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ABSTRACT

Generative Recommenders increasingly use Reinforcement Learning (RL) to op-
timize outcomes that may appear hundreds or thousands of interactions after a
decision. Standard RL propagates reward according to temporal proximity rather
than explicit relevance, attenuating the signal assigned to distant but important ac-
tions and creating a source of sample inefficiency. We introduce Explanatory World
Models (EWM), an attribution framework that uses explanations to identify the
earlier events that plausibly contributed to a realized outcome. We instantiate EWM
with a frontier language model and use its explanations as learning signals using
a conservative hierarchical operator that recursively redistributes reward while
preserving the undiscounted episode return. To investigate what constitutes a useful
explanation, we operationalize three complementary variants inspired by Halpern’s
actual causation, Lombrozo’s explanatory simplicity, and Deutsch’s hard-to-vary
explanations. We evaluate EWM on two controlled long-horizon RL benchmarks,
a public sequential-recommendation benchmark, and an industry-scale generative
recommender. On Crafter and WordCraft, EWM substantially outperforms PPO
and LaRe, with its largest gains when rewards are most delayed. On KuaiRand,
EWM outperforms SFT and LaRe offline and A2C online. Finally, in an offline
evaluation of an industry generative recommender, EWM considerably improves
Recall and increases behavioral proxies. These results suggest that explanations
can provide structured and reusable credit for learning from delayed outcomes.

1 INTRODUCTION

In long-horizon decision-making problems, the consequences of an action may become apparent only
after hundreds or thousands of subsequent decisions. An agent might gather a resource early in an
episode but use it hundreds of steps later to complete an achievement spanning thousands of steps.
For example, a podcast recommendation surfaced today may introduce a listener to a show, shape
their consumption over the following weeks, and ultimately affect whether they remain active months
later. A recommender optimized to increase activity must determine which actions deserve credit.

This is the problem of temporal credit assignment (Minsky, 1961; Sutton & Barto, 2018). Standard
RL algorithms propagate reward backward based on temporal proximity, i.e., assigning more credit
to recent actions through discounted returns. This mechanism is computationally convenient, but
it embeds a temporal prior: actions closer to a reward are treated as more relevant. Given enough
trajectories, an agent may learn to average out these spurious associations and recover the true
relations between actions and reward. Doing so requires learning the structure of the environment
almost entirely through trial and error. The length of the delay is therefore translated into sample
inefficiency, where the further the action, the more interactions are required to identify its contribution.

A substantial body of work improves on raw discounted returns through return decomposition,
hindsight information, or counterfactual reasoning (Arjona-Medina et al., 2019; Patil et al., 2020;
Harutyunyan et al., 2019; Mesnard et al., 2021). These approaches demonstrate that credit does
not need to be assigned solely according to the original reward timing. Rather than requiring the
policy’s critic to discover relevance only through future-return prediction, we pursue a complementary
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Figure 1: Explanatory World Model framework. EWMs take evidence (past events) and a phenomenon
(the event to explain), and output a hypothesis/explanation about the events causing the phenomenon.

direction motivated by work on explanations and causal reasoning. Cognitive and social scientists
treat explanations as central to human inquiry and cognition: explanations organize scientific under-
standing, drive theory formation, and shape learning, causal inference, and generalization (Hempel &
Oppenheim, 1948; Gopnik, 1998; Keil, 2006; Lombrozo, 2006; Felekis et al., 2026; Gilligan-Lee,
2020; Reynaud et al., 2022). Different accounts of explanation emphasize different criteria for identi-
fying which preceding events matter (Lombrozo, 2006). Halpern and Pearl ground explanation in
actual causation (Halpern & Pearl, 2005); Lombrozo emphasizes explanatory simplicity (Lombrozo,
2007); and Deutsch argues that good explanations are hard to vary and possess reach beyond the
phenomenon for which they were constructed (Deutsch, 2011).

We present Explanatory World Models (EWM), a framework that attributes an observed event/re-
ward to the earlier events/actions that best explain it. Given a trajectory and an event within it, an
EWM returns a weighted set of preceding events. A redistribution operator then transports the reward
to those events, changing where the learning signal is applied while preserving the episode’s return.
EWM therefore modifies neither the environment nor the policy class; it inserts an attribution step
between observing a reward and updating the policy.

To convert explanations into a learning signal, we introduce a conservative hierarchical redistribution
operator. Explanations provide plausible causes to an outcome; instead of following a temporal
bias, we can follow those relations to reallocate value to them. Since EWM explains outcomes, not
just rewards, we can apply this process recursively allowing to optimize value for extremely long
horizons. Moreover, a key benefit of explanation-based redistribution is its independence from the
reward function. Changing the reward function therefore changes how an outcome is valued, but not
which preceding events explain it, allowing explanations to be reused across reward functions.

We instantiate EWM with a frontier language model, using its prior knowledge to explain observed
outcomes without having to learn the environment’s relations from interaction alone. We evaluate
EWM in both long-horizon reasoning and real-world recommendation settings. On Crafter, EWM
outperforms PPO across all eight tested combinations of discount factor and episode-length cap.
On WordCraft, EWM outperforms PPO (Schulman et al., 2017) on the harder splits. In the offline
KuaiRand setting, EWM outperforms SFT and LaRe. In the online KuaiRand setting, EWM out-
performs PPO and achieves performance competitive with an oracle method. In an offline replay
evaluation of an industry-scale generative recommender, RLFT with EWM increases recall and
independent measures of future engagement by 3× over the SFT baseline, indicating that its gains
extend beyond reproducing logged recommendations to downstream engagement proxies.

Contributions:

• We introduce Explanatory World Models, a general framework that recasts long-horizon
credit assignment as explanation-based attribution.

• We develop a conservative hierarchical redistribution operator that propagates reward
backward through an explanation.

• We instantiate EWM with a frontier language model whose attributions are restricted to
events that occurred in the trajectory.
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Figure 2: Traditional credit assignment (red) propagates a reward to temporally adjacent events,
regardless of their relevance. EWM’s conservative hierarchical operator (CHO, purple) instead uses
the explanatory power of each event, recursively, to attribute the reward.

2 RELATED WORK

Credit assignment and reward redistribution. Standard RL propagates reward through boot-
strapped or discounted returns (Sutton & Barto, 2018; Schulman et al., 2016). Prior work bridges
long temporal gaps using learned connections to relevant memories (Ke et al., 2018; Hung et al.,
2019), return decomposition (Arjona-Medina et al., 2019; Patil et al., 2020; Zhang et al., 2023), and
outcome-conditioned or counterfactual attribution (Harutyunyan et al., 2019; Mesnard et al., 2021;
Meulemans et al., 2023). EWM shares the objective of assigning credit to relevant earlier decisions,
but derives relevance from a prior-informed explanation of the realized trajectory rather than learning
an attribution or return model exclusively from task interactions. It then conservatively redistributes
the observed reward and applies an otherwise standard RL algorithm.

Explanations and language-model rewards. Research in philosophy and cognitive science treats
explanation as a mechanism for identifying the conditions responsible for an observed phenomenon
and for supporting learning and causal inference (Hempel & Oppenheim, 1948; Gopnik, 1998; Keil,
2006; Lombrozo, 2006; Miller, 2019). Language models have also been used to generate reward
functions and intrinsic goals (Ma et al., 2024; Du et al., 2023). Most closely, LaRe uses an LLM to
construct a latent-reward representation and learns a decoder that maps it to episodic returns (Qu et al.,
2025). EWM instead asks the model which observed events explain a realized outcome, grounds its
attributions in the trajectory, and reallocates an externally specified reward without defining a new
reward function.

World models and long-term recommendation. Conventional world models learn forward dy-
namics for planning or imagined rollouts (Ha & Schmidhuber, 2018; Hafner et al., 2021; 2023),
while successor features separate reward-independent dynamics from task-specific value (Barreto
et al., 2017). EWM is backward-looking and represents reward-independent explanatory relations
among observed events. This attribution is complementary to work on long-term and generative
recommendation, which primarily studies policy architecture, action representation, user modeling,
and long-term value estimation (Van Goffrier et al., 2023; Deffayet et al., 2023; Gao et al., 2022).

3 EXPLANATORY WORLD MODELS

This section presents Explanatory World Models and their use for credit assignment. We first
define the general framework of explanations, then introduce the conservative hierarchical reward
redistribution operator that translates explanations into learning signals, describe frontier models as a
practical EWM instantiation, and finally integrate EWM to online and offline RL algorithms.

3.1 WHAT IS AN EXPLANATION?

Explanations take many forms, making a single definition difficult. Miller (2019) describes ex-
planation as an abductive process: given an observed event, or phenomenon, an explainer infers
a hypothesis about the causes that brought it about. Elster (2007) states this view succinctly: “To
explain a phenomenon is to cite an earlier event that caused it.” Under this account, explanations
express an agent’s causal understanding of the world, and their adequacy depends on how faithfully

3



Preprint

Table 1: Operationalization of explanations in each prompt variant.

Variant Criterion Operationalization

B Neutral explanation Select plausible contributors to the outcome; return fewer or no events
when evidence is weak.

HP Counterfactual rele-
vance

Test whether removing or weakening an event makes the outcome less
expected; omit redundant events on the same explanatory path.

D Hard-to-vary explana-
tion

Require the explanation to depend on the specific history, behavior, and
target. Replacing these details should weaken it; category matching alone
is insufficient.

LB Explanatory breadth Infer stable preferences or patterns supported across the history that explain
and generalize beyond the outcome without covering unrelated behavior.

LS Explanatory simplic-
ity

Prefer few underlying preferences or patterns; select representative events
and distinguish foundational evidence from later reinforcement.

LI Integrated explanation Combine breadth, simplicity, specificity, and behavioral grounding; explain
the outcome, support generalization, and identify what would weaken the
explanation.

that understanding captures the relations among events. EWM operationalize this idea by explaining
observed outcomes and using the inferred relations to assign credit to preceding events.

As represented in Fig. 1, an EWM takes a set of preceding events as input, which constitute the
evidence, and an observed event to be explained, which we call the phenomenon. It returns a
hypothesis that identifies the preceding events related to the phenomenon and assigns each one a
weight representing its estimated contribution. We refer to this weighted hypothesis as an explanation.
The relations represented by an EWM are independent of the reward function: they describe how
events in the environment relate, not how those events are valued. The same EWM can therefore be
reused without learning those relations again.

We investigate how different operationalizations of explanation affect retrospective credit assignment.
All variants receive the same observed history and retention outcome, but differ in the criteria used to
select and assess explanatory events. We consider six variants, listed in Table 1. All variants share the
same input and output format but differ in their criteria for selecting and assessing explanatory events.
HP is inspired by Halpern’s account of actual causality (Halpern & Pearl, 2005); D by Deutsch’s
hard-to-vary criterion (Deutsch, 2011); and LB and LS by Lombrozo’s discussion of explanatory
virtues (Lombrozo, 2006; 2007).

3.2 CONSERVATIVE HIERARCHICAL REWARD REDISTRIBUTION

The credit-assignment problem is the challenge of determining which actions, or sequences of actions,
contributed to an observed outcome (Minsky, 1961; Sutton & Barto, 2018). When an outcome
produces a reward R, the learner must translate that scalar signal into evidence about decisions
made earlier in the trajectory. This becomes particularly difficult when rewards are sparse and the
actions responsible for them occurred hundreds or thousands of steps earlier. Reinforcement-learning
algorithms commonly address temporal credit assignment using the discounted return

Gt =

T−t−1∑
k=0

γkRt+k+1 = Rt+1 + γRt+2 + γ2Rt+3 + · · · , (1)

where γ ∈ [0, 1] is the discount factor. A reward’s contribution to Gt decreases with its temporal
distance from action at. Discounting is computationally convenient, but it imposes a temporal prior:
actions closer to a reward receive a stronger learning signal than actions farther away, regardless of
their relevance to the outcome. As illustrated in Figure 2, temporally nearby events receive substantial
initial credit even when they contributed little to the outcome, while the signal associated with distant
but important decisions may become too weak to recover.

High-throughput simulators can partially compensate for this inefficiency by generating large numbers
of trajectories. In real-world systems, however, interactions are expensive, delayed outcomes arrive
slowly, and trajectories cannot be replayed freely. A production recommender may observe thousands
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of user events between a recommendation and its eventual effect on engagement or retention. EWM
complements conventional RL by replacing temporal proximity as the sole initial attribution prior.

Conservative hierarchical operator (CHO) The EWM produces an explanation graph in which
each phenomenon p is connected to a set of preceding events Cp = {c1, . . . , cK}, with attribution
weights wp,c ∈ [0, 1]. The redistribution operator uses this graph to determine where reward should
appear in the trajectory. Unlike the fixed temporal coefficient γk, these weights depend on the realized
outcome and the evidence in the trajectory. Reward is therefore assigned according to explanatory
relevance rather than temporal proximity. The policy optimizer may still apply a discount factor after
redistribution, but it operates on the reward stream produced by EWM.

The redistribution is hierarchical because an event cited in one explanation may itself be a phe-
nomenon with an explanation. Starting from a rewarded phenomenon, the operator divides its reward
among its eligible predecessors and recursively repeats this process for each predecessor that can be
explained. Recursion terminates when it reaches a maximum depth D, encounters an event without
eligible predecessors, or the reward carried is below a defined threshold. The remaining reward is
then deposited at that event. At each node, we retain only predecessors whose weight exceeds a
threshold η, and normalize their weights locally:

w̄p,c =
wp,c∑

c′∈Cη
p
wp,c′

, Cη
p = {c ∈ Cp : wp,c ≥ η}. (2)

If an amount m reaches p, predecessor c receives the share mw̄p,c. Consequently, the shares allocated
at every node sum exactly to the amount received by that node. The operator is conservative: it
changes the temporal location of reward but not its total amount.

Algorithm 1 Reward Redistribution using Conservative hierarchical operator (CHO)

Require: Reward sequence r0:T−1; explanation graph H; maximum depth D; minimum attribution
η

1: r̃ ← r
2: for all rewarded phenomena p such that rp ̸= 0 do
3: m← rp
4: r̃p ← r̃p −m ▷ remove the mass before reallocating it
5: ALLOCATE(p,m,D, ∅)
6: end for
7: return r̃

8: function ALLOCATE(p,m, d, V )
9: if d = 0 or p ∈ V then

10: r̃p ← r̃p +m
11: return
12: end if
13: C ← {(c, w) ∈ H(p) : c < p, c /∈ V, w ≥ η}
14: if C = ∅ or

∑
(c,w)∈C w = 0 then

15: r̃p ← r̃p +m
16: return
17: end if
18: W ←

∑
(c,w)∈C w

19: for all (c, w) ∈ C do
20: mc ← mw/W
21: ALLOCATE(c,mc, d− 1, V ∪ {p})
22: end for
23: end function

Note that by being recursive CHO can make reward reach arbitrarily far in the sequence of events
even with partial trajectories. In other words, EWM and CHO do not need the full episode to reach
far into the past, just intermediary events that link the reward event to the rest of the trajectory.
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3.3 FRONTIER MODELS AS EWM FOR RL

Frontier models. We instantiate the EWM with a frontier language model, in our experiments
Claude Sonnet 4.5. Pretraining provides these models with broad priors about physical, procedural,
and behavioral relations, while in-context reasoning allows them to apply that knowledge to previously
unseen trajectories. We use the model as a backward-looking explainer rather than as a forward
simulator, it observes both the completed trajectory and the realized phenomena, and identifies the
preceding events that plausibly contributed to each phenomenon.

Conveniently, a single model invocation produces the direct explanation graph for the entire trajectory.
Then, the produced graph is used by CHO to redistribute reward programmatically to cited events
recursively up to the selected depth. Recursion therefore requires no additional model calls, and the
same cached explanation graph can be evaluated at different depths, or reward functions.

EWM for RL. EWM integrates with reinforcement learning as an attribution layer between
observing rewards and updating the policy. Given a completed or partial trajectory τ , we first obtain
an explanation graph Hτ and then apply the conservative hierarchical operator R to produce a
redistributed reward sequence:

Hτ = EWM(τ), r̃ = R(r,Hτ ). (3)

The RL algorithm subsequently computes returns and advantages from r̃ rather than from the original
reward sequence r. EWM therefore replaces a fixed notion of relevance based on temporal distance
with trajectory-dependent attribution weights derived from the explanation graph.

In the online setting, the policy interacts with the original environment, once an episode is complete or
enough steps are gathered, EWM explains its realized outcomes and redistributes the rewards before
value targets and policy gradients are computed. EWM does not otherwise modify the interaction
protocol, policy architecture, or optimization algorithm, and can therefore be combined with other
episodic RL methods that consume per-transition rewards. For offline learning, EWM is applied once
to each logged trajectory. The resulting explanation graphs and redistributed rewards can be cached
and used to train a policy with return-weighted or advantage-weighted objectives.

4 LONG-HORIZON RL EXPERIMENTS

4.1 CRAFTER

We first evaluate EWM in Crafter (Hafner, 2022), a controlled environment with long, hierarchical de-
pendencies between actions and achievements. This setting allows us to isolate the credit-assignment
problem and test whether explanation-based redistribution improves learning as rewards become
increasingly delayed. We compare EWM against PPO and LaRe (Qu et al., 2025) baselines.

We use the symbolic JAX implementation of Crafter (Matthews et al., 2024) and aggregate the
rewards of the technology achievements into a single terminal reward given at the end of the episode.
By doing this we can assess how delayed and long-horizon rewards pose a challenge to RL methods.
We compare recurrent PPO and LaRe on this terminal reward stream with EWM at redistribution
depth=1, with all methods using the same policy architecture and training configuration.

On Crafter, Figure 3, vanilla PPO clearly cannot learn in delayed long-horizon environments like this.
The gap between EWM and LaRe widens with L rather than with further training alone; at L=150
the two credit methods are still close, while at L=1000 EWM is about 2× LaRe, consistent with the
terminal reward becoming a longer-horizon assignment problem that redistribution is meant to solve.
Moreover, in contrast to LaRe, EWM gets better with increases of L.

4.2 WORDCRAFT

We next evaluate EWM on WordCraft (Jiang et al., 2020), a combinatorial environment based on the
Little Alchemy 2 game. Unlike Crafter’s largely fixed technology tree, WordCraft requires the agent
to discover and compose recipes across a larger dependency graph, where early combinations may
enable valuable discoveries several steps later. We aggregate all rewards at the end of the episode,
creating a controlled long-horizon setting in which the agent must assign a sparse terminal signal
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Figure 3: Crafter mean episode return at episode-length caps L ∈ 150, 300, 500, 1000. Vanilla PPO
stays near the random-policy floor. LaRe recovers some delayed credit; EWM is above LaRe at every
horizon, and the gap widens as L grows.

to the intermediate discoveries and actions that made it possible. WordCraft therefore tests whether
EWM can recover compositional dependencies beyond the sequential progression studied in Crafter.

We train all methods using the same recurrent PPO architecture used for Crafter. At each mixing
step, the agent selects two entities from a table of at most 24 items; a valid recipe produces a new
entity that can support later combinations. We consider two difficulty levels that vary the number
of distractors and the depth of the target recipe chain, with episodes capped at 50 mixing attempts.
We evaluate a goal objective that provides a single reward when the target entity is created. We
compare vanilla PPO, LaRe, EWM-LLM, and additionally include EWM-GT, an oracle explainer
that identifies the true recipe dependencies, as a diagnostic of the redistribution operator.

Figure 4: WordCraft returns. The 2-mix variant can easily be solved by every algorithm. The 3-mix
variant is considerably more difficult due to longer causal chains and only EWM can solve it.

As shown in Fig. 4, EWM provides its largest gains as the recipe chain becomes longer and the
terminal reward becomes harder to assign. All models, EWM-LLM, PPO and LaRe reach the
maximum return on the 2-mix split, whereas on the hard split EWM-LLM reaches almost oracle
score, LaRe barely learns and PPO plateaus little above random. These results indicate that the benefit
of explanation-based redistribution emerges most clearly when success depends on assigning a sparse
terminal reward across a deep sequence of compositional dependencies.

5 REAL-WORLD EXPERIMENTS

Our empirical study covers the KuaiRand dataset in three item 1 recommendation settings. Firstly,
we use EWM in a reward-weighted fine-tuning of Qwen2.5-1.5B-Instruct, where we compare the
baseline LaRe method and six EWM explanation-variants from Sec. 3. Then, we use the KuaiRand
dataset in an online RL experiment, where we observe that EWM can accurately infer disengagement
rules, thereby substantially improving cumulative return compared to vanilla methods like A2C (Mnih
et al., 2016). Finally, we apply EWM to an industry-scale recommender .

1In RL, the word “episode” normally stands for one full session of agent actions. In order to avoid any
overload of language, we will name the agent recommendation as an “item”.
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5.1 KUAIRAND-OFFLINE

In this section, we wish to answer the question: can explanation-based credit assignment improve rec-
ommendation learning from offline interaction data? Specifically, we study how different retrospective
explanations affect reward-weighted supervised fine-tuning (SFT) on the KuaiRand dataset.
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Figure 5: LB achieves the largest mean AUC improvement and log-loss reduction, whereas LaRe
differs most from uniform on the four reported ranking metrics.

The results in Figure 5 provide evidence that explanation-based weighting can improve offline
recommendation learning. All causal explanations yield positive mean AUC differences relative
to Uniform. LB achieves the largest mean AUC improvement of 1.99 percentage points and the
largest mean log-loss reduction of 5.01 × 10−3. The ranking results reveal another pattern. LaRe
achieves the largest mean differences across the four reported ranking metrics, while HP also changes
all four metrics on average. In contrast, LB’s mean NDCG@10 difference is close to zero and its
mean MRR difference is slightly negative. This distinction is consistent with the different evaluation
tasks: AUC measures discrimination across candidate pairs, whereas the ranking metrics evaluate
the relative position among sampled candidates. Better aggregate discrimination and lower log loss,
therefore, need not imply the trend for top-ranked recommendations; one method could substantially
outperform the other on discrimination, yet still preserve the same policy when it comes to ranking
recommendations. On the other hand, similar aggregate ranking metrics do not establish that two
models produce similar candidate orderings. Intuitively, this suggests that LaRe and HP have resulted
in significantly different ranking preferences compared to the uniform baseline, whereas LB’s ranking
preference stay relatively close to the baseline SFT.

5.2 KUAIRAND-ONLINE

In this section, we wish to answer the question: can an explanation-derived behavioral rule improve
sequential recommendation by preventing actions that cause user disengagement? We study this
question in the KuaiRand environment using an A2C recommendation policy. The reward mod-
els, environment dynamics, policy architecture, and training configuration are shared across all
experiments. In this experiment, the environment has a hidden termination rule that terminates an
episode depending on tag overlap between a candidate video and previously recommended videos,
simulating a bored user. We compare four conditions: the vanilla A2C policy, an EWM-derived
five-step termination rule, a full-history extension of the EWM-derived rule, and an oracle policy
whose recommendations are constructed from the environment’s actual termination rule.

Explanation-derived action gating improves cumulative return in this simulated recommendation
setting. Mean evaluation return increases from 3.773 for Vanilla A2C to 6.736 for EWM (w5) and
13.249 for EWM (unbounded), compared with 15.653 for the Oracle gate. These results show that
an approximate explanation-derived constraint can be useful even without exactly recovering the
environment’s termination mechanism.
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Figure 6: The termination rule that 5-window-EWM discovered outperforms the baseline vanilla
A2C method, and the full-history EWM comes close to the oracle termination rule results.

The session-length and per-step-reward measurements clarify the sources of these gains. EWM (w5)
increases mean session length from approximately 8.1 to 12.3 recommendations while also increasing
mean reward per step from 0.467 to 0.546. The full-history extension reaches the 30-step horizon,
but its mean reward per step decreases to 0.442. Its larger cumulative return is therefore accompanied
by longer interaction rather than higher average reward per recommendation.

5.3 INDUSTRY GENERATIVE RECOMMENDER

We evaluate EWM on an industry-scale generative recommender from a global streaming service,
where recommendations may influence engagement days later. We test whether explanatory reach
can capture this long-term influence without prescribing a specific engagement metric. For each
logged recommendation, a frontier language model constructs a recommendation-rooted explanatory
graph over the user’s realized interactions. We derive a reward from this graph, Reach, defined as the
number of distinct downstream events connected to the recommendation through high-confidence
explanatory relations.

We evaluate by offline replay against a held-out log of past recommendations. Each policy produces
a slate for every logged context, and we record whether it reproduces the recommendation that was
actually served, together with that recommendation’s realised outcome and scoring a miss as zero.
We report paired contrasts against the SFT baseline with bootstrap intervals.

Table 2: Offline evaluation of EWM-reach RLFT against the SFT baseline. Recall is the rate of
reproducing the logged recommendation; converted and broad reach additionally require that action
to be followed by a further stream or two. All rows are fold-changes against the baseline.

Metric EWM RLFT vs baseline (95% CI)

Recall 3.75× [2.62, 5.79]
Converted 3.86× [2.11, 10.0]
Broad reach (≥2 streams) 4.00× [2.18, 11.5]

6 CONCLUSION

We introduced Explanatory World Models (EWM), which address long-horizon credit assignment by
explaining realized outcomes and redistributing reward to relevant earlier events. Our conservative
hierarchical operator redistributes credit to relevant events identified by the EWM. We instantiated
EWM with a frontier language model and integrated it with both online and offline learning. Across
Crafter and WordCraft, EWM outperforms PPO and LaRe under sparse rewards. It also improves
over SFT and LaRe in offline KuaiRand experiments and over PPO online, while increasing recall
and downstream engagement measures in an industry-scale generative recommender. These results
show that explanations can provide structured credit when temporal propagation becomes inefficient.
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A EWM REDISTRIBUTION ANALYSIS

Figure 7 is a static view of Algorithm 1 on three stone-reaching episodes from a dump (terminal
reward, L=500, d=2). It is not a training curve: the explainer is Claude Sonnet 4.5 and the arrows
are the cited causes.

Figure 7: Three Crafter episodes with the same conserved return. Each row is that episode’s step
axis, compressed: cited steps keep a few real neighbours, and each long uncredited run collapses to
three dots labelled with the number of hidden steps. Solid orange arrows are depth-1 hops from the
episode end onto the achievements that earned the reward; dashed purple arrows are depth-2 hops
from those achievements onto earlier enabling actions.

The episode end is a phenomenon holding the whole return (+0.5 wood +1.5 wood-sword +2.0
stone = +4.00). Depth 1 (orange) moves that mass onto the three achievements the explainer names
as causes of the lump. Depth 2 (purple) then asks, for each of those achievements, what enabled
it. Those second hops are the only reason place table and make wood pickaxe receive
credit. A depth-1 operator would have left them at zero. Wood is cited both by the lump and by later
achievements, which is why it receives the largest share (about +1.6 to +1.8). Under each episode
end the environment still records +4.00 and EWM has moved the mass, not added any. Summing the
EWM amounts on the blue circles recovers +4.00 in every row.

B EXPERIMENT DETAILS

B.1 KUAIRAND-OFFLINE

We compare LaRe and six EWM-prompt-variants against a uniform-weight baseline. All experiments
use the same Qwen2.5-1.5B-Instruct (Yang et al., 2024) model initialization, training recommendation
samples, and training procedure. The experimental intervention is the weighting of supervised training
examples derived from the assigned credit.
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B.1.1 DATASET AND PREPROCESSING

We use a preprocessed KuaiRand dataset containing chronological user-video interaction sequences.
Binary engagement labels on the feed histories indicate whether an interaction includes a like, follow,
forward, or long-view signal. The experiment uses a fixed subset of 1,000 user sessions from the
preprocessed data. Following the stored session order, the first 700 sessions are used for training and
the remaining 300 for evaluation. This is a fixed session-level partition, rather than a new random split
for each training seed. Each evaluation session includes a held-out target from the randomly exposed
interactions. Videos are represented through textual metadata, including available captions, creator
information, and category descriptions. The implementation reuses a shared recommendation-data
interface adapted for KuaiRand videos.

B.1.2 RECOMMENDATION MODEL AND INPUT REPRESENTATION

All experiments fine-tune the Qwen2.5-1.5B-Instruct model. Each supervised example contains
the user’s preceding interaction history and a candidate video. The target response is either
<answer>like</answer> or <answer>skip</answer>, according to the recorded binary
engagement label. The credit-assignment method changes the weight of an example, while its input
and target label remain unchanged. In other words, an explanation does not replace the observed
engagement label with an LLM-generated label. The maximum input sequence length is 4,096 tokens.
Training uses the model’s chat template, and the supervised loss is applied to answer tokens rather
than to the history and candidate-description tokens.

B.1.3 CREDIT-ASSIGNMENT MECHANISMS

We compare eight methods:

• Uniform, which assigns unweighted SFT.
• LaRe, which uses the LaRe credit annotations to construct training weights.
• B, a baseline EWM prompt.
• HP, a prompt emphasizing Halpern-style counterfactual explanation.
• D, a prompt emphasizing Deutsch-style explanation.
• LB, a prompt emphasizing Lombrozo-style explanatory breadth.
• LS, a prompt emphasizing Lombrozo-style explanatory simplicity.
• LI, an integrated EWM prompt combining LB and LS.

For the explanation-prompt variants, the annotation task concerns user retention. The annotator
receives a chronological video history and an observed retention outcome, expressed through the
user’s subsequent return activity. It identifies videos in the history that plausibly contributed to that
outcome. The prompt requests strict JSON containing selected step indices, importance scores, and
short explanations. At most five contributing steps are requested. Importance scores lie between zero
and one and are not required to sum to one. Let Re denote the nonnegative retention outcome for
session e, and let ae,t denote the valid positive importance assigned to step t. The corresponding
per-step reward is

r̃e,t = Re
ae,t∑
j ae,j

, (4)

when at least one valid positive importance is available. Unselected steps receive zero reward. If
no valid contributing step is available, the reward remains at the final step. Thus, this redistribution
preserves the undiscounted session outcome:∑

t

r̃e,t = Re. (5)

For each annotated session, we compute discounted returns from the redistributed rewards:

Ge,t =

Te−1∑
k=t

γk−tr̃e,k, γ = 0.95. (6)
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Returns are converted into positive training weights using an exponential transformation:

qe,t = exp

(
clip

(
Ge,t

τ
,−20, 20

))
, τ = 5. (7)

The weights are then normalized jointly across the training examples:

we,t =
qe,t

1
N

∑
e′,t′ qe′,t′ + ϵ

, ϵ = 10−8. (8)

The model minimizes weighted answer-token cross-entropy:

L(θ) = − 1

|B|
∑

(e,t)∈B

we,t

∑
ℓ∈Ae,t

log pθ (ye,t,ℓ | xe,t, ye,t,<ℓ) , (9)

where Ae,t indexes the answer tokens. For Uniform, we,t = 1 for every example. This is an offline
supervised objective. It does not use PPO updates, an online recommendation simulator, or a learned
value-function baseline.

B.1.4 TRAINING BUDGET

We use seeds 1, 2, and 3. Each condition is trained for one epoch with batch size 4 and AdamW at an
initial learning rate of 10−5. Weight decay is zero, gradients are clipped to a norm of 1.0, and training
uses bfloat16 precision. The learning-rate schedule uses a warm-up fraction of 0.03, followed by
cosine decay to 10% of the initial learning rate. The saved final evaluation snapshots for all conditions
occur at optimization step 5,423.

B.1.5 EVALUATION PROTOCOL

Evaluation measures held-out engagement prediction and candidate ranking. For each history–
candidate pair, the model produces an engagement score from a two-way softmax over the next-token
logits corresponding to like and skip:

sθ(h, i) =
exp(zlike)

exp(zlike) + exp(zskip)
. (10)

We report AUC and binary log loss over 300 held-out user targets. Ranking evaluation is restricted
to the 213 users whose held-out target has a positive engagement label. For each eligible user,
the positive target is ranked against 99 sampled unseen videos using the same model score. We
report HR@10, HR@20, NDCG@10, and mean reciprocal rank. The figure uses the final evaluation
snapshot. For each metric, we first compute the within-seed difference between a method and
Uniform:

∆m,s = Mm,s −MUniform,s. (11)
Bars show the mean of these differences across the three seeds. Error bars show one standard error,
computed as the sample standard deviation of the three paired differences divided by

√
3. AUC and

ranking-score differences are expressed in percentage points. Log-loss differences are expressed in
units of 10−3.

B.2 KUAIRAND-ONLINE

B.2.1 DATASET AND SEQUENTIAL RECOMMENDATION ENVIRONMENT

We use the KuaiRand environment provided by EasyRL4Rec (Yu et al., 2024), with is_click
as the feedback target. Policy training uses the DeepFM user model to generate simulated feed-
back. Evaluation uses the MF-based reward matrix. We follow the reward-model architecture and
principal training configurations provided by EasyRL4Rec (Yu et al., 2024), using a five-member
DeepFM ensemble for simulated training feedback and an MF-based rating matrix for policy evalu-
ation (EasyRL4Rec/run; EasyRL4Rec/MF; EasyRL4Rec/utils.py). These scores are model-based
surrogates for user feedback. An evaluation return therefore measures performance in the simulated
recommendation environment rather than directly observed engagement from an online deployment.
At the beginning of an episode, the environment samples a user and initializes the recommendation
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state. The policy then repeatedly selects a video, receives feedback, and updates its state. Episodes
end when the environment’s disengagement condition is met or when the maximum horizon of 30
recommendations is reached. The disengagement mechanism depends on repeated item tags within a
history window. The configured parameter num_leave_compute is 10 and the leave threshold
is zero. The oracle gate reproduces the implementation’s exact history-window construction. The
environment and its termination mechanism remain the same across all four conditions.

B.2.2 A2C POLICY

The recommendation policy uses a shared two-layer network with hidden sizes 64 and 64, followed
by an actor head and a value head. The actor produces a categorical distribution over candidate
videos, and the critic estimates the return from the current state. The actor–critic and state tracker
are optimized with separate Adam optimizers, both using learning rate 0.001. The discount factor is
0.9, the generalized advantage estimation parameter is 1.0, the value-loss coefficient is 0.5, and the
entropy coefficient is zero. No explicit maximum gradient norm is configured in these runs. Training
actions are sampled from the categorical policy. Evaluation uses the implementation’s deterministic
action-selection mode.

B.2.3 ACTION-GATING CONDITIONS

Let T (i) denote the tags associated with candidate item i, and letH(m)
t denote the history selected by

gating condition m. A recommendation candidate is normally permitted when its tags do not overlap
with the tags in that history:

M
(m)
t (i) = I

T (i) ∩ ⋃
j∈H(m)

t

T (j) = ∅

 . (12)

The resulting action distribution is

π
(m)
θ (i | st) =

M
(m)
t (i)πθ(i | st)∑

j M
(m)
t (j)πθ(j | st)

. (13)

The four conditions are:

• Vanilla A2C policy.
• EWM (w5), which discovers a rule that blocks candidates sharing a tag with any of the five

most recent recommendations. This method implements the discovered rule.
• EWM (unbounded), which extends the same tag-overlap rule to the entire recommendation

history of the current episode.
• Oracle gate, which uses the environment’s actual disengagement-rule window.

The discovered rule is fixed before the reported A2C training runs. It is executed as an action mask,
so no LLM call is required for each recommendation. The gate is applied during both training rollout
collection and evaluation. The corresponding mask is also used when computing action probabilities
during the A2C update. The gate does not alter the numerical reward assigned to a selected action.
However, because it changes the selected actions and resulting trajectories, realized episode returns
need not be equal across conditions.

B.2.4 TRAINING BUDGET

We use seeds 2023, 2024, and 2025. Each condition is trained for 100 epochs with a target of 10,000
environment steps per epoch. Training uses 100 parallel environments, collects 100 episodes per
collection round, and uses minibatches of size 1,024 with one optimization repeat per collection
round. All four conditions have complete 100-epoch records for all three seeds.

B.2.5 EVALUATION PROTOCOL

Our primary results use the standard free-running evaluation protocol, in which episodes terminate
according to the environment’s disengagement rule or the 30-step horizon. Each recorded epoch-level
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evaluation contains 100 episodes. Alternative evaluation variants recorded by the framework are not
pooled into the reported results. For each seed, we summarize performance using the mean evaluation
return over epochs 76–100:

Rs =
1

25

100∑
e=76

Rs,e. (14)

We report the mean and sample standard deviation of these seed-level summaries. To examine the
source of cumulative-return differences, we additionally report mean episode length and reward per
step over the same window. The latter is computed as

Qs =

∑100
e=76 Rs,e∑100
e=76 Ls,e

, (15)

where Ls,e is the mean episode length. Since every evaluation contains the same number of episodes,
this ratio equals total evaluation reward divided by total recommendation steps within the window.
Learning curves show unsmoothed mean returns across the three seeds. Shaded bands indicate the
minimum–maximum seed range, not confidence intervals.

B.2.6 RESULTS

The mean evaluation returns are 3.773± 0.143 for Vanilla, 6.736± 0.269 for EWM (w5), 13.249±
0.184 for EWM (unbounded), and 15.653± 0.252 for the Oracle gate, where the uncertainty denotes
the sample standard deviation across the three seed-level summaries. The ordering is consistent
across all three seeds. Relative to Vanilla, EWM (w5), EWM (unbounded), and the Oracle gate
achieve approximately 1.79×, 3.51×, and 4.15× the cumulative return, respectively.

The episode-length and per-step-reward measurements clarify these differences. Vanilla averages
approximately 8.1 recommendations per episode, compared with 12.3 for EWM (w5). Both EWM
(unbounded) and the Oracle gate reach the 30-step horizon throughout the final evaluation window.
The discrepancy between EWM (unbounded) and the Oracle gate is likely because EWM (unbounded)
prohibits recommendation items that are actually allowed, hence missing out on certain high-reward
recommendations.

The corresponding mean seed-level rewards per step are approximately 0.467, 0.546, 0.442, and
0.522. Thus, the unbounded gate’s larger cumulative return is accompanied by substantially longer
sessions, despite lower average reward per step than Vanilla. This is because the vanilla policy only
optimizes for greedy recommendation rewards. The Oracle gate achieves the same session length
as the unbounded gate but obtains higher reward per step. These results support the usefulness of
explanation-derived rules as operational constraints in this simulated recommendation setting. They
also distinguish two aspects of recommendation performance: sustaining interaction and obtaining
higher reward from each recommendation. The gains apply to the gated policy system and should not
be interpreted as evidence that reward redistribution alone produces the same effect.

B.3 MOVIELENS-1M

In this section, we wish to answer the question: will EWM help in an online recommendation setting?
Specifically, we study temporal credit assignment in a sequential recommendation setting using
the MovieLens-1M dataset. The policy architecture, environment dynamics, and total reward are
held fixed across all experimental conditions. The only experimental variable is how the reward
of a completed recommendation session is distributed across individual recommendation actions
before computing PPO returns and advantages. We compare four algorithms: dense ground truth
rewards, terminal reward only, uniform redistribution, and EWM-based credit redistribution, which is
an informed retrospective allocation of episode-level outcomes.

B.3.1 DATASET AND PREPROCESSING

We use the MovieLens-1M dataset, which contains one million explicit ratings from six thousand
users across three thousand movies. The ratings lie on a five-point scale. We split the dataset using a
global 90/10 split with random seed 42. This is neither a chronological split nor a per-user split, and
the training set has nearly the same coverage as the validation set.
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User features consist of user ID, gender, age group, and occupation. Movie features consist of movie
ID and up to six genre fields. All categorical fields use eight-dimensional embeddings. The resulting
concatenated user representation has 32 dimensions, while the concatenated movie representation has
56 dimensions. The environment uses dense zero-based user indices and movie indices.

B.3.2 TRAINING AND EVALUATION REWARD MODELS

The experiment uses two different dense reward matrices:

• Five-model DeepFM ensemble, which is used to simulate online feedback

• Six-factor matrix factorization, which is used only for policy evaluation and not for training,
i.e. an independent surrogate evaluator

DeepFM training simulator The training simulator is a five-member DeepFM ensemble. DeepFM
predicts a rating from a static user–movie feature tuple and does not read the user’s sequential viewing
history. For a given feature vector, its predicted mean combines a linear term, factorization-machine
interactions, and a nonlinear network:

R̂DF(u, i)b+ w⊤xui +
∑
p<q

⟨vp, vq⟩xui,pxui,q + fθ(E(xui)). (16)

The network contains two 128-unit ReLU layers. The ensemble is trained for five epochs using Adam,
batch size 2048, embedding dimension 8, and a L2 regularization coefficient of 0.1. After training,
each member predicts all possible user–action combinations. The five predicted means are averaged
to obtain a dense user x action matrix.

MF-based evaluation simulator Policy evaluation uses a separate matrix-factorization model with
six-dimensional user and movie factors. It is trained on the same 90% interaction split using mean
squared error, SGD with learning rate 0.1 and momentum 0.9, for 80 epochs. Its predictions for all
user-action pairs are clipped between 0 and 5 before being used by the environment. Consequently,
an RL test return is a cumulative score from an MF-completed surrogate environment.

What is the difference between DeepFM and MF? DeepFM and matrix factorization (MF)
are fitted on the same 90% training split, but differ in their inputs, architectures, and optimization
procedures. DeepFM uses user ID, gender, age group, and occupation, together with movie ID and
genre features. Each categorical field has an eight-dimensional embedding. The model combines
a linear component, factorization-machine interactions, and a nonlinear network with two 128-unit
ReLU layers. Five DeepFM models are trained for five epochs each using Adam and batch size 2,048;
their predictions are averaged to construct the dense training reward matrix. In contrast, MF uses
only user and movie identities. It learns six-dimensional user and movie factors and predicts ratings
through their inner products. The model is trained for 80 epochs using mean squared error and SGD
with learning rate 0.1 and momentum 0.9. Its predictions form the dense evaluation reward matrix.
Before use by the environment, the DeepFM ensemble predictions are shifted by subtracting their
global minimum, whereas MF predictions are clipped to [0, 5]. Optimizing dense DeepFM rewards
does not necessarily maximize MF evaluation return. Since both models use the same interaction split,
MF provides an alternative model-based evaluator rather than an independent source of ground-truth
user feedback.

B.3.3 SEQUENTIAL RECOMMENDATION ENVIRONMENT

At the beginning of each episode, a user is sampled uniformly from all 6,040 users. The environment
observation always consists of the user index and the most recent recommendation item. With random
initialization enabled, the first observation contains a randomly initialized movie and zero feedback;
this initial movie is not an action selected by the policy. The policy then acts by selecting one movie
to recommend. Episodes have a maximum horizon of 30 actions.
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B.3.4 ACTOR INPUT AND STATE REPRESENTATION

Thus, the actor receives a 57-dimensional state containing the average movie representation and
average recent feedback. The pretrained movie embeddings are initialized from the first DeepFM
ensemble member. At the first action, the state consists of the randomly initialized movie embedding
concatenated with zero feedback.

B.3.5 PPO POLICY

All algorithms use the same discrete PPO actor–critic network. The network has a shared two-layer
MLP that maps the 57-dimensional state through hidden layers of sizes 64 and 64 with ReLU
activation. Two separate heads of the network produce: (1) a masked categorical distribution over all
actions; (2) a scalar estimate for the possible future returns expected from the current state. Training
actions are sampled from the categorical policy, whereas evaluation uses the deterministic argmax
action. Stochasticity during training comes from categorical sampling. Advantages are normalized
within each minibatch. Gradients are clipped to a norm of 0.2. Both the actor–critic and state tracker
are optimized with Adam at learning rate 0.001.

B.3.6 TEMPORAL CREDIT-ASSIGNMENT CONDITIONS

For a completed trajectory, we construct the PPO learning reward in four ways:

• Dense, where the reward for each movie recommendation is passed to the PPO algorithm

• Lump, where the algorithm only observes the terminal reward, i.e. the sum of all dense
rewards

• Uniform, where the terminal reward is distributed uniformly across all past recommendation
actions

• EWM, where the reward assigned to each step is inferred by the EWM framework

B.3.7 EWM CREDIT REDISTRIBUTION

In the current instantiation, EWM uses claude-sonnet-4-5 as a retrospective credit allocator. For each
completed episode, the prompt contains three types of information:

• First, a user profile is constructed exclusively from the training split, containing information
such as gender, age group, occupation, etc.

• Second, each recommended movie (i.e. past actions) is described using its title, genres,
training-set average rating, and number of training raters. This is so that the EWM can have
context on what the recommendation task looks like.

• Third, EWM receives a scalar episode outcome

Crucially, the individual step rewards are never included in the prompt to the EWM. The EWM
sees only the aggregate terminal reward. The EWM must return strict JSON, assigning the terminal
reward to every recommended episode. Invalid or repeatedly unsuccessful judgments do not zero the
trajectory; instead, the original Lump allocation is retained.

Successful judgments are stored in an append-only cache keyed by the prompt version, user, and exact
ordered movie sequence. RL training runs share this cache and are run sequentially. This improves
efficiency and ensures that an identical cached trajectory receives the same credit allocation, and also
reduces the noise from LLM judgment. The current configuration uses eight concurrent requests, a
limit of 100 attempts per minute, a 240-second timeout, up to 2,400 output tokens, and a budget of
45,000 fresh episodes per seed. Two API keys alternate requests to the same model and endpoint; they
are a throughput mechanism, not two independent judges. Temperature is not explicitly specified.

B.3.8 TRAINING BUDGET

We use seeds 2023, 2024, and 2025. Each condition is trained for 100 epochs and 100 episodes per
epoch. PPO uses batch size 1,024 and one optimization pass per minibatch.
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B.3.9 EVALUATION PROTOCOL

Evaluation uses the MF-based environment and deterministic action selection. One evaluation
is performed before training and one after every epoch. Each evaluation contains 100 episodes.
Additional metrics include episode length, mean reward per turn, catalog coverage, intra-session
diversity, and novelty. For the main table, we recommend reporting the epoch-100 return for each
seed, followed by the mean and sample standard deviation across the three seed-level means.

B.3.10 RESULTS

5 4 3 2 1 0 5 10 15 20 25

01  Very Natural Thing, A (1974)
02  24-hour Woman (1998)
03  Pushing Hands (1992)

04  Cube (1997)
05  301, 302 (1995)

06  Amazing Panda Adventure, The (1995)
07  Threesome (1994)

08  Hurricane Streets (1998)
09  Squeeze (1996)

10  I'll Never Forget What's 'is Name (1967)
11  Ordinary People (1980)

12  Nothing Personal (1995)
13  Metroland (1997)

14  [Missing metadata; movie 740]
15  Snows of Kilimanjaro, The (1952)

16  Cyclo (1995)
17  Black Mask (Hak hap) (1996)

18  McCullochs, The (1975)
19  Barefoot in the Park (1967)

20  Nelly & Monsieur Arnaud (1995)
21  Something to Sing About (1937)

22  Catwalk (1995)
23  Blood and Sand (Sangre y Arena) (1989)

24  Terror in a Texas Town (1958)
25  Isn't She Great? (2000)
26  Dark Command (1940)

27  Clueless (1995)
28  She's So Lovely (1997)

29  [Missing metadata; movie 1761]
30  Jerry & Tom (1998)
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(a) EWM on MovieLens (b) Credit-allocation case study

Figure 8: MovieLens-1M policy learning and an illustrative credit allocation. (a) Mean evaluation
return across all seeds; shading shows the seed minimum–maximum range, not confidence intervals.
We see that the performance of EWM outperforms baselines dense feedback, uniform redistribution,
lump terminal reward, and an ablation where we anonymize all the item names in the EWM prompt
(so that the EWM does not get any information about the user). Here, each standard deviation is
across 100 evaluation episodes. (b) An example session (user 4707, row 573; 30 recommendations
in original order), where training rewards and evaluation scores increase to the left. We can see
that EWM predictions happen to line up quite well with MF predictions, especially when MF and
DeepFM issues different predictions about the same episode.
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Figure 9: Anonymized KuaiRand PPO results for Dense, Lump, Uniform and EWM. Each point is
a statistic from the same 100-episode evaluation. Total steps denotes the mean steps per episode,
not training steps or the sum across evaluation episodes. Eval return is mean cumulative reward
per episode. Similar to the anonymization ablation experiment in the MovieLens setting, we again
see here that EWM performs worse than dense baselines in the KuaiRand environment when the
environment does not provide information about the recommendation items in the dataset. In other
words, the EWM sees limited semantic information, because the EWM prompt primarily represents
videos through anonymous item and tag identifiers, which limits the usefulness of the LLM’s semantic
prior knowledge. This interpretation is consistent with the MovieLens anonymization results.
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