From Reward-Free Pretraining to Pareto Fronts: Zero-Shot
Multi-Objective Reinforcement Learning

Hicham Azmani
Vrije Universiteit Brussel
Brussels, Belgium
hicham.azmani@vub.be

ABSTRACT

Many real-world sequential decision problems involve multiple,
conflicting objectives, yet the desired trade-offs are often unknown
a priori and may change as stakeholders iteratively refine their
preferences and even the objectives under consideration. In this
work, we focus on the latter challenge of handling post hoc changes
to objective specification. Many existing multi-objective reinforce-
ment learning (MORL) pipelines, especially decomposition-based
approaches, do not accommodate such post hoc changes efficiently
and may require repeated retraining. We propose a late-binding
paradigm that decouples reward-free pretraining from objective-
specific solution-set construction: train a forward-backward (FB)
agent on reward-free data, then recover Pareto-optimal trade-offs
purely at inference time without retraining or fine-tuning. Our
inference-time procedure (i) constructs a grounded candidate pool
from the FB representation, (ii) selects a candidate for each pref-
erence vector via scalarised rollout evaluation, (iii) evaluates the
resulting policy, and (iv) retains the non-dominated subset as an
empirical Pareto front approximation. We validate our approach
on two MORL benchmarks with known reference sets/fronts, Deep
Sea Treasure and Fruit Tree Navigation, demonstrating that a sin-
gle pre-trained FB agent can recover high-quality Pareto trade-offs
across multiple environment variants and objective specifications,
including previously unseen layouts and post hoc changes in se-
lected objective subsets. Our results suggest that reward-free pre-
training can serve as a practical foundation for flexible, reusable
multi-objective decision support.
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1 INTRODUCTION

Many sequential decision-making problems involve multiple, con-
flicting objectives. Operating an energy system requires balancing
cost, comfort, and emissions [12]; managing a reservoir entails
trade-offs among flood risk, irrigation deficits, and ecological con-
straints [10]. In such settings, there is typically no single policy
that simultaneously optimises all objectives. Instead, we would
like to compute a set of policies that expose high-quality trade-
offs to a decision-maker. In multi-objective reinforcement learning
(MORL), several solution concepts capture this idea depending on
assumptions about preferences and policy classes [13]. Crucially, in
realistic deployments, the challenge is rarely just to compute such
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a set once, because the objective specification itself is often difficult
to pin down. Even in single-objective RL, translating an informal
goal into a precise reward is notoriously brittle. In practice, rewards
are imperfect proxies: they often omit important constraints and
can induce unintended behaviour under optimisation pressure. In
particular, agents may exploit loopholes in the specified objective
and achieve high reward while violating the designer’s intent; this
phenomenon is known as reward hacking [16, 18, 19]. This makes
reward and constraint design an iterative process of observing
behaviour and revising the specification.

Multi-objective problems further amplify this difficulty in two
distinct ways. First, when several imperfect objective components
must be balanced, preferred trade-offs are rarely known upfront.
They may be contested among stakeholders and may only become
clear after candidate solutions are evaluated. MORL is therefore
frequently used in what Hayes et al. [13] call unknown or dynamic
utility settings, where stakeholders cannot fully specify a stable util-
ity function in advance and may revise preferences after inspecting
candidate trade-offs. Even when one restricts to linear scalarisations,
selecting weights is typically part of an iterative decision-making
process rather than a one-shot modelling choice [7, 15]. Second, the
specification itself may change post hoc: stakeholders may decide
to reweigh objectives, introduce or remove objective dimensions, or
focus on a different subset of the available criteria. Taken together,
these observations suggest that early binding to a fixed objective
specification can be misaligned with deployment realities.

However, many MORL pipelines implicitly assume early bind-
ing. A common practical paradigm is decomposition: repeatedly
select a preference (e.g., a weight vector over objectives), solve
the resulting scalarised single-objective problem using an RL al-
gorithm, evaluate the learned policy, and iterate to improve cov-
erage [4, 13, 23, 28]. While effective when the objective specifica-
tion is fixed, this structure becomes particularly costly under post
hoc changes to objective specification: each update can require
re-running preference sweeps, collecting new experience, and re-
training policies, sometimes dozens to hundreds of times. When
environments are complex or stochastic, or when broad coverage
is needed, this re-computation can become a burden.

These considerations motivate a design principle we call late
binding: learn an objective-agnostic understanding of environment
dynamics first, and bind objectives and preferences only at deci-
sion time by selecting among reusable behaviours. Recent progress
in reward-free and zero-shot reinforcement learning provides a
concrete mechanism for late binding [26, 27]. Rather than learning
a policy from scratch for each reward specification, an agent can
first learn a reward-free representation from interaction (or offline



data), and later instantiate task-specific behaviour with lightweight
test-time computations.

In particular, the forward-backward (FB) framework learns a low-
rank representation of successor measures and induces a family
of latent-conditioned policies that can be queried after pretraining
[8, 26]. Given a single-objective reward specified at test time, FB
constructs a reward embedding and executes the corresponding
latent-conditioned policy. While this offers a compelling build-
ing block for late binding, MORL decision support requires more
than solving for a single reward: it requires recovering sets of non-
dominated solutions that can be revisited as preferences or objective
specifications change.

This paper takes a first step toward zero-shot Pareto front dis-
covery by treating a pre-trained reward-free FB agent as a fixed
policy/representation oracle and performing purely inference-time
multi-objective extraction. Concretely, we (i) construct a grounded
candidate pool of latents from the FB backward representation, (ii)
for each preference vector, select a latent by rollout-based scalarised
evaluation among candidates, (iii) evaluate the selected latent-
conditioned policy to obtain a vector return, and (iv) retain the
non-dominated subset as an empirical Pareto front approximation.
This reframes Pareto front discovery from “many expensive RL
runs” into an outer-loop selection-and-evaluation problem with
respect to a single pre-trained oracle. Our focus in this paper is
specifically on post hoc changes in objective specification at evalu-
ation time, rather than on fully general evolving-objective settings.
In particular, our experiments study reuse under changes in scalari-
sation weights, environment variants, and, in Fruit Tree Navigation,
changes in which objective dimensions are considered.

Concurrent work [11] connects MORL and reward-free RL by
modifying FB training to better cover MORL-relevant regions, in-
jecting preference-weighted reward information to guide explo-
ration and learning. We propose a different interface: treat the
MORL family of preference-induced problems as sharing a single un-
derlying reward-free MDP, and separate (i) objective-agnostic pre-
training of dynamics-dependent representations from (ii) objective-
specific solution-set construction at decision time. Accordingly, we
ask a narrower question: can a vanilla reward-free pre-trained FB
agent already provide sufficient behavioural coverage to extract
useful Pareto sets via purely inference-time latent proposal and
selection?

Our contributions can be summarised as follows:

o Inference-time Pareto front extraction from a pre-
trained agent. We show that a reward-free pre-trained FB
agent can be treated as a fixed policy/representation ora-
cle and used to recover Pareto-optimal trade-offs via purely
inference-time latent proposal and selection, without any
retraining or fine-tuning.

e Objective-agnostic reuse validated against known ref-
erence fronts. Using MORL benchmarks with known refer-
ence sets/fronts, we demonstrate that the same pre-trained
representation can be reused to recover high-quality Pareto
trade-offs under post hoc changes in objective specification,
including different objective subsets, by modifying only the
evaluation-time definition.

2 BACKGROUND

We summarise the notation and core concepts used throughout
the paper: (single-objective) RL, multi-objective RL, and reward-
free zero-shot RL via forward-backward (FB) representations. The
key bridge is that reward-free methods learn dynamics-dependent
representations (and, in FB, a family of latent-conditioned policies)
that can be queried after pretraining. Our contribution is to use
such a pre-trained policy family as an oracle to recover sets of
non-dominated solutions at inference time.

2.1 Reinforcement Learning

A Markov decision process (MDP) is a tuple M = (S, A,P,r,y)
with state space S, action space A, transition function P(s | s, a),
reward function r (s, a,s") € R, and discount y € [0, 1). A stationary
policy z(a | s) induces trajectories a; ~ 7 (- | s;) and sp41 ~ P(- |
st, ar). The discounted return is G* = ;50 y'r(ss, as, se+1). The
value and action-value functions are

V*(s) =E[G" | so = 5], Q" (s,a) =E[G”" | sg =s,a9 = a].

2.2 Multi-Objective Reinforcement Learning

A multi-objective MDP (MOMDP) is a tuple M = (S, A, P,y,r),
where r(s, a,s") € R? is a d-dimensional reward vector. For a policy
7, define the discounted return vector and value function

G" =3 Vr(snansin),  V(s) =B[G™ | s =s].
>0
A decision maker’s preferences are modelled by a utility function u :
R¢ — R that maps return vectors to a scalar. When u is unknown
or may change, we seek a set of policies that covers a range of
plausible preferences [13].

Pareto dominance and Pareto front. For v,v’ € RY, we say v
Pareto-dominates v’ if

vep Vv & (Vi v 20) A (3, v; >0)).

The Pareto front is the set of achievable non-dominated value vec-
tors (and the corresponding Pareto-optimal policies). In practice,
algorithms often learn a finite Pareto coverage set (PCS) that ap-
proximates this front [13]. In this paper, we obtain an empirical
approximation by evaluating a collection of policies and retaining
the non-dominated subset of observed returns.

Linear scalarisation and convex coverage set. A common special
case is a positive linear utility

u(v)=w'v, we Ad_l,

where A! =w e R% : 3, w; = 1 is the probability simplex. The
relevant solution concept is the convex coverage set (CCS): a set
that contains at least one optimal policy for every w € A4~! [13].

2.3 Reward-Free Zero-Shot Reinforcement
Learning

Zero-shot RL aims to produce near-optimal behaviour for a reward
specified after a reward-free pretraining phase, without additional
learning, planning, or fine-tuning at test time [27]. Formally, we
consider a reward-free MDP (S, A, P, y) and learn a compact rep-
resentation from transitions (s, as, s;+1) such that, once a bounded



reward function r is specified, the agent can compute a policy using
only simple computations based on the learned representation and
the reward [27].

Successor measures. A policy 7 induces a discounted occupancy
over future state-action pairs. In continuous spaces, this is expressed
via the successor measure [26]:

M7 (so, ag, X) := Z Y Pr (s, ar) € X | s0, a0, 7),
>0
for measurable sets X C S X A. This object captures dynamics inde-
pendently of the reward; given M”, the return under any bounded
reward can be computed by integration against the occupancy [26].

Forward-Backward (FB) representations. The FB framework learns
a tractable, low-rank model of successor measures in a latent space
Z ~ R% by training a forward map F : S x A x Z — Z and a back-
ward map B : S X A — Z such that, for a suitable data distribution
2

M™ (s, a9,ds, da) =~ F(so,a0,z)" B(s, a), p(ds, da),

with 7, (s) € arg max,e s F(s,a,z) "z, and where z € Z indexes a
family of latent-conditioned policies [26]. Given a bounded reward
r, FB forms a reward embedding (up to p)

zr = Ex(s,a) ~ p[r(s, a), B(s, a)],

and executes 7 * z,. In MORL, a preference w induces a scalar
reward ry, (e.g., via linear scalarization). Our work studies how to
cover many such preferences by selecting multiple latents purely
at inference time and retaining the non-dominated set of observed
returns.

Idealized guarantee. If the FB factorisation holds exactly, then for
any bounded reward function r, the induced policy 7, is optimal
for r, and the optimal action-value function satisfies

Q:(s, a) = F(S, a, Zr)TZr~

[26]. In practice, approximate FB representations yield approxi-
mately optimal policies, with sub-optimality controlled by repre-
sentation error [26].

3 RELATED WORK

3.1 Reward-free and Zero-shot Reinforcement
Learning

Reward-free and zero-shot RL studies how to pretrain agents with-
out committing to a downstream reward, and later instantiate task-
specific behaviour with minimal computation. A prominent line
builds on successor representations: successor features (SF) and
their universal variants combine a task description with efficient
policy evaluation and reuse, often via generalised policy improve-
ment (GPI) [9]. These approaches are attractive when rewards can
be expressed (exactly or approximately) as linear combinations of
features, and they provide a clean mechanism for transfer to unseen
tasks.

Successor-measure approaches remove the need to predefine re-
ward features by directly learning occupancies. Forward-backward
(FB) representations learn low-rank models of successor measures
and induce latent-conditioned policies that can be queried at test
time using a reward embedding [26, 27]. Touati et al. [27] provides

a systematic evaluation of SF variants versus FB, highlighting the
sensitivity of SF to the choice of base features and showing strong,
consistent empirical performance for FB under suitable data cover-
age. Several recent works study limitations of successor-measure
zero-shot RL and propose remedies, including conservative variants
for low-diversity offline data and exploration-augmented objectives
to improve coverage in online unsupervised settings [14, 25]. Be-
yond FB/SF, Proto Successor Measure Agarwal et al. [2] proposes
a basis-function view of behaviour: it learns policy-independent
bases for successor measures, enabling downstream behaviours to
be expressed by combining these bases and providing a different
approach to zero-shot task solving from reward-free data [2].

3.2 Multi-objective Reinforcement Learning
and Coverage-set Construction

MORL methods differ primarily in (i) whether they aim to learn a
single policy for a fixed utility function or a set of policies covering a
range of preferences, and (ii) what assumptions are made about the
utility function and admissible policy class. For a broader overview
of solution concepts, algorithm families, and evaluation metrics,
we refer the reader to the practical guide of Hayes et al. [13].

A common approach constructs a coverage set by repeatedly
solving scalarized (or otherwise constrained) single-objective sub-
problems and using an outer loop to select new preferences to query
[13]. Recent work refines this paradigm with principled preference
selection and reuse via generalised policy improvement (GPI), im-
proving sample efficiency when building convex coverage sets un-
der linear scalarization [4]. Beyond the convex case, IPRO provides
a decomposition method aimed at unveiling non-convex Pareto
fronts (notably for deterministic policies) by iteratively solving
constrained single-objective problems, with convergence guaran-
tees and explicit bounds on remaining approximation error [23]. A
complementary direction generalises learning across preferences
by training a single network conditioned on a preference or target
return. Pareto Conditioned Networks (PCN) [22] learn a single pol-
icy conditioned on a desired multi-objective return, enabling direct
execution of behaviours corresponding to different Pareto-efficient
trade-offs and avoiding assumptions of convexity that arise with
purely linear-scalarization-based methods.

MORL and multi-task RL connections. A related perspective comes
from work that connects MORL to multi-task transfer RL. Alegre
et al. [4] shows that, under linear scalarization, multi-objective
action-value functions can be viewed as successor-feature (SF) de-
compositions when reward vectors are interpreted as linear reward
features, and that learning a CCS in this setting is closely related to
optimal policy transfer across tasks that are linear combinations
of features [4, 5]. In our work, we operate at the level of successor
measures rather than fixed successor features: FB can be seen as
learning a low-rank successor-measure representation and recovers
SF-style methods as a special case when rewards are restricted to
be linear in user-provided features [26].

Another relevant direction for handling minimal reward specifi-
cations is Lexicographic RL, which focuses on satisfying objectives
in a predefined order of importance rather than requiring explicit
weights [24]. This is a distinct way of specifying preferences from



the weighted trade-off setting considered in our work, but is rele-
vant as an alternative approach when hierarchical objective priori-
ties are known in advance.

Reward-free viewpoints on MORL. Concurrent work proposes
MORL-FB, which adapts FB training to the multi-objective set-
ting via preference-guided exploration and additional learning sig-
nals [11]. In contrast, our work keeps reward-free pretraining un-
changed and studies purely inference-time solution-set extraction
from a fixed pre-trained policy/representation oracle; see Section 1
for a detailed comparison.

4 INFERENCE-TIME PARETO FRONT
EXTRACTION FROM A REWARD-FREE FB
AGENT

A recurring theme in MORL is that multi-objective solution sets
can often be obtained by reusing single-objective machinery: one
formulates an outer-loop procedure that proposes scalarized or con-
strained subproblems, and solves each using a standard RL solver.
This decomposition perspective is attractive because it inherits
the strengths and guarantees of the underlying single-objective
method [23], and it connects naturally to transfer-style views in
which different preferences correspond to different tasks/policies
[3].

In this work, we push the decomposition idea further by replac-
ing repeated single-objective training with reward-free pretraining
plus zero-shot adaptation. While many MORL methods treat each
preference (or scalarization) as a separate MDP instance to be solved
with a single-objective RL algorithm, we view them as lightweight
variants of a single reward-free MDP: the transition dynamics are
unchanged, only the evaluation utility differs. This lets us pretrain
an FB agent once and, at inference time, select an appropriate latent-
conditioned policy for any preference vector, thereby obtaining a
Pareto front approximation without retraining.

Problem setting. Let the environment produce a vector reward
r; € R? and consider linear preferences w € A%~ with scalarized

return
T-1
Z WTrt .
t=0

We assume access to a reward-free pre-trained forward-backward

Jw(r) = E

(FB) agent inducing a family of latent-conditioned policies {7, } ,cpd. -

Our goal is to approximate the Pareto front by selecting, for each
preference w, a latent z(w) that yields a high scalarized return,
evaluating the corresponding policy to obtain a vector return, and
retaining the non-dominated set. Our pipeline is entirely inference-
time: (i) construct a grounded candidate set of latents, (ii) select a
latent for each preference via scalarized evaluation, (iii) evaluate
the resulting policy to obtain a vector return, and (iv) compute the
non-dominated subset.

FB pretraining (DQN-style temporal-difference learning). In all
experiments, the pre-trained checkpoint is obtained by running
the standard reward-free FB algorithm with a DQN-style training
loop [26, 27]. FB learns a forward network Fy(s, a,z) € R% and
a backward network B, (-) € R%, together defining a low-rank
model of successor measures under the latent-conditioned greedy

policy
7,(s) € argmax Fy(s,a,2) " z.
acA

Pretraining is reward-free and off-policy from a replay buffer of
transitions (s, as, $:+1), using target networks updated slowly as
in DQN. At each update, a latent z is sampled (typically from a
normalised Gaussian), and the FB TD objective enforces Bellman
consistency of the successor-measure factorisation. In practice,
exploration during pretraining follows an e-greedy policy w.r.t.
the induced score Fy(s, a, z) " z for randomly sampled z, collecting
diverse reward-free experience. Once pretraining is complete, FB
can be queried for a downstream scalar reward r by forming a
reward embedding z, = E(sq)~,[r(s,a) B,(s,a)] and executing
7, , without additional learning or planning.

(i) Grounded latent candidates. The main practical challenge is
inferring a suitable latent from reward preferences alone. Directly
proposing latents from a simple prior and selecting by w™ return
can lead to severe under-coverage of the Pareto front, because
many proposals correspond to behaviours not supported by the
learned representation. We therefore restrict inference to latents
grounded in the backward representation: collect observations (or
states) {o,—}ﬁi | from reward-free rollouts and build

Z = {B(o) : i=l,...,N}y

(optionally normalised), capturing latent directions associated with
reachable experience.! In practice, Z can be augmented with light-
weight proposals such as normalised Gaussian samples.

(ii) Preference-conditioned latent selection. For each w, we esti-
mate the expected vector return R(z) of 7, using rollouts and select

z(w) = argmax wTR(z).
zeZ

We then run additional evaluation rollouts under 7., and record
the resulting vector return R(w). To reduce selection noise, we aver-
age over multiple evaluation episodes per candidate and optionally
use a two-stage procedure (a short-horizon prescore followed by
long-horizon refinement of the top-k candidates), using shared
randomness across candidates to ensure fair comparison.

(iii) Pareto front approximation. Given the set of returns {R(w)}
across preferences, we compute the non-dominated subset to obtain
an empirical Pareto front approximation.

Remark: goals vs. reward preferences. When an explicit goal state
g is available, FB provides a direct latent via z = B(g). In MORL,
however, preferences are specified over reward components, and
multiple trajectories (or terminal states) can correspond to the
same trade-off. Our extraction procedure, therefore, infers task-
relevant latents from reward preferences rather than privileged
goal information.

5 EXPERIMENTS

We evaluate MO-FB on two MORL benchmarks with known refer-
ence sets/fronts, enabling direct verification of Pareto front/CCS
recovery.

!'In our implementation, B is applied to the state/observation encoder output.



Environments. Deep Sea Treasure (d = 2). We evaluate on
the bi-objective Deep Sea Treasure (DST) [1, 28] benchmark, a
classic MORL gridworld where the agent controls a submarine that
navigates a 2D ocean map to collect one of several treasures. Each
episode terminates upon reaching a treasure, giving a 2D reward
vector that trades off (i) treasure value and (ii) a per-step time/fuel
penalty (constant -1), so that deeper (more distant) treasures tend to
be more valuable but require longer trajectories. DST is particularly
useful because its Pareto-optimal set/front is known for standard
configurations, enabling direct comparison between the extracted
Pareto front and a ground-truth reference, rather than relying solely
on scalar evaluation metrics such as hypervolume or cardinality.

Fruit Tree Navigation (d < 6). We also evaluate on Fruit Tree
Navigation, a discrete many-objective benchmark introduced by
Yang et al. [28]. The environment is a full binary tree of depth
d: from the root, the agent repeatedly chooses between the left
and right subtree until it reaches a leaf (terminal) node. Each leaf
is assigned a 6-dimensional reward vector r € R® corresponding
to nutritional components of the harvested fruit: Protein, Carbs,
Fats, Vitamins, Minerals, Water. The rewards are constructed such
that every leaf is optimal for some preference vector, meaning all
leaves lie on the convex coverage set (CCS) [28]. Consequently,
FTIN provides a controlled setting where the entire CCS is known
by design, making it suitable for validating whether our method
can recover broad preference-conditioned solution coverage in a
higher-dimensional objective space.

Evaluation protocol. Inference-time Pareto front extraction pro-
ceeds as follows. We first freeze a reward-free pre-trained FB check-
point. At evaluation time, we sample preference vectors over the
objective simplex, construct a candidate latent set primarily from
backward embeddings of visited states, optionally augment this
pool with lightweight proposals depending on the extraction strat-
egy, and, for each preference, select a latent by scalarized episodic
evaluation. We then roll out the policy induced by the selected
latent, record its vector return, and extract the non-dominated
subset of returns as the recovered Pareto front. No retraining or
fine-tuning is performed during extraction.

5.1 Pareto front extraction from a single
pre-trained FB agent (DST)

In this experiment, we test whether a reward-free pre-trained FB
agent contains sufficient coverage to recover the reference Pareto
front across multiple Deep Sea Treasure (DST) settings without
retraining.

Setup. We evaluate a single pre-trained FB checkpoint on three
DST variants (concave, convex, mirrored). The checkpoint is trained
once on the default DST layout and then evaluated zero-shot on all
variants. Importantly, concave and convex share the same underly-
ing grid layout and dynamics but use different reward specifications
(yielding concave vs. convex Pareto geometry), while mirrored
uses a spatially flipped layout that induces different transitions and
visitation structure. For each variant, we perform inference-time
latent selection by sweeping scalarization weights and selecting a

latent z(w) from a candidate set derived from backward-network ac-
tivations along rollouts (a visited-state latent pool), optionally aug-
mented with lightweight proposals (e.g., normalised Gaussian sam-
ples). For each weight, we roll out the selected latent-conditioned
policy and retain the non-dominated set of observed vector returns.

For DST, we report both representative single-seed Pareto front
overlays and aggregated 5-seed robustness results. We evaluate
preference sweeps with num_weights € {41,121} across all three
variants, and additionally study a denser concave-only sweep with
{41, 81,121, 161}. Unless otherwise stated, the main-text visualisa-
tions use num_weights=121.

Result. Figure 1 summarises extraction from the same pre-trained
agent across all three variants, with no retraining. In the shown
representative run (seed 1, num_weights=121), we recover the full
front on all three cases (concave: 10/10, convex: 10/10, mirrored:
10/10). Since concave and convex differ only in the reward function
(not the dynamics), successful recovery on both provides evidence
that our post-hoc extraction is not limited to the convex coverage set
induced by linear scalarization during evaluation; instead, the fixed
pre-trained policy family contains sufficient diversity to recover
the full Pareto front in these settings. Moreover, successful extrac-
tion on mirrored indicates that the learned representation and
latent-conditioned policy family can transfer to a previously unseen
layout with a different transition structure. Across variants, differ-
ent generic candidate-generation schemes perform best: concave is
solved with visited-pool decoding (pool_only with episode-wise z
resampling during pool collection), while convex and mirrored are
solved with pool_plus_gaussian. Importantly, these differences
reflect inference-time candidate support rather than any change to
the pre-trained model.

Robustness across seeds. To assess robustness, we additionally
ran 5-seed sweeps on all three DST variants for num_weights
€ {41,121} and report the best-performing strategy among the
two non-oracle schemes above. At num_weights=41, recovery is
less reliable (concave: 0.84 + 0.12, convex: 1.00 + 0.00, mirrored:
0.82 + 0.10). Increasing to num_weights=121 improves consistency
(concave: 0.94 + 0.05, convex: 1.00 + 0.00, mirrored: 0.98 + 0.04).
In terms of perfect recovery, num_weights=121 yields 2/5 perfect
seeds on concave, 5/5 on convex, and 4/5 on mirrored.

On the concave map, an additional sweep over num_weights
€ {41,81,121,161} shows improvement up to 121, after which gains
plateau (0.80+0.13, 0.88+0.10, 0.92+0.08, 0.92+0.08). This suggests
that denser preference sweeps substantially improve inference re-
liability, while the remaining misses are primarily attributable to
inference-time preference coverage and candidate selection rather
than a clear inability of the pre-trained FB representation to support
the required behaviours.

Computational budget. The reward-free pretraining budget is
incurred once per environment: 1M environment steps for DST. All
Pareto front extraction results are then obtained from this frozen
checkpoint via an inference-time outer loop, rather than by re-
training policies for each new objective specification. For the DST
robustness experiments, this outer loop evaluates num_weights
€ {41,121} using 20 episodes per weight, with candidate-pool eval-
uation based on a candidate rollout size of 96 and 3 candidate
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Figure 1: Pareto front extraction in Deep Sea Treasure from a single reward-free pre-trained FB agent across three environment
variants, using num_weights=121 at evaluation time. In each panel, the blue curve shows the extracted non-dominated set and
the black x markers show the reference Pareto front. The in-panel annotation reports the number of reference Pareto points
recovered. The shown plots are representative single-seed overlays; the corresponding 5-seed recovery statistics are reported in

the text.

eval episodes. Thus, objective changes are handled by repeated
evaluation-time latent selection and rollout, not by re-running RL
training.

5.2 Reuse under changing objective subsets
(FIN)

We test whether the same pre-trained FB representation can be

reused when changing the objective specification at evaluation

time, including both scalarization weights and the selected objective

dimensions, without retraining.

Setup. Using one pre-trained FB agent on FTN, we extract Pareto
fronts for multiple 2D projections by selecting objective pairs and
sweeping preferences at evaluation time. The main-text FTN fig-
ures are representative single-seed results (seed 1) obtained with
num_weights=61; unlike DST, we do not currently report a multi-
seed robustness summary for these FIN plots.

Results. Using one pre-trained FB policy on Fruit Tree, we ex-
tracted Pareto fronts for multiple objective subsets without any
additional training. For objective pairs (0,1) and (4,5), our post-hoc
preference sweep over latent-conditioned policies recovered the full
projected reference front in both cases (7/7 and 5/5 points, respec-
tively). This supports the claim that the learned FB representation
can be reused across downstream objective specifications: chang-
ing the objective weights and even the selected objective dimen-
sions at evaluation time is sufficient to recover the corresponding
Pareto trade-offs in these examples. We emphasise that these FTN
results are currently representative single-seed demonstrations
rather than multi-seed robustness summaries. An additional seed-1
result for objectives (2,3) yields partial recovery (8/10), indicating
that objective-subset reuse is promising but not uniformly perfect
under the current extraction setup.

Computational budget. The reward-free pretraining budget for
FIN is incurred once (200k environment steps for the checkpoint
used here). Pareto front extraction then reuses this frozen check-
point via an inference-time outer loop with num_weights=61, 50

episodes per weight, and horizon 6. As in DST, changing the evaluation-
time objective definition does not trigger any retraining or fine-
tuning,.

6 CONCLUSION & FUTURE WORK

We introduced an inference-time procedure for extracting multi-
objective solution sets from a reward-free pre-trained forward-backward
(FB) agent, reframing Pareto front discovery as selection and evalu-
ation over a single pre-trained policy/representation oracle. Using
benchmarks with known reference sets, we showed that (i) non-
trivial Pareto fronts can be recovered without any retraining or
fine-tuning, and (ii) the same pre-trained representation can be
reused to recover trade-offs under changing objective specifica-
tions.

6.1 Limitations

While our results demonstrate the potential of late-binding MORL,
several limitations remain. First, our approach relies on a strong cov-
erage assumption: the reward-free pretraining phase must produce
sufficient behavioural diversity to cover the Pareto trade-offs even-
tually requested. While our experiments show that simple latent
randomisation is effective in the studied domains, more complex
environments may require explicitly coverage-augmented unsuper-
vised objectives [25]. Second, our current evaluation is limited to
discrete benchmarks with known ground-truth fronts. Scalability
to high-dimensional continuous control (e.g., robotics) remains to
be demonstrated and likely requires more sophisticated latent pro-
posal and selection schemes to handle the vast policy space induced
by the representation. Finally, the reliability of zero-shot extrac-
tion depends on the quality of the learned measure factorisation,
which can be sensitive to representation error in complex or highly
stochastic domains.

6.2 Future Work

Scaling to larger benchmarks and stronger baselines. Our exper-
iments focused on small MOMDPs with known reference fronts,
enabling direct verification of front recovery rather than relying
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Figure 2: Pareto front extraction in Fruit Tree Navigation
under post hoc changes in the selected objective subset,
using the same reward-free pre-trained FB agent in both
cases. In each panel, the blue curve shows the extracted non-
dominated set and the black x markers show the correspond-
ing reference Pareto front for the selected objective pair. The
in-panel annotation reports the number of reference Pareto
points recovered. These main-text FTN plots are representa-
tive single-seed results (seed 1).

solely on scalar metrics. A natural next step is to evaluate in higher-
dimensional and continuous-control benchmarks such as the MO-
Gymnasium / MO-MuJoCo suite [6] and compare against state-of-
the-art MORL methods on these domains [17, 22]. Such experiments
would clarify how far reward-free pretraining plus inference-time
extraction can scale, and when additional preference-conditioned
training signals become necessary.

Data coverage and exploration for reward-free pretraining. Both
FB and our inference-time selection rely on the diversity and quality
of the reward-free data used for pretraining. In our current setup,
data collection follows a simple latent-randomisation strategy (sam-
pling a latent z from a prior and rolling out the corresponding
policy ), which can be suboptimal in large environments. An

important direction is to integrate stronger exploration and unsu-
pervised skill-discovery objectives during pretraining, for example,
intrinsic-motivation methods such as curiosity and random net-
work distillation (RND) [21], or metric-aware unsupervised RL
objectives such as METRA [20]. A complementary direction is to in-
corporate exploration-aware extensions of FB that explicitly target
data coverage limitations in the online unsupervised setting [25].
Overall, improving pretraining coverage should directly improve
both representation quality and the downstream Pareto coverage
achievable by inference-time extraction.

Offline MORL and limited-data regimes. FB naturally supports
learning from offline datasets, suggesting a promising connection
to offline MORL. A key question is how Pareto front extraction
degrades under small or low-diversity datasets, and how failure
modes studied in offline zero-shot RL (e.g., distribution shift and
overestimation in learned value or measure models) impact latent
selection. Conservative variants developed for offline zero-shot
RL [14] are a natural starting point to mitigate out-of-distribution
errors that can harm inference-time selection. Systematic exper-
iments across dataset sizes and qualities would help characterise
when reward-free offline pretraining can serve as a practical “policy
oracle” for multi-objective decision support.

Principled preference selection and oracle-based outer loops. Our
current pipeline uses a simple preference sweep and relies on
random sampling of weight vectors to obtain coverage. A more
principled approach would combine reward-free pretraining with
outer-loop methods that adaptively select which scalarizations to
query, such as GPI-based preference prioritisation [4] or divide-
and-conquer Pareto front discovery methods such as IPRO [23].
From our viewpoint, these algorithms could treat the pre-trained
policy family as a fast inner solver, replacing repeated training
with inference-time evaluation and selection. This raises new ques-
tions about how to design query strategies and stopping criteria
when the inner solver is approximate, and how to couple principled
preference selection with latent proposal in a way that preserves
coverage guarantees.
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