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Abstract

As embodied agents operate in increasingly complex envi-
ronments, the ability to perceive, track, and reason about in-
dividual object instances over time becomes essential, espe-
cially in tasks requiring sequenced interactions with visually
similar objects. In non-Markovian settings, critical decision
cues lie in object histories rather than the current scene. With-
out persistent memory of prior interactions (what was used,
where it was placed, or how it changed), visuomotor policies
may fail, repeat past actions, or overlook completed ones. To
surface this challenge, we introduce LIBERO-Mem, a non-
Markovian task suite for stress-testing robotic manipulation
under object-level partial observability. It combines short- and
long-horizon object tracking with temporally sequenced sub-
goals, requiring reasoning beyond the current frame. However,
vision-language-action (VLA) models often struggle in such
settings, with token scaling quickly becoming intractable even
for tasks spanning just a few hundred frames. We propose
Embodied-SlotSSM, a slot-centric VLA framework built for
temporal scalability. It maintains spatio-temporally consistent
slot identities and leverages them through two mechanisms:
(1) slot-state-space modeling for reconstructing short-term
history, and (2) a relational encoder to align the input tokens
with action decoding. Together, these components enable tem-
porally grounded, context-aware action prediction. Experi-
ments show Embodied-SlotSSM’s baseline performance on
LIBERO-Mem and general tasks, offering a scalable solution
for non-Markovian reasoning in object-centric policies.

Extended Version — https://libero-mem.github.io

Introduction

Humans effortlessly recall past interactions with specific
objects, such as where they last placed a salt bottle or whether
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they have already sprinkled salt into a pot of soup a number
of times, enabling them to carry out long-horizon, multiple-
step tasks with precision. This object-level memory plays
a vital role in avoiding redundant actions or missing steps,
especially in tasks involving repetitive steps, visually similar
items, and extended temporal dependencies. Such object-
level challenges are inherently partially observable Markov
decision processes (POMDP) (illustrated in Fig. 1), where
the agent’s current observation does not fully capture the true
state of the environment, and optimal decisions depend on
the history of interactions associated with specific objects.

Conversely, robotic visuomotor policies typically rely
solely on the most recent sensory inputs to determine subse-
quent actions (Kim et al. 2024; Li et al. 2024c; Bharadhwaj
et al. 2024; Brohan et al. 2023; Octo Model Team et al. 2024;
Zawalski et al. 2024; Wang et al. 2024; Yang et al. 2024; Tian
et al. 2024), lacking mechanisms to encode and recall object-
centric history (Walke et al. 2023; O’Neill et al. 2024; Khaz-
atsky et al. 2024; James et al. 2020; Liu et al. 2023; Nasiri-
any et al. 2024). Likewise, most robotic benchmarks primar-
ily focus on evaluating policies in short-horizon or atomic
tasks (James et al. 2020; Liu et al. 2023; Nasiriany et al. 2024;
Mu et al. 2021; Gu et al. 2023; Tao et al. 2024). Although sev-
eral benchmarks emerged to evaluate long-horizon tasks that
leverage memory modeling (Fang et al. 2025; Cherepanov
et al. 2025; Morad et al. 2023; Chevalier-Boisvert et al. 2023;
Pleines et al. 2025), they largely overlooked the challenges
of object-centric memory in POMDP settings.

To address this gap in benchmarking, we introduce
LIBERO-Mem, a new suite of manipulation tasks specifi-
cally designed to evaluate a model’s ability to retain object-
centric interactions over time. Unlike prior memory bench-
marks, LIBERO-Mem emphasizes object-level memory un-
der ambiguity in object identity, location, and relational his-
tory, explicitly targeting complex POMDP scenarios. The
suite includes four task types: (a) Object Motion, (b) Ob-
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Figure 1: LIBERO-Mem: robotic manipulation tasks of object-level POMDP dependencies. These tasks require memory of prior
actions and object-specific state tracking beyond what purely Markovian or fully observable policies can handle, highlighting
the importance of persistent, object-specific memory for short- and long-horizon reasoning across visually similar inputs. In
(a) Object Motion, the robot must recall its last action (e.g., pick up or place down) to act correctly. In (b) Object Sequence,
success depends on remembering how many times an object has been manipulated, since visual cues are insufficient. In (c)
Object Relation, the robot must track the temporal order of object relations and interactions (e.g., from left to right). In (d) Object
Occlusion, occluded objects require the robot to rely on memory of past placements to identify targets.

ject Sequence, (c) Object Relation, and (d) Object Occlusion.
Each task type is designed to evaluate different aspects of
transient and persistent memory by introducing ambiguities
that can only be resolved through temporal reasoning over the
history of object interactions. By focusing on memory under
uncertainty, LIBERO-Mem takes a key step toward enabling
general-purpose robots to operate reliably in everyday set-
tings, where even seemingly simple tasks, such as identifying
the correct object to manipulate, become challenging without
awareness of prior interactions.

As a step towards overcoming the limitations of exist-
ing visuomotor policies, we propose Embodied-SlotSSM, a
novel VLA framework that integrates slot-based state-space
modeling (SSM) (Jiang et al. 2024) to maintain structured,
object-centric memory over time. Embodied-S1otSSM en-
codes temporal dynamics and inter-object interactions into
discrete, persistent slots, enabling consistent tracking of en-
tities throughout a task. This structured memory supports
robust state estimation and informed decision-making, partic-
ularly in POMDP settings where access to interaction history
is critical. By grounding both perception and action in vi-
sual memory and task intent, Embodied-SlotSSM enables
adaptive behavior under real-world uncertainty.

To highlight the limitations of existing works and the
challenges posed by our benchmark, we evaluate Embodied-
SlotSSM and prior state-of-the-art VLA models on the bench-
mark of the LIBERO-Goal (Liu et al. 2023), and our pro-
posed LIBERO-Mem benchmark for POMDP tasks. We also
carry out studies of an oracle-supported implementation of
Embodied-SlotSSM, denoted Naive E-SlotSSM, in capturing
long-term dependencies towards action prediction, while sup-
porting manipulation effectiveness. Our results highlight the
practicality and scalability of slot-based memory, paving the
way for more reliable and memory-efficient robotic systems
in non-Markovian environments. Our contributions are:

¢ We introduce LIBERO-Mem, a novel non-Markovian
robotic manipulation benchmark that systematically eval-
uates memory-augmented models on long-horizon tasks,
emphasizing object permanence, historical reasoning, and
structured memory retention.

* We present Embodied-SlotSSM, a slot-based state-space
modeling framework that encodes persistent, object-
centric memory representations, enabling structured track-
ing and decision-making under partial observability.

* We conduct experiments in both general Markovian and
special non-Markovian settings via an oracle-supported
implementation of Embodied-SlotSSM, denoted Naive
E-SlotSSM, showing that Embodied-SlotSSM enhances
stateful reasoning, long-horizon action prediction, and
performance on manipulation tasks.

We hope future work extends this direction toward bridging
VLA design and memory-centric robotics.

Related Works

Robotic Manipulation Benchmarks. Robotic manipulation
has been widely benchmarked across several dimensions,
including general task completion (Gu et al. 2023; Kumar
et al. 2023; Fang et al. 2023), multimodal support (Jiang et al.
2023b; Nasiriany et al. 2024; Liu et al. 2023), and sim-to-real
generalization (Tobin et al. 2017; Li et al. 2024b). However,
many of these benchmarks, such as RLBench (James et al.
2020), LIBERO (Liu et al. 2023), and RoboCasa (Nasiriany
et al. 2024), are constructed under the Markovian assump-
tion, where the robot’s next action can be predicted solely
from the current observation, without requiring access to
historical context. To address this limitation, recent efforts
such as MemoryBench (Fang et al. 2025) and MIKASA-
Robo (Cherepanov et al. 2025) have highlighted the impor-
tance of memory in robotic manipulation tasks. Memory-
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Bench introduces a limited set of tasks focusing primarily on
spatial memory within short-horizon scenarios. MIKASA-
Robo expands this scope by incorporating a broader suite of
memory types, including object, spatial, and sequential mem-
ory across 32 tasks. However, both benchmarks primarily
operate under simplified settings and lack object-level am-
biguities or temporal scaling. These efforts demonstrate the
growing attention toward non-Markovian reasoning, but fall
short in systematically stress-testing object-centric memory
under compositional and temporally challenging conditions.

In contrast, we propose LIBERO-Mem, a new benchmark
explicitly designed to evaluate long-horizon, object-level
memory in partially observable robotic settings. LIBERO-
Mem features simple yet composable manipulation tasks that
require agents to reason over object identity, spatial config-
uration, and interaction history. Scenarios such as occluded
object recall and sequence-dependent pick-and-place (see Fig.
1) make memory indispensable for success, going beyond
what prior benchmarks test. Furthermore, LIBERO-Mem
uniquely incorporates stress-testing via temporal scaling, en-
abling fine-grained assessment of policy robustness over ex-
tended episodes - addressing a key gap in existing bench-
marks. An overview comparison between our LIBERO-Mem
with other benchmarks are summarized in Table 1.

VLA Models in Non-Markovian Settings. End-to-end
VLA models have shown strong performance across various
embodied tasks, including scene understanding (Jatavallab-
hula et al. 2023; Gu et al. 2024; Yamazaki et al. 2024), navi-
gation (Hirose et al. 2024; Sridhar et al. 2023; Li et al. 2024a;
Tian et al. 2024; Shao et al. 2024), and robotic manipula-
tion (Brohan et al. 2023; Zitkovich et al. 2023; Belkhale et al.
2024; Bharadhwaj et al. 2024; Octo Model Team et al. 2024;
Kim et al. 2024; Li et al. 2024c¢). To enhance grounding, sys-
tems like OpenVLA (Kim et al. 2024), Octo (Octo Model
Team et al. 2024), and ECoT (Zawalski et al. 2024) leverage
powerful pretrained encoders such as DINOv2 (Oquab et al.
2024) and SigLIP (Zhai et al. 2023) for image understanding.

However, despite their success in reactive policy learning,
most VLA models operate under an image-based Markovian
assumption, treating each observation-action pair indepen-
dently and have not explicitly modeled interaction history
or temporal dependencies. As demonstrated in our experi-
ments, existing VLA models perform poorly on LIBERO-
Mem, where partial observability and observation aliasing
challenge purely reactive, observation-driven policies. This
reveals a fundamental limitation in current VLA architectures:
the absence of structured memory and temporal reasoning
capabilities necessary for long-horizon control. In addition
to introducing LIBERO-Mem as a targeted benchmark to ex-
pose these gaps, we also propose an initial solution, grounded
in object-centric modeling, that incorporates memory into the
policy architecture and shows promising gains under these
more realistic, memory-intensive settings.

Object-Centric Learning in Vision and Robotics. Object-
centric learning has emerged as a powerful paradigm for
extracting modular, interpretable representations and model-
ing their dynamics across space and time (Goyal et al. 2021;
Jiang et al. 2023a). Both supervised and unsupervised meth-
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‘ LIBERO | Memory MIKASA

Benchmark feature -Mem Bench -Robo LIBERO RLBench
Non-Markovian obs. v v v X X
Long-horizon trajectories v v X v X
Subgoal-aware evaluation v X X X X
Obyj. identity ambiguities v X X X X
Obj. & subgoal annotations v X X X X
Temporal scaling stress-test v X X X X

Table 1: Design factors in robot manipulation benchmarks.

ods (Elsayed et al. 2022; Le et al. 2025; Fan et al. 2023)
aim to decompose visual inputs into discrete, entity-centric
representations, enabling structured reasoning, temporal mod-
eling, and generalization across scenes. A common design
across these models involves learning a fixed set of latent
“slots” or components that dynamically bind to visual enti-
ties (Locatello et al. 2020; Mondal, Cohen, and Webb 2024),
facilitating object-level understanding and forecasting. Such
representations have proven effective in structured visual en-
vironments and have been extended to sequential settings
where modeling object dynamics over time is crucial.

In robotic manipulation, object-centric representations
help decompose complex scenes into manipulable entities,
allowing for more structured policy learning and goal con-
ditioning. Early approaches often relied on pose-based or
category-specific object definitions (Devin et al. 2018; Migi-
matsu and Bohg 2020; Tyree et al. 2022), but their depen-
dence on supervision limits generalization to novel settings.
Recent unsupervised methods aim to segment visual inputs
into object-like regions (Locatello et al. 2020; Heravi et al.
2022), offering more flexibility, but they still struggle in clut-
tered scenes or visually identical objects. Importantly, while
these approaches facilitate object-aware perception and con-
trol, they are typically designed for short-horizon or episodic
tasks, and do not incorporate mechanisms for tracking ob-
ject identity and state over extended temporal sequences, a
capability essential for reasoning in non-Markovian settings.

To address this gap, we draw on cognitive theories of per-
sistent object reasoning (Lam et al. 2020) and slot-based
architectures (Jiang et al. 2024; Le et al. 2025), and introduce
Embodied-SlotSSM, a memory-centric model that explicitly
tracks object-state evolution to support long-horizon manip-
ulation and object-level memorization in POMDP settings
such as those presented in our proposed LIBERO-Mem.

Non-Markovian Robot Manipulation

Preliminaries. Instruction-conditioned robotic policies are
typically trained to map a sequence of sensory inputs and
a language goal into a sequence of actions. A common for-
mulation assumes that the agent can infer the optimal next
action from its current visual observation and the instruction
alone. While this simplification enables efficient learning and
inference, it neglects the temporal structure inherent in many
real-world tasks, where past interactions and object histories
are essential for disambiguating the current state. Formally,
we can consider VLA learning via a demonstration dataset,

ey

D= {l7 ap.r, Vl:T}a



where [ is a natural language instruction, aj.r
{a1,...,ar} is a sequence of actions, and vi.r
{v1,...,vp}is asequence of visual observations. Typically,
VLA models (Kim et al. 2024; Zawalski et al. 2024) predict
actions from only the current observation and instruction:

a; ~ Py(ag | v, 1), 2
which implicitly assumes a Markovian process:
P(at | Vl:t,l) = P(at | Vt,l). (3)

However, in many practical scenarios, such as cooking, labo-
ratory automation, and industrial assembly, this assumption
fails. Robots frequently operate under non-Markovian set-
tings with partial observability (POMDP), where identical
visual inputs can correspond to different semantic states de-
pending on prior actions. For instance, a robot may need to
remember whether it has already added salt into a container
once or twice. This violation of the Markov assumption can
be formally expressed by the existence of two timesteps ¢;
and 9 such that v, =~ vy,, but the correct actions differ due
to distinct histories: P(ay, | viu,,1) # P(ay, | Vi, ). To
act effectively in these settings, an agent must reason over
its accumulated experience (vi.t,a1.:—1) rather than rely-
ing solely on instantaneous observations. In this research,
we model the problem as an object-centric POMDP, where
visually similar object appearances differ in latent history,
motivating object-specific memory for temporal reasoning.

LIBERO-Mem: non-Markovian Benchmark

Task designs for object-centric POMDP. LIBERO-Mem
consists of 10 tasks spanning four object-centric memory
dimensions: Object Motion (OM), Object Sequence (OS),
Object Relation (OR), and Object Occlusion (OO). Each
task presents temporal dependencies and ambiguity requiring
structured memory beyond instantaneous observations. For-
mally, let 7; = {0} }7_, denote a trajectory for task i, where
oi is the visual observation at time ¢. For each task 7, there

exist at least two trajectories 7;(1), 7;(2) such that 3¢;, ¢,

with 05/11) = og), yet their underlying task states or required

actions differ. This guarantees that visual observations are
not uniquely predictive of the correct behavior, thereby en-
forcing the need for structured memory across time. Please
see extended version for full asset details.

Short- and long-horizon data collection process. Expert
demonstrations are collected via smooth keyboard control
with multi-key tracking. Each task contains 200-700 frames
supporting both short- and long-horizon evaluation. Each
task is collected to 120 trajectories, where 100 are refined as
training data, and 20 are left for validation.

Subgoal-aware evaluation. Each task is decomposed into
symbolic subgoals using Sequence (—) and Or (V) operators
for fine-grained evaluation.

Object identity ambiguities. Visually identical bowls and
plates differ only in asset ID, requiring agents to resolve
object identity from temporal interaction history.

Object & subgoal annotations. Each timestep includes ob-
ject instance IDs, masks, subgoal completion flags per object.
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Task Num: Description Subtask Goals Types
T1: robot to pick up the bowl lifted — OM
bowl and place it back on  bowl on plate

the plate

T2 : robot to lift the bottle  bottle lifted — OM

and put it down on the plate  bottle on plate

T3: robot to lift the bowl  bowl lifted — OM, OS
and place it back on the bowl on plate —

plate 3 times X 3

T4 : robot to pick up the bottle lifted — OM, OS
bottle and put it down the bottle on plate —

plate 3 times X 3

T4: robot to lift the bowl  bowl lifted — OM, OS
and place it back on the bowl on plate —

plate 5 times x5

T6: robot to pick up the bowl lifted — OM, OS
bowl and place it on the bowl on plate —

plate 7 times x 7

T7: robot to swap the 2 bowl 1 onplate 3 =+ OM, OR
bowls on their plates using  bowl 2 on plate 1 —

the empty plate bowl 1 on plate 2

T8: robot to rotate the 3 bowl 1 on plate 4 — OM, OR
bowls on their plates from  bowl 2 on plate 1 —

left to right using the empty  bowl 3 on plate 2 —

plate bowl 1 on plate 3

T9: robot to put the cream  bowl 1inbasket1 — OM, OO
cheese in the nearest basket  basket 1 in center

and place that basket in the

center

T10: robot to put the bowllinbasketl - OM, OO

cream cheese in the nearest  basket 2 in center
basket and place the empty

basket in the center

Table 2: LIBERO-Mem tasks, subgoals, and memory.

Can VLAs be scaled temporally for memorization? Open-
VLA encodes entire video sequences using 256 dense tokens,
while our customized object-centric VLA design operates
with only 16 slot tokens, but tokens scale linearly with slot
and sequence dimension, leading to intractable memory and
compute costs in long-horizon settings. Thus, it motivates us
to design a more scalable strategy as Embodied-SlotSSM.

Embodied-SlotSSM

SlotSSM Formulation. An SSM (Gu and Dao 2023; Dao
and Gu 2024) aims to approximate H;.; as h, through se-
lective state-space modeling. In particular, the model defines
a mapping from an input sequence e;.;7 € R7*P, encoded
from e; = v(o;) using a pretrained visual encoder v(-), to
an output sequence y1.7 € R7*P through the following

input-dependent recurrence:
ht = Z(et)ht,1 + E(et)et,

yr =Cler)hy  (4)

where h; € R¥ is the hidden state summarizing the his-

tory up to time ¢, and A(e;) € R7*H B(e,) € RIXD,
and C(e;) € RP*H are input-conditioned matrices gen-
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Figure 2: Embodied-SlotSSM: Our framework combining slot-based dynamics (Slot Attention, Slot Fusion, Slot-based SSM)
with an LLM Action Decoder for object memory-aware action prediction based on textual prompts.

erated by learnable functions applied to e;. By condition-
ing the dynamics on the input e, at every step, the model
flexibly adapts its internal transitions and output mappings
based on the current context. As the underlying process of
visual representations is inherently modular, SlotSSM (Jiang
et al. 2024) is coupled with a slot encoder (Locatello et al.
2020) to decompose e, into K individual slot representations
e = [s%, oy SE ] , thereby maintaining hy, y, also modularly
as h; = concat [h%, ...,htK], and y; = concat [y}, ...,yf].
Thus, the matrices A;, By, and C; are designed to be block-
diagonal, where each block is conditioned solely on the cor-
responding slot input. In our work, K = 16 by default.

A, = diag ({A6H)},_, ). Be=ding ({Bsh)}, ). €= diag ({C60)},)

&)
Embodied-SlotSSM. Our proposed approach is a slot-based
state-space model designed to enable structured, persistent
memory for long-horizon visuomotor control. Thus, we make
use of individual slot representations [h%, .., hE ] for effi-
cient action prediction &; ~ Py(a;|/h},....hX [) in a non-
Markovian manner. To facilitate action prediction from modu-
lar representations and mitigate the memory recall challenges
of SSMs (Waleffe et al. 2024; Arora et al. 2024), we propose
to model both transient and persistent memory for object-
centric representations that can be used for action decoding.

Transient Memory via Temporal Localization

To support short-term reasoning for motion encoding, we
model transient memory by temporally localizing objects
using a combination of Slot Attention and State-Space Mod-
eling. This approach enables the agent to bind scene features
to discrete object-centric representations and track their tem-
poral evolution for recent interaction history.

Slot Attention for Object Localization. Manipulation re-
quires disentangling and tracking discrete object entities,
yet conventional visual encoders often produce entangled
representations that conflate background and object-level sig-
nals. To address this, we apply Slot Attention (Locatello et al.
2020) as a tokenization function g(-) that transforms dense vi-
sual embeddings v, € R¥*Pee into a set of modular object-
centric tokens s; = {sf,...,s]N}, where s; € RV*Dsor,
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Slot Attention iteratively binds spatial feature patches to a
fixed number of learnable object queries via attention and
recurrent updates, yielding disentangled representations that
reflect the semantics of v, (Xu et al. 2022; Jia, Liu, and
Huang 2023). The slot update at time ¢ is computed via multi-
head attention followed by a recurrent refinement:

1 ei.i
T ~
aijziqu- ;= —
iy ] j 2¥) N )
VvV Denc E =1 eql,j
~ K
W, = i.j u; = E W; iV ©®
i = ) i = AVASA

Zlfil 51',!

s! = GRU(u, s!),

j=1

where q;, k;, and v; denote the projected queries, keys, and
values. Slot representations are refined by aggregating the
input features v; and updating via a GRU. To enable temporal
coherence in object identity, the slots are initialized at ¢ as:

SO _ Ra;ndomlnit(), ift=0 7
t s ift >0,

where T' denotes the number of recurrent refinement steps
per frame. At the beginning of a sequence (¢t = 0), slots are
randomly initialized. For all subsequent steps (¢ > 0), the
slots are initialized using the final outputs from the previous
timestep. This allows the model to propagate slot identity
across time and facilitates tracking of persistent objects.

Temporal Contrastive Loss. To further enforce tempo-
ral consistency, we employ a contrastive objective over a
fixed temporal horizon. Given an anchor slot si, we treat
its corresponding slot in a nearby frame s! L5 (within the

same sequence) as a positive and contrast it against slots
from different videos or different locations as negatives. The
contrastive loss is given by:

\lm(Si 7S‘i// )

T

o
sim(s} 1S47)

> exp( £
(i #)EP(i.t)

ﬁcontrast = — Z log

(i:t)

), ®

e
(3,t")EP (3, t)UN (i,t) (

where sim(+, -) is cosine similarity with 7 = 1.



Slot Dynamics Encoder with SlotSSM

Proposition 1 (Object history enables individuation under
visual ambiguity). Let O; = {ogl)7 ce ogk)} be k objects
at time t with latents Z,Ej) = f‘,,-s(vt(j)). va,@ R vt(j) for all
i # j, then object identities cannot be distinguished from the
current frame and zt(i') R z,gj ), Disambiguation therefore re-
quires a policy w(a; | Ht) that conditions on object-specific

histories Hy = {hgl), ceey hEk)}, where hﬁj) = fh,-s,(zg)).

With f,is as the slot-attention module, we can define fy;g
via a SlotSSM formulation. Rather than predicting a sin-
gle next-step embedding, SlotSSM predicts a window of
P = p + g object latents, spanning p past and q future repre-
sentations centered at the current timestep. This reflects the
observation that meaningful object behavior often unfolds
over short temporal segments rather than single-frame transi-
tions. By modeling a localized temporal window, SlotSSM
captures motion continuity, smooths noisy transitions, and
anticipates short-term dynamics. The windowed prediction
provides rich supervision during training by requiring the
model to reconstruct both past and future latent states, such
that S1otSSM not only learns forward dynamics (e.g., antici-
pating object motion) but also enforces temporal consistency
via backward reconstruction, thereby improving representa-
tion stability and generalization under non-Markovian condi-
tions. Formally, for each slot j, SlotSSM predicts a window
of static representations around timestep ¢ as:

ORE
{Ztié }6:71)
()

where z,” 5 is the set of predicted slots representing the j —th
object around the time step ¢, which is obtained from a shared
decoding MLP function, called Past MLP, with weights Wyeq
applied independently to each slot. This formulation allows
SlotSSM to function as a transient memory module, retaining
localized temporal context per object slot to support robust
tracking and downstream action decoding.

= Wpred (§t+1||5§j)) ) ©)

Action Control through Slot-Conditioned Decoding

In practice, long-horizon observation chunking prevents P
from spanning the full sequence due to compute limits; thus,
in a naive implemnetation of Embodied-SlotSSM (which

we denote as Naive E-SlotSSM), we additionally provide an

oracle text-embedded subgoal gt(] ) (e.g., “bowl 1 on plate

3” for swapping tasks such as T7) for each relevant object.
Given a slot-conditioned decoder then predicts actions from
these object-centric features, SlotSSM maintains a latent state
d\?) via a Slot Fusion module applied to s\’
next-slot égﬂr) 1 and oracle subgoal ggj ), capturing both current
dynamics and temporal context at object level.

Then, to condition action generation on both the structured
memory and the current scene, we introduce a lightweight
Relation Encoder that produces 16 relational tokens (for K =

16 slots). This module performs cross-attention between the

slot latents {d,(fj ) } le and raw visual features v to produce L

L
j=1

, the predicted

relation tokens {rgj ) enabling context-aware reasoning
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over object states and interactions. The final action a; is
decoded through a VLA head conditioned on: (1) the relation

tokens {rij)}le, (2) the slot dynamics {dﬁj)}le, and (3)

the current task query embedding {:

a ~ Py (at | {rgj)}]L:lv {dgj)}j['(:lal) .

By grounding actions in object-centric memory and task
semantics, the policy gains the ability to reason over iden-
tity, relational context, and temporal dependencies, thereby
supporting robust performance in partially observable, long-
horizon manipulation tasks.

(10)

Experiments
Experimental Setup

We evaluate our model on object-centric manipulation tasks
using the LIBERO-Goal and the LIBERO-Mem benchmark
to respectively evaluate general and object-level POMDP task
performance. All experiments are conducted in simulation
with fixed scene layouts and randomly initialized object poses.
Each task is repeated for [V multiple seeds, where action accu-
racy is computed as the ratio of successful completions over

total attempts (success rate = "05=%) in Table 3, or sub-

. __ subgoals completed
goal completion = ol subgoals

We evaluate comparatively against Naive E-SlotSSM using
OpenVLA (Kim et al. 2024) with slot attention (Locatello
et al. 2020) (as object-centric version of SIotVLA (Hanyu
et al. 2025)), mo (Black et al. 2024), each with horizon h
denoting number of input frames, over N = 20.

over NN seeds in Table 4.

General Task Performance: Our empirical Naive E-
SlotSSM achieves the highest success rates on LIBERO-Goal,
outperforming slot-based baselines. The results in Table 3
highlight the effectiveness of structured object-centric mem-
ory in non-Markovian manipulation tasks. While SlotVLA
(h = 8) achieves moderate performance (75.5%) by ex-
tending temporal context length, it still struggles on tasks
involving multi-object interactions and occlusions (e.g., mid-
dle drawer open, top drawer open — bowl in). In contrast,
Naive E-S1otSSM consistently outperforms others (83.0%
avg), demonstrating robustness across both simple and tem-
porally entangled tasks. Notably, it handles action sequences
involving relational reasoning (e.g., bottle in rack) and spatial
displacements (e.g., bowl in plate) reliably, attributed to its
ability to integrate persistent slot tracking memory. These re-
sults affirm the usefulness of memory design for generalizing
over object-centric tasks in general manipulation.

Object POMDP Task Performance with LIBERO-Mem:
The empirical Naive E-SlotSSM also achieves the highest
subgoal success rates on LIBERO-Goal, outperforming the
baselines. Table 4 reveals the difficulty of fine-grained sub-
goal tracking in non-Markovian object manipulation. Both
dense-token baseline (7g) and SlotVLA models (h = 1,
h = 8) achieve minimal subgoal completion (avg. 5.0%),
failing to reason over sequences such as repeated placements
or multi-step swaps. In contrast, Embodied-SlotSSM yields
a significantly higher average subgoal completion of 14.8%,
with partial successes in long-horizon repetitive actions (e.g.,



Figure 3: Slot visualization in task T1: gripper and bowl slots (bbox, attention) as robot lifts and places the bowl down.

Task SlotVLA (h=1) SlotVLA (h=8) Naive. SlotSSM
(token ng) (16) (128) (32)
bowl in stove 45% 95% 100%
bowl in cabinet 75% 90% 90%
plate on front-of-stove 70% 80% 95%
stove turned on 70% 95% 100%
bottle on cabinet 20% 90% 90%
bowl on plate 0% 90% 90%
mid drawer open 5% 25% 45%
cheese in bowl 25% 55% 75%
bottle on rack 10% 70% 75%
top drawer open — bowl in 0% 65% 70%
Average | 320% 75.5% 83.0%

Table 3: Task success rates on LIBERO-Goal.

50% on T1 of pick and place bowl (1x), and 33.3% on the
repeated (3x) version. These gains suggest that slot-based
temporal memory, especially when aligned with object and
subgoal states, provides a strong inductive bias for step-wise
reasoning under partial observability. Nonetheless, as per-
sistent memory modeling remains modest by relying on an
object-level subgoal monitor to track progress and monitor
progress performance, indicating that subgoal grounding is a
key open challenge in real-world non-Markovian settings.

Qualitative Analyses: Like SlotVLA (Hanyu et al. 2025),
we visualize slot attention across time to observe whether
the model consistently attends to the same object instance,
especially under occlusion or motion. Visualizations (Fig-
ure 3) reveal that our model maintains consistent attention
to target objects over time. This indicates the emergence of
robust object permanence and tracking, which can be critical
for long-horizon reasoning. More qualitative analyses of the
trajectories will be shown in the extended version.

Conclusion

The complexity of real-world environments requires agents
to reason over past interactions, especially when handling
multiple similar objects. Such settings demand persistent
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Task 7o (h=1) SlotVLA (h=1) SlotVLA (h=8) Naive. SlotSSM
(token ng) (256) (16) (128) (32)
T1 50.0% 0% 50.0% 50.0%
T2 0% 0% 0% 0%
T3 0% 0% 0% 33.3%
T4 0% 0% 0% 0%
T5 0% 0% 0% 14.3%
T6 0% 0% 0% 0%
T7 0% 0% 0% 0%
T8 0% 0% 0% 0%
T9 0% 0% 0% 30%
T10 0% 0% 0% 20%
Average ‘ 5.0% 0% 5.0% 14.8%

Table 4: Subgoal completion percentages on LIBERO-Mem.

object-specific memory and introduce non-Markovian de-
pendencies beyond reactive control. To study this challenge,
we introduced LIBERO-Mem, a benchmark for memory-
intensive robotic manipulation featuring long-horizon, tempo-
rally entangled, and repetitive subgoals that test robust mem-
ory rather than short-term perception. We further proposed
Embodied-SlotSSM, a structured memory model maintaining
spatio-temporally consistent slot representations that track ob-
ject identity and state, thereby enabling temporally grounded,
context-aware action prediction. Experiments on LIBERO-
Mem show that the proposed method surpasses memory-less
baselines, thereby advancing object-centric decision-making
in non-Markovian environments and encouraging scalable
memory-based VLAs grounded in structured representations.
Limitations: LIBERO-Mem is a simulated setting for fu-
ture physical extension. The empirical version of Embodied-
SlotSSM (Naive E-SlotSSM) currently serves as a weak base-
line that leverages oracle subgoal representations rather than
inferring it autonomously, leaving open the challenge of self-
discovered subgoal reasoning and POMDP at object level.
Broader Impact: LIBERO-Mem and Embodied-SlotSSM
advance memory-aware, object-centric visuomotor systems
for real-world settings, helping robots track task structure
and avoid redundant actions in daily and industrial settings.
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