(c) indicates value loss (MSBE) at convergence as a multiplier of PPO’s. Column
(d) shows the size of the target policy jump as a multiplier of PPO’s, demonstrating that SV-PPO
executes substantially larger target updates. Column (e) shows the same quantity for the behavioral
policy. Column (f) shows mean policy entropy of PPO at convergence.

@ ®) © @ © )
Score Updates  Value Loss KL(mkl|me+1)  KL(Billme+1)  H (k)
Environment (% of PPO) (% of PPO) (x PPO) (x PPO) (x PPO) (PPO)
inverted_pendulum 106 + 49 12.49 2.17x 5.0x 0.5x -2.39
halfcheetah 105 +4 12.49 0.84x 7.9x 1.3x 5.24
swimmer 105 £ 15 12.49 0.90x 12.7x 1.1x 2.53
humanoidstandup 104 £ 11 12.49 0.86x 15.5x 1.2x 36.89
fast 100+ 0 12.49 1.06x 40.1x 1.8x -0.23
humanoid 98 +5 12.49 0.98x 9.7x 1.2x 28.95
inverted_double_pendulum 97 +20 12.49 0.59x 16.1x 1.7x -0.43
ant 93 +8 12.49 1.23x 7.9x 1.1x -0.07
reacher 86 + 11 12.49 0.84x 11.7x 1.0x -7.16
hopper 84+ 13 12.49 0.65x 20.6x 1.9x 3.95
pusher 78 £ 16 12.49 0.91x 72.0x 7.0x -14.62
walker2d 73+19 12.49 1.01x 17.8x 1.2x 1.82
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SV-PPO on Atari: Score vs. Policy Change
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Figure 11: Game by Game comparison of Static and Dynamic SV-PPO on Atari. Each game is
placed on the plot twice: a blue circle denotes the dynamic variant, and a triangle denotes the static
variant. A colored line connects the same game for the two variants. The vertical axis is converged
performance (normalized by PPO’s) and the horizontal axis is the average change to the target policy,
as measured by KL-divergence. Thus, if the line slopes “upward” for a certain game, this indicates
the static variant increased performance. Moreover, the origin indicates PPO by construction.
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Figure 12: Game by Game comparison of Static and Dynamic SV-PPO on Brax. Each game is
placed on the plot twice: a blue circle denotes the dynamic variant, and a triangle denotes the static
variant. A colored line connects the same game for the two variants. The vertical axis is converged
performance (normalized by PPO’s) and the horizontal axis is the average change to the target policy,
as measured by KL-divergence. Thus, if the line slopes “upward” for a certain game, this indicates
the static variant increased performance. Moreover, the origin indicates PPO by construction.
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Figure 13: Learning Curves for PPO, Dynamic SV-PPO, and Static SV-PPO for Brax.
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Table 6: Hyperparameters for Brax Continuous Control. Shared parameters (due to the Pure-
JAXRL repository Lu et al. (2022)) are applied across all baselines and variants. SV-PPO specific
parameters apply only to the dynamic and static gated algorithms.

Category Hyperparameter Value
Shared PPO Hyperparameters
Total Timesteps 5 x 107
Number of Environments 2048
Environment & Sampling  Steps per Environment (7°) 10
Discount Factor () 0.99
GAE Parameter (\) 0.95
Learning Rate (Initial) 3x 1074
Learning Rate (Final) 1x107°
LR Schedule Linear
Optimization Epochs 4
Lo Minibatch Size 1024
Optimization (Network) Activation Function Tanh
Max Gradient Norm 1.0
Initial Log Std 0.5
Normalize Observations True
Normalize Rewards True
Warmup Steps 1000
PPO Clip Range (¢) 0.2
. Value Clip Range 0.2
Loss Cocfficients Value Coefficient (cg) 0.5

Entropy Coefficient (cte,t) 0.001

Dynamic SV-PPO Specific Hyperparameters

Value Diff Threshold (d,) 0.05
Min Stable Iters (K,,;n) 2

- . Max Policy Delay (K ,44) 8

Stability Gating IS Ratio Bounds (¢, p) [0.0,100.0]
K Decay Fraction 0.05
Static SV-PPO Specific Hyperparameters

Min Stable Iters (K,,,;n) 8
Max Policy Delay (K ,,q2) 8

IS Ratio Bounds (¢, p) [0.0,100.0]
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Table 7. Hyperparameters for Atari-16. The PPO implementation is due to PureJAXRL, with
most hyperparameters due to the original paper Schulman et al. (2017). However, following Museli’s
Hessel et al. (2022) strong implementation of PPO with sticky actions, we made several changes.
First, separate IMPALA networks were used for actor and critic. The discount factor was raised to
v = 0.995 and the maximum learning rate to 3 x 10~%. The minibatch size was also increased to
1,024. These changes improved performance on all tested games, and were shared by both runs.
The SV-PPO stability gating hyperparameters were tuned on the MinAtar environments Young &
Tian (2019), which can be run much more quickly than experiments on Atari. SV-PPO specific
parameters apply only to the dynamic and static gated algorithms.

Category Hyperparameter Value
Shared PPO Hyperparameters
Total Timesteps 200M
Number of Environments 64
Steps per Environment (1) 128
Discount Factor () 0.995
. . GAE Parameter (\) 0.95
Environment & Sampling Frame Skip 4
No-op Max 30
Repeat Action Probability 0.25
Episodic Life True
Reward Clipping False
Learning Rate (Initial) 3x 1074
Learning Rate (Final) 1x 1076
LR Schedule Linear
Optimization (Network) Optimization Epochs 4
Minibatch Size 1024
Max Gradient Norm 1.0
Layer Normalization True
PPO Clip Range (¢) 0.1
. Value Clip Range 0.2
Loss Coefficients Value Coefficient (¢) 0.25
Entropy Coefficient (cept) 0.01
Dynamic SV-PPO Specific Hyperparameters
Value Diff Threshold (J,) 0.01
K,in Decay Fraction 0.2
Stability Gating Min Stable Iters (K i) 9 decays to 1
Max Policy Delay (K,,42) 33
IS Ratio Bounds (¢, p) [0.0,5.0]
Static SV-PPO Specific Hyperparameters
Min Stable Iters (K,,n) 9
Stability Gating Max Policy Delay (K,42) 9

IS Ratio Bounds (¢, p) [0.0,5.0]
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Let mp denote the policy actor network, with 6 parameterizing the current behavioral policy at
round k, and 6}, denoting the target policy parameters. The PPO policy optimization objective stays
the same, except that the ratio () is the ratio of behavioral policies.

cliy i _ . Bolaelse) .. [ Bolarlst) .
JP(0, Arr) = By {mm (WMAt7C11p (5%(“%07 1—¢1+ e) At)] 21

Optionally, entropy regularization can be added. In this way, the behavioral policy is allowed to drift
further and further away from the target policy in each round. Once the convergence criterion is met,
the update is just 6 < 0y 1.

The critic training process must ensure that the value function’s fixed point corresponds to 7y, . Let
the value network be v4. We use the clipped importance sampling method V-Trace Espeholt et al.
(2018), which can be written in recursive terms:

50 = min (p7 %(‘“'It)) e —min (A, W) 22)
o, (at|2) o, (ailzi)
6t = 1t + Vg (St4+1) — vg(st)
Yt = Ve (8t) + it + vCr (Ye+1 — vg(Se41))
with  yri1 = ve(s741) (23)

Since ¢; is at most ), this results in TD(\) when on-policy (A, = ). To eliminate bias due to
off policy sampling, p must be set to infinity. Clipping with p < oo stabilizes learning at the cost
of adding some bias. We set p to 5. Since the advantage estimates are also off-policy, we modify
the generalized advantage estimation (Schulman et al., 2018) used by PPO by incorporating the
importance sampling weights from Equation 22, which are originally due to Retrace(\) (Munos
et al., 2016).

Ay =8 +yeiAvyr, Apyi =0 (24)

Finally, we normalize the estimates A, by dividing by the batch standard deviation, but we do not
center them, to avoid flipping the sign.



