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ABSTRACT

In model-based reinforcement learning, low prediction error from
learned dynamics models does not necessarily lead to effective
planning or policy improvement. Prior work shows that dynamics
models trained with purposefully shaped prediction targets can
substantially improve policy learning, even when their predicted
transition distribution differs from the true environment dynamics.
Additionally, multi-step models demonstrate that access to longer-
horizon outcomes can enhance planning beyond purely one-step
predictions. Motivated by these findings, our approach augments
dynamics-model training with additional transition samples con-
structed from historical trajectory segments, enabling the model to
assign probability to future reachable states without introducing
additional inputs or model variables. We introduce two mechanisms
for generating such augmented supervision targets and evaluate the
approach in tabular domains. Results show that the approach can
speed up policy learning, while ablations indicate that the benefit
depends on structured future-state selection and moderate mixing
of folded supervision during training.
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1 INTRODUCTION

Model-based reinforcement learning (MBRL) relies on a learned
dynamics model to support planning or policy updates [8-10, 17].
A common objective is to minimise the prediction error with re-
spect to the true environment dynamics. However, predictive preci-
sion alone does not guarantee effective policy improvement. Previ-
ous work shows that dynamics models trained under purposefully
shaped or biased supervision can produce better policies than mod-
els trained to match the exact true transition distribution [6, 19].
Moreover, complementary evidence from multi-step prediction sug-
gests that exposing longer-horizon outcomes can improve planning
beyond purely one-step models [3, 15]. Taken together, these re-
sults suggest that the usefulness of a dynamics model depends not
only on predictive fidelity, but also on how its predictions shape
the distribution of model-generated transitions encountered during
rollouts; in particular, predictions that increase the likelihood of
encountering transitions that provide informative learning signals
or maintain strong long-horizon predictive accuracy by reducing
compounding error.
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Motivated by this perspective, we augment dynamics-model
training using replay data. We sample short trajectory segments
(i.e., temporally ordered transitions) from the replay buffer and, for
each state-action pair, select a future state within the segment as
a jump target, namely a later observed state treated as if it were
the immediate one-step successor of the current state—action pair,
according to a sampling distribution over candidate future states.
This produces folded transition tuples, where multi-step transitions
are collapsed into single-step targets by skipping intermediate states
and aggregating rewards. The resulting tuples are stored in an
auxiliary buffer and mixed with real one-step transitions during
training. The model thus retains the standard one-step interface,
conditioning only on the current state and action, while assigning
probability mass to later reachable outcomes (Fig. 1).

This change in supervision alters the transition distribution
learned by the model. Under stochastic dynamics or suboptimal
early policies, high-value states may be difficult to reach reliably
through standard one-step rollouts, and thus receive insufficient
training signal. Our approach increases the probability of such
future-reachable outcomes by constructing folded transitions, al-
lowing them to be treated as plausible successors of the same state-
action input while preserving the standard one-step model interface.
As a result, model rollouts can reach these states more readily with-
out requiring any modification to the underlying model-based RL
algorithm (Fig. 2).

We define sampling distributions over candidate future states
within each trajectory segment to generate these additional super-
vision targets (Sec. 4.2.1). This framework is instantiated with two
mechanisms that control which future outcomes are incorporated
while preserving behavioural consistency. We evaluate the result-
ing shaped dynamics models in tabular domains (Sec. 5), testing
whether the approach improves policy learning and how perfor-
mance depends on the folding design. The contributions are listed
as follows:

e We introduce a data-distribution shaping method that aug-
ments dynamics-model training with transition targets from
collected rollouts, enabling probability mass on later reach-
able states while preserving the one-step prediction form.

e We propose two mechanisms to control future state selection
and shape the learned transition distribution.

e We show improved policy learning in tabular domains and
provide ablations on sampling design and data mixing.

2 RELATED WORK

Our work mainly relates to two directions: (i) dynamics-model
training aimed at policy improvement, and (ii) methods that expose
longer-horizon outcomes.
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Figure 1: The procedure of learning such a dynamics model includes - Section A: Sampling trajectories from the real environment
and saving them in the raw replay buffer; Section B: to train a standard dynamics model, data will only be sampled from the raw
buffer; Section C and D: to train the model predicting the shaped dynamics, first sample real transitions from the raw buffer,
then generate the folded data following the distribution from folding operator. The new data will be saved in an alternative
replay buffer and will be mixed with the real data to train the shaped model.
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Figure 2: Illustration of the true and desired dynamics-model behaviour in the FrozenLake environment. The cells correspond
to example outcomes shown in the figure. (A) True environment dynamics: each action moves in the intended direction with
probability 1/3, or slips to one of the two perpendicular directions with probability 1/3 each; hitting a wall leaves the agent
in place, and entering a hole terminates the episode. (B) A standard dynamics model reproduces these immediate stochastic
outcomes, so rollouts tend to remain near the current state and may repeatedly encounter unfavourable outcomes such as 1, 2,
and 4. (C) Our objective is to train a model whose learned transition distribution also assigns probability to later reachable
states observed along trajectories (3), allowing rollouts to reach goal-relevant regions more efficiently while still representing

possible failures (1 and 4).

Dynamics models trained for policy improvement. Prior work has
modified how dynamics models are trained in order to improve
downstream policy learning. Joint model-policy optimisation links
model updates directly to policy-improvement objectives [6], and
other approaches similarly incorporate value or uncertainty signals
by changing training losses or planning procedures [11, 18, 20]. A
complementary line reshapes the effective training distribution via
policy-dependent data weighting while keeping the model form un-
changed [19]. In contrast to objective- or loss-based methods, our ap-
proach does not change the model architecture or its input-output
interface. Unlike weighting-based approaches that only reweight
existing transitions, we augment supervision data by constructing
additional transition targets from trajectory segments and including
these constructed tuples during training.

Exposing longer-horizon outcomes. Several approaches expose
longer-term consequences by predicting states at coarser tempo-
ral resolutions. Adaptive skip-interval models train predictors to
output states a fixed or adaptively chosen number of steps ahead,
effectively redefining the prediction horizon of the dynamics model
[15]. Hierarchical predictors similarly operate over subsampled
trajectories or multi-scale state sequences rather than immedi-
ate successors [3]. A complementary line introduces temporal ab-
straction on the action side-for example, options, skills, or action
chunking-so that a single decision executes multiple environment
steps [2, 5, 13, 14, 16]. Unlike these approaches, we do not redefine
the dynamics model as a fixed-k-step or multi-scale predictor, nor
do we introduce macro-actions or an extended action interface. In-
stead, we keep the model conditioned only on the current state and
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action, while augmenting supervision so that later reachable states
observed in trajectories can also be learned as possible successor
outcomes.

3 PRELIMINARIES

3.1 Markov decision processes

We consider a Markov decision process (MDP) (S, A, P, r, y), where
P(s” | s, a) is the transition kernel, r(s, g, s”) is the reward function,
and y € [0, 1) is the discount factor. We denote the one-step out-
come tuple as (s, r’, done”), where done’ € {0, 1} indicates termi-
nation.

3.2 Learned dynamics models

We use a learned dynamics model that represents a conditional
distribution over outcome tuples

po(y s a), 1

where y = (s’, 7, done) contains the successor state, a reward label
stored in supervision tuples, and a termination flag. For real transi-
tions, 7 = r’; while under folded supervision (Sec. 4.2), 7 replaces
multi-step rewards with a single-step label, typically computed as
a discounted sum along the corresponding trajectory segment.

4 METHOD

4.1 Overview: shaping transition predictions via
folded supervision

We build on the learned dynamics model defined in Eq. (1), which
represents a conditional distribution over outcome tuples y =
(s’, 7, done) given (s, a).

The transition behaviour learned by the model depends on how
supervision tuples are constructed and sampled during training.
We instantiate this principle by constructing additional supervi-
sion tuples from short trajectory segments via a stochastic folding
operator and mixing them with standard one-step transitions.

4.2 Segment-folding supervision from
sequential data

We assume access to sequential data (either from online interaction
or a replay buffer), so that trajectory segments can be sampled. As
illustrated in Fig. 1, our training procedure augments the replay
buffer with additional supervision tuples constructed from these
segments. For each state-action pair (s, ap)ina segment, we sample
a future state from the same trajectory and assign a folded reward
label (i.e., weighted accumulated reward from the starting state to
this later state), forming an additional supervision tuple with the
same input structure as standard one-step transitions. The dynamics
model is then trained on the mixture of real and folded tuples
(algorithm details discussed in Sec. 4.3).

Formally, this construction is defined through a stochastic folding
operator ¥ (7;.++x) that maps a sampled trajectory segment 7,4k
to a supervision tuple. We present two concrete instantiations of
this operator. The first restricts the support of admissible future
states using state abstraction (Sec. 4.2.3), while the second reweights
the density over candidate future states using value information
(Sec. 4.2.4).
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4.2.1 Folded target construction via segment folding. Let a sampled
trajectory segment of length K starting at time ¢ be

N K-1
Trt+K = ((st+i> Qpiis Trais donesyipt) o s St+1<), )

The folding operator ¥ (7;:+x) constructs a folded target by
selecting a future-step offset x € {1,..., K} from the sampled seg-
ment. We write the selection distribution as

Grold (X | Tr:r4K)s k€{1,...,K}, (3

where g1 specifies how likely each candidate future position is to
be selected.
The sampled offset determines the folded target

Yy = (s, 7y, doney}), (4)
with
s; = St+xs (5)
done; = doneiy, (6)
Fr 2 FoldR(7p14x) (7)

where 7; summarises rewards along the selected sub-segment. In
this work, we use discounted accumulation with a folding discount
factor y € [0, 1]:
k=1
FoldR(7s.4xc) 2 Z 7' ()
i=0
Because k may exceed 1, the successor-state component s; may
correspond either to the immediate next state or to a later reachable
future state from the same trajectory. The resulting supervision
therefore preserves the standard prediction format of Eq. (1) while
allowing the learned model to represent both one-step and multi-
step reachable outcomes.

4.2.2  Model fitting under mixed supervision. The folded supervi-
sion tuples generated by the folding operator are collected into a
replay buffer, denoted by Dyyjq. Let Dyay denote the real one-step
transition replay buffer. During training, mini-batches are formed
by mixing samples from Dy, and Dyolq, using a folded-sample
ratio p(¢) € [0, 1], where ¢ denotes the training iteration and p(¢)
may be fixed or scheduled over training.

The dynamics model is trained using the same predictive ob-
jective as in standard dynamics modelling, without modifying the
model architecture or optimisation procedure; our method acts
purely by augmenting the supervision data seen during training.

4.2.3 Segment folding with state abstraction. Our first proposed
folding mechanism guides folded-target selection by exploiting lo-
cal behavioural similarity within a trajectory segment. Inspired by
previous work applying state abstraction as a trade-off between
compression and the preservation of decision-relevant structure [1],
the intuition is that if consecutive timesteps exhibit similar policy
behaviour, they likely correspond to the same local behavioural
phase, so folding across such regions may simplify the effective
transition structure the dynamics model needs to capture. How-
ever, compressing too aggressively may remove useful distinctions
between states and discard control information needed for later op-
timisation. We therefore aim to fold only within locally consistent
regions whilst avoiding merges between behaviourally different
timesteps.
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To operationalise this intuition, we partition each trajectory
segment into temporally contiguous groups and use the resulting
grouping to restrict admissible folded future targets. We score can-
didate groupings to favour within-group behavioural consistency
and clear separation between groups, whilst penalising partitions
that unduly distort the agent’s current policy structure.

Given such a grouping, we restrict admissible folded targets by
defining a set of allowed future offsets for each start timestep. For
example, consider a segment with group labels 0,0,1,1,1,2,3,3, 3:
from ¢ = 3 (label 1), folding is allowed to ¢ = 4 (same label) or t =5
(the first timestep with the next label 2), but not to later labels (e.g.,
3). Figure 3 illustrates the same restriction within this example.

Formally, let ¢, denote the group label of timestep ¢, and let ¢
be the next distinct label that appears after ¢ in temporal order (if
any). The admissible offsets are:

e Intra-group: any ¢ + k with k > 1 such that c;1, = ¢4;
e Next-group: any ¢ + x with k > 1 such that ¢;1, = c}.

All other offsets receive zero probability under g (- | 7e:¢+K)-

We now describe how candidate groupings are scored, as this
score determines which grouping is ultimately retained for the
current segment. Intuitively, a useful grouping should satisfy two
requirements. First, different groups should correspond to differ-
ent action patterns, so that the grouping preserves behaviourally
meaningful structure. Secondly, timesteps placed in the same group
should have similar policy distributions; otherwise the grouping
would blur the current local decision structure.

Formally, let m be a contiguous partition of the timesteps {0, ..., K—
1}, and let ¢; denote the group label assigned to timestep t. For each
group c, define

Gle) ={u: cy=c},
the set of timesteps assigned to that group.

To quantify action-pattern separation, we first define the empiri-
cal action distribution within each group:

1
(ale) = ——= 1[ay =a. 9
b 6] ;) ‘
We also define the empirical weight of group c in the segment by
. 160l
pmie) = ZE (10)

which accounts for how often that group appears in the segment,
and the resulting marginal action distribution

pm(@ £ pm(e) pmial ). (11)
c

This marginal is simply the empirical action distribution over the

whole segment. We then measure how informative the grouping is

about action behaviour using mutual information, where C and A

denote the empirical group-label and action variables:

Pmlalc)
zc]pm@) za]pm(a | )log == (1)

This quantity is large when different groups induce noticeably
different action distributions, meaning that the grouping separates
distinct local action patterns.

We next penalise policy distortion within each group. The idea
is simple: if the timesteps assigned to the same group already have

In(C; A)
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similar policy distributions, then representing them by a group-
average policy causes little distortion. Conversely, if their policies
differ substantially, grouping them together blurs the original per-
timestep decision structure.

For each timestep t and action g, define the group-averaged

policy

Tim(a | st)

Z w(al su), (13)

1
Gl , 4

and the total policy-distortion penalty

Z Z n(a | st)log = ((aa||s;[)) (14)

This penalty is small when policies are consistent within groups and
large when grouping merges timesteps with substantially different
policy distributions.

Combining the two terms, we score a candidate grouping by

Il>

KLy (m)

score(m) % I,(C;A) — KL, (m), (15)

where > 0 controls the trade-off between separating different
action patterns and preserving the original per-timestep policy
structure.

In implementation, each candidate grouping is represented by
a short discrete mask vector over the segment timesteps, which
is then converted into contiguous temporal groups. We initialise
a population of random candidates, evaluate each grouping using
the score in Eq. (15), and evolve the population with tournament
selection, one-point crossover, and simple local mutations that
modify short temporal regions of the mask. The highest-scoring
grouping is then retained for the current segment. Because the score
depends on the current policy, the resulting grouping can adapt as
training progresses rather than imposing a fixed abstraction.

Once a grouping has been selected, the admissible offsets de-
fined above determine the support of folded transitions. On this
admissible set, we optionally apply a geometric distance decay,

exp(—aabs(K - 1)). (16)

This weighting is applied only to admissible offsets. Here aaps > 0
is the distance-decay rate, so larger values favour nearer admissible
targets. We then sample k from gfo1q(- | 7r.r+x) and apply (7) to
obtain the folded transition stored in Dgy4.

grold (x | Trrek) o

/7?<.\. /\

8

Figure 3: State-abstraction-guided folding: A trajectory seg-
ment is partitioned into abstract groups (colours) by a
searched grouping m. Directed edges denote admissible
folded endpoints restricted to the same group or the im-
mediately subsequent group in temporal order, while edge
thickness reflects a distance-biased sampling preference.
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4.2.4 Segment folding with value-guided propagation. This second
mechanism complements the abstraction-guided variant above.
Rather than changing which future offsets are admissible, it keeps
the admissible support ¥ € {1,...,K} unchanged and instead
reweights the density over candidate future states.

The intuition is to prefer future targets whose predicted values
differ substantially from the current state, since such targets are
more likely to induce informative updates, whilst still discouraging
excessively long jumps with a distance decay.

Let V(s) denote the current value estimate maintained by the
agent; in our tabular setting we use V(s) = max, Q(s, a) from the
current Q-table. For a fixed start timestep ¢, define the value contrast
of candidate offset x by

AV 2 |V(stx) = V(so)l,

We then assign each admissible future offset an unnormalised
weight with two components: a contrast term that upweights future
targets whose predicted values differ more from the current state,
and a distance-decay term that downweights offsets that are farther
away in time:

kef{l... K} (17)

wi(k) 2 (AVix + )7 - exp(—a (k — 1)), (18)

where ¢, > 0 is a small bias to avoid zero weight when AV, =0,
p > 1controls how strongly large contrasts are amplified, and a > 0
controls the strength of the distance decay. Thus, larger value con-
trast increases the weight, whereas longer jump distance decreases
it; a distant target receives high probability only if its value con-
trast is large enough to offset the temporal penalty. The resulting
folding distribution is obtained by normalising these weights over
the candidate offsets for the same start timestep:

wy (x)

ﬁ'(:l Wt(j) .

told (K | Tr:s+k) (19)
A folded sample is then emitted by (7) using the sampled «.

For example, we use Spp1x = (St Se+1, - - -5 St4+k), consider the
value sequence along a segment (as visualised in Figure 4):

V(seres) = [0.2, 0.25, 0.05, 0.12, 0.05, 0.3, 0.4].  (20)

For the start state s; with V(s;) = 0.2, the largest contrast occurs
at a far future state (k = 6, contrast 0.2), while k = 2 also has
substantial contrast (0.15). When a > 0, the decay term penalises
long jumps, so the distribution in (19) can place its highest mass
on a near but high-contrast future state (such as k = 2), while
still assigning non-trivial probability to more distant, high-contrast
targets (such as k = 6). Figure 4 visualises the same trade-off: thicker
edges correspond to larger value contrast and shorter jump distance.
Since the distribution in (19) is normalised separately for each start
timestep, later positions have fewer candidate future states due to
the finite segment length. This boundary effect does not materially
change the intended reweighting behaviour.

4.3 Training framework

This section describes how the proposed transition-shaping method
is applied in the training procedure used in our experiments. The
folding operator # generates additional supervision data from
sequential segments and is instantiated by the two mechanisms
described in Sects. 4.2.3 and 4.2.4. Model updates draw from both
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Figure 4: Value-guided segment folding. Nodes are positioned
by time (horizontal axis) and predicted value (vertical axis).
Edges correspond to candidate future offsets x € {1,...,K},
and edge thickness reflects the sampling probability in (19),
increasing with value contrast and decreasing with jump
distance. This mechanism preserves the admissible support
while reshaping the density over folded targets.

Algorithm 1 Online training with folded supervision

Require: env &, agent xr, model M, operator ¥, schedule p(-)
1: while interaction budget not reached do
2: Collect real transitions with 7; append to Diay.
3 Generate folded samples from Dy, via F; append to Dyq.
4 Update synthetic fraction p(¢) according to schedule.
5 Update dynamics model M using mixed batches from D,y
and Dy,1q with fraction p(£).
6: Improve 7 by rollouts from M.
7 Periodically evaluate 7 on &.
8: end while
9: return

real transitions and folded transitions, with a synthetic fraction
p(£) € [0,1] controlling how much folded data is mixed into each
update at training iteration ¢.

We follow the standard model-based RL loop, where the agent
collects real transitions from the environment to train a dynamics
model, and the learned model is used to support policy improve-
ment. Real transitions are stored in a replay buffer Dy, and the
folding operator ¥ samples segments from D,y to generate addi-
tional folded transitions, which are stored in a separate buffer Dg,)4.
The dynamics model is then trained on batches drawn from both
buffers according to the current synthetic fraction p(¢). As training
proceeds, newly collected real transitions continue to expand Doy,
and provide data for further folding. The resulting procedure is
summarised in Algorithm 1.

5 EXPERIMENTS

This section evaluates whether shaping the transition distribution
for dynamics-model training improves downstream policy learn-
ing. The experiments follow the framework in Sec. 4.3: the folding
operator ¥ constructs additional transition samples from replayed
trajectory segments using the mechanisms in Secs. 4.2.3 and 4.2.4.
The dynamics model is trained on a mixture of real and folded
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transitions, with the mixing fraction p(¢) controlling how much
folded data is used in each update (Sec. 4.3), and the updated model
is used throughout policy learning.

We address the following questions:

(1) Effectiveness: Does transition-distribution shaping speed
up policy learning while maintaining stable training?

(2) Performance of the sampling methods: Do different
future-state sampling designs (state-abstraction vs. value-
guided) lead to different performance outcomes?

(3) Sensitivity to mixing strength: How sensitive is perfor-
mance to the mixing fraction p(¢) between real and con-
structed transitions? What schedules work well in practice?

(4) Shaping methods vs. “just adding jumps”: Are perfor-
mance gains explained by the proposed sampling distribu-
tions, or can similar improvements be obtained by adding
long-range constructed transitions without these designs?

To answer these questions, we report (i) results across three
domains, (ii) mixing-fraction ablations over fixed and scheduled
p(£), and (iii) ablations comparing the proposed two folding mech-
anisms against a random-jump baseline, i.e., an unguided segment-
folding baseline (baseline-jump). Implementation details and do-
main choices are described next, followed by the main results and
ablations.

5.1 Experimental implementation

All experiments use tabular dynamics models and policies, which
provide stable training behaviour and keep the implementation
transparent. For each state—action pair (s, a), the dynamics model
stores the set of observed successor states and an explicit transi-
tion probability pg(s’ | s, a), together with reward and termination
statistics. Rather than estimating transition probabilities from cu-
mulative counts over the full replay history, we update the tabular
model by batched exponential moving average (EMA). Let B, de-
note the mini-batch sampled at update ¢, and let p,(y | s, a) be
the empirical outcome distribution in that batch for outcome tuple
y = (s, 7, done):

. . Ni(s,a,y)
Pt’(y | S, a) - ZQNZ(S, a, g)s (21)

where Ny (s, a, y) counts how often (s, a, y) appears in B,. The model
is then updated in the simplified EMA form

pen(ylsa) = (A=) pe(yls,a) + Ampe(y s a),(22)

with step size Ay € (0, 1]. New outcomes are added as new edges,
after which the transition probabilities for that state—action pair
are renormalised. Low-probability outcomes are pruned during
separate maintenance steps using a threshold .

The policy is represented by a Q-table updated from replay using
the same EMA-style rule. Action selection during training uses a
stochastic mixture of greedy, softmax, and uniform exploration,
yielding an explicit policy distribution. This soft policy distribution
is also used when computing the KL-based quantities in Sec. 4.2.3,
ensuring consistency between the policy used for control and the
distributions used by the folding operators.
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Figure 5: Environments used in experiments.

5.1.1 Environments. We evaluate the proposed approach on three
discrete environments: FrozenLake, Taxi, and Four Rooms (Mini-
Grid), shown in Fig. 5. These tasks differ in reward sparsity, transi-
tion stochasticity, and state-space size while remaining compatible
with tabular dynamics models. FrozenLake has sparse rewards and
stochastic transitions, Taxi provides structured rewards with mod-
erate stochasticity, and Four Rooms has a larger state space with
deterministic transitions. In FrozenLake, the agent uses a small
positive initial Q-value (0.001) to encourage exploration; other en-
vironments use zero for this initialisation.

5.1.2  Evaluation protocol and metrics. For each experiment task, all
methods use identical interaction budgets, optimisation schedules,
refitting frequencies, and evaluation intervals. Each configuration
is trained over 20 independent base random seeds and evaluated
on 100 fixed test environment seeds (and the test environments are
reset with the seeds every time) to ensure both diversity and com-
parability (in Four Rooms, the agent will be randomly initialised
inside the bottom-left room with arbitrary direction). For compari-
son, a baseline uses the same training procedure throughout but
trains the dynamics model exclusively from the raw replay buffer
without any folded transitions.

5.1.3 Hyperparameters. All folding-related hyperparameters are
fixed across all environments and experiments. We use a segment
length of K = 10. For abstraction-guided folding, we use a distance-
decay rate a,ps = —log0.9 = 0.105, bottleneck strength f = 0.5,
and folding discount y = 0.8. For value-guided folding, we use
distance decay a = 0.5, contrast exponent p = 1.5, and folding
discount y = 0.8. These parameters are chosen empirically and
remain unchanged across domains. We ablate the mixing fraction
p(£) between real and folded transitions, as it directly controls
the strength of transition-distribution shaping. In our experiments,
p(£) is linearly reduced from 0.5 to 0.25.

5.2 Results and Discussion

Across FrozenLake, Taxi, and Four Rooms (Fig. 6), both shaping
variants outperform the real-only baseline. Value-guided shaping
yields the strongest and most consistent gains in Taxi, while state-
abstraction can match or slightly exceed it in the later stage of
training (notably in Four Rooms); in FrozenLake the two variants
reach similar performance, both slightly outperform the baseline.

5.2.1 Ablations and diagnostics. The difference in mixing strength
slightly affects performance (Fig. 7). Value-guided shaping degrades
when constructed transitions dominate (p=1.0) and performs best
with a moderate schedule (p : 0.5 — 0.25), whereas state-abstraction
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Figure 6: Reward curves of experiments for FrozenLake, Taxi and Four Rooms environments, across 20 seeds, x-axis is real
environment rollout steps, y-axis is the average evaluation reward, shadings are 95% confidence intervals.
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is less sensitive to p. A random-jump baseline helps only in Frozen-
Lake and otherwise does not match the proposed variants. This
suggests that the gains cannot be explained simply by adding long-
range constructed transitions: unguided long-range jumps do not
reproduce the same effect consistently across domains, indicating
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that the future-target selection strategy itself is important.

5.2.2 Summary. Across domains, both target-selection mechanisms
improve policy learning over real-only training. Ablations show

that structured target selection and moderate data mixing are im-
portant: excessive constructed data can hurt performance, and un-
structured long-range jumps are not reliably beneficial.

6 CONCLUSIONS AND FUTURE WORK

We introduced folded supervision to augment one-step dynamics-
model training with later reachable states, without changing the
model’s input/output interface. Across tabular experiments, this
accelerates policy learning; ablation studies show that the bene-
fit depends on the folding mechanism used and appropriate data
mixing, rather than simply adding random jumps to future states.

One natural next step would be to extend folded supervision to
function approximation. Such settings may in fact be more suitable
for this approach, since stronger generalisation across states and
tasks might allow the transition-shaping mechanism to be used
more effectively than in the present tabular setting.

A natural question is why value-guided folding is effective. The
present results suggest that the observed benefit involves more than
simply introducing unguided long-range jumps, since the random-
jump baseline does not show the same effect consistently across
domains. A more focused set of control experiments would help
clarify the relative roles of stronger induced learning signals and
the structured selection of future targets.

It is also of interest to study whether support restriction and
density reweighting can be combined into a unified folding rule, and
to compare or integrate the approach with model-policy coupling
and multi-step prediction methods [3, 6, 15, 19].

Finally, sequential multi-task, curriculum learning, and transfer
learning settings may provide a broader testbed for the idea, es-
pecially in conjunction with shared world models under function
approximation [4, 7], where stronger generalisation across related
states and tasks may be possible. In contrast, in the present tabular
setting, transition, reward, and termination statistics are stored in
a state-specific manner, which may limit transfer even when the
folding mechanism itself is useful.
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