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ABSTRACT

Memory is essential for achieving fully autonomous robots in real-world settings,
yet reliably remembering fine-grained information in complex and dynamic en-
vironments for robots remains an unsolved challenge. While RNN-based ap-
proaches combined with reinforcement learning can handle simple memory prob-
lems, they often struggle with memory-intensive robotics tasks where success
hinges on subtle, fine-grained distinctions. Belief-based methods that leverage
privileged information offer a solution for partially observable Markov decision
processes (POMDPs). However, the current method focuses solely on recon-
structing the belief representation, while ignoring the strong coupling between
state variations and actions in the representation space. As a result, the struc-
ture of its latent representation is not well-suited to handling the high-dimensional
observations and complex dynamics encountered in robotic environments. Moti-
vated by this gap, we propose an action-informed belief reconstruction method.
Specifically, we employ Flow Matching to model inverse dynamics as a structural
constraint, explicitly steering the latent belief distribution to align with action re-
quirements. By formulating this auxiliary objective within the latent space, our
approach enforces strong causal coupling that better preserves fine-grained infor-
mation and achieves strong performance on the memory-intensive robotic manip-
ulation benchmarks.

1 INTRODUCTION

In recent years, memory has attracted increasing attention and is widely considered a key component
for building general-purpose intelligent agents (Hu et al.,|2025; Chhikara et al., |2025). Despite this
progress, memory-intensive tasks for robotics in the physical world remain relatively underexplored.
For embodied agents, memory is not merely an auxiliary capability: it is often a prerequisite for
autonomy. For example, a fully automated cooking robot must retain and recall a large amount of
procedural knowledge (e.g., recipes and intermediate steps) in order to reliably complete real-world
cooking tasks.

However, acquiring the memory capability for robotics described above is highly challenging. Tak-
ing robotic manipulation as an example, a robot must operate in complex, dynamic environments,
where it needs to perceive, understand, and remember task-relevant objects—either static objects or
objects moving through the physical world at varying speeds—while executing appropriate actions.
This is undoubtedly a highly challenging problem.

Recently, there has indeed been growing interest in memory-dependent tasks for robotics, but most
existing efforts build memory management on Transformer-based (Cherepanov et al., 2024)) or vi-
sion—language—action (VLA) architectures (Kim et al., 2024} |Sridhar et al., 2025). In contrast,
reinforcement learning (RL), as a classical paradigm in robot learning, features a lightweight and
concise architecture and still achieves leading performance on many robotic tasks, remaining one of
the mainstream approaches in robotics. However, for memory-related manipulation, the dominant
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RL solutions largely remain limited to augmenting policies with recurrent neural networks (RNNs),
which has been shown to be ineffective on recent, more complex memory-intensive robotics manip-
ulation benchmarks (Cherepanov et al., 2025a).

An alternative direction for reinforcement learning in memory tasks is to learn belief representa-
tions with privileged information, a paradigm where additional state information is available during
training but not at execution time. Prior work (Pinto et al., 2018} Baisero & Amato, [2021) focus
on partial observability that arises naturally from robotic cameras, and thus do not consider extra
“unobservable information” such as memory. |Wang et al.| (2023) explores environments contain-
ing more “unobservable information” and achieves strong performance on POMDP problems with
unobservable information. However, this method is evaluated primarily in grid-world settings that
require a relatively simple dynamic model, and it overlooks the strong causal coupling between be-
lief representations and actions in the latent space, which makes the dynamic model more complex
in the memory-intensive robotic manipulation tasks.

Building on this observation, we consider introducing auxiliary tasks and representation learning to
improve the structure of belief representations. Inverse dynamics is widely regarded as an effec-
tive representation learning objective for action-relevant multi-task learning (Brandfonbrener et al.}
2023)), and incorporating it into belief learning has the potential to strengthen the alignment between
reconstructed belief representations and the action structure required for control. However, existing
VAE-based belief methods (Wang et al., 2023 |Kingma & Welling| 2014) typically adopt a static,
history-independent prior, which prevents the model from retaining—during inference—the struc-
tured information injected into the latent space by auxiliary objectives (e.g., inverse dynamics). As a
result, these frameworks cannot readily support auxiliary multi-task learning. Moreover, belief mod-
eling relies on data collected under stochastic actions to enrich representation diversity; however, we
find that conventional supervised inverse dynamics is difficult to train effectively when predicting
such random actions from the latent space.

To address these limitations, we propose a new privileged-information method, namely the action-
informed belief (AIB) modeling approach. We design a belief modeling framework with more
consistent training and inference, so that the structured information learned during training can be
better preserved and utilized at test time. Building on this framework, we further introduce an
inverse dynamics objective with flow matching (Liu et al., 2022) in the latent space, which can al-
leviate the representational limitations of conventional inverse dynamics when operating in latent
space. The key idea is to jointly shape the latent space with two coupled objectives: while learning
to reconstruct belief representations from latent variables, we simultaneously solve a latent-space
inverse dynamics task with flow matching. The action-prediction gradients are backpropagated into
the latent variables, reshaping the latent distribution to better reflect the structure required for ac-
tion control and thereby enabling more faithful belief reconstruction. On memory-intensive robotic
manipulation benchmarks, our method outperforms strong privileged-belief baselines.

(1) We are the first to incorporate privileged information belief modeling into reinforcement
learning for complex memory-intensive robotic tasks, substantially improving performance
on memory-intensive robotic manipulation benchmarks.

(2) We propose an action-informed belief learning method that leverages Flow Matching to
impose dynamic constraints on the latent space. Our method further improves performance
over strong baselines on memory-intensive robotic manipulation benchmarks.

2 PROBLEM SETTING: ROBOT MEMORY TASKS AS POMDPs

Robot memory tasks are control problems in which successful decision-making depends on task-
relevant information that was observed earlier in the episode but is not fully available in the current
observation. In our setting, each task contains an episode-specific variable that must be remembered
for success, such as the identity or attributes of a previously presented target. Therefore, acting
solely on the current observation can be insufficient.

The robot memory task is a class of POMDPs in which the partial observability arises from task-
relevant information that must be retained over time. Following the standard formulation of partially
observable Markov decision processes (POMDPs), we model a robot memory task as

M =(S,A,0,T,R,Q,7).
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Figure 1: Overview of AIB. A compact privileged representation u = ¢(s) is first learned, which
is presented in Algorithm |1l During belief modeling, the posterior ¢(z | w,h) is trained with a
flow-matching inverse-dynamics objective and distilled into the history-conditioned prior p(z | h)
through KL matching. At deployment, prior samples are decoded into particles ;, aggregated into
the belief b(h), and combined with the current observation for PPO.

where S is the state space, A the action space, O the observation space, T the transition kernel, R
the reward function, {2 the observation model, and -y the discount factor. Additional definitions and
background on POMDPs and reinforcement learning are provided in Appendix [El At time step ¢, the
environment is in state s; € S, the robot executes action a; € A, and receives observation o, € O.
We decompose the state as

St = (§t7mt),

where §; denotes the ordinary environment state and m; denotes the task-relevant memory variable.
The environment evolves according to

str1 ~ T(- | se,a),
and the agent receives observations through

Oy ~ Q( | St).

Belief is also a common component in POMDPs. The belief state is the posterior distribution
bi(s) = Pr(st = s | he),

where h; denotes the interaction history. In our work, we consider a compact latent encoding u; =
¢(s¢) and approximate the belief as

b(he) = p(ug | he).
3 METHOD

Inspired by prior work (Wang et al.|[2023)), we propose Action-Informed Belief (AIB), a privileged-
information-based belief modeling method that explicitly couples belief learning with action-
informed dynamics. Specifically, AIB employs Flow Matching (Liu et al.,|2022) to model inverse
dynamics as a soft constraint in the latent space. By backpropagating these gradients, we explicitly
steer the latent representation to align with the action dynamics. This enforces a strong structural
coupling, making the belief state more robust for complex, high-dimensional robotic environments.

Our approach consists of three stages: representation learning, belief modeling and online reinforce-
ment learning. Our final objective is to learn a policy of the form

m(as | o4, b(ht)),
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Algorithm 1 Learning compact state representations.

1: Input: Dataset D = {(St, Ot, Aty Tty St41, Ot—‘,—l) 01 <t< N}
2: repeat
3:  Sample transition (s¢, 0¢, at, 7t, St41,0t4+1) ~ D.

4:  Sample latents uj ~ ¢(- | s;), uy ~ P(- | o).
5: Predict 7y, 4f 1, 4f,, = g(uf,uf, a).
6:  Compute targets ug,y ~ ¢(- | Se41), ugyy ~ V(- | 0p41).
7: Er = (Tt - T'At)Q.
. 2
8 L,= Hstopgrad(ufﬂ) - ufHH .

9: L, = ||stopgrad(ug, ) — ﬁ§+1||2
10: Lk = KL[@(- | s¢) [| N(0, I)].
11:  Update ¢, 9, gon A\ L, + AsLs + ALy + AL LKL.
12: until convergence

13: Output: State encoder ¢.

where the belief representation b(h;) is obtained by encoding the interaction history h; with a Gated
Recurrent Unit (GRU) (Chung et al., [2014). The resulting belief is then concatenated with the
current observation o, and fed into the policy network to produce actions and execute action in the
environment.

As illustrated in Figure |1} AIB consists of three stages. First, it train a representation model as the
input in the next stage. Next, it infers a belief representation. Finally, this belief representation is
used to optimize the policy online with PPO for robot memory tasks.

3.1 REPRESENTATION LEARNING

In the first stage, we collect an offline dataset with a random policy to train the representation model.
We acknowledge that this stage is substantially based on (Wang et al.,[2023). The goal of this stage
is to learn a compact state encoder ¢ that preserves task-relevant information. Moreover, to better
scale to real-world robotic settings with high-dimensional and complex sensory inputs, we aim to
reduce redundancy between privileged states and visual observations. Concretely, we encourage
information that is directly observable to be captured by the observation stream, while the state
representation stores only unobservable yet task-relevant factors.

To achieve the first goal, we adopt a bisimulation (Zhang et al.| 2020} |Gelada et al., [2019)) method:
by predicting rewards and latent dynamics conditioned on actions, the learned state representation
is encouraged to retain information that is important for decision making. Specifically, given a
transition (s, o¢, ag, rt, St+1, 0t4+1), we encode the privileged state and observation as uf = ¢(s;)
and u? = 1)(o4), and train a predictor g to estimate the reward and next-step latents:

(fta ﬁ§+17 ﬂ;rl) = g(uf, u?7 at)a
where these terms (7,47, (,4¢, ) is the predicted value. To achieve the second goal (reducing
overlap between state and observation information), we jointly train the state encoder ¢ and obser-
vation encoder v with an variational information bottleneck (Alemi et al.,[2016) on the privileged
state representation. The specific way is treating ¢, ¢ as stochastic encoders, encouraging to retain
only task-relevant information beyond what is already available from observations. In practice, We
regularize the state encoder via a KL penalty,

Ly, = KL[o(- | s¢) [N (0, )],
and optimize the overall representation learning objective
£repr = )\rﬁr + )\sﬁs + /\oﬁo + )\KL‘CKL-

This joint training encourages ¢ and 1) to compete for explanatory capacity, thereby reducing re-
dundant information and yielding a more compact privileged representation for downstream belief
learning. The specific training algorithm is in Algorithm [T}

Although we introduce multiple auxiliary tasks at this stage, ultimately we retain and use only the
state encoder ¢.
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3.2 ACTION-INFORMED BELIEF MODELING WITH LEARNED PRIORS

Given the compact state encoder learned in stage 1, we denote the compact representation as u; =
¢(s¢) for simplicity. In stage 2, our goal is to learn a belief model that estimates the conditional
distribution p(u | h;) from the GRU-compressed history /. As shown in Figure[I] our method and
workflow can be clearly illustrated.

VAE for belief modeling We consider using a VAE-based architecture (Kingma & Welling,
2014), which has been shown to model complex distributions and to handle belief modeling in
POMDPs (Wang et al.| |2023). From a probabilistic perspective, we aim to maximize the conditional
log-likelihood over the dataset D:

max Ey, n,)~o [logp(ug | he)]-

To effectively capture the inherent uncertainty and multimodal distribution of the state u; in this ob-
jective, we follow the formulation in Believer (Wang et al., 2023), which introduces a stochastic la-
tent variable z;. In these prior approaches, z; is typically sampled from a fixed, history-independent
standard Gaussian prior p(z;) = N (0, I), leading to the joint factorization:

p(ug, he, ze) = p(he) p(2t) po(us | he, 2t).

However, relying on a fixed standard Gaussian prior implies that during inference, the latent vari-
able z; acts as a generic random variable, decoupled from the dynamic context of the history h;.
This static assumption creates a fundamental limitation: such an unstructured latent space is in-
compatible with our proposed flow-matching auxiliary task, which requires z, to encode specific
action-dependent structures to predict inverse dynamics. Consequently, any causal coupling learned
during training is effectively lost at deployment time.

Generative model with a learned prior To bridge the gap between training-time constraints and
inference-time sampling, we propose to replace the static Gaussian distribution p(z;) with a learn-
able, history-dependent prior p,(z; | h:). Unlike the fixed prior which models z; as a generic
random variable, our learned prior predicts a structured latent distribution conditioned directly on
the interaction history:
p(ut, z¢ | he) = poluy | ht,Zt)Pn(Zt | ht).

Here, p,, acts as a dynamic generator optimized to match the geometry of the latent space. However,
since exact inference is intractable, we resort to variational inference and introduce an inference
network g, (z¢ | u¢, hy) to approximate the true posterior. Crucially, this g, serves as a teacher
during training: it has access to privileged information w; and is directly steered by our auxiliary
structural constraints. By minimizing the divergence between g, and p,, we effectively distill this
action-aligned structure into the prior, ensuring that the causal dependencies learned during training
are preserved during deployment. The resulting ELBO objective is

Lot = B, eofuen) [108 20 (e | e, 20)] = Dict(ap(ze e, he) || py(z1 | ).

Importantly, as we talked before, the KL term above serves not merely as a regularizer but as
a knowledge distillation channel: it forces the learned prior p,(z: | h:) to match the posterior
4y (z¢ | ug, he), which contains privileged state information and (as described next) auxiliary action-
informed semantics. Consequently, at deployment time when w; is unavailable and the agent only
conditions on h;, samples z; ~ p,,(zt | he) can still retain structured information learned during
training.

Action-informed constraints Building on the learned-prior VAE, we obtain a history-conditioned
latent space where the posterior g, (2; | s, ht) is available during training and the learned prior
pn(2¢ | he) is used at deployment. We leverage this latent space to inject action-informed semantics
via an inverse-dynamics objective, i.e., modeling p(a; | 2, z¢41) so that z; captures information
predictive of actions.

A practical challenge is that our belief model is trained from random-policy offline data, where
inverse-dynamics supervision can be noisy and prone to regression-to-the-mean, resulting in weak
or unstable gradients for shaping the latent geometry. To obtain a robust learning signal under such
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stochasticity, we cast inverse dynamics as a conditional generative modeling problem and introduce
a flow-matching auxiliary loss to model p(as | 2¢, z¢41).

Specifically, we adopt a rectified-flow (Liu et al., 2022) parameterization over actions conditioned
on (24, 2¢41)- Let ag ~ N(0,T) be Gaussian noise, a; = a; be the data action, and 7 ~ U(0,1).
We define the straight-line interpolation

ar = (1 —71)ag + Taq,

whose target velocity field is the constant vector (a1 — ap). We then train a conditional vector-field
network ve(ar, T, 2¢, 2¢41) to match this rectified-flow velocity, yielding

Ly = E[va(anﬂ 2ty ze41) — (a1 — aO)Hﬂ’

where the expectation is taken over transitions from the offline dataset, 7 ~ U(0,1), ag ~ N (0, 1),
and latent variables sampled from the posterior (e.g., z: ~ q,(2¢ | ut, he) and zep1 ~ qp(2e41 |
Upt1, Pey1)).

The gradients of Lryv backpropagate through (2, 2;11) into the inference network g¢,,, effectively
steering the latent space to align with the action manifold. Crucially, this dynamics-aligned structure
learned in the posterior is transferred to the deployment prior p,(z; | h:) through the KL term in
Lyag, yielding action-informed belief modeling with learned priors. Our final objective is

Lol = —Lvag + A Lem.

3.3 ONLINE REINFORCEMENT LEARNING

During policy deployment, we need to infer the belief distribution over the current latent state con-
ditioned on the observation history h. We approximate this distribution via Monte Carlo sampling
by drawing a set of representative samples from the generative model. Concretely, we first sample
latent variables z; ~ p,(z | h) using the learned history-conditioned prior, and then feed each z; into
the decoder to produce the corresponding state encoding ;. The resulting history-driven sample set
(i1, ..., Uy,) constitutes the belief state b(h) used by the agent for decision making. We use the
following network architecture to encode the samples and perform the aggregation:

W(b(ht)) = Wagg (711 Z Wenc('&t,i)> )

where Wey,. and W, are neural networks.

Finally, we concatenate the inferred belief b(h) with the current observation o and use them as inputs
to the PPO actor and critic networks. Our work in this section is similar to prior work (Zaheer et al.,
2017;|Wang et al.,2023)). During PPO online training, we freeze the belief-related parameters, while
leaving the belief aggregator parameters trainable.

4 EXPERIMENT

4.1 EXPERIMENT ENVIRONMENT

We conduct our experiments on the MIKASA-Robo benchmark (Cherepanov et al.,[2025a), which
categorizes tasks into three difficulty levels: Easy, Medium, and Hard. In the MIKASA-Robo evalu-
ations, conventional online methods such as PPO and PPO with LSTM, as well as offline approaches
including Diffusion Policy and Decision Transformer, perform poorly even on Easy or Medium
tasks. As a result, MIKASA-Robo has recently been regarded as a highly challenging memory-
intensive robotic manipulation benchmark.

Our experiments primarily focus on Medium and Hard tasks to demonstrate that our privileged-
information-based method can perform well under extremely challenging conditions. Specifically,
we evaluate four tasks: RememberColor9, RememberShapeAndColor3x2, InterceptMedium, and
InterceptFast. To further illustrate the difficulty, consider RememberColor9: among the offline
methods reported on the MIKASA-Robo benchmark, the best one achieves only 0.17 success rate
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(Cherepanov et al., [2025a), and a more recent state-of-the-art method targeting memory tasks im-
proves this only to 0.23 (Cherepanov et al., 2025b). In our experiments, online methods like vanilla
PPO perform even worse, highlighting the substantial difficulty of this task suite.

The MIKASA-Robo environments consist primarily of a robotic arm and several tabletop objects.
Each task involves an episode-specific variable that must be remembered. Further details of the
environment are provided in Appendix [A]

4.2 EXPERIMENT SETUP

Our experimental results focus on comparing three algorithms: vanilla PPO (Schulman et al.,|2017),
a strong baseline Believer + PPO (Wang et al., [2023)), and our Action-Informed Believer + PPO.
Since the MIKASA-Robo benchmark has already shown the weak performance of methods such as
LSTM+PPO on this suite, we do not repeat those evaluations. Instead, in our subsequent experi-
ments, we focus on comparing against Believer, which has demonstrated substantial improvements
over vanilla PPO. We choose these two baselines for the following reasons. PPO is a classic and
strong baseline for robotic control, and we aim to examine whether it can maintain its strong perfor-
mance on the memory-intensive MIKASA-Robo benchmark. In addition, Believer has demonstrated
excellent performance on POMDP problems, making it a suitable and strong baseline for memory-
intensive robotic manipulation tasks, which are also naturally formulated as POMDPs.

For a fair comparison, we keep all shared architectural and training hyperparameters identical across
the three algorithms on the same task. For example, when comparing AIB with the Believer baseline,
we use the same PPO hyperparameters and the same VAE architecture/training settings for each task.
The only additional component in AIB is the flow-matching inverse dynamics objective, which
introduces one extra hyperparameter specific to this loss. After training the VAE with the same
hyperparameter settings, we evaluate our module in reinforcement learning environments using the
same three random seeds. We provide more training details in Appendix [B]

4.3 MAIN RESULT

We represent the curve with success_once metrics under evaluation mode, which is in the Figure[2]
We also average the results from the last three evaluations and report them in Table [1| to quantita-
tively analyze the advantage of our method. We also report the success_at_end metrics and additional
metric comparisons like the maximum achieved performance in Appendix [C| Overall, our method
improves over all baselines on three of four tasks, with varying margins. One notable exception is In-
terceptMedium, where PPO eventually surpasses our method late in training. However, on the other
key metric, success end presented in the Appendix [C| PPO’s performance on the InterceptMedium
task remains close to zero, which indicates that the surpass of PPO in this task is unusual.

Table 1: Eval success (success_once). Task names are abbreviated (see Appendix . Results are
mean+std over 3 seeds. Best results are bolded.

TASK PPO+AIB PPO+BELIEVER PPO
RSC3x2 0.8240.04 0.76+0.02 0.04+0.02
RC9 0.36+0.07 0.35£0.03 0.17£0.03

IMED 0.54£0.06 0.56+0.10 0.70+0.14
IFAST 0.67+0.07 0.52+0.14 0.01+£0.01

AVG 0.60+0.18 0.55+0.17 0.23+0.29

In addition, although all three methods exhibit some instability on the hardest tasks (e.g., Intercept-
Fast), our approach is consistently faster in both improvement and convergence than Believer+PPO.
For example, on RememberShapeAndColor3x2, our method reaches the final success rate achieved
by Believer at 10M steps already at around 4M steps. We believe this is because the belief learned
with the inverse dynamics auxiliary objective yields a more task-relevant representation space, which
helps the RL agent adapt to the environment more quickly in the early stages of training.
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Figure 2: Success_once results across tasks on 3 seeds. Red: PPO+AIB (Ours), Blue:
PPO+Believer, Green: PPO.

4.4 ABLATION STUDY

We further discuss whether the flow-matching-based inverse dynamics objective is truly necessary.
In addition, our method involves two key innovations, namely the learnable prior and the action head.
In this ablation study, we also completely remove the action head in order to explicitly isolate and
examine the contribution of the learnable prior alone to the performance improvement. We conduct
an ablation study on InterceptFast, which is categorized as a hard task in MIKASA-Robo. In this
task, the robotic arm must catch a small ball rolling at high speed with varying velocities. We believe
this task critically depends on the robot’s ability to capture fast-changing environment dynamics, and
therefore best reflects the necessity of inverse dynamics. Keeping all other components fixed, we
compare two variants of our method to isolate the effect of inverse dynamics: (1) removing the action
head entirely, and (2) using a standard inverse dynamics objective that replaces flow matching with a
conventional regression loss (e.g., MSE) to predict actions. Our results in the Figure [3|show that the
flow-matching-based inverse dynamics achieves superior performance on this dynamics-sensitive
task and the necessity of our flow-matching-based action head.

1.0

== AIB+PPO
=== AIB+PPO (Without Action Head)
0.8 1 = AIB+PPO (With Mse Inverse Dynamic)

success
o
o
L

=]
ES
L

0.2

0.0 -

0.0 0.2 0.4 0.6 0.8 1.0
steps le7

Figure 3: Ablation Results on InterceptFast-v0 on 3 seeds (success_once). Red: AIB+PPO, Blue:
AIB+PPO (Without Action Head), Green: AIB+PPO (with MSE Inverse Dynamic).
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4.5 EFFECT OF THE FLOW-MATCHING L0OSS WEIGHT ON TRAINING STABILITY

In our experiments, we found that although we had already adopted relatively small parameter values
to train the model more conservatively, the model still exhibited instability, such as high variance.
To further investigate this phenomenon, we analyzed the effect of our action-informed belief method
on model stability. Specifically, we compared the impact of the flow matching loss weight on both
success rate and stability in the[d]

1.0
= PPO+AIB (A=1)
=== PPO+AIB (A=0.1)
0.8 - === PPO+AIB (A=0.01)

0.6 -

success

0.4

0.2

0.0 T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
steps le7

Figure 4: Sensitivity of training stability and final performance to the flow-matching loss weight on
InterceptFast-v0 (3 seeds, success_once). Red: AIB+PPO (A\=1), Blue: AIB+PPO (A=0.1), Green:
AIB+PPO (A=0.01). Where A represents the weight for the flow matching inverse dynamic loss.
over the last three evaluations and then across seeds gives 0.666 + 0.072 for A = 1, 0.623 + 0.081
for A = 0.1, and 0.446 + 0.011 for A = 0.01

The experimental results show that when A = 0.01, the action head has only a limited effect on
the model, resulting in a relatively low success rate, but it can effectively improve training stability.
When A = 1, although the variance of the model increases to some extent, the success rate is
significantly improved.

5 DISCUSSION

We propose an action-informed belief modeling method that applies a flow-matching-based inverse
dynamics objective in the latent space to address the decoupling between belief modeling and con-
trol in prior work. In existing approaches, the VAE-based belief model exhibits a mismatch between
training and inference during subsequent reinforcement learning, and its architecture is not compat-
ible with our goal of introducing an inverse dynamics auxiliary task in the latent space. To enable
this idea, we augment the original VAE framework with a learnable prior distribution. Our method
outperforms current strong baselines on challenging memory-intensive robotic manipulation tasks.

Meanwhile, we acknowledge that our method still has limitations. Although it improves the average
success on hard tasks, it still appears to suffer from instability. In our implementation, we found
that this may be partly due to the need for further PPO hyperparameter tuning, and partly due to
the nature of memory tasks themselves: when the policy is not yet sufficiently accurate, success or
failure in remembering can induce a large reward gap. Our work primarily tackles the memory for
robotics from the perspective of improving belief modeling; however, we believe it is a promising
direction to explore how to better integrate the learned belief information into the reinforcement
learning architecture (e.g., PPO) to further enhance training stability and performance.

Since we train an additional action head, we also experimented with replacing the random data used
for belief training with expert data, aiming to pretrain an action head that outputs expert actions.
However, based on our preliminary attempts, expert data seems ill-suited for belief training: in
several trials, both the Believer baseline and our method performed poorly when trained on expert
data. We leave a deeper investigation of this phenomenon as a promising direction for future work.
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A ENVIRONMENT DETAILS

We provide a detailed description of our experimental environments. MIKASA-Robo reports two
success metrics: success_once and success_at_end. A trajectory is counted as success_once if the
agent achieves success at any point within the episode, and as success_at_end if the agent remains
successful at the end of the episode.

A.1 REMEMBERCOLOR

The RememberColor environment consists of a robotic arm and several tabletop objects. At the
beginning of each episode, the environment presents the target object to be remembered; the object
then disappears, and multiple objects with identical shapes but different colors appear on the table.
The robot succeeds if it correctly identifies the target object and touches it with the robotic arm.
The environment has three variants: RememberColor3, RememberColor5, and RememberColor9.
They differ in the total number of objects presented, while the number of target objects to remember
remains one, resulting in an increasing difficulty from easy to medium to hard. We represent the
environment of RememberColor9 as a example in the Figure[J]

(a) The initial presentation stage of the Remember- (b) The next stage of the RememberColor9 task, in

Color9 task, during which the colors of the objects to  which the robotic arm is required to select, from nine

be remembered are shown. objects of different colors, the one whose color was
just presented.

Figure 5: The task environment for RememberColor9. Panel shows the initial presentation stage,
and panel [5b|shows the selection stage.

A.2 REMEMBERSHAPEANDCOLOR

The RememberShape AndColor environment consists of a robotic arm and multiple tabletop objects.
At the beginning of each episode, the environment briefly presents a target object that the robot
must remember; the object then disappears, and a set of objects appears on the table. These objects
vary in both shape and color, requiring the robot to recall the target’s attributes and identify the cor-
rect instance among visually similar distractors. The robot succeeds if it touches the correct object
with the robotic arm. The environment includes three variants: RememberShapeAndColor3x2, Re-
memberShapeAndColor3x3, and RememberShapeAndColor5x3, where the notation indicates the

12



Accepted as a workshop paper at ReALM-GEN, ICLR 2026

number of shapes and colors, respectively. As the number of possible shape—color combinations
increases, the task becomes progressively more difficult from easy to medium to hard. We represent
the environment of RememberShapeAndColor3x2 as a example in the Figure|[§]

(a) The initial presentation stage of the Remember- (b) The initial presentation stage of the Remember-
ShapeAndColor3x2 task, during which the colors of ~ ShapeAndColor3x2 task, during which the colors of
the objects to be remembered are shown. the objects to be remembered are shown.

Figure 6: The task environment for RememberShapeAndColor3x2. Panel @ shows the initial pre-
sentation stage, and pane1|6_5| shows the selection stage.

A.3 INTERCEPT

In the Intercept suite, the environment consists of a robotic arm, a small ball on a tabletop, and a
target region. In each episode, the ball rolls from one side of the table to the other at a randomly
sampled speed, and the robot must push the ball into the target region during its motion. The suite
includes three variants—InterceptSlow, InterceptMedium, and InterceptFast—which correspond to
different speed ranges of the ball and therefore represent increasing difficulty from easy to medium
to hard. We represent the environment of InterceptFast as a example in the Figure[7]

(a) In the InterceptFast task, the ball moves rapidly (b) This figure shows the ball after it has rolled some
forward at the start. This figure shows the ball leaving  distance following the start of the InterceptFast task.
its starting point.

Figure 7: This figure shows the environment of the InterceptFast task. Panels and depict the
initial state of the ball’s motion and its state after moving for a period of time, respectively.
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B HYPERPARAMETERS

Here, we report the hyperparameters and some implementation details used in our training. All three
PPO-based algorithms are trained using the same dataset/configuration for PPO training. Among
the training-related hyperparameters, we only slightly tune a small number of parameters (e.g.,
update_epochs; the guiding principle is that harder tasks require slower updates to stabilize PPO
convergence. You can find the specific hyperparameters in Tables 2] and[5

Across different tasks, we keep the hyperparameters of the first two belief-training stages—i.e., the
representation model and the belief model (VAE)—fixed and consistent. However, due to differ-
ences in task difficulty and the well-known sensitivity of PPO to hyperparameter choices, we make
minor adjustments (typically 1-2 hyperparameters) between tasks of different difficulty levels, while
keeping the vast majority of settings unchanged. Our adjustment principle is that harder tasks re-
quire slower PPO updates to ensure stable convergence. In our empirical tests, using the same PPO
configuration for hard tasks as for easy ones often led to training collapse in later stages.

For the random data we collect for the representation learning and belief modeling. We note that
the original MIKASA-Robo environment does not natively support obtaining both obs and state in
the required format. Therefore, we make minor modifications to certain conditional checks in the
MIKASA-Robo codebase so that the environment can return the state alongside the obs for dataset
construction. Importantly, this modified environment is used only for data collection; when training
PPO, we still use the original, unmodified MIKASA-Robo environment. Although the number of
VAE epochs may appear somewhat high compared to common practice, this setting was obtained by
strictly following and tuning based on the Believer baseline implementation. From the PPO learning
curves, training converges well, and we do not observe signs of overfitting.

Table 2: VAE training hyperparameters.

PARAMETER VALUE

LR 3E-4
EPOCHS 10000
BATCH-SIZE 256
LATENT-DIM 32
BETA 1.0

Table 3: AIB training hyperparameters.

PARAMETER VALUE
LR 3E-4
EPOCHS 10000
BATCH-SIZE 256
LATENT-DIM 32
BETA 1.0
ACTION-LAMBDA 1.0

C ADDITIONAL RESULTS’ METRICS

Here, we present additional metrics for the four tasks used in the main experiments, including the
learning curves for success_at_end in Figure [§|and quantitative results from the last three evaluations
in Table [6] as well as quantitative results in evaluation mode for the maximum success rates of
success_at_end and success_once in the Table[/|and Table 8| respectively.
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Table 4: Representation-model training hyperparameters.

PARAMETER VALUE
LR 3E-4
EPOCHS 200
BATCH-SIZE 500
LATENT-DIM 16
BETA 0.03
DYNAMICS-LOSS-S-COEF 0.3
DYNAMICS-LOSS-0-COEF 0.03
REWARD-LOSS-COEF 10

Table 5: PPO training hyperparameters across four tasks (RSC3x2: RememberShapeAndColor3x2-
v0; RC9: RememberColor9-v0; IMed: InterceptMedium-vO0; IFast: InterceptFast-v0).

PARAMETER RSC3x2 RC9 IMED IFAST
TOTAL TIMESTEPS 10,380,000 10,380,000 10,000,000 10,000,000
NUM ENVS 200 200 256 256
ROLLOUT STEPS (NUM-STEPS) 60 60 90 90
LEARNING RATE 1E-4 1E-4 1E-4 1E-4
UPDATE EPOCHS 4 2 2 2
DISCOUNT FACTOR 7y 0.95 0.95 0.99 0.99
GAE LAMBDA A\ 0.9 0.9 0.9 0.9
ENTROPY COEF 0.001 0.001 0.001 0.001
TARGET KL 0.05 0.05 0.05 0.05
FINITE-HORIZON GAE FALSE FALSE FALSE FALSE
OBSERVATION RGB + JOINTS RGB + JOINTS RGB + JOINTS RGB + JOINTS

Table 6: Eval success (success_at_end). Task names are abbreviated (see Appendix . Results are
mean+std over 3 seeds.

TASK PPO+AIB PPO+BELIEVER PPO

RSC3x2 0.81+0.03 0.74+0.04 0.01£0.01
RC9 0.25+0.06 0.21£0.01 0.10£0.01
IMED 0.17+0.04 0.11£0.03 0.02+0.02
IFAST 0.09+0.03 0.08+0.02 0.00+0.00
AVG 0.334+0.29 0.28+0.27 0.03+0.04

Table 7: Eval success (success_once). Task names are abbreviated (see Appendix . Results are
mean+std over seeds.

TASK PPO+AIB PPO+BELIEVER PPO

RSC3x2 0.87+0.01 0.82+0.01 0.14+0.03
RC9 0.41+0.08 0.38+0.03 0.20+0.02
IMED 0.68+0.01 0.65+0.07 0.71+0.13
IFAST 0.77£0.06 0.69+0.12 0.02+0.02
AvG 0.69+0.18 0.63+0.17 0.27+0.28
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Figure 8: Success_at_end results across tasks on 3 seeds. Red: PPO+AIB (Ours), Blue:
PPO+Believer, Green: PPO.

Table 8: Eval success (success_at_end). Task names are abbreviated (see Appendix IEI) Results are
mean=+std over seeds.

TASK PPO+AIB PPO+BELIEVER PPO
RSC3x2 0.86+0.01 0.80+0.02 0.04+0.01
RC9 0.28+0.05 0.23£0.02 0.15£0.02

IMED 0.23+0.02 0.18+0.03 0.03+0.01
IFAST 0.14+0.01 0.12+0.02 0.00+£0.00

AVG 0.38+0.28 0.33+0.27 0.05+0.06
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D RELATED WORK

D.1 RECURRENT DEEP REINFORCEMENT LEARNING

Reinforcement learning (RL) has long been studied as a framework for sequential decision-making,
but early approaches often struggled to scale to environments with high-dimensional observations.
The combination of deep learning and RL enabled policies and value functions to be represented
by neural networks, leading to the success of deep reinforcement learning (DRL) methods such as
DQN (Mnih et al., [2013)), which achieved strong performance on high-dimensional visual domains
including Atari games.

Beyond value-based methods, actor-critic algorithms provide a principled way to optimize parame-
terized policies, and have become a widely adopted backbone for modern DRL (Konda & Tsitsiklis}
1999)). Proximal Policy Optimization (PPO) further improves the stability and practicality of actor—
critic training and is commonly used as a strong baseline across a wide range of continuous control
benchmarks (Schulman et al., 2017).

To address partial observability, recurrent architectures have been integrated into DRL to en-
able agents to aggregate information over time. DRQN |Hausknecht & Stone| (2017)) incorporates
LSTM |Hochreiter & Schmidhuber| (1997) into the DQN framework, improving performance in
POMDP settings by conditioning on observation histories rather than only the current observation.
More broadly, recent work has explored various memory mechanisms for RL, including designs
inspired by cognitive science (Morad et al.l 2023), as well as methods that analyze and mitigate
training instabilities such as vanishing gradients in memory-dependent RL tasks (Le et al.| 2025).

D.2 EXPLOITING PRIVILEGE INFORMATION

Early approaches to solving POMDPs primarily relied on explicitly modeling the environment dy-
namics. For example, |Cassandra et al.| (1997) proposed an efficient dynamic programming method
for solving POMDPs by exploiting structured planning.

Ross et al.[(2011) model belief states via Bayesian updates. Hafner et al.[(2021) introduced deep be-
lief representations by combining gaussian distribution with deep neural networks, achieving strong
performance on challenging partially observable domains such as Atari. (Chen et al.|(2022) further
improved the expressiveness of belief modeling by incorporating normalizing flows to capture more
complex distributions.

Igl et al.| (2018) proposed a POMDP method for reinforcement learning that uses variational infer-
ence to model environment beliefs, outperforming traditional approaches that rely solely on neural
network memory.

Pinto et al.| (2018) introduced a privileged-information training paradigm for robotic RL. Since
robotic observations are often partially observable, their method stabilizes learning by training the
critic with access to the full state instead of raw observations, improving robustness under partial
observability. Baisero & Amato|(2021) analyzed the theoretical foundations of asymmetric training
and showed that it can introduce bias. They further proposed an unbiased asymmetric actor—critic
variant to address this issue. 'Wang et al.| (2023)) proposes a belief modeling approach that combines
representation learning with a VAE. During training, it leverages and optimizes state representations,
and then uses a VAE to learn the mapping from interaction history to the belief representation. They
model uncertainty in POMDPs by sampling the latent variable from a Gaussian distribution.

D.3 MEMORY FOR ROBOTICS

Although the notion of memory has attracted attention in robot learning for quite some time (Zhang
et al., 2016} [Heess et al., 2015)). However, in recent years, as the concept of memory has received
increasing attention, more works specifically targeting memory-intensive robotic tasks have gradu-
ally emerged. |Cherepanov et al.| (2024) incorporates recurrent neural networks to provide a mem-
ory mechanism for the Decision Transformer architecture. |(Cherepanov et al.| (2025b)) proposes a
least-recently-used (LRU)-based memory strategy, further strengthening the memory mechanism of
Decision Transformer—based robotics. |Sridhar et al.| (2025) improves the memory of robotics under
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VLA architectures by introducing a novel hierarchical memory design. At present, there is still no
mature and effective solution for memory-intensive robotic tasks.

E PRELIMINARY

E.1 REINFORCEMENT LEARNING

Reinforcement learning (RL) is a learning paradigm in which an agent improves its behavior through
trial-and-error interactions with an environment. At each time step ¢, the agent observes the current
state s; € S, takes an action a; € A, and receives a scalar reward r;. The reward signal is used to
improve the agent’s policy, with the goal of maximizing long-term cumulative returns.

We model the environment as a Markov decision process (MDP), defined by
M = (S’ ‘A7 T7 R7 fY)?

where S and A denote the state and action spaces, T'(s’ | s, a) is the state transition distribution,
R(s, a) is the reward function, and 7 € [0, 1) is the discount factor

At time step ¢, the environment transitions according to

St+1 ~ T( ‘ st,at), ry = R(st,at).

E.2 PARTIALLY OBSERVABLE MARKOV DECISION PROCESSES

Partially observable Markov decision processes (POMDPs) extend MDPs by modeling limited ob-
servability in the real world or in the memory questions. A POMDP is defined by the tuple

M= (S,A4,0,T,R,Q,7),

where O is the observation space and (o | s) denotes the observation distribution. Unlike in fully
observable MDPs, the agent cannot directly access the underlying state s;, but instead receives an
observation

or ~ Q- | s1),

and selects actions based on these observations.

Belief states. In a POMDP, a belief state is the posterior distribution over latent states given the
history hy:
bi(s) =Pr(sy =s| he), he=(00,a0,...,0).

In deep RL settings, we often approximate belief states using a learned inference model. Following
prior work, we consider a learned belief over a compact latent encoding u; = ¢(s;), i.e.,

b(ht) ~ p(uy \ ht),

and learn a policy of the form
W(at | O¢t, b(ht))
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