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Abstract

Conventional Reinforcement Learning (RL) algorithms, typically focused on esti-
mating or maximizing expected returns, face challenges when online finetuning
offline pretrained models. This paper introduces Generative Actor Critic (GAC),
a novel framework that decouples sequential decision-making into two stages:
learning a generative model of the joint distribution of trajectories and their returns,
p(7,y), and then performing decision-making via inference on this learned model.
GAC offers a new perspective, framing policy evaluation as learning this compre-
hensive distribution, and enabling versatile policy improvement strategies through
inference. To operationalize GAC, we introduce a specific instantiation based on a
latent variable model that features a continuous latent plan vector. We develop novel
inference strategies for both exploitation (optimizing latent plans for expected re-
turns) and exploration (sampling latent plans conditioned on dynamically adjusted
target returns). Experiments on Gym-MuJoCo benchmarks demonstrate GAC’s
strong offline performance and significantly enhanced offline-to-online adaptation
compared to state-of-the-art methods, even in absence of stepwise rewards.

1 Introduction

A central objective in sequential decision-making is to maximize the expected returns on trajecto-
ries [1], denoted as E,(-[Y ()], where each trajectory T consists of a sequence of states and actions,
and Y is a utility function assigning return y to each trajectory. Conventional Reinforcement Learning
(RL) algorithms are designed to estimate and optimize this expectation during their training phase.
The widely-adopted Actor-Critic framework [2, 3], for instance, exemplifies this by learning a critic
to evaluate expected returns and an actor to refine the policy towards maximizing these returns.
This expectation-centric paradigm is particularly well-suited for online learning settings common
in traditional RL [1], due to its amenability to efficient, iterative updates from agent-environment
interactions. However, in the context of modern Generative Al (GenAl) pipelines—often charac-
terized by an extensive offline pre-training stage on vast datasets preceding online fine-tuning—we
propose to move beyond this expectation-centric approach. We advocate for decoupling the decision
modeling process into two distinct stages: (1) train-time generative modeling of the joint distribution
over trajectories 7 and their corresponding returns y:

p(7,y)

and (2) test-time decision-making, framed as an inference query based on this learned joint distribution.
In this paper, we introduce this approach as the Generative Actor-Critic (GAC) framework.

The Generative Actor-Critic framework fundamentally shifts the paradigm from estimating trajec-
tories’ expected returns to learning a comprehensive distribution of trajectories and their returns.
This holistic approach offers several key advantages. In particular, modeling the distribution p(7, y)
naturally entails a generative critic p(y|7) and thus achieves generalized policy evaluation; this
perspective underscores the ability of GAC to utilize data from various sources when modeling the
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Figure 1: Conceptual illustration of exploitation and exploration. After modeling the data distribution (gray),
GAC supports distinct test-time inference queries for various decision-making objectives. (Left) For exploitation,
the objective is to maximize the expected return, leading to a focused, low-variance policy that targets high-
certainty outcomes (blue). (Right) For exploration, the generative model is conditioned on a target distribution
shifted towards higher returns, guiding the search for novel and potentially superior trajectories (green).

correlations between behaviors and outcomes, making GAC particularly well-suited for scenarios
involving offline pre-training followed by online fine-tuning. Furthermore, by explicitly modeling
the entire distribution, GAC can capture complex, multi-modal relationships between behaviors and
outcomes—a capacity often limited in methods focusing solely on expectation. While this advantage
is shared by distributional RL [4], the latter typically learns a return distribution conditioned on
state-action pairs (often via a distributional Bellman equation) and subsequently falls back to the
expectation of this learned return distribution for policy extraction [4—6]. In contrast, GAC directly
models the joint distribution of trajectories and returns, enabling a fundamental shift that replaces
expectation-based actor with a versatile inference process on p(7|y)p(y). For instance, one could
query the learned model to identify trajectories that maximize expected future returns, similar to
policy optimization in distributional RL [5]. Alternatively, one could steer the generative process
by conditioning on desired high returns to sample corresponding trajectories, akin to mechanisms
in Decision Transformer (DT) [7, 8] and Diffuser [9, 10]. One could also sample diverse yet high-
performing trajectories [11] to achieve generalized policy improvement. As we will demonstrate, such
test-time flexibility can be leveraged, particularly in the offline-to-online setting, to address aspects of
the classical exploration-exploitation dilemma. Fig. 1 illustrates the intuition. Starting from the data
distribution, exploitation is to refine the policy to focus on a narrow distribution of high-certainty
returns, while exploration is to actively seek novel, potentially superior outcomes by shifting the
target return distribution towards uncharted, higher-value regions.

To operationalize the Generative Actor Critic framework and realize its potential, particularly for
complex decision-making tasks and effective offline-to-online adaptation, this paper introduces
several core methodological contributions: First, we instantiate GAC using a latent-variable model
structured as p(7, y, z) = p(7|2)p(y|z)p(z). Inspired by recent advances like Latent Plan Transformer
(LPT) [12], a continuous latent plan z is introduced to effectively capture the correlation between
high-dimensional trajectories 7 and their corresponding low-dimensional returns y. Building on LPT’s
demonstration of efficient inference via such a latent space, we introduce non-trivial architectural
and algorithmic modifications to significantly boost offline performance. Second, leveraging this
latent structure, we design designated inference queries for exploitation and exploration. Exploitation
is formulated as maximizing the expected return E[y|z] by performing gradient ascent directly in
the latent plan space. For exploration, we propose to sample z from the posterior p(z|y*) of target
returns from p(y ™). These targets are dynamically set by sampling high-performing base returns
y from the empirical distribution pg,,(y) (i-e., a replay buffer’s top-k) and adding a small target
improvement Ay, thereby guiding exploration towards potentially superior outcomes. The small
target improvement and the prioritized replay buffer [13, 14] offer a “trust region” [15] for online
fine-tuning. Empirically, GAC achieves competitive performance on Gym-MuJoCo benchmarks. Our
framework demonstrates strong offline learning capabilities and significantly enhanced adaptation in
offline-to-online scenarios compared to state-of-the-art baselines, even when step-wise rewards are
absent during parts of its operation.

2 Preliminaries

Actor-Critic The conventional decision-making process in RL is Markov Decision Process
(MDP)[1], represented by a tuple M = (S, A, P,m, R, p,T), comprising a state space S, ac-
tion space A, transition function P : S x A — II(S), policy w : S — II(A), reward function
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R: S x A — R, initial state distribution p : II(.S), and horizon T'. The decision-making objective

is to maximize E[y], i.e., the expectation of return y := ZtT:o R(s¢, a¢) accumulated along the
trajectories T = [sg, ag, $1,a1, . . .,ar—1, s7|. One of the most useful identities in this formulation
is the Bellman equation: if we define Q(s¢, at) := R(st,a¢) + Epm[zg;f R(St4k, atrr)], we will
have Q(s¢, ar) = R(s¢,at) + Ep<[Q(st+1,ai4+1)]. This Bellman equation, as well as its various
variants [1, 16, 17, 3], provides a foundation for learning a value function () for the expectation
of return-to-go at each step RT G, = Zf;g R(St+k, at+r)- Subsequently, the policy 7(at|s:) can
be updated along an approximated gradient direction V,, Q(s;, a;). That gives us the Actor-Critic
framework [2, 18], where the critic Q) estimates E[RT'G¢|s¢, at], and the actor m optimizes the
expectation from the critic.

Distributional RL  Bellemare et al. [4] proposed to shift from the expectation-centric Bellman equa-
tion to the distributional version, RT'G¢|s¢, ar = R(S¢, at) + RTGty1|St+1, at+1. The fundamental
difference is that RT'G, is a random variable, while the previous object of interest, )y, is its mean.
Formally speaking, in distributional RL we model p(RT'G'|s¢, a;) when training the critic, and only
calculate the expectation E[ RT'G¢|s¢, a;] when extracting policy for the actor [4-6]. Bellemare et al.
[4] showed that such a generative critic could express the multi-modality of p(RT G¢|s:, at) caused
by state aliasing [19], i.e., ambiguity of hidden states under insufficient memory context. However,
Bellemare et al. [4] also formally derived that greedy policy selection (i.e. policy optimization toward
Vo, E[RTGy|s¢, ar] = 0) leads to unstable value iteration and does not guarantee contraction.

RL via Sequence Modeling Denoting the policy optimization result as p(a;|s;, Q(s¢, a¢) = QF),
where Q* is the optimal value, we obtain a generative perspective for the actor. This is what underlies
the idea of return-conditioned behavior cloning [20, 7, 21]. Among them, Decision Transformer [7]
proposed a generalized form of policy 7(a+|s<t, a<¢, RT'G«¢) that is learned with offline data similar
to the autoregressive training of language models. However, in test time, since the model does not
have access to the RT'G's anymore, RT'G) is set to be a particular high value (e.g., the maximum
or a quantile above the mean) in the offline data, and is updated as RT'G;11 = RTG; — ry after
observing rewards. To set more plausible targets, Lee et al. [11] proposed to model not only the
action, but also the rewards and RT'Gs. This connects the generative actor m(a¢|s<t, a<t, RTG<t)
with the generative critic p(RT'G¢|s<¢, a<t, RT'G <) in distributional RL and is closely related to
our GAC framework. The difference is that GAC does not assume step-wise rewards, which is argued
in Latent Plan Transformer [12] as a more naturalistic setup that results in decision-making models
that can do trajectory stitching [22]. We will pinpoint a principled synergy between the generative
critic and the generative actor for online policy improvement.

Offline-to-Online RL.  Offline-to-online RL [23-30] aims to enhance the sample efficiency of online
fine-tuning by leveraging offline pre-training. However, conventional expectation-centric approaches
often face challenges during this transition, as their critics can become unreliable due to the action
distribution mismatch between the static offline dataset and the evolving online policy [31]. Efforts to
mitigate this mismatch [32, 30] can, in turn, inadvertently curtail the exploratory capabilities of the
learned actor. Generative actors, such as Decision Transformer, can be fine-tuned using a replay buffer
that combines offline and online experiences [8]; yet, they often lack stable and scalable mechanisms
for targeted exploration in the online phase. In contrast, GAC addresses this gap by providing a
distributional perspective for targeted exploration: p(7|y™ )p(y™). This capability stems from GAC’s
distinct approach of jointly modeling trajectories and their associated returns, which facilitates more
principled and flexible exploration strategies during online interaction.

3 Generative Actor Critic (GAC)

GAC is a framework that separates generative decision-modeling and decision-making as inference.
In Section 3.1, we introduce several probabilistic inference queries for different decision-making
strategies, motivating the employment of latent-variable generative models for efficient inference. In
Section 3.2, we introduce a learning algorithm for GAC based on a latent-variable model inspired by
Latent Plan Transformer (LPT) [12]. In Section 3.3 we describe the interplay between the actor, the
critic, and the replay buffer [13, 14] in realizing policy improvement in exploratory online finetuning.
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3.1 Decision-Making as Inference

As GAC features a generative model of p(7,y), decision-making can be framed as principled
inference over it. Previous works [16, 33-36] in decision-making as inference mainly take a stepwise
perspective, in which the policy can be viewed as amortized variational distribution g, (a|s;) for the
ground-truth posterior p(a¢|s¢, y = y*), where y* denotes the optimal return. However, this posterior,
along with its generalized versions in DT [7, 8], Diffuser [9, 10], LPT [12], is believed to have an
optimism bias [16, 34]. Consider the decision of whether to buy a lottery, where y* = $10M but it is
almost impossible to get. The decision from p(a|s,y = y*) would be “to buy”, while we all know
that the optimal decision is “not to buy”. Ziebart [16] attempted to bypass this issue by structuring
the variational distribution of p(7|y = y*) as ]_[OT_I Qyx (ae]st) P(S¢41]5¢, ar), where P(sy11]s¢, ar)
is the ground-truth world dynamics.

We want to advocate for a more general solution to optimism bias. The issue is not in the inference
process, but in the inference objective. As we all know, the most intuitive decision-making objective
is to maximize the expected return E[y|7]. And the actual optimal decision “not to buy” is optimal
under this objective. Obviously, to a generative model p(r,y), max, E[y|] is a inference query
distinct from p(7|y = y™*). In fact, the logic underlying the decision policy p(7|y = y*) in the
context of lottery is “If you want to win a lottery, you must first buy a lottery.”

Solving max, E[y|7] directly would employ gradient ascent that requires costly backpropagation
through time. This is where latent modeling excels. Consider a generative model with continuous
latent variables z

Po(7,y,2) = pa(2)ps(7|2)py(yl2), (M
where conditional independence is assumed between the trajectory 7 and its return y, positioning z
as an information bottleneck. Intuitively, the latent z are plans that abstract trajectories around their

returns. As long as p,, (y|z) and E[y|z] have analytical forms, gradient-based inference can be lifted
to the variational posterior ¢, (z) in the continuous latent space:

mgXIE%(Z) [Ely|z]] - 2

Once z is inferred, the policy is entailed by pg(7|z). The efficiency gain over max, E[y|7] is apparent.

Continuous latent modeling also enables other inference queries that would not be imaginable
otherwise. In fact, the optimization in Eq. (2) can be viewed as a special type of joint sampling over
p(z,y). Returning to the lottery example, a decision policy p(z|y) would not be unreasonable if
we had more nuanced control over optimism. In other words, if, instead of sampling from a fixed
target y*, we sample from a marginal distribution p(y™) that is slightly shifted right from p(y),
the optimism in py(z|y*) is tamed with the awareness of p(y ™). To sample from py(z|y*), we can
employ classical Variational Bayes, which maximizes the evidence lower bound (ELBO) [37, 38]:

maxEq, ;) [log ps (57 [2)] = Dw (45 (2)[pa(2))- 3)

This is equivalent to ming Dkr.(g4(2)||pe(z|y™)), where pg(z|y)ocp(z)p~ (y|2). We will introduce
how to sample from p(y*) in Section 3.3.

3.2 Generative Modeling

Latent Plan Transformer [12] is an instantion of the latent-variable generative model desribed in
Eq. (1). Building on their conceptualization, we made two modifications that align well with some
common sense about decision-making: (1) the initial state sg is not generated from a plan, so we
move it into the conditioning; (2) the latent abstractions of the trajectories and their returns are better
to be distinct and associated instead of identical, so we reserve one vector z, for returns, leave the
rest 2, for trajectories, and associate them in the prior p,(2). This gives us the factorization:

Po(7, 9, 2) = p(s0)Pa(z]50)Ps(T]s0, 2y )Py (Yl 2y)- )

Following LPT, the prior p,(z) is implemented as an implicit generative model, but we replace the
UNet transformation [39] in LPT with a Transformer encoder with bidirectional mask. To sample
z ~ pa(2), we first sample a set of isotropic Gaussian € ~ N(0,I) and transform them with the
Transformer z = f, (s, €).
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We also inherit LPT’s trajectory generator as a z-conditioned autoregressive model with a finite context
. . . T—1 .
window of size M: pg(7|so, 2y) = [ [;_y Palas|s<t,a<t, 2y)P(St41|5¢— Mty Gt—pr:t, 2,y). This
design forces the latent z to serve as global carriers of information, bridging temporal segments that
would otherwise be disconnected due to the limited context. The generator is parameterized by a
causal Transformer decoder that incorporates the latent z via cross-attention. The stepwise policy and

transition distributions are modeled as Gaussians with learnable or fixed variances.

The return predictor models p,(y|zy) as a Gaussian N (1 (z,), 05), where pi, is an MLP that
predicts y from the special latent vector z,. The variance ag is either treated as a hyperparameter or

learned jointly. Note that p, (y|z,) being a Gaussian would not constrain the capability of modeling
multi-modal return distribution because p(y|7) = § p(y|z,)p(zy|7)dz, can be very expressive.

For a data point (7, y), Maximum Likelihood Estimate (MLE) of latent-variable models is intractable.
Instead, we introduce a variational distribution g4 (€|7,y) = N'(1, 0?), parameterized by ¢ = (1, o),
i.e., the mean vector n and a diagonal covariance matrix o2 [40, 41], and maximize the evidence
lower bound (ELBO) [37, 38]:

ELBO(0, ) = Eq, () [log pa(7, y|s0, €)] = Dxw(gs(€)][p(e))- ®)

We use the re-parametrization trick [42] in E,. The training employs alternating update of the
local parameters ¢ specific to each (7,y) with classical Variational Bayes [38, 37] and the global
parameters 6 = («, 3,7) shared across all training data. Kong et al. [12] recently showed that
this training scheme can be scaled up to GPT-2 scale language models. To further accelerate and
stabilize training, we store the optimized (;52"7’” for each trajectory-return pair (7, y), which are used

as initializations whenever the data point is redrawn to constitute the batch.

Inference queries in Eq. (2) and Eq. (3) can be adjusted accordingly to incorporate conditioning on
s and reparametrization with €. Between them, Eq. (2) enables exploitation during test time, while
Eq. (3) facilitates exploratory online fine-tuning.

3.3 Exploratory Online Fine-tuning

A key advantage of the GAC framework is that the training objective—maximizing the ELBO in
Eq. (5)—remains consistent for both offline pre-training and online fine-tuning. The online phase
focuses on progressively improving the generative model by collecting higher-quality trajectories and
incorporating them into the training data. This is achieved through a principled exploration strategy
followed by staged model updates.

Our exploration mechanism is designed to sample trajectories from an improved distribution by
targeting returns slightly higher than what the model has previously achieved. Ideally, one might tilt
the model’s prior p(2) to generate a desired p(y™). However, we adopt a simpler and more direct
approach. We leverage a prioritized replay buffer, initialized with the offline dataset, which serves as
an empirical return distribution pgu, (y). To generate a target y™ from the target distribution p(y ),
we first sample a high-performing return y from the top-k quantile of the replay buffer. We then add a
small, positive increment Ay to it, creating an optimistic target y ™ = y + Ay. This target is used to
condition the inference process as described in Eq. (3), yielding latent plans z ~ p(z|y™) that guide
the agent to explore potentially out-of-distribution (OOD) yet superior trajectories.

While the returns collected by the actor p(z|y)pgaa(y) from the environment are generally consistent
with the target y sampled from the empirical distribution, the introduction of Ay creates a mismatch
between the target distribution p(y ™) and the ground-truth return distribution. How to reliably set
Ay to balance exploration with stability is an interesting research question that we leave for future
work. In this work, we treat Ay as a manually tuned hyperparameter. Empirically, we find that this
optimistic distributional targeting strategy effectively guides exploration; while it does not always lead
to trajectories that meet the optimistic i, it consistently outperforms fixed target y* and gradually
shifts the distribution of collected returns toward higher values, as shown in Fig. 2.

The online finetuning process is structured in stages. In each stage, we first collect a set of new
trajectories using the exploration policy described above. These newly collected trajectory-return
pairs are then added to the replay buffer, enriching the dataset with recent, high-quality experiences.
Following data collection, we fine-tune the GAC model on the updated replay buffer for a set number
of steps, using the same ELBO maximization objective as in the pre-training phase. This cycle of
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Table 1: Offline results with and without Step-wise Rewards. Comparison between the average normalized
returns of our GAC method against several baselines, evaluated without any online finetuning. We assess the
pure exploitation capability of our model, denoted as GAC-E[y], by optimizing over the entire latent space. For
each of 5 independent seeds, we generate 100 evaluation trajectories from the pre-trained checkpoint and report
the mean and standard deviation of their returns. The best result in each row is highlighted in bold.

Dataset | TD3+BC IQL CQL DT QDT LPT | GAC-E[y]

Results without step-wise rewards
hopper-medium 27.6 351 233 573 507 585 | 67.1+0.8
hopper-medium-replay 10.6 139 7.7 508 387 712 | 814+l1.1
walker2d-medium 67.8 49.1 00 699 637 778 | 79.3+0.9
walker2d-medium-replay 8.7 53 32 516 296 723 | 789+1.1
halfcheetah-medium 20.8 8.5 1.0 424 424 4311 | 433406

halfcheetah-medium-replay 12.8 52 7.8 333 328 396 | 40.1+04

Results with step-wise rewards

hopper-medium 60.4 63.8 58.0 603 665 - -
hopper-medium-replay 64.4 92.1 486 637 521 - -
walker2d-medium 82.7 799 792 733 67.1 - -
walker2d-medium-replay 85.6 737 741 602 582 - -
halfcheetah-medium 48.1 474 444 421 423 - -

halfcheetah-medium-replay 44.8 441 462 341 356 - -

exploration, replay buffer update, and model fine-tuning is repeated, allowing GAC to progressively
adapt and improve its performance through online interaction.

4 [Experiments

We evaluate GAC on standard offline and offline-to-online reinforcement learning benchmarks from
the D4RL Gym-MuJoCo suite (Halfcheetah, Hopper, and Walker2D). Our experiments are conducted
in a setting where only total trajectory returns are available. We compare GAC against state-of-the-
art methods and analyze the effectiveness of its different inference strategies for exploitation and
exploration.

We compare GAC against strong baselines across several paradigms: offline RL (IQL[26], CQL[32],
TD3+BC[24]), sequence modeling approaches (DT[7], ODT[8], QDT[43], LPT[12]), and classic
online RL (PPO[44], SACI3]) for reference. Notably, except for LPT, these methods were designed
for step-wise rewards. We adapt them to our trajectory-return-only setting for a fair comparison,
highlighting the distinct advantage of models that do not rely on dense reward signals.

Offline Pre-training. We report the offline pre-training results in Table 1, evaluated using the
exploitative inference from Eq. (2) (termed GAC-E[y]). Our model consistently outperforms all
baselines across the tested environments. GAC’s advantage stems from its unique generative approach.
Unlike conventional methods rooted in temporal difference learning, GAC forgoes explicit per-step
credit assignment. Instead, it learns an implicit understanding of action-outcome relationships via
cross-attention across the latent token sequence. This allows the model to learn a smooth and
structured latent space of behaviors, enabling it to compose novel, high-quality trajectories by
interpolating between successful sub-sequences found in the training data. The robustness of this
approach is particularly evident in Mujoco environments. While TD-based methods like IQL, CQL,
and TD3+BC are heavily dependent on dense, step-wise rewards, GAC—much like other generative
models such as DT, QDT, and LPT—maintains high performance even with only trajectory-level
returns. This highlights a key strength of our framework: GAC achieves superior performance despite
operating without the granular, step-wise reward signals that most of these powerful baselines rely on
for effective training.

Inference Strategies. We analyze the practical implications of the different inference strategies
introduced in Section 3.1. We compare three approaches: GAC-E[y] for pure exploitation via latent
space optimization; GAC-y*, which conditions on a standard high-value target return similar to
DT[7]; and GAC-p(y™), our proposed exploration strategy that conditions on dynamically adjusted
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Table 2: Comparing inference objectives for pretrained GAC. We report the mean and standard deviation
of returns over 100 rollouts for exploitation (GAC-E[y]), exploration (GAC-p(y™)), fixed target conditioning
(GAC-y™*), and sampling from the prior (p(y|z)p(2)).

Dataset | GAC-E[y] GAC-p(y")  GAC-y* | p(ylz)p(2)
hopper-medium 67.6+5.2 63.1+8.3 60.6+8.0 55.845.2
hopper-medium-replay 81.8+9.9 66.1+£193  36.3+23.8 | 36.5+234
walker2d-medium 80.2+4.6 78.9+8.9 78.5+6.7 | 75.6+10.1
walker2d-medium-replay | 79.3+10.9  63.1+18.6  59.5+14.1 | 48.9+26.6
halfcheetah-medium 42.6+4.2 41.1+6.0 40.3+£4.2 41.2£7.5

halfcheetah-medium-replay | 39.8+7.8 38.8+8.9 36.7£8.2 | 33.0£12.0
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Figure 2: Illustration of GAC’s return distributions. The left column displays the return distributions achieved
by various inference methods after offline pre-training, highlighting the explorative and exploitative behavior. The
middle column presents a split violinplot for GAC-E[y] and GAC-p(y ™) inference, showing the performance
gains of checkpoints and the explorative and exploitative behavior at three sequential fine-tuning stages. The
right column visualizes the progressive improvement in the complete dataset’s quality, as evidenced by the
upward shift of the dataset’s return distribution over the fine-tuning stages.

targets sampled from the replay buffer. This comparison is designed to evaluate the trade-offs between
pure optimization, fixed-target conditioning, and our more adaptive, data-driven exploration method.

The return distributions collected by actors from different inference objectives, visualized in the
left column of Fig. 2 and summarized in Table 2, highlight their distinct behaviors. The return
distribution p(y|z), generated from random prior latent plans from p(z), is dispersed by principle
and effectively covers the returns seen in the training data, confirming that the model has learned a
well-structured latent space without collapsing to a single mode. In sharp contrast, the GAC-E[y]
strategy produces a focused, low-variance distribution concentrated on high-certainty, high-return
outcomes, underscoring its efficacy as a pure exploitation method. To encourage exploration, we
sample target returns from p(y™ ), which apparently have better coverage at high-return and even
out-of-distribution regions than GAC-E[y]. Based on these targets, GAC-p(y™) achieves a high
mean return but with significantly greater variance than GAC-E[y]. While GAC-p(y™)’s optimistic
conditioning on y ™ leads to a delibrate mismatch between its resulting distribution and p(y™), it
reflects a realistic improvement over the pyy, (), showcasing successful guided exploration toward
better outcomes. As GAC-p(y™)’s target distribution is anchored at the data distribution, it also
outperforms GAC-y*, whose reliance on a single fixed target often leads to overestimation (optimism
bias) of the outcomes.

Online Fine-tuning. Table 3 reports the final returns compared to other methods in most environments
after fine-tuning with just 300 online trajectories. While the gains are relatively small in some tasks,
this is often a consequence of its higher initial offline performance. Notably, GAC remains highly
effective even without dense, step-wise rewards—a setting where pure online RL methods like
PPO and SAC typically fail. Unlike methods that rely on explicit optimism or conservatism, GAC
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Table 3: Online training results with and without step-wise rewards. Comparison of normalized returns
before and after online fine-tuning. We fine-tune GAC for 3 stages with data collected by GAC-p(y™) and report
the final GAC-E[y] performance from five seeds. The best final result for each dataset is highlighted in bold.

Dataset Online RL OoDT CQL IQL LPT GAC
PPO SAC | online 4 online 1 online é online ¢ online é

Results without step-wise rewards

hopper-m 115 938 576 03| 296 63| 250 -10.1| 648 63 ]941+1.1 270

hopper-m-r - - 652 144 | 84 07 ] 126 -13 | 724 1.2]955+08 14.1
walker2d-m 91 4.0 70.7 0.8 1.9 19 | 50.1 1.0 795 1.7 | 84.7+£03 54
walker2d-m-r - - 573 57 05 27| 69 1.6 79.0 6.7 | 84.6+05 5.7
halfcheetah-m 1.2 19 40.7  -1.7 2.8 1.8 8.9 0.4 432 0.1 |443+0.1 1.0
halfcheetah-m-r - - 244 -84 64 -14| 74 2.2 40.6 1.0 | 40.8+0.1 0.7

Results with step-wise rewards

hopper-m 778 750 | 97,5 30.6| 604 24 | 66.8 3.0 - - - -
hopper-m-r - - 889 23 563 7.7 | 96.2 4.1 - - - -
walker2d-m 439 475 | 768 46 | 79.6 04 | 80.3 0.4 - - - -
walker2d-m-r - - 769 4.0 75.8 1.7 | 70.6  -3.1 - - - -
halfcheetah-m | 25.0 244 | 424 -0.6 | 456 12 | 474 0.0 - - - -
halfcheetah-m-r - - 40.2 0.4 430 -32 | 44.1 0.0 - - - -

improves by leveraging its principled exploration strategy. This strategy systematically probes for
trajectories with higher returns by conditioning on targets set slightly beyond the empirical best
of the current dataset. When these exploratory rollouts yield higher-performing trajectories, they
are added to the replay buffer. This process gradually shifts the collected data distribution toward
superior outcomes, which is exemplified in the Hopper task where our method achieves its most
significant performance gain. To visualize this dynamic process, Fig. 2 plots the return distributions
from different inference objectives across several fine-tuning stages. The figure clearly illustrates the
interplay between exploration and exploitation, tracking the progressive performance improvement
via the continuous, positive shift in the collected data’s return distribution. The implementation details
and more results can be found in Appendix A.

5 Conclusion

In this paper, we introduced Generative Actor-Critic (GAC), a novel framework that decouples
decision-making from generative decision-modeling by learning the joint distribution of trajecto-
ries and their returns, p(7, y). Our latent variable-based instantiation enables principled inference
strategies for both exploitation and exploration, leading to state-of-the-art offline performance and
highly efficient online adaptation on Gym-MuJoCo benchmarks in the absence of step-wise rewards.
Ultimately, GAC provides an effective framework that bridges generative modeling and reinforcement
learning, opening a promising path toward building more capable and adaptable autonomous agents.
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Table 4: GAC Hyperparameters.

Architecture-Related Range
Embedding dimension choice(64, 128, 192, 256, 512)
Number of latent tokens choice(1, 2, 4, 8)
Number of attention heads choice(1, 2, 4, 8)
Number of decoder layers choice(1, 2, 3, 4)
Number of encoder layers choice(1, 2, 3, 4)
Context length choice(1, 4, 16, 32, 64)
Architecture-Unrelated Range
Outer-loop learning rate interval(le-4, le-2)
Outer-loop weight decay interval(le-4, le-2)
Outer-loop training steps choice(1, 5, 10, 20)
Inner-loop learning rate interval(0.01, 0.5)
Batch size choice(800, 700, 600, 500)

Table 5: The best GAC Architecture-Related Hyperparameters.

Parameter ‘h-m h-m-r w-m w-m-r ha-m ha-m-r

Embedding dimension 192 128 192 192 128 256
Number of latent tokens
Number of attention heads
Number of decoder layers
Number of encoder layers
Context length

FNGN NS I NN
A=A Do
— W W NN
—_ W A oo A
B0 W= 0
—_— N WA BN

A More Details on MuJoCo

Inspired by Li et al. [45], we employ a more sophisticated training methodology than that of LPT
[12]. This approach aims to tighten the approximation between the Evidence Lower Bound (ELBO)
and the log-likelihood, and mitigating the issue of posterior collapse. Specifically, for each data
point, we conduct inner-loop optimization until convergence, which is defined by a maximum of
100 training steps and an early-stopping threshold of 1e-4. In the outer loop, unlike the single-step
approach in [12], we treat the number of training steps as a tunable hyperparameter. Given that
GAC decouples decision-modeling from decision-making, we can directly assess the quality of
our generative model by its loss value, rather than relying on immediate policy evaluation in the
environment. Consequently, we leverage the Optuna framework [46] for hyperparameter optimization,
with the objective of maximizing the ELBO. The complete set of hyperparameters subject to tuning
is detailed in Table 4. Following the pre-training phase, architecture-related hyperparameters are
fixed, while the remaining parameters are optimized during each subsequent fine-tuning stage. Using
the optimal hyperparameters identified (see Table 5 and Table 6'), we then configure the inner-loop
inference with more stringent convergence criteria: a maximum of 1000 steps and an early-stopping
threshold of le-5.

For GAC-p(y™) to collect online data, we introduce another two parameters to obtain a target return
set. We perform a data processing procedure on the current return dataset, which we denote as D.
This process involves a quantile-based filtering and a subsequent transformation. The procedure is
parameterized by two tunable hyperparameters: the quantile threshold, ¢, and an additive constant, Ay.
First, we determine the g-th quantile of the dataset D, which we denote as y,,. All data points in D that
are greater than y, are selected to form a new subset, Dy, = {y € D | y > y,}. We finally randomly
sample from Dy, and plus Ay to obtain the dynamic target return as {y + Ay | y € Dgp}. This
procedure allows us to isolate and transform the upper tail of the data distribution, with the specific
threshold and transformation intensity controlled by the hyperparameters g and Ay, respectively. We
present these additional parameters for inference and the standard target return for each environment

'The hyperparameters with interval range are fp64 after searching, only displayed four decimal places in
Table 6.’h’,’w’, ’ha’, ’'m’ and ’r’ denotes hopper’, *'walker2d’, halfcheetah’, 'medium’ and ’replay’ respectively.
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Table 6: The best GAC Architecture-Unrelated Hyperparameters.

Parameter ‘ h-m h-m-r w-m W-m-1 ha-m ha-m-r

Stage O (pre-training)

Outer-loop learning rate | 0.0010 0.0003  0.0023  0.0026  0.0026 0.0012
Outer-loop weight decay | 0.0002 0.0056 0.0027 0.0011 0.0020 0.0071

Outer-loop training steps 10 1 5 1 10 10
Inner-loop learning rate | 0.2365 0.2058 0.3980 0.0795 0.0501 0.0452
Batch size 700 500 600 500 500 700

Stage 1 (fine-tuning)

Outer-loop learning rate | 0.0002 0.0018 0.0008 0.0017 0.0062  0.0009
Outer-loop weight decay | 0.0002 0.0026 0.0029 0.0062 0.0044  0.0060

Outer-loop training steps 1 20 1 20 5 20
Inner-loop learning rate | 0.0458 0.2116 0.1223  0.0712 0.2363  0.2836
Batch size 800 700 800 500 700 500

Stage 2 (fine-tuning)

Outer-loop learning rate | 0.0004 0.0010 0.0013 0.0014 0.0093 0.0013
Outer-loop weight decay | 0.0006 0.0007 0.0022 0.0050 0.0001 0.0002

Outer-loop training steps 1 1 5 20 5 5
Inner-loop learning rate | 0.1018 0.0712 0.0124 0.1691 0.1435 0.2154
Batch size 700 500 800 500 600 700

Stage 3 (fine-tuning)

Outer-loop learning rate | 0.3755 0.0005 0.0007 0.0010 0.0039 0.0022
Outer-loop weight decay | 0.0077 0.0001 0.0027 0.0007 0.0023  0.0015

Outer-loop training steps 5 5 20 1 20 20
Inner-loop learning rate | 0.0023  0.010  0.0337 0.0712 0.1193 0.1984
Batch size 600 500 600 500 500 600

Table 7: The Inference Hyperparameters.

Parameter \ h-m h-m-r w-m W-m-1 ha-m ha-m-r

Standard target return 3600 3600 6000 6000 5000 5000
Stage0 (g, Ay) (0.8,10) (0.8,10) (0.8,10) (0.8,10) (0.6,3) (0.6,3)
Stagel (¢, Ay) (0.8,10) (0.8,10) (0.8,10) (0.8,10) (0.6,3) (0.6,3)
Stage2 (g, Ay) (0.8,10) (0.8,10)  (0.6,3) 0.6,5 (0.6,3) (0.6,1)
Stage3 (g, Ay) (0.8,10) (0.8,10)  (0.6,3) 0.6,5 (0.6,3) (0.6,1)

446 in Table 7. We finally present all of the inference results for all Gym-MuJoCo tasks with GAC-E[y],
47 GAC-p(y™), GAC-y* and PRIOR inference strategies for one seed in Fig. 1.
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Figure 1: Complete MuJoCo Results.
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