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Abstract

Post-training language models typically follows one of two paradigms: reinforce-1

ment learning (RL) and supervised fine-tuning (SFT). Although typically thought2

of as different camps, we show that both paradigms can be viewed as target distri-3

bution matching. We use this perspective to analyze the tension between policy4

gradient and buffer-based SFT and establish that a good post-training target should5

preserve past successes while continuing to incorporate newly-discovered ones.6

We introduce Good Experience Maximization (GEM), a simple framework that7

resolves this tension by training the policy toward a mixture of historical and8

newly generated successes. This construction is amenable to a variety of simple9

algorithmic choices, is agnostic to the sampling process that populates the buffer10

and naturally subsumes several existing post-training methods as special cases. We11

prove that the GEM target yields globally optimal expected reward at convergence12

under realizability, and we derive a flow-based update that guarantees one-step13

policy improvement. This is a distinctively different update to SFT and relies on14

constructing a straight line “path” toward the target distribution. Empirically both15

the “flow” and the cross entropy version of GEM perform on par with leading16

post-training methods and out-perform it in sparse reward settings.17

1 Introduction18

Good experiences are worth repeating. The brain seems to operate on this principle: after salient19

experiences, it spontaneously reactivates these memories offline, prioritizing those tied to reward,20

novelty, or uncertainty [Mattar and Daw, 2018]. This replay has many benefits; recent evidence21

shows it supports important cognitive tasks, including memory consolidation, planning, and decision-22

making [Momennejad et al., 2018, Schapiro et al., 2018]. Remarkably, this mechanism enables a23

single meaningful experience to continue shaping future behavior without requiring us to physically24

reenact it. Machine learning has a direct analog of this idea: experience replay [Lin, 1992, Mnih et al.,25

2013]. Rather than being discarded after a single use, past interactions are stored in a replay buffer26

and reused during training, which enables experiences to inform many gradient updates and amortizes27

the cost of data collection. This simple mechanism has supported major empirical successes across28

challenging decision-making domains [Andrychowicz et al., 2017, Vinyals et al., 2019].29

Despite these advantages, current methods for post-training language models (LMs) are dominated30

by methods that require online samples at every step [Williams, 1992, Shao et al., 2024, Tajwar et al.,31

2026]. These on-policy methods generate K fresh completions, or rollouts, per problem x from the32

current LM (or policy) πθ, compute a gradient update, and discard the data. However, this process is33

wasteful: a correct reasoning trace discovered at a particular training step may remain a useful signal34

long after the LM has been updated. To continue improving, the model must rediscover solutions it35

has already found, which is particularly problematic when solutions are rare. Furthermore, discarding36

these solutions risks forgetting: if the model is no longer trained on traces that solved a given problem,37

it may lose the ability to solve it [Yue et al., 2025]. An ideal training regime would resemble human38

memory: hold onto what worked, and keep learning from it.39
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Reuse alone has its own pathology: a learner that solely revisits past successes risks never discovering40

new ones. Indeed, a learner trained only on historical successes is constrained by the coverage of the41

data and performance can degrade if the policy moves beyond that distribution [Ross et al., 2011]. But42

relying on the policy itself as the only memory of past successes is also insufficient. If a solution is43

not externally stored, then recovering it requires sampling it again from the model, which is unlikely44

for rare reasoning traces. In principle, one may try to preserve past behavior through regularization45

or value function learning, but extracting solutions with them still requires search or sampling. An46

effective post-training regime therefore requires both memory and exploration: the LM ought to47

continue learning from found successes while still producing new ones worth remembering.48

Contributions. This paper studies how to realize this principle in post-training. We introduce49

Good Experience Maximization (GEM), a framework that incorporates memory through a replay50

buffer of past successes and exploration by collecting online data at every step. We first formalize51

post-training as target distribution matching and use this lens to study the failure cases of policy52

gradient and buffer-based SFT (Section 3). We then use this lens to develop GEM, a simple post-53

training framework that trains the policy on a mixture of historical and newly generated successes54

(Section 4). We prove that this mixture target yields global expected reward at convergence and55

develop a novel flow-based update that establishes improvement at each update step. Empirically, we56

provide a practical algorithm and show that GEM can match or exceed RL algorithms in terms of57

performance and sample efficiency (Section 5) In Section 6, we demonstrate how this framework58

subsumes a broad set of existing post-training methods as special cases, including MaxRL [Tajwar59

et al., 2026] and Iterated STaR [Zelikman et al., 2022].60

2 Background and Preliminaries61

Problem setup. We study correctness-based problems, which can be abstracted as binary successes62

or failures for each input x. This setting is known as reinforcement learning with verifiable rewards63

(RLVR) [Lambert et al., 2024, Su et al., 2025] and encompasses a wide set of modern problems. In64

this setting, X ,Y denotes the input and output spaces, respectively, and we are given query access to65

a ground-truth reward function R : X × Y → R. The goal is to maximize the expected reward of66

some parameterized policy πθ : X → Y given some distribution x ∼ µ,67

J (πθ) = Ex∼µ ,y∼πθ(·|x)
[
R(x,y)

]
.

In many modern settings, the model does not sample directly fromY ; instead, it may generate a trace z,68

which is deterministically parsed into a reasoning trace r and y. We can treat each r as a latent variable69

that is marginalized out to obtain the answer distribution πθ(y | x) =
∑

r πθ(r | x)πθ(y | x, r).70

Policy optimization. There are two dominant paradigms for post-training generative models. One71

of these is online policy-gradient methods [Williams, 1992, Schulman et al., 2017, Guo et al., 2025],72

which estimate gradients of the policy optimization objective as73

∇θJ (θ) = E
x,y

[A(x,y)∇θ log πθ(y | x)], (1)

where A(x,y) denotes some advantage estimate. Another, related perspective instead maximizes a74

lower bound on the probability of success [Dayan and Hinton, 1997, Abdolmaleki et al., 2018a,b,75

2024, Tajwar et al., 2026]. The other paradigm follows the simple principle of “sample, filter, then76

SFT”. In practice, methods typically sample many answers across a large dataset, filter for the set77

of good answers, then maximize the likelihood of this filtered dataset [Brandfonbrener et al., 2021,78

Zelikman et al., 2022, Dong et al., 2023, Gulcehre et al., 2023, Singh et al., 2023, Havrilla et al.,79

2024]. Given a buffer,80

B := {(x,y) : y ∼ π(· | x), R∗(x,y) = 1},
the model is trained with the supervised objective:81

LSFT(θ) := −E(x,y)∼PB [log πθ(y | x)] , (2)

with the gradient:82

∇θLSFT(θ) := − E
(x,y)∼PB

[∇θ log πθ(y | x)] . (3)

Equations (1) and (3) provide the objects we analyze in this work. Although policy gradient and83

filtered SFT differ operationally, both gradients are expectations of ∇θ log πθ(y | x) under some84

distribution over prompt-answer pairs. We use this shared form in Section 6 to study post-training as85

a problem of target distribution design.86

2



3 A Target-Matching View87

While the community has explored a wide range of policy optimization approaches (Section 2), we88

observe that many can be viewed as iterative update procedures that move a policy toward a target89

distribution. We refer to this formulation colloquially as the “SFT update”. Specifically, in the binary90

reward case, regular policy gradient [Williams, 1992], expectation-maximization based methods that91

maximize the likelihood of success [Dayan, 1993, Abdolmaleki et al., 2018b, Tajwar et al., 2026],92

as well as filtered SFT methods [Brandfonbrener et al., 2021, Dong et al., 2023, Gulcehre et al.,93

2023, Havrilla et al., 2024] can all be viewed as minimizing a per-iteration SFT loss toward the target94

distribution at each input x,95

qt(y|x) =
πt(y|x)R(x,y)

Eπt(y|x)[R(x,y)]
, (4)

We expand on this connection in Section 6. Intuitively, these methods all follow a gradient of the96

log probability, and we can absorb any scaling to the per-sample log probability into the probability97

of the sampling distribution. This target-matching view exposes a tension between two desirable98

properties, which we will now discuss.99

3.1 Policy Gradient Creates Good Experiences But Does Not (Explicitly) Retain Them100
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Figure 1: SFT training dynamics in a toy
categorical task. Figures illustrate SFT
updates toward a buffer distribution with
(i) high reward samples filtered from the
current policy, or (ii) high reward sam-
ples from a very different policy. Colors
indicate the state space coverage of the
buffer.

Policy gradient samples small batches online and typically101

perform single updates. A successful trace sampled at102

iteration t affects the policy only through the update taken103

at that iteration. If the trace is not externally stored, then104

for it to affect future updates, the policy must sample it105

again. Thus, the probability that y contributes repeatedly106

to learning remains proportional to the mass the current107

policy places on it πt(y | x). Thus, for any good solutions108

to be repeatedly reinforced, the policy must repeatedly109

sample them, making learning slow and sample-inefficient.110

Yet, the single update is also the benefit of policy gradi-111

ent algorithms. Because each update is based on fresh112

samples from the current policy, policy gradient continues113

enjoys full support over problem distribution. Moreover,114

a successful generation can produce an immediate update:115

in the binary reward setting, even a single high-reward116

sample can increase the likelihood of the behavior that117

produced it. Thus, learning can begin before the learner118

has collected successful outputs for every input. With119

function approximation, this update may also generalize120

across related inputs, allowing progress on questions that121

have not yet been solved directly.122

3.2 Iterative SFT Retains Good123

Experiences but Does Not Guarantee Improvement124

Alternatively, the canonical class of “filtered SFT” algo-125

rithms [Zelikman et al., 2022, Brandfonbrener et al., 2021,126

Dong et al., 2023, Gulcehre et al., 2023, Havrilla et al.,127

2024] typically sample (nearly) the full dataset, then do128

multiple gradient steps on the filtered dataset. As we estab-129

lish above and in Section 6, a single step of this procedure130

is in expectation equivalent to a single step of online policy gradient (or an online variant such as131

EM or MaxRL, depending on if we sample by question first, or by correct answers). The distinct132

advantage of iterative SFT is the ability to reuse successful generations across multiple gradient133

updates. Filtered SFT therefore has two appealing properties: in theory, it can (i) perform multiple134

updates, and (ii) make use of multiple sources of “good” data. But when does fitting an accumulated135

buffer actually improve the policy?136

One limitation is coverage. If we train to exactly match only the buffer distribution PB, we are limited137

by the support of B. We can write down a simple bound for the amount of reward we can guarantee138

on the training set D where B provides no signal.139
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Figure 2: Geometry of optimization with on and off policy data on a 3 categories simplex. Example
of reward policy gradient, forward KL (SFT) toward a target distribution, and our flow update.

Remark 3.1. Suppose we have binary rewards, training dataset D, and a buffer distribution PB whose140

support is limited to M < |D| questions. If a policy π∗ perfectly approximates PB, the minimum141

expected reward it achieves J (π∗) = M
|D| . For the remaining |D| −M questions, the objective is142

undefined, and π∗(·|x) may behave arbitrarily poorly.143

The above is reflected in Figure 1: the eventual performance grows monotonically with the coverage144

of the buffer over the question set. Thus, with a sufficiently broad buffer and sufficient training,145

filtered SFT can achieve high training-set reward. The difficulty is that obtaining such coverage may146

require sampling nearly the full dataset before substantial learning can occur.147

Another limitation is monotonic improvement. To avoid repeatedly sampling every input, we may148

want to reuse data from older policies or other sources. As shown in Figure 1, if the buffer data149

is good but “off policy” (in the sense that it has low likelihood under the current policy), we can150

end up with optimization dynamics where in a small number of steps we will end up with lower151

rewards, despite the buffer having higher expected rewards. The issue is not that the buffered samples152

are bad; rather, a standard SFT path toward an arbitrary buffer distribution is not necessarily an153

improvement-preserving path for the current policy (Figure 2).154

Thus, iterative SFT addresses the memory problem but leaves a core tension. Broad buffer coverage155

is needed for high dataset-level performance, but obtaining that coverage through fresh sampling156

can be expensive. Re-using data from old policy samples or other sources is the reasonable choice157

reduces this cost, but, in the worst cases it can lead to reward degradation. In the next section, we158

will aim to address this tension.159

4 From Target Distribution to Algorithm160

The preceding discussion suggests a simple design principle: we should retain a buffer of past161

successes, but avoid updating toward the buffer alone. Instead, the target distribution should involve162

the buffer where it provides high-reward signal and preserve the current policy elsewhere. We163

therefore propose to combine buffered successes with online samples from the current policy, then164

update toward this target through a new update that yields a one-step improvement guarantee.165

Our algorithm, called Good Experience Maximization (GEM) is conceptually simple and consists166

of two main steps, detailed in Algorithm 1. First, it constructs PM from the current buffer and the167

current policy (Generate Good Experiences). Second, rather than taking an unconstrained SFT step168

toward πM , it follows a distributional flow from πt to πM (Maximize Them). This flow preserves the169

support benefits of the mixture target while allowing us to prove one-step improvement. We discuss170

each of these in turn.171

4.1 Generate Good Experiences172

We introduce a mixture distribution with weights 0 < α < 1,173

PM (x,y) = αPB(x,y) + (1− α)µ(x)πt(y|x) , (6)

which corresponds to line 5 in Algorithm 1. Intuitively, the first term concentrates mass on (x,y)174

pairs that are high reward; the second term ensures that πt covers x outside of the support of B.175
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Algorithm 1 GEM

1: Base LLM π1, buffer B ← {∅}
2: for policy iteration t = 1, . . . , T do
3: Initialize training policy πθ ← πt

4: while not converged do
5: Sample from the mixture PM (x,y) = αPB(x,y) + (1− α)µ(x)πt(y|x)
6: Minimize divergence to mixture, DKL(PM ||πθ):

l̂(θ) = E(x,y)∼PM

[
− log πθ(y|x)

]
(5)

7: Annotate new policy samples with verifier ri = R(xi,yi)
8: Add good samples to buffer: B ← B ∪ {(xi,yi, ri, t)}ni=1
9: end while

10: πt+1 ← πθ

11: end for

Define the conditional mixture policy as πM (y | x) = PM (x,y)µM (x), where µM is the marginal176

of the mixture. Let SB{x ∈ X : µB > 0} denote the support of the buffer’s marginal distribution.177

The mixture target reward is pointwise non-decreasing. We will first show that this construction178

guarantees that expected reward does not decrease for any individual x.179

Lemma 4.1. Suppose that, ∀x ∈ SB, πB outperforms πt, such that: Ey∼πB [R(x,y)] >180

Ey∼πt
[R(x,y)]. Then, for πM , for x ∈ SB, Ey∼πB [R(x,y)] > Ey∼πt

[R(x,y)]. And, for x /∈ SB,181

Ey∼πB [R(x,y)] = Ey∼πt [R(x,y)]. Therefore, EπM
[R(x,y)] ≥ Eπt [(x,y)].182

Proof sketch. For any x, πM is a convex combination of πB and πt, weighted by the marginals. For183

x ∈ SB the reward is the weighted average of Ey∼πB [R(x,y)] and Ey∼πt
[R(x,y)]. The former is184

strictly greater by construction, so the average exceeds the latter. For x /∈ SB, πM reduces to πt. See185

Appendix A for details.186

Pointwise non-decreasing reward implies global improvement. We now can consider the total187

expected reward across the entire state distribution µ(x). If a training algorithm perfectly matches the188

target conditional distribution, the new policy will converge to πM (y|x). By integrating the pointwise189

improvement over µ(x), we show that this converged policy strictly improves global expected reward:190

191

Lemma 4.2. Let PB = µB(x)πB(y | x). Assume Px∼µ(x ∈ SB) > 0. Given the pointwise192

conditions from Lemma 4.1, the converged mixture policy πM strictly outperforms the current policy193

πt: Then, for any α ∈ (0, 1),194

E
(x,y)∼PM

[
R(x,y)

]
> E

x∼µ,y∼πθt

[
R(x,y)

]
. (7)

195

Proof sketch. The expected reward under PM can be decomposed by linearity as J (PM ) =196

αEPB [R] + (1 − α)J (πθt). By the assumption that B outperforms the πθt on its own support,197

EPB [R] > Ex∼µ,y∼πθt
[R]. Since α > 0, we get a strict inequality. See Appendix A for details.198

4.2 Maximize Them199

Theorem 4.2 guarantees that PM has higher reward than πt. To translate this statement into im-200

provement of πt+1 itself, we need πt+1 to be close to PM , which holds only at convergence. With201

finite gradient steps, πt+1 may not yet match PM , and individual steps along the way can decrease202

expected reward (Figure 1). In other words, Algorithm 1 guarantees per-iteration improvement only203

when each inner loop runs to convergence; per-update improvement is not guaranteed. We desire an204

update that preserves step-wise improvement toward PM .205
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Algorithm 2 FlowUpdate(X ,Y, πθ,m)

1: Compute probabilities p = πθ(· | X )
2: Compute probability velocity ṗ = m− p
3: Map to parameter space L = ṗ⊘ p
4: return L

Gradient descent can leave the mixture path. Observe that we can specify a path in distribution206

space from the current policy to the mixture target. For convenience of notation, we write the current207

policy p = πθ and the target distribution supported on correct answers as b. Rewriting Equation (6),208

note that this defines a convex combination of the two distributions in probability space:209

m(α) = (1− α)p+ αb, α ∈ [0, 1].

Moving along this path corresponds to a straight line in the probability simplex (an m-geodesic [Amari,210

2016]). However, although b represents the ideal destination on the probability simplex, standard211

gradient descent in parameter space does not necessarily recover this path. Instead, standard gradi-212

ent steps inherently follow trajectories dictated by the parameter geometry, which can violate the213

guarantee of monotonic performance improvement [Kakade, 2001] (which we observe in Figures 1214

and 2).215

A probability-space flow recovers the path. To restore this guarantee, we explicitly force the216

policy to move along the straight line path by constructing a continuous-time flow (Algorithm 2).217

Note that the ideal velocity in probability space along this path is simply the vector pointing from218

the current policy to the target distribution: ṗ = α − p. To realize the velocity ṗ in probability219

space through continuous steps in parameter space, we use the chain rule to derive the corresponding220

parameter velocity θ̇. Because the expected reward is a linear function of the output probabilities, it221

strictly interpolates between the performance of the current policy and the target policy when moving222

in a straight line toward a more performant target distribution.223

With FlowUpdate, GEM theoretically improves performance at every step. The advantage of224

this framing is it guarantees performance gains at every step, which we will now show.225

Proposition 4.3. Let J (θ) be the expected reward of a policy parameterized by its logits θ. Assume226

θ̇ is defined component-wise as θ̇i := ṗi

pi
− ṗv

pv
, which realizes ṗ = m − p. If m has non-negative227

expected advantage,
∑

j mjAj ≥ 0, then: dJ
dt ≥ 0.228

Proof sketch. We compute the time derivative of performance via the chain rule: dJ
dt =

∑v−1
i=1

∂J
∂θi

θ̇i.229

Substituting the policy gradient ∂J
∂θi

= piAi and our explicit update, we get
∑v−1

i=1 piAi

(
ṗi

pi
− ṗv

pv

)
,230

which simplifies to
∑v

i=1 Aiṗi. Plugging in the trajectory ṗi = mi−pi, we get dJ
dt =

∑
i(mi−pi)Ai.231

Since the expected advantage of the current policy is always 0, the derivative exactly equals
∑

i miAi,232

which is non-negative. Therefore, dJ
dt ≥ 0. We provide the full derivation in Section A.233

4.3 Practical Desiderata234

Given the generality of GEM, we now discuss a few key design choices: what to retain, how to235

sample, and how to amortize online generation.236

What to retain. In the binary-reward setting, retention is straightforward. Storing correct genera-237

tions automatically satisfies the condition in Theorem 4.2 because EB[R] = 1, whereas Eπt [R] ≤ 1.238

For a fixed capacity buffer, a natural eviction rule is FIFO, which discards the most stale data first.239

However, more complex eviction rules may prioritize maintaining diversity or difficulty over X , the240

latter of which would likely better maintain the support condition (especially if the buffer capacity is241

small relative to the number of questions in the training dataset).242

How to sample. PB does not require a specific sampling scheme beyond coverage, but different243

choices can have benefit in practice. The simplest approach is to train on uniformly sampled entries;244

however, uniform sampling introduces two sources of bias. First, samples that enter the buffer earlier245

are disproportionately sampled. Thus, a simple fix is to sample with a recency bias according to an246

exponentially decaying weight. Second, easy problems (high πθ(A∗(x) | x)) contribute many more247

correct entries to the buffer than hard problems. As a result, training is dominated by examples the248

6



Figure 3: Number of online samples (generations) vs. pass@k for GEM+Flow, GRPO [Shao et al.,
2024], and MaxRL [Tajwar et al., 2026] on the MNIST bandit task. Online samples denote newly
generated model outputs used for training, excluding reused buffer samples. Curves show mean
performance across 3 seeds, with shaded regions indicating standard deviation. GEM+Flow reaches
higher pass@k with fewer online generations than GRPO or MaxRL, demonstrating improved sample
efficiency.

model has already solved, providing little learning signal. We address this issue with inverse-pass-rate249

(1/p) sampling. For each problem, define the empirical pass rate from the buffer as p̂x = cx
nx

, where250

nx is the total number of entries for x and cx is the number of correct ones. The sampling weight251

is w(x) = 1
p̂x

. Under these weights, the expected number of training samples from each prompt is252

equalized regardless of difficulty. 1253
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Figure 4: Eval Pass@8 of Llama on
MATH. GEM achieves fast improve-
ments, with the flow update providing
slightly better learning

How to amortize online generation. Each iteration254

of Algorithm 1 requires some number of online rollouts255

from πθ (line 5). Because generation is costly, amortizing256

it across multiple steps is desirable. One approach is to257

occasionally skip generating online samples and update258

purely using a static buffer. This version holds given the259

buffer-reward condition is maintained, which occurs when260

the new policy is updated with a small learning rate or is261

updated using a trust region. Figure 3 shows how GEM262

can make use of additional updates on a ViT on MNIST263

bandit task. Empirically, Figure 3 shows that GEM im-264

proves pass@1 and pass@4 monotonically while avoid-265

ing the larger early pass@16 degradation of GRPO and266

MaxRL. Moreover, GEM reaches a given pass@k level267

with substantially fewer newly-collected samples, indicat-268

ing improved sample efficiency.269

5 A Practical Algorithm270

We introduced the flow update due to the phenomenon that standard SFT can curve away from the271

straight-line mixture path in probability space. However, the current policy may actually lie in a272

benign region of the simplex, such as in the center of those shown in Figure 2. In these cases, the273

SFT update may approximate the flow update well, moving more directly to the target distribution274

without reward degradation. It is difficult to know a priori which regime will hold during LM275

post-training, but, if the mixture target can often be optimized with ordinary SFT, then GEM can276

inherit the practical advantages of existing supervised-training pipelines. We therefore test a practical277

SFT version of GEM that uses the same online replay construction but replaces the flow update with278

standard cross-entropy training. Critically, this variant does not train on a fixed dataset: it repeatedly279

generates new completions and trains on the evolving replay distribution.280

1This in fact recovers recent works [Tajwar et al., 2026] in the setting where the buffer only maintains storage of the most
recent policy’s generations.
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Figure 5: GEM matches or excels performance of policy gradient (PG with mean reward baseline)
and base model (Llama 3.2 3B Base), particularly excelling when rewards are difficult to find,
demonstrating its ability to make use of previously seen high reward generations (on MATH, while
the base model has nearly zero pass@1 rates).

A central motivation for GEM is that policy-gradient training can waste rare successes: once a281

high-reward output is sampled, the update may not preserve the specific solution for future learning.282

In the dense-reward setting, many outputs provide a useful signal for learning; in the sparse-reward283

setting, successful outputs are rare. We therefore train on MATH [Hendrycks et al., 2021], and284

evaluate using MATH500 [Lightman et al., 2023]. We first validate that both versions of GEM285

can indeed provide performance and efficiency gains on LM post-training. We then investigate the286

practical version of GEM. For these experiments, we use Llama-3.2-3B Base [Grattafiori et al., 2024].287

For additional experimental details, see Appendix B.3.288

Both variants can provide reward improvement on LMs. We first demonstrate that GEM with289

and without the flow update can outperform a standard policy gradient post-training method (RLOO)290

using Figure 4 demonstrates that GEM rapidly improves, with the flow update providing marginally291

better learning.292

More broadly, GEM without the flow update outperforms RL. We now turn to the practical293

algorithm and investigate its performance. Figure 5 shows that our algorithm outperforms the294

standard policy gradient in sparse reward settings. These results support that maintaining an explicit295

memory of past successes is particularly beneficial in such “hard discovery” settings.296

6 A Unifying View: Policy Optimization is Iterative SFT297

In this section we expand on the note that all existing work around policy optimization for large298

generative models, which operate in the contextual bandit setting, is more simply viewed through the299

lens of iterative minimization of a forward KL divergence (i.e. “SFT update”) towards some target300

distribution P ,301

E(x,y)∼P

[
−∇θ log πθ(y|x)

]
.

To see this, we note that for any positive reward the policy gradient can be written as,302

∇θJPG(πθ) = Eµ(x)

[
Eπθ(y|x)

[
R(x,y)∇θ log πθ(y|x)

]]
= Eµ(x)

[ ∫
πθ(y|x)R(x,y)∇θ log πθ(y|x)

]
,

= Eµ(x)

[
v(x, πθ)

∫
πθ(y|x)R(x,y)

v(x, πθ)
∇θ log πθ(y|x)

]
,

= Eµ(x)

[
v(x, πθ)Eqθ(y|x)

[
∇θ log πθ(y|x)

]]
,

where v(x, πθ) = Eπθ(y|x)[R(x,y)] is the expected reward of πθ given input x. The above is303

equivalent to a per-question SFT update toward the target,304

qθ(y|x) =
πθ(y|x)R(x,y)

v(x, πθ)
.
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Method Target Distribution Per Question
Scaling

Sampling
Req

Update
Steps

Policy Gradient ∝ πt(y|x)R(x,y) 1 Online One/Few

EM ∝ πt(y|x)R(x,y) 1/v(x, πt) Online One/Few

Filtered SFT ∝ πt(y|x)R(x,y) 1 High Many

GEM ∝ πt,t−1,...(y|x)R(x,y) – Online Many

Table 1: Policy optimization methods at policy iteration t

The above describes any set of policy gradient updates [Williams, 1992, Schulman et al., 2017, Guo305

et al., 2025]. It is interesting to note that the per-question gradient is scaled by a factor proportion to306

the performance on that question, v(x, πθ). Correspondingly, a set of methods based on expectation307

maximization to directly increase the likelihood of success [Dayan and Hinton, 1997, Abdolmaleki308

et al., 2018b, 2024, Tajwar et al., 2026] do weighted SFT updates which effectively has the effect of309

canceling out this scaling factor,310

∇JEM(πθ) = Eµ(x)

[
1

v(x, πθ)
Eπθ(y|x)

[
R(x,y)∇θ log πθ(y|x)

]]
= Eµ(x)

[
Eqθ(y|x)

[
∇θ log πθ(y|x)

]]
.

It is worth noting that qθ is precisely also the distribution we would get in the binary reward case from311

filtering. That is, iterative filtered SFT, REINFORCE, and EM-based RL methods are optimizing the312

same expected gradient (up to a per-question scaling factor). We summarize this in Table 1, along313

with our algorithm GEM.314

Recovery of Existing Methods from GEM. We can recover various existing methods from GEM315

by picking a specific choice of buffer sampling distribution and update steps. For instance, to recover316

MaxRL [Tajwar et al., 2026] or EM [Dayan, 1993] requires setting buffer capacity to C = BK317

(buffer holds exactly one batch, so data is never reused across collection rounds), G = 1, mini-batches318

are drawn without replacement so that every correct rollout in the buffer is used exactly once, and319

the sampling weights are 1/p̂q. Under these settings the effective contribution of each prompt x to320

the loss is the sum over all its correct rollouts, each weighted by 1/p̂q. Because p̂q = cq/nq and321

there are cq correct entries, the total weight for prompt x is cq · (nq/cq) = nq, which is constant322

across prompts. This replicates the MaxRL estimator: every correct rollout contributes equally to323

the gradient regardless of the prompt’s difficulty, matching the uniform-over-prompts weighting324

implicit in the MaxRL gradient. Our method extends MaxRL by (a) maintaining a persistent buffer325

(C ≫ BK) so correct traces are reused across collection rounds, and (b) performing G > 1 gradient326

steps per collection phase.327

7 Conclusion328

We introduced Good Experience Maximization (GEM), a post-training framework that retains and329

reuses successful generations while continuing to collect new online samples. Our target-matching330

view shows key tensions between policy gradient and iterative SFT. GEM addresses this tension by331

training toward a mixture of historical and newly generated successes. We proved that the GEM332

target improves expected reward at convergence and derived a flow-based update that guarantees333

one-step policy improvement by moving along a straight-line path in probability space. Empirically,334

GEM improves sample efficiency and performs particularly well in sparse-reward settings. Future335

work should scale these experiments further, study practical buffer design, and characterize when336

standard SFT is sufficient versus when the flow update is needed. Additionally, we note that we337

do not make use of negative samples [Abdolmaleki et al., 2024] in our algorithm. These are useful338

because they can help guide search and can provide rich information depending on the structure (e.g.,339

a negative sample of two options is equally as informative as a positive one).340
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A Deferred Proofs433

A.1 Proofs from Section 4434

Proof of Lemma 4.1. By the definition provided in the sketch, the mixture policy πM is a convex435

combination of πB and πt for any x. We can write the probability of y in x under πM as πM (y|x) =436

α(x)πB(y|x) + (1 − α(x))πt(y|x), where α(x). First consider the case where x ∈ SB. In this437

region, α(x) > 0. The expected reward at x under πM is given by:438

E
y∼πM

[R(x,y)] =
∑
y∈A

πM (y|x)R(x,y)

=
∑
y∈A

(α(x)πB(y|x) + (1− α(x))πt(y|x))R(x,y)

= α(x) E
y∼πB

[R(x,y)] + (1− α(x)) E
y∼πt

[R(x,y)].

By the assumption that Ey∼πB [R(x,y)] > Ey∼πt
[R(x,y)] for all x ∈ SB, and since α(x) > 0,439

the weighted average must be strictly greater than the target expectation. Thus, Ey∼πM
[R(x,y)] >440

Ey∼πt
[R(x,y)] for all x ∈ SB.441

Next, consider the case where x /∈ SB. For these, the mixture weight α(x) reduces to 0. Consequently,442

the mixture policy simplifies to πM (y|x) = πt(y|x). It follows immediately that the expectations443

are equal: Ey∼πM
[R(x,y)] = Ey∼πt

[R(x,y)].444

Finally, to arrive at the global inequality, we take the expectation over d(x). The total expected445

reward is:446

E
πM

[R(x,y)] =

∫
SB

d(x) E
y∼πM

[R(x,y)] dx+

∫
S\SB

d(x) E
y∼πM

[R(x,y)] dx

≥
∫
SB

d(x) E
y∼πt

[R(x,y)] dx+

∫
S\SB

d(x) E
y∼πt

[R(x,y)] dx

= E
πt

[R(x,y)].

The inequality holds because the integrand is strictly greater on SB and equal elsewhere. Thus,447

EπM
[R(x,y)] ≥ Eπt [R(x,y)].448

Proof of Lemma 4.2. We consider the total expected reward under the converged mixture distribution449

PM . By definition, the mixture distribution is a convex combination of the buffer distribution and the450

current policy’s distribution, expressed as PM = αPB + (1 − α)Pπt , where Pπt = µ(x)πθt(y|x)451

represents the distribution under the current policy. Let J (P ) = E(x,y)∼P [R(x,y)] denote the452

expected reward under a given distribution P . We can expand the expectation for the mixture policy453

by substituting the definition of PM :454

J (PM ) =

∫
S

∫
A
R(x,y) [αPB(x,y) + (1− α)Pπt(x,y)] dy dx.

By the linearity of the integral, we can decompose this expression into two distinct components455

corresponding to the reward contribution of the buffer and the current policy:456

J (PM ) = α

∫∫
S×A

R(x,y)PB(x,y)dy dx+ (1− α)

∫∫
S×A

R(x,y)Pπt
(x,y)dy dx.

This expression simplifies to a weighted sum of the expected rewards:457

J (PM ) = αEPB [R] + (1− α)J (Pπt
).

Based on the pointwise conditions from Lemma 4.1, we assume that the expected reward of the458

buffer distribution strictly exceeds that of the current policy over the shared support, such that459

EPB [R] > J (Pπt). Given that the mixing weight α is strictly greater than zero, we can apply this460

strict inequality to our decomposition:461

J (PM ) > αJ (Pπt
) + (1− α)J (Pπt

).
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Factoring out the term J (Pπt) on the right-hand side, we obtain:462

J (PM ) > (α+ 1− α)J (Pπt
) = J (Pπt

).

Thus, we have shown that for any mixture weight α ∈ (0, 1), the expected reward under the converged463

mixture policy PM is strictly greater than the expected reward under the current policy πθt .464

Proof of Proposition 4.3. To map the probability simplex to the parameter space θ, we select a465

reference action K. The parameters θi for i ∈ {1, . . . ,K − 1} are defined by the log-ratio:466

θi = ln(pi)− ln(pK)

subject to the simplex constraint pK = 1 −
∑K−1

j=1 pj . We first derive the Jacobian Jij = ∂θi
∂pj

to467

understand how changes in probability space affect the parameters. For the diagonal case where468

i = j:469

∂θi
∂pi

=
∂

∂pi
(ln pi − ln pK) =

1

pi
− 1

pK

∂pK
∂pi

=
1

pi
+

1

pK

For the off-diagonal case where i ̸= j:470

∂θi
∂pj

=
∂

∂pj
(ln pi − ln pK) = 0− 1

pK

∂pK
∂pj

=
1

pK

Thus, the general form of the Jacobian is ∂θi
∂pj

=
⊮{i=j}

pi
+ 1

pK
. Using the chain rule, the velocity of471

the parameters θ̇i given a probability velocity ṗ is:472

θ̇i =

K−1∑
j=1

∂θi
∂pj

ṗj =
ṗi
pi

+
1

pK

K−1∑
j=1

ṗj .

Since the probabilities must sum to 1, the sum of their derivatives is zero, implying
∑K−1

j=1 ṗj = −ṗK .473

Substituting this into the equation above yields the explicit parameter update:474

θ̇i =
ṗi
pi
− ṗK

pK

Write the time derivative of the expected reward J using the chain rule over the policy parameters θ475

as:476

dJ
dt

=

K−1∑
i=1

∂J
∂θi

θ̇i.

Recall the standard result for the gradient of the expected reward with respect to softmax logits:477
∂J
∂θi

= pi(Qi − Ea∼p[Q(s, a)]) = piAi, where Ai is the advantage of action i. Substituting this478

gradient and the definition of the logit dynamics θ̇i into the chain rule expression, we obtain:479

dJ
dt

=

K−1∑
i=1

piAi

(
ṗi
pi
− ṗK

pK

)
.

Distributing the terms inside the summation yields:480

dJ
dt

=

K−1∑
i=1

ṗiAi −
ṗK
pK

K−1∑
i=1

piAi.

By the definition of the advantage function, the expected advantage under the current policy is zero,481

i.e.,
∑K

i=1 piAi = 0. This implies that
∑K−1

i=1 piAi = −pKAK . Substituting this identity into the482

second term of our derivative expression, we have:483

dJ
dt

=

K−1∑
i=1

ṗiAi −
ṗK
pK

(−pKAK) =

K−1∑
i=1

ṗiAi + ṗKAK =

K∑
i=1

ṗiAi.
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We now plug in the trajectory of the probability distribution, ṗi = mi − pi. Substituting this into the484

simplified summation gives:485

dJ
dt

=

K∑
i=1

(mi − pi)Ai =

K∑
i=1

miAi −
K∑
i=1

piAi.

As established previously,
∑K

i=1 piAi = 0. Therefore, the derivative of the performance objective486

reduces exactly to the expected advantage of the target distribution m under the current policy:487

dJ
dt

=

K∑
i=1

miAi.

By the assumption that
∑

j mjAj ≥ 0, it follows immediately that dJ
dt ≥ 0.488

489
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Hyperparameter Default Value

Learning rate 10−3

Optimizer Adam
Batch size 32
Rollouts per context 4
Total sample budget 50,000

Table 2: Default training hyperparameters for all MNIST experiments.

Parameter Value
Base model Llama-3.2-3B
LoRA rank 32
Train dataset MATH
Eval dataset MATH-500
Reward binary
Prompts per batch 16
Generations per prompt 8
Max response length 2048
Training steps 400
Optimizer Adam (β1=0.9, β2=0.95)
Grad updates per data collection step 1
Learning rate 1× 10−5

Rollout temp / top-p 1.0 / 1.0
Validation temp / top-p 1.0 / 0.95
Compute backend Tinker (managed)

Table 3: Setup and data for math reasoning.

B Experiment Details490

B.1 Pass@k Calculation491

We use bootstrapping low variance unbiased estimator for estimating pass@k from samples [Chen492

et al., 2021]. This estimator is calculated by generating n ≥ k samples per task and counting the493

number of correct samples c(x) among the n samples. The pass@k is therefore:494

pass@k := Ex∼µ

[
1−

(
n−c(x)

k

)(
n
k

) ]
.

B.2 MNIST495

We frame MNIST as a contextual bandit task. Each problem x represents the context. It is a496

28× 28 grayscale image (flattened to R784, normalized to [0, 1]). Each answer in the answer space497

A = {0, . . . , C − 1} (with C = 10 by default) represents an arm. The reward is binary, such that498

r(y, y) = 1[y = y], where y is the true digit label. The MNIST training set contains 60,000 images499

and the test set 10,000 images.500

Hyperparameters. The results in Figure 3 were generated with the hyperparameters in Table 2.501

All algorithms were trained using ViT architecture [Yuan et al., 2021] with 6 layers and 4 heads with502

patch size 4. GEM used α = 0.5, buffer capacity of 4096, 1/p sampling, 5 inner updates per outer503

loop.504

Compute Resources. Each run takes around 4-5 hours and requires a single L40.505

B.3 Math Reasoning506

Hyperparameters. Table ?? lists the hyperparameters for the mathematicla reasoning tasks.507
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NeurIPS Paper Checklist508

1. Claims509

Question: Do the main claims made in the abstract and introduction accurately reflect the510

paper’s contributions and scope?511

Answer: [Yes]512

Justification: The abstract and/or introduction clearly states the claims made.513

2. Limitations514

Question: Does the paper discuss the limitations of the work performed by the authors?515

Answer: [Yes]516

Justification: Throughout the paper, we explicitly mention failure cases and limitations of the517

methods developed. We mention assumptions where possible and address the scope of the518

work. In particular, because we are compute-limited, we could only run a few larger-scale519

experiments. However, we provide supporting evidence in simpler settings so that we can520

run with multiple seeds.521

3. Theory assumptions and proofs522

Question: For each theoretical result, does the paper provide the full set of assumptions and523

a complete (and correct) proof?524

Answer: [Yes]525

Justification: To the best of our knowledge, we clearly state all assumptions. All proof526

sketches in the main paper are accompanied by deferred full proofs in Appendix A. To the527

best of our knowledge, we have included references to any theorems or references that the528

proofs rely on.529

4. Experimental result reproducibility530

Question: Does the paper fully disclose all the information needed to reproduce the main ex-531

perimental results of the paper to the extent that it affects the main claims and/or conclusions532

of the paper (regardless of whether the code and data are provided or not)?533

Answer: [Yes]534

Justification: We provide the explicit high-level algorithm, as well as recommendations for535

low-level details. We also provide hyperparameters toward the goal of reproducibility.536

5. Open access to data and code537

Question: Does the paper provide open access to the data and code, with sufficient instruc-538

tions to faithfully reproduce the main experimental results, as described in supplemental539

material?540

Answer: [Yes]541

Justification: We are provide the code here: https://anonymous.4open.science/542

r/0E1FjO/README.md.543

6. Experimental setting/details544

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-545

rameters, how they were chosen, type of optimizer) necessary to understand the results?546

Answer: [Yes]547

Justification: We provide experimental settings in the paper when the experiments are548

introduced. We do a best-faith effort to include the details relevant for appreciating the549

results. We provide full experimental settings in Section B.550

7. Experiment statistical significance551

Question: Does the paper report error bars suitably and correctly defined or other appropriate552

information about the statistical significance of the experiments?553
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Answer: [Yes]554

Justification: We report error bars when there are multiple seeds.555

8. Experiments compute resources556

Question: For each experiment, does the paper provide sufficient information on the com-557

puter resources (type of compute workers, memory, time of execution) needed to reproduce558

the experiments?559

Answer: [Yes]560

Justification: We provide compute details.561

9. Code of ethics562

Question: Does the research conducted in the paper conform, in every respect, with the563

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?564

Answer: [Yes]565

Justification: It does.566

10. Broader impacts567

Question: Does the paper discuss both potential positive societal impacts and negative568

societal impacts of the work performed?569

Answer: [N/A]570

Justification: The paper is foundational research and not tied to particular applications.571

11. Safeguards572

Question: Does the paper describe safeguards that have been put in place for responsible573

release of data or models that have a high risk for misuse (e.g., pre-trained language models,574

image generators, or scraped datasets)?575

Answer: [N/A]576

Justification: The paper poses no such risks.577

12. Licenses for existing assets578

Question: Are the creators or original owners of assets (e.g., code, data, models), used in579

the paper, properly credited and are the license and terms of use explicitly mentioned and580

properly respected?581

Answer: [Yes]582

Justification: We do a best-faith effort to cite all previous assets, and we are happy to include583

any references that we may have overlooked.584

13. New assets585

Question: Are new assets introduced in the paper well documented and is the documentation586

provided alongside the assets?587

Answer: [Yes]588

Justification: We include as much detail as possible about our code.589

14. Crowdsourcing and research with human subjects590

Question: For crowdsourcing experiments and research with human subjects, does the paper591

include the full text of instructions given to participants and screenshots, if applicable, as592

well as details about compensation (if any)?593

Answer: [N/A]594

Justification: The paper does not involve crowdsourcing nor research with human subjects.595

15. Institutional review board (IRB) approvals or equivalent for research with human596

subjects597
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Question: Does the paper describe potential risks incurred by study participants, whether598

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)599

approvals (or an equivalent approval/review based on the requirements of your country or600

institution) were obtained?601

Answer: [N/A]602

Justification: The paper does not involve crowdsourcing nor research with human subjects.603

16. Declaration of LLM usage604

Question: Does the paper describe the usage of LLMs if it is an important, original, or605

non-standard component of the core methods in this research? Note that if the LLM is used606

only for writing, editing, or formatting purposes and does not impact the core methodology,607

scientific rigor, or originality of the research, declaration is not required.608

Answer: [N/A]609

Justification: The core method development in this research does not involve LLMs as any610

important, original, or non-standard components.611
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