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Abstract

Offline meta-reinforcement learning (OMRL) combines the
strengths of learning from diverse datasets in offline RL
with the adaptability to new tasks of meta-RL, promising
safe and efficient knowledge acquisition by RL agents. How-
ever, OMRL still suffers extrapolation errors due to out-of-
distribution (OOD) actions, compromised by broad task dis-
tributions and Markov Decision Process (MDP) ambiguity in
meta-RL setups. Existing research indicates that the general-
ization of the Q) network affects the extrapolation error in of-
fline RL. This paper investigates this relationship by decom-
posing the ) value into feature and weight components, ob-
serving that while decomposition enhances adaptability and
convergence in the case of high-quality data, it often leads to
policy degeneration or collapse in complex tasks. We observe
that decomposed @ values introduce a large estimation bias
when the feature encounters OOD samples, a phenomenon
we term “feature overgeneralization”. To address this issue,
we propose FLORA, which identifies OOD samples by mod-
eling feature distributions and estimating their uncertainties.
FLORA integrates a return feedback mechanism to adap-
tively adjust feature components. Furthermore, to learn pre-
cise task representations, FLORA explicitly models the com-
plex task distribution using a chain of invertible transfor-
mations. We theoretically and empirically demonstrate that
FLORA achieves rapid adaptation and meta-policy improve-
ment compared to baselines across various environments.

Introduction

Offline Meta-Reinforcement Learning (OMRL) focuses on
quick adaptation to new tasks through training on a dis-
tribution of static and limited offline tasks. Context-based
OMRL, which learns to encode task representations from
histories, has gained increasing attention for more efficient
and stable adaptability. In meta-RL, differences in task dis-
tributions between meta-training and meta-testing often lead
to Markov Decision Process (MDP) ambiguity, where the
policy struggles to distinguish between different tasks, re-
sulting in spurious connections between trajectory data and
task representations. In offline settings, extrapolation error
frequently arises from the training policy executing out-of-
distribution (OOD) actions, and the complexity of a meta-
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task dataset composed of multiple tasks further exacerbates
this issue. Therefore, addressing the following two chal-
lenges is crucial for rapid adaptation in OMRL: 1) accu-
rately inferring the true task distribution; and 2) effectively
addressing the extrapolation error problem.

Recent research (Yuan and Lu 2022; Li et al. 2024) has
primarily focused on improving the accuracy of task in-
ference through representation learning methods. Neverthe-
less, these methods ignore the inference and generation of
specific probability distributions of task representations, are
susceptible to biases introduced by the construction of posi-
tive and negative samples, and struggle to capture the latent
structure of complex tasks. To better model task distributions
and effectively discern different tasks, a strand of research
has concentrated on predicting future states and rewards sep-
arately using the decoder (Ni et al. 2023) or the context-
aware world model (Wang et al. 2024b) to derive disentan-
gled task representations. However, these approaches fre-
quently assume that the distribution of task representations
follows a simple prior Gaussian distribution, which restricts
the flexibility and expressiveness of task inference models.
Moreover, the trade-off between regularization and recon-
struction terms presents challenges: a higher proportion of
reconstruction loss can lead the decoder to overfit, resulting
in inaccuracies in the reconstructed next state and reward,
ultimately diminishing the accuracy of task representations.

To address extrapolation error, most OMRL methods
leverage existing offline RL algorithms as backbone frame-
works, which encourage the training policy 7, to fully
mimic or stay close to the behavior policy mg. The bene-
fit of offline RL designed to tackle OOD actions originates
from their inhibition of overgeneralization of () networks,
rather than only from their ability to prevent overestimation
of () values (Mao et al. 2024). To fully leverage history in-
formation and reduce the impact of accumulated errors in
temporal difference (TD) updates, Meta-DT (Wang et al.
2024b) strives to leverage the conditional sequence model-
ing paradigm to effectively improve training efficiency and
capture complex temporal relationships. However, the afore-
mentioned methods ignore the disentanglement of dynam-
ics and reward functions in the policy space, only consider-
ing the decoupled task representation in feature space. This
oversight prevents them from fundamentally addressing the
extrapolation error aggravated by different task structures.
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Figure 1: Motivating example: In environments with high-quality datasets or narrow task distributions (e.g. Drawer-Close),
the decomposed () value accelerates the adaptability of the training policy 7, and the converged optimal policy outperforms
the behavior policy 73. However, in environments with low-quality datasets or broad task distributions (e.g. Door-Close), the
decomposed () value exacerbates the overestimation issue, ultimately leading to divergence of () value and failure of 7.

Inspired by Successor Features (SFs) (Barreto et al.
2017), prior work in online meta-RL (Wang et al. 2024a)
has proposed a decomposition of the () value to share com-
mon task structures and enable rapid adaptation to new tasks.
This is expressed as: Q = ¢ W, where context-aware SFs
1) are related to the transition dynamics, and reward weights
W correspond to the reward function. This decomposition
decouples task structures, facilitating the reuse of shared
task features and assisting in exploring the relationship be-
tween representation and overestimation in offline settings.
We found that in offline meta-RL, although decomposed )
values promote rapid policy adaptation, they present new
challenges. In Fig. 1, we observe that environments with
expert-level data or lower task variability, such as Drawer-
Close, benefit from this decomposition, which enhances the
adaptability of policy to different tasks and allows for rapid
convergence. During early training, as the KL divergence
between 7, and g increases, the estimation error gradually
amplifies. Interestingly, for the decomposed @, forcing 7, to
align intimately with 7g further increases the estimated error
in the later phase. This reflects that 7, eventually surpasses
w3 and converges to optimal, and the estimation error corre-
spondingly stabilizes. In contrast, environments like Door-
Close, which contain more suboptimal trajectories or have
a broader task distribution, make it easier for agents to en-
counter OOD actions and lead to feature overgeneralization.
Importantly, overestimation caused by an overgeneralized
in the decomposed () value can be particularly problematic.
As training progresses, the estimation error increases expo-
nentially even if the KL divergence is gradually small, re-
sulting in divergent () values and causing 7, to collapse.

The key to overcoming this dilemma is the identifi-
cation and processing of OOD samples. In this paper,
we propose FLOw-based task infeRence and Adaptive
correction of feature overgeneralization caused by OOD
actions (FLORA) in offline meta-RL scenarios. In de-
tail, FLORA starts by employing a chain of invertible

linear-time transformations for task inference, flexibly
approximating more complex task distributions and de-
riving compact task representations for policy learning.
Subsequently, FLORA models the distribution of context-
aware SFs and estimates epistemic uncertainty through
double-feature learning to detect OOD actions. Ultimately,
FLORA incorporates a reward feedback mechanism: it re-
duces uncertainty to discourage the agent from trying low-
reward OOD actions and increases uncertainty to encour-
age high-reward actions, mitigating overgeneralization is-
sues and simultaneously ensuring meta-policy improvement.
Our main contributions are summarized as follows:

1. We formalize a feature overgeneralization issue that leads
to degradative policies in offline meta-RL. To achieve a
balance between mitigating overgeneralization and main-
taining policy improvement in decoupled policy space,
we propose FLORA, which frames adaptive adjustment
of feature learning as the choice of conservative level of
estimated uncertainty. By leveraging flow-based task in-
ference, FLORA learns complex task distributions more
flexibly and efficiently, enhancing the task inference.

2. We theoretically prove that FLORA, by leveraging a de-
coupled representation and policy space, achieves a su-
perior policy compared to standard (Q-value estimation.

3. We extensively evaluate FLORA across diverse environ-
ments of MuJoCo and Meta-World, demonstrating that
it significantly outperforms baselines in adaptation effi-
ciency and achieves superior asymptotic performance.

Related Work
Offline Meta-Reinforcement Learning

OMRL aims to enable rapid adaptation to new tasks by
training with static and limited offline meta-tasks. It can
be categorized as gradient-based or context-based. Although
gradient-based methods (Mitchell et al. 2021) can adapt to a
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broad range of tasks, they still suffer from the inherent sam-
ple inefficiency of nested policy gradient updates.

Context-based OMRL, in contrast, alleviates the sample
complexity issue by amortizing task adaptation into simple
task inference via a context encoder. Initial attempts, such
as FOCAL (Li, Yang, and Luo 2021), employ a distance
metric to cluster samples from the same task while sepa-
rating those from different tasks. Subsequent work has ex-
tended these ideas by leveraging generative adversarial net-
works (e.g., ER-TRL (Nakhaeinezhadfard, Scannell, and Pa-
jarinen 2025)), mutual information (Gao et al. 2024), and
contrastive objectives (Yuan and Lu 2022) to enhance task
representations in feature space. To obtain disentangled task
representations, recent research (Li et al. 2024; Zhou et al.
2024) explores the integration of variational task inference.

Despite these advancements, they still suffer from extrap-
olation errors when querying OOD actions in TD updates.
Most OMRL methods address this issue by leveraging be-
havioral policy regularization or behavior cloning as the
base algorithm to keep training samples in distribution, such
as IDAQ (Wang et al. 2023). Another line of research (Wang
et al. 2024b) has introduced sequence modeling to tackle the
accumulation of extrapolation errors. Nevertheless, these ap-
proaches overlook the impact of decoupling dynamics and
rewards in the policy space on distributional shifts.

Successor Features

Pioneering works (Dayan 1993) introduced the idea of suc-
cessor representation, which proposes that the value function
can be decomposed into reward weights and state represen-
tations that characterize the state transition dynamics. Sub-
sequently, Barreto et al. (2017, 2018) formally defined the
concept as Successor Features (SFs), supporting the separa-
tion of environmental dynamics from the reward structure
for more efficient learning. Considering the task structure in
meta-RL, Han and Wu (2022) first proposes applying SFs to
decouple transition dynamics and rewards in the representa-
tion space, thereby enhancing the accurate identification of
task representations. Wang et al. (2024a) extends this disen-
tanglement into the policy space and incorporates task un-
certainty into the task inference module, which strengthens
the learning of meaningful task representations. Unlike these
works, which focus solely on the online meta-RL setting,
this paper leverages the decomposition in a more challeng-
ing offline setting where we address the extrapolation error
caused by feature overgeneralization through flexible value
estimation via uncertainty correction.

Problem Formulation
OMRL generally assumes tasks are drawn from a distribu-

tion M; =< S, A, P;, R,y >~ P(M), where S and A
denote the state and action spaces, P and R represent the
transition dynamics and reward functions, respectively. ~y
is the discount factor. These tasks, or MDPs, share identi-
cal state and action spaces but differ in their transition dy-
namics and rewards. For each training task M, an offline
dataset D; is collected using a behavior policy mg,. During
meta-training, the task representation z is inferred by a con-
text encoder E based on history trajectories 7 (referred to
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as context) sampled from the offline datasets D. Prohibited
from interacting with the environment, the contextual policy
m(als, z) is trained by employing D to perform downstream
tasks. During meta-testing, given a test task M; ~ P(M),
the agent accesses a limited dataset D,/ to perform task in-
ference and then interacts with the environment to evaluate
the expected return of 7. The overall objective of OMRL is
to maximize the expected discounted cumulative rewards:

max R = E i poan 220 Y7 (s, 0)),

1
2~ B(7), W

a~ (s, z), s,7~D.

Methodology

We first elucidate how to decompose () value, conditioned
on task representations, into features of the transition dy-
namics and reward weights, enabling shared structures and
rapid adaptation in the offline meta-RL, while also introduc-
ing the issue of feature overgeneralization. To mitigate ex-
trapolation errors from this overgeneralization, we elaborate
on our method for detecting and correcting OOD samples
through uncertainty estimation and return feedback, which
together enable adaptive feature learning. Finally, we de-
scribe how to implement flow-based task inference, which
is crucial for deriving appropriate task representations.

Overgeneralization Problem

Given the offline meta-task dataset D, which contains trajec-
tories 7™i = {(s¢, as, 4, 8¢41) L, with horizon H from
various training tasks drawn from an identical task distribu-
tion, that is, M ~ P(M), we leverage a context encoder
E parameterized by w to derive task representations z as:

h
z= EOJ (Ti/\/l)7 Tt/\/[ = {St+c7 At4cy Tt4c) St+c+1}c':07 (2)

where 7™ is a trajectory segment of horizon h sampled

starting from a randomly chosen ¢ in the offline dataset D.
Following Barreto et al. (2017), we assume the reward
function can be linearly decomposed as follows:

r(s,a,8',z) = ¢(s,a,s',2)"W(z), 3)

where ¢(s, a, s',z) € R? are context-aware features reflect-
ing variations in state transition dynamics within tasks, and
W(z) € RY are context-aware reward weights that mirror
changes in the reward function across tasks. The () value
under policy 7 is rewritten as:

Q7 (s,a,2) =B, [reg1 +9Te42 + ... st = s,a: = q]
=E, [, W (2) + 70, W (2) +...]|s,4d]
=E: 3,2 7" " bns1ls, a]"W(z)
=7 (s,0,2) W (z),

“4)
where ™ (s, a, z) represents context-aware SFs, equivalent
to the expected discounted cumulative ¢. This decoupling
of dynamics and rewards within the policy space facilitates
the investigation of the impact of features on extrapolation
errors and promotes the sharing of similar task structures.

In our offline setting with a decomposed () value, context-
aware SFs ¢ and reward weights W are updated separately.



The W network and context-aware features ¢ are jointly
trained by minimizing the prediction error of rewards:

1
‘CT = E(s,a,s/,ng |:2(T - ¢5(S? a, Sl» Z)TWN«<Z))2:| . (5)
And 1)y is estimated by minimizing the following TD loss:

Lw(e) E(s,a,s’)wD,sz‘,a’Nﬂ {1/}0(57@, Z)

_ (gbg(s, a,s',z) +yiy(s',d, z))] 2,

where 1), is a target context-aware SFs network with soft
parameter updates, and ¢ serves as an immediate reward.
However, in offline scenarios with decomposed () values,
as illustrated in Eq. 6, the extrapolation error is primarily
caused by v;(s’,a’,z) when the next action a’ taken by the
policy m may not be contained in the dataset D. This can lead
to overgeneralization in g and ultimately result in a biased
@ value. We term this problem as feature overgeneraliza-
tion and observe that overgeneralized 1) generally triggers a
severe estimation bias in ) value, as in Door-Close in Fig. 1.

(6

Adaptive Correction of Overgeneralization (ACO)

To accurately identify OOD samples that trigger overgener-
alization during the TD update of context-aware SFs 1)y, we
model the target value 14 in Eq. 6 as a Gaussian distribution

with mean 1) and standard deviation o :
U(s',a',z) £ 9(s',d,2z) + oy(s,d,2). @)
This design adeptly handles the inherent variability and un-
certainty of the environment, accommodating more chal-
lenging offline scenarios. Moreover, it preserves the multi-
modality of ) value distributions, promoting stable learning.
We approximate U using a set of D feature atoms (%)
(d = 1,2,---,D), representing discrete feature values of
the 19 network. Specifically, we employ double v-learning,
with corresponding double feature atoms /(%) parameter-
ized by 0, to minimize estimation bias. The mean and stan-
dard deviation of the feature atoms are calculated as:

H= S ) o= (7 - 50)’

e=1
(®)
The standard deviation o(¥) quantifies the epistemic uncer-
tainty for detecting OOD samples. By combining 4% and
O'(d), we define the belief distribution U:
U(s' ' z) =P\ d,2) + ac D (s, d,z),
where « is a dynamically adjusted parameter.

We consider multi-armed bandit strategies (Moskovitz
et al. 2021) and associate each bandit arm with a specific «
value. Additionally, we introduce feedback on policy perfor-
mance to update these o values. With U bandit arms, where
a € {a,}V_,, the adaptive adjustment of the weight for
each o, in the next episode, wg1(c,), is formulated as:

®

Ro—Rg—1

w Qy) = wq (o) + \—2L—"9—=
.‘]+1( ) 5]( ) pg(a) (10)

o ~ pg(a) oc exp(wg(aw)), A >0,
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where py (o) denotes the exponentially weighted distribu-
tion of o, R4 represents the return from the current episode
g, and A is the update step size. Eq. 10 indicates that changes
in the return from one episode to the next, signifying either
improvements or degradation in policy performance, trigger
updates to the weight of «,,. Conversely, if the policy per-
formance remains unchanged, the weight remains constant.

In offline scenarios, we set & < 0 to suppress feature over-
generalization and stabilize training. Through iterative train-
ing of w(ay,), the probability of a < 0 increases when the
agent encounters low-return OOD actions, leading to con-
servative estimates for 1. Conversely, when no OOD actions
are encountered or when the returns from OOD actions are
relatively high, the probability of @ = 0 increases, utilizing
the estimated mean as the predicted output. This strategy not
only prevents overestimation but also encourages the agent
to explore high-return actions outside the dataset, thereby
improving the meta-policy and reducing extrapolation error.

We employ belief context-aware SFs (), sampled from
the U distribution as the TD target. To robustly address OOD
actions, we leverage the Huber loss (Dabney et al. 2018) for
TD errors as the optimization objective for 1y:

T(0.) = XD: Lituber (wé? - (qbéd) + W(d))). a1
d=1

The corrected () value is estimated by calculating the mini-
mal product of ¥ and W:

D(s,a,2) W (Z), (12)

where Z prevents the backpropagation of gradients. From the
perspective of distributional RL, these feature atoms con-
struct a support set {w(d), 1 < d < D}, with the corre-
sponding probabilities given by W (%), We can then approx-
imate the full distribution of @ values, effectively capturing
uncertainties and singular values of training samples.

The loss function for the meta-policy m, is structured as

Lr=—-Esup |:E(N1N7T¢ |:Q (Sa EL,Z):| - plDKL (71-«,07 71-6) )
(13)
where Dk, denotes the KL divergence between the behavior
policy m5(- | s,z) and the learned 7, (- | s,2), with p; being
a trainable parameter. The policy superiority of FLORA is
guaranteed in Theorem 1, with the proof in Appendix A.

Flow-based Task Inference (FTI)

In context-based meta-RL, task representations z are typ-
ically derived by a context encoder that processes recent
trajectories: z ~ E,(z|7),7 ~ D. As meta-task distri-
butions are often inherently multimodal, a property further
amplified in offline settings due to the heterogeneity of mg
for collecting datasets D, a unimodal Gaussian prior is in-
sufficient to capture this complex distribution E,,(z|7). We
perform flow-based task inference to explicitly model this
distribution by transforming a simple Gaussian distribution
through a series of invertible mappings, thereby enhancing



the expressiveness of task representations and better match-
ing the true posterior. We utilize an invertible transforma-
tion (Rezende and Mohamed 2015) defined as follows:

fn(z) =2z +ul (WTZ + b) , (14)

where w is the weight vector, b is the bias, u is a scaling
vector, and [(-) is a smooth function. This transformation is
part of a series of planar flows F,,, which transforms z drawn
from an initial Gaussian-distributed prior p(z) into zk:

0(2) = faxc 00 [y 0 [y (2) 2 ~ p(2). (15)

The final posterior distribution EX(z|7), obtained by
successively propagating the initial distribution E°(z|7)
through a chain of K transformations f,, , is given by:

Z log

To extract compact task representations, F,, leverages
variational inference to model the contextual state-action
value function Q(s,a,z), with the evidence lower bound
JeLso for training F,, defined as:

Erepams, [060(Q) — p2Dir.(EX (2]7) |p(zx))] |

zrg~Fy

a7
where po is a hyperparameter set to 0.1 in all experiments.
More details on Jg1po are in Appendix A. We incorporate
the training loss of reward £, and context-aware successor
features 7, to collectively update the context encoder F,,,
facilitating an accurate capture of task changes (Wang et al.
2024a). The overall loss function for training F,, is:

Lg=p3s(Lr+Typ)— (18)
where p3 is a hyperparameter set to 0.01 in all experiments.
The pseudocode of FLORA is illustrated in Alg. 1.
Theorem 1. (Policy Superiority Guarantee) Consider a
meta-task M; with an optimal policy ™™ whose action-
value is Qf* Let Q?J be the action-value of an opti-
mal policy of M; when performed on M;. Given the set
{Qfl , sz, e 7Q?z}such that |Q;’ —Q.7 | < eforall s €
S,a € A,z € Z. Define the upper bounds of the distance to
the optimal policy for FLORA and the standard Q) value as

follows: |07 — Q7| < g and [ Q7 — Q] < b
respectively. Then we have g0y <

ZK—

log EX (z|7) = log E* (= det . (16)

JELBO,

Sog-

Experiment
Experimental Settings

Setups We evaluated FLORA on two benchmarks: (1)
Meta-World (Yu et al. 2019) comprises diverse robotic ma-
nipulation tasks and is generally considered more challeng-
ing due to its broader distribution. We follow the ML1 eval-
uation protocol, which evaluates the few-shot adaptability
with random initial objects and goal positions. (2) Mu-
JoCo (Todorov, Erez, and Tassa 2012) focuses solely on
parametric diversity. We evaluated two distinct scenarios: a)
tasks with changes in reward functions (e.g., goal position
for Point-Robot), and b) tasks with changes in transition dy-
namics (e.g., wind conditions for Point-Robot-Wind).
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Offline Data Collection For each environment in Meta-
World, we sampled 40 training tasks and 10 testing tasks
from the meta-task distribution. For MuJoCo, we sampled
8 training tasks and 2 testing tasks. Following IDAQ, we
utilized the Soft Actor-Critic (SAC) algorithm (Haarnoja
et al. 2018) to train policies for each task and considered the
SAC policy at different training phases as behavior policies.
These policies were then rolled out to generate 50 trajecto-
ries per benchmark, creating comprehensive offline datasets.
To ensure consistency and fairness, all methods were trained
on the same dataset in each environment. Moreover, all base-
line methods utilize BRAC as the backbone algorithm to
address the overestimation of () value in offline meta-RL.
More experimental details are provided in Appendix C.

Algorithm 1: FLORA algorithm

Meta-training '

Input: Offline training datasets D" = {7M:i}]_ of tasks
{ME o Ho, ~ P(M), context encoder E,,(z|7), planar
flows F,, meta-policy m,(als,z), context-aware features

¢¢(s,a,s',z) and reward weights W, (z), context-aware
SFs 4, (s,a,z) and e € {1,2}

1: Initialize the distribution po () < U([—1,0]Y)
2: while not done do
3:  for eachepisode ¢ =0,...,G —1do
4 Sample adaptive parameter o ~ pg(c)
5: for each training step do
6: for each training task M1 do
7 Sample ™ = {(sy,ar,70,5041) Ly~
D" for training E,, and 7,
8: Infer task representations z ~ E,,(z|7™
9: Transform z via planar flows zx = f,(2)
10: end for .
11: Train F,: w < w — A\, V,LE (Eq. 18)
12: Train W: p <+ p — )\,L@,LET (Eq.5)
13: Train ¢g,: 0 < 0. — )\d,?g jw( ) (Eq. 11)
14: Train m,: @ < @ — Ay V L (Eq. 13)
15: Train target ¢ : 0, + CO + (1 =)0,
16: Train ¢¢: € + € — \e¢VeL, (Eq. 5)
17: Train Fy,: 7 < 1 — A\, V, L (Eq. 18)
18: end for
19: Update weight of « distribution w41 using Eq. 10
20:  end for

21: end while
Meta-testing
Input: Offline testlng datasets DTt = {7M}L_ | of test-

ing tasks {Mi 1/, ~ P(M), learned meta pohcy Ty
and context encoder Ew

1: for each testing task M5t do

2:  fort=0,...,T-1do

3 Sample tra]ectorles M~ pTest

4 Infer task representatlons z ~ B, (z|m™M)
5: Roll out policy 7, (al|s, z) for evaluation

6: end for

7: end for
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Figure 2: Testing average performance on 8 ML1 environments over 6 random seeds.
Faucet-Close Push-Wall Push Door-Unlock Plate-Slide-Back  Door-Close ~ Faucet-Open  Drawer-Close
FOCAL 99.67+0.75  52.73+13.55 45.63£13.29 89.96+12.61 61.75+37.69 91.56+15.74  99.96+0.09 99.80+0.39
IDAQ 99.94+0.12  50.90£18.10  18.00£10.33  98.15+3.01 36.67+£38.97 80.224+36.88  99.83+0.36 99.90+0.22
CSRO 99.89+0.25  58.274+20.54 21.03£10.55 87.61+10.30 51.83+36.24 74.224+39.50  99.92+0.18 99.73+0.60
UNICORN  99.56+0.90 69.47+13.82 49.57+£11.45 84.44+13.17 37.33+36.12 83.06+28.34  99.99+0.02  85.77+31.74
ER-TRL 99.61+0.78  50.804+19.40 16.80£11.15 90.74+11.45 38.92+36.13 92.33+14.19  99.51+1.10 99.77+0.52
FLORA 100.00+0.00 71.03£17.39 50.07£13.11  98.27+3.44 73.25+31.87 95.00+£9.89  100.00+0.00  99.93+0.15
Table 1: Converged average test success rate + standard error (%) across 6 random seeds on Meta-World.
0.3 1e3 Point-Robot-Wind oo 13 Point-Robot misclassifies more suboptimal data as in-distribution con-
E ' £ o £ text, leading to significant performance degradation. In con-
gt B 44 o trast, FLORA maintains rapid adaptation and achieves ex-
gt — IbAQ S 06 ceptional final performance with relatively minimal variance
2—1.8 — | — e gﬁo,g regardless of dataset quality. CSRO fails to adapt to new
Y -1.0 tasks in most environments, possibly because the minimiza-
00 O mesteps i 00 O mesteps 18 tion of mutual information results in overly sparse and inde-

Figure 3: Testing average performance of FLORA and base-
lines on MuJoCo over 6 random seeds.

Baselines 1) FOCAL devised an inverse power distance
to cluster similar tasks; 2) IDAQ tackled distribution shift
via return-based uncertainty; 3) CSRO used mutual infor-
mation to reduce behavior policy bias; 4) UNICORN lever-
aged a decoder to reconstruct task representations; 5) Meta-
DT utilized sequence modeling and a context-aware world
model to achieve efficient generalization; 6) ER-TRL em-
ployed a GAN to maximize behavior policy entropy.

Performance Comparison

Meta-World Results. Fig. 2 and Table 1 summarize the
testing performance and convergent results, respectively.
FLORA consistently achieves the highest final performance
in all environments and demonstrates superior adaptation
efficiency. Notably, in high-quality datasets, such as Door-
Unlock, IDAQ shows relatively quick convergence but strug-
gles in more complex Push, where offline datasets con-
tain a higher proportion of suboptimal trajectories. IDAQ
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pendent task representations. In challenging environments
such as Push, the relationships of different tasks are not
effectively captured by CSRO, disrupting the shared struc-
ture across tasks and making it difficult for the meta-policy
to generalize to new tasks. UNICORN, which decomposes
task structures in the representation space, achieves faster
policy convergence and higher final performance on Push
and Push-Wall. However, UNICORN’s decoder may intro-
duce noise when reconstructing task structures to interfere
with the encoder’s task inference. Moreover, the trade-off
between reconstruction loss and the regularization term can
lead to intrinsic information loss, making UNICORN fall
behind other baselines. ER-TRL faces a similar dilemma:
although entropy maximization promotes action diversity,
the inherent training instability of the generator may lead
to mode collapse. Surprisingly, FOCAL exceeds most base-
lines in adaptability and exhibits impressive final perfor-
mance in Push and Door-Close. However, the similarity be-
tween tasks may be difficult to define accurately across the
broader distributed Meta-World, making FOCAL’s distance
metric unable to effectively distinguish diverse tasks. Con-
versely, FLORA consistently outperforms other baselines
regarding data efficiency and final testing success rate.



In the Door-Close and Plate-Slide-Back, all baselines ex-
hibit varying performance degradation. They fail to detect
and address extrapolation errors promptly, causing the er-
rors to accumulate over time and ultimately resulting in
policy collapse. In comparison, FLORA accurately approx-
imates complex task distributions through a chain of invert-
ible transformations and effectively mitigates these errors
with adaptive feature learning, consistently achieving rapid
adaptation and superior asymptotic performance.

MuJoCo Results. Fig. 3 demonstrates that FLORA has
exceptional adaptation efficiency and converged perfor-
mance with minimal variance. By decoupling transition dy-
namics and reward functions in both the representation and
policy spaces, FLORA accurately captures and shares simi-
lar structures of different tasks, thus facilitating fast and sta-
ble adaptation to unseen tasks. Specifically, in Point-Robot-
Wind, FLORA mitigates the overestimation of the decom-
posed features that represent dynamics through adaptive cor-
rection, effectively reducing extrapolation errors. In con-
trast, other baselines ignore the impact of meta-task struc-
tures on extrapolation errors, resulting in severe fluctuations
and increased variance during policy learning.

@ Door-Close 210 Plate-Slide-Back
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Figure 4: Ablation study.

Ablation Study. When meta-policies are trained with
suboptimal offline datasets in a broader distribution of tasks,
context-aware SFs can easily overgeneralize in the presence
of OOD actions. This leads to an overestimation of ) values
and a subsequent decline in policy performance, as observed
in the performance of the model without FTI and ACO in
Fig. 4. Specifically, the ACO module plays a critical role
in the prompt detection of OOD samples by estimating the
uncertainty of training samples. It conservatively estimates
the rewards of low-reward OOD samples through a reward
feedback mechanism, effectively suppressing feature over-
generalization while preserving the performance gains from
policy space decoupling for both in-distribution samples and
high-return OOD samples. FTT models more accurate task
representation distributions in challenging tasks, thereby en-
hancing the compactness of task representations. As shown
in Fig. 4, ACO effectively mitigates policy decline and pre-
vents policy collapse. Meanwhile, it accelerates policy con-
vergence and improves overall performance.

Rapid adaptation in sparse tasks. We also validate
the adaptation efficiency of FLORA on sparse point-robot,
where the agent is trained to navigate to training goals (light
blue circles in Fig. 5) and tested on a distinct unseen goal
(dark blue). A reward is given only when the agent is within
a certain radius of the goal. As in Fig. 5, FLORA navigates
to the area around the test goal more quickly. This indicates
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Figure 5: Visualization of sparse 2D navigation.

that the decomposed representation and policy space facili-
tate learning common structures in the sparse setting.
Evaluation on Non-Stationary Tasks. Following the
setup of (Bing et al. 2023), we evaluated FLORA and the
baselines on more challenging tasks, where the agent learns
to adapt to time-evolving task structures (with reward func-
tions that vary over time). In our setup, the task period is
sampled from a Gaussian distribution N (250, 10) for each
1000 steps per epoch. As illustrated in Fig. 6 (left), our
FLORA consistently achieves the highest success rate with
minimal variance and maintains excellent adaptability.

Estimation of Q Value
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Success Rate (%) Dec.Q Dist. Q Vanilla Q

Figure 6: Evaluation on non-stationary tasks (left) and with
different ) value estimation in Point-Robot-Wind (right).

Comparison of Different () Value Estimations. We in-
vestigated the influence of @) value learning across 6 ran-
dom seeds in Point-Robot-Wind, replacing our backbone
(decomposed @ network) with a vanilla (standard and unde-
composed) and a distributional @) (Dist. )) network to mea-
sure uncertainty, respectively. As in Fig. 6 (right), Dist. () al-
leviates the accumulation of errors by fitting the distribution
of @ values more effectively than vanilla (). Furthermore,
Dec. () enhances task distinction and uncertainty identifica-
tion, achieving the highest return with minimal variance.

Conclusion

OMRL primarily confronts two major challenges: accu-
rately inferring task distributions and alleviating extrapola-
tion errors. This paper proposes FLORA to effectively ad-
dress these issues by: 1) flexibly and efficiently approximat-
ing complex task distributions through flow-based task in-
ference to derive accurate task representations, and 2) pre-
cisely identifying OOD samples via uncertainty estimation
of decoupled features and mitigating feature overgeneraliza-
tion through adaptive correction. The experimental results
on challenging Meta-World and MuJoCo demonstrate that
FLORA outperforms other baselines in accurately discern-
ing diverse tasks and rapidly adapting to new tasks.



Acknowledgments

This work was partially supported by the NSFC under
Grants 92270125 and 62276024; by the Fundamental Re-
search Funds for the Central Universities, JLU, under Grant
93K172025K01; and by the Fundamental Research Funds
for the Central Universities under Grant 2025CX01010.

References

Barreto, A.; Borsa, D.; Quan, J.; Schaul, T.; Silver, D.; Hes-
sel, M.; Mankowitz, D.; Zidek, A.; and Munos, R. 2018.
Transfer in deep reinforcement learning using successor fea-
tures and generalised policy improvement. In International
Conference on Machine Learning, 501-510. PMLR.

Barreto, A.; Dabney, W.; Munos, R.; Hunt, J. J.; Schaul, T.;
van Hasselt, H. P.; and Silver, D. 2017. Successor features
for transfer in reinforcement learning. Advances in neural
information processing systems, 30.

Bing, Z.; Lerch, D.; Huang, K.; and Knoll, A. 2023. Meta-
Reinforcement Learning in Non-Stationary and Dynamic
Environments. IEEE Transactions on Pattern Analysis &
Machine Intelligence, 45(03): 3476-3491.

Dabney, W.; Rowland, M.; Bellemare, M.; and Munos, R.
2018. Distributional reinforcement learning with quantile
regression. In Proceedings of the AAAI conference on artifi-
cial intelligence, volume 32.

Dayan, P. 1993. Improving generalization for temporal dif-
ference learning: The successor representation. Neural com-
putation, 5(4): 613-624.

Gao, Y.; Zhang, R.; Guo, J.; Wu, E; Yi, Q.; Peng, S.; Lan, S.;
Chen, R.; Du, Z.; Hu, X.; et al. 2024. Context shift reduction
for offline meta-reinforcement learning. Advances in Neural
Information Processing Systems, 36.

Haarnoja, T.; Zhou, A.; Abbeel, P.; and Levine, S. 2018.
Soft actor-critic: Off-policy maximum entropy deep rein-
forcement learning with a stochastic actor. In International
conference on machine learning, 1861-1870. PMLR.

Han, X.; and Wu, F. 2022. Meta Reinforcement Learn-
ing with Successor Feature Based Context. arXiv preprint
arXiv:2207.14723.

Li,L.; Yang, R.; and Luo, D. 2021. FOCAL: Efficient Fully-
Offline Meta-Reinforcement Learning via Distance Metric
Learning and Behavior Regularization. In International
Conference on Learning Representations.

Li, L.; Zhang, H.; Zhang, X.; Zhu, S.; Zhao, J.; and Heng,
P-A. 2024. Towards an Information Theoretic Frame-
work of Context-Based Offline Meta-Reinforcement Learn-
ing. arXiv preprint arXiv:2402.02429.

Mao, Y.; Wang, Q.; Qu, Y.; Jiang, Y.; and Ji, X. 2024. Dou-
bly mild generalization for offline reinforcement learning.
arXiv preprint arXiv:2411.07934.

Mitchell, E.; Rafailov, R.; Peng, X. B.; Levine, S.; and Finn,
C. 2021. Offline meta-reinforcement learning with advan-

tage weighting. In International Conference on Machine
Learning, 7780-7791. PMLR.

26397

Moskovitz, T.; Parker-Holder, J.; Pacchiano, A.; Arbel, M.;
and Jordan, M. 2021. Tactical optimism and pessimism for
deep reinforcement learning. Advances in Neural Informa-
tion Processing Systems, 34: 12849-12863.

Nakhaeinezhadfard, M.; Scannell, A.; and Pajarinen, J.
2025. Entropy Regularized Task Representation Learning
for Offline Meta-Reinforcement Learning. In Proceedings of
the AAAI Conference on Artificial Intelligence, volume 39,
19616-19623.

Ni, F;; Hao, J.; Mu, Y.; Yuan, Y.; Zheng, Y.; Wang, B.; and
Liang, Z. 2023. Metadiffuser: Diffusion model as condi-
tional planner for offline meta-rl. In International Confer-
ence on Machine Learning, 26087-26105. PMLR.

Rezende, D.; and Mohamed, S. 2015. Variational inference
with normalizing flows. In International conference on ma-
chine learning, 1530-1538. PMLR.

Todorov, E.; Erez, T.; and Tassa, Y. 2012. MuJoCo: A
physics engine for model-based control. 2012 IEEE/RSJ In-
ternational Conference on Intelligent Robots and Systems,
5026-5033.

Wang, J.; Zhang, J.; Jiang, H.; Zhang, J.; Wang, L.; and
Zhang, C. 2023. Offline meta reinforcement learning with
in-distribution online adaptation. In International Confer-
ence on Machine Learning, 36626-36669. PMLR.

Wang, M.; Li, X.; Zhang, L.; and Wang, M. 2024a. MetaC-
ARD: Meta-Reinforcement Learning with Task Uncertainty
Feedback via Decoupled Context-Aware Reward and Dy-
namics Components. In Proceedings of the AAAI Confer-
ence on Artificial Intelligence, volume 38, 15555-15562.
Wang, Z.; Zhang, L.; Wu, W.; Zhu, Y.; Zhao, D.; and
Chen, C. 2024b. Meta-DT: Offline Meta-RL as Conditional
Sequence Modeling with World Model Disentanglement.
arXiv preprint arXiv:2410.11448.

Yu, T.; Quillen, D.; He, Z.; Julian, R. C.; Hausman, K.; Finn,
C.; and Levine, S. 2019. Meta-World: A Benchmark and
Evaluation for Multi-Task and Meta Reinforcement Learn-
ing. ArXiv, abs/1910.10897.

Yuan, H.; and Lu, Z. 2022. Robust task representations for
offline meta-reinforcement learning via contrastive learning.
In International Conference on Machine Learning, 25747—
25759. PMLR.

Zhou, R.; Gao, C.-X.; Zhang, Z.; and Yu, Y. 2024. Gen-
eralizable Task Representation Learning for Offline Meta-
Reinforcement Learning with Data Limitations. In Proceed-
ings of the AAAI Conference on Artificial Intelligence, vol-
ume 38, 17132-17140.



