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Abstract—Inspired by how humans reason over discrete
objects and their relationships, we explore whether compact
object-centric and object-relation representations can form a
foundation for multitask robotic manipulation. Most exist-
ing robotic multitask models rely on dense embeddings that
entangle both object and background cues, raising concerns
about both efficiency and interpretability. In contrast, we study
object-relation-centric representations as a pathway to more
structured, efficient, and explainable visuomotor control. Our
contributions are two-fold. First, we introduce LIBERO+, a
fine-grained benchmark dataset designed to enable and evaluate
object-relation reasoning in robotic manipulation. Unlike prior
datasets, LIBERO+ provides object-centric annotations that
enrich demonstrations with box- and mask-level labels as well
as instance-level temporal tracking, supporting compact and
interpretable visuomotor representations. Second, we propose
S1lotVLA, a slot-attention—based framework that captures both
objects and their relations for action decoding. It uses a
slot-based visual tokenizer to maintain consistent temporal
object representations, a relation-centric decoder to produce
task-relevant embeddings, and an LLM-driven module that
translates these embeddings into executable actions. Experi-
ments on LIBERO+ demonstrate that object-centric slot and
object-relation slot representations drastically reduce the num-
ber of required visual tokens, while providing competitive
generalization. Together, LIBERO+ and S1otVLA provide a
compact, interpretable, and effective foundation for advancing
object-relation-centric robotic manipulation. Our full project
is publicly available at https://slot-vla.github.io.

I. INTRODUCTION

Recent advances in vision-language-action (VLA) mod-
eling have significantly improved visuomotor control in
robotics [1]-[4], integrating language conditions with visual
cues to enable precise, multitask action prediction across
numerous applications [5]. While many architectures such as
OpenVLA [1], o [2], ECoT [3], HPTs [4] have contributed
to VLA pipelines, even employing a Large Language Model
(LLM) for action decoding [1], [3], the vision encoder
remains a critical bottleneck, as it serves as the perceptual
foundation for action reasoning. In particular, pretrained en-
coders such as DINOv2 [6], SigLIP [7] are widely adopted in
VLAs to produce a large number of visual tokens (e.g., 256
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Fig. 1: Comparison of visuomotor tokenization s{rategles. fa) Dense

tokenizers generate hundreds of tokens across the scene, leading to com-
putationally costly representations. (b) Object-centric tokenizer yields Ny
tokens, each representing an object. (c) Our object—relation-centric tokenizer
yields Ng object tokens and N relation tokens, producing structured and
efficient representations. Plot (2) shows that our method achieves higher
success rates with fewer tokens compared to baselines on LIBERO-Goal.

to 512), whose computational costs can become increasingly
prohibitive as the number of visual tokens grows (as in
Fig. la). While these embeddings are rich in information,
they can entangle various information and even redundant
background features, limiting interpretability and potentially
obscuring task-relevant cues from the action decoder [8].

Object-centric learning in computer vision has shown
remarkable success in producing disentangled, interpretable
representations that support generalization across tasks [9]-
[12]. While promising, directly transferring object-centric
methods to robotics is suboptimal due to the interactive
nature of embodied manipulation tasks (shown in Fig. 1b of
limited relational modeling among object slots). In robotic
environments, scenes are often cluttered, and many objects
are irrelevant to the current task. Simply increasing the num-
ber of slots does not help, as irrelevant objects or background
elements may dominate the representations, preventing slots
from consistently capturing meaningful entities [13], [14]
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and confusing the action decoder. Therefore, instead of
modeling all objects in the scene, the model must identify
and focus on the task-relevant objects that the manipulator
interacts with. Moreover, purely object-centric encodings
fail to capture essential relational cues, most notably the
gripper—object interactions. As a result, action decoders are
forced to infer control parameters from incomplete relational
signals. Unlike passive perception, robotic manipulation re-
quires explicit modeling of both objects and their relations
to the manipulator and surrounding scene [3], [15].

To facilitate the study and future research of object-
relation representations for multitask robotic manipulation,
we introduce LIBERO+, a fine-grained benchmark that
extends LIBERO [16] with explicit object-focused annota-
tions. Originally, while LIBERO provides a diverse set of
manipulation tasks, like many existing datasets, it does not
include detailed grounding at the object level. LIBERO+
fills this gap by adding box- and mask-level labels along
with temporal tracking across RGB-D modalities, enriching
demonstrations with structured information that supports ob-
ject—relation reasoning. These annotations enable systematic
design and evaluation of object—relation-centric visuomotor
models and open opportunities for interpretable learning.

To address the modeling gap, we propose an object-
relation-centric paradigm for robotic VLA models. Con-
cretely, we introduce S1otVLA, a framework that employs
slot attention with a task-aware filter to extract only relevant
object representations and a relation encoder to capture their
interactions, enabling relational reasoning under strict token
budgets. As shown in Fig. lc, the S1otVLA framework
relies on an Object-centric Encoder that disentangles object
features into a compact set of slots and filters them for task
relevance, yielding concise and interpretable representations.
The Relation Encoder then models their interactions, includ-
ing those involving the robot gripper and the background
context. Finally, both object- and relation-centric tokens are
decoded into precise control actions.

In summary, our contributions are two-fold:

o LIBERO+ dataset: a fine-grained benchmark empha-
sizing object-relation reasoning with RGB-D input and
instance-level annotations for robotic manipulation.

¢ SlotVLA: an object-relation-centric VLA framework
that combines object-centric slots with relation-centric
tokens. The object slots capture disentangled entities
from the environment and are filtered for task rele-
vance, while the relation tokens (e.g., gripper-object
interactions) encode task-aware interactions. Together,
they yield a compact and interpretable representation
for action decoding.

II. RELATED WORKS

VLA Learning in Robotic Manipulation. VLA learning has
emerged as a powerful paradigm for instruction-following
agents in various embodied tasks, including 3D scene recon-
struction, navigation, cross-embodiment transfer, and, most
notably, robotic manipulation [1]-[4]. As visual perception
is a critical bottleneck, many recent architectures such as

OpenVLA [1], mg [2], ECoT [3], HPTs [4] have lever-
aged strong pretrained vision encoders, like DINOv2 [6],
SigLIP [7], that are effective at capturing diverse features.
However, they can generate dense representations that inter-
mingle object positions, affordances, and backgrounds, mak-
ing it challenging for action decoders to isolate task-relevant
signals [17]. Diverging from the recent VLA literature, our
research considers a novel low-token perspective towards
performing manipulation tasks. Inspired by the remarkable
success of object-centric learning in computer vision [9],
[10], we explore whether a few rich semantic slots (i.e., ob-
Jject slots and object-relation slots) can offer a more efficient
and interpretable foundation for robotic manipulation while
isolating task-relevant objects out.

Vision Token Reduction. Vision-language models (VLM)
process numerous tokens, especially in multi-view [1]
and video reasoning [8]. To reduce memory and com-
putational costs, several token compression methods have
been introduced. Approaches such as Token Merging [18],
PruMerge [19], and TokenPacker [20] reduce redundancy by
aggregating tokens, while models such as Qwen-VL [21]
and MQT-LLaVA [22] employ Q-Former [23] or resampler
modules [4] to construct fixed-length visual representations.
However, these methods emphasize general-purpose com-
pression rather than extracting task-relevant and interpretable
structures, limiting their applicability to robotics. Meanwhile,
slot-based learning has recently been leveraged to focus on
modular, object-centric structures in visual reasoning [9],
[10], [24], [25], using just a few semantic slots. Unlike
existing works, our S1otVLA extends the slot attention
mechanism to robot manipulation tasks, particularly by
improving upon object-centric slots to form object-scene
interaction semantics, preserving their relational features for
multitask manipulation control.

Object-Centric Representation in Robot Manipulation
This strategy is often realized by explicitly encoding objects
as bounding boxes [26], keypoints, or poses [27], using
grounding techniques to feed these tokens into the model
[28]. More recently, object-centric information has also been
expressed in text prompts with explicit coordinates [29],
guiding the model’s attention toward task-relevant entities
through multimodal grounding. While this provides strong
supervision and explicit grounding, it ties performance to
the quality of external annotations and limits flexibility in
capturing unannotated or relational aspects of the scene [30],
[31]. In contrast, slot attention discovers object slots directly
from raw inputs, enabling flexible and generalizable object
representations. Building on this, our SlotVLA formulation
unifies object-centric slots with relation-centric tokens, where
slots capture disentangled entities filtered for task relevance,
and relation tokens encode task-aware interactions (e.g.,
gripper—object). This yields a compact, interpretable repre-
sentation that enhances robot action decoding.

III. LIBERO+: DATA CURATION

We build LIBERO+ as an extension of the LIBERO bench-
mark suite [16]. While LIBERO is well-suited for evaluat-
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ing high-level visuomotor learning, it lacks explicit object-
level supervision. To address this gap, LIBERO+ introduces
finer-grained, object-centric annotations designed to support
compact, interpretable, and low-token VLA representations.
As LIBERO is a task suite built on top of robosuite [32],
a non-trivial challenge lies not only in grounding natural
language descriptions to object entities in the simulator,
but also in representing each object holistically as a single
“object” is often composed of multiple underlying assets
(e.g., meshes, textures, physical handles), which are frag-
mented into disjointed parts, reducing both interpretability
and utility for fine-grained visuomotor reasoning. To address
this, we manually align low-level asset names with specific
objects and label their natural linguistic references, ensuring
consistency across entire trajectories. In addition, we unify
semantic object masks and disambiguate multiple instances
of the same object by leveraging preassigned asset names,
producing coherent and interpretable masks that also form
bounding boxes. Then, in order to provide task-relevant,
active objects, we include task-specific naturalistic nouns
for each demonstration to filter for relevant object labels.
Specifically, as seen in Fig. 2, LIBERO+ augments the
original demonstrations with both box-level and mask-level
object annotations, as well as instance-level temporal ID
tracking across both RGB and Depth modalities, as follows:

e Bounding boxes provide 2D spatial anchors
that localize objects, serving as entry points for token
extraction.

e Object masks offer pixel-level segmentations
aligned with bounding boxes, preserving object
boundaries and preventing feature entanglement with
background pixels.

e Instance-level temporal IDs maintain
consistent object identities across frames (e.g., bas-
ketl, platel, plate2), enabling objects to be tempo-
rally tracked throughout a sequence and supporting
long-horizon reasoning.

e Depth map, restricted to masked regions, pro-
vides per-pixel depth signals that encode occlusions
and relative distances, which are critical for grip-
per—object reasoning.

e Task-relevant objects provide the set of
objects explicitly mentioned in the task description.
For example, given the task “robot put the bowl
on top of the cabinet”, the identified task-relevant
objects are robot, bowl, and cabinet.

LIBERO+ includes four subsets, derived from the original
LIBERO suite: LIBERO-Goal, LIBERO-Object, LIBERO-
Spatial, and LIBERO-Long. Each subset is curated to em-
phasize different aspects of manipulation, while consistently
providing structured object—relation annotations to support
fine-grained reasoning. For temporally consistent action su-
pervision, we retain LIBERO’s native action labels but
introduce a filtering step to remove redundant no-op actions.

LIBERO+ Dataset

Object bounding Depth map

LIBERO

Instance-level temporal
nnotations

Object masks

A
“\0
dool

ra @
- =

temporal annotations

Object masks

Fig. 2: Overview of the LIBERO+ dataset.

This refinement reduces idle-frame redundancy and sharpens
the alignment between annotated objects and action-relevant
dynamics. As a result, LIBERO+ yields compact yet seman-
tically rich representations, where object-centric slots are di-
rectly grounded in action-relevant cues. This design ensures
that LIBERO+ serves as a challenging and comprehensive
testbed for advancing efficient, interpretable, and object-
relation-centric VLA reasoning. The statistical summary of
LIBERO+, constructed from four subsets: LIBERO-Object
(L-Object), LIBERO-Goal (L-Goal), LIBERO-Spatial (L-
Spatial), and LIBERO-Long (L-Long), is in Table .

TABLE I: Statistics of LIBERO+. TR corresponds to Task-relevant objects.

Statistics LIBERO+

L-Object L-Goal L-Spatial L-Long
# Tasks 10 10 10 10
# Object Layouts 1 1 10 9
# Objects 12 7 11 29
# TR Objects 2-3 2-3 34 34
# Total Frames 72,063 54,779 47,253 84,896
# Total BBoxes 570,328 374,692 510,985 487,333
# TR BBoxes 285912 130,814 221,468 257,105

IV. METHODOLOGY
A. Overview

The goal of S1otVLA is to achieve token-efficient visuo-
motor reasoning by transforming dense visual embeddings
into compact object-relation representations. Conventional
encoders produce hundreds of tokens (typically 256-512),
which are computationally expensive for downstream rea-
soning. Object-centric representations address this overhead
by focusing on discrete objects, but they overlook relational
cues such as gripper—object interactions.

In contrast, our approach compresses the dense input
into object-centric representations and applies a task-aware
filtering mechanism that discards irrelevant objects in the
environment. This yields a clearer representation with only
a few slots (around 4), corresponding to the 2—4 task-relevant
objects observed across LIBERO tasks (Table I). Addition-
ally, the object slots are augmented with a small number
of relation tokens to explicitly capture interactions among
objects and with the manipulator, resulting in a representation
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that is both compact and relationally expressive. The overall
architecture of this framework is illustrated in Fig. 3.

B. Problem Formulation

Formally, let V, = {v},...,v]'} denote a N dense set
of visual tokens/patches from the feature map encoded by
a visual encoder from the image I; at time ¢ and P =
{p',...,p™} represents the embeddings of language tokens
of task description. Our goal is to learn a function g4 (-) that
gives semantically-rich compact representation as:

{St,R¢} = 9<¢>(Vt»P) (D

where S; € R¥s*4 denotes the object-centric representa-
tions with Ng tokens, and R; € RN7*4 denotes the relation-
centric representations that capture interactions among slots
and with dense features using Npg tokens. Importantly,
Ng + Nr < N, enabling downstream reasoning tasks to
be carried out in a token-efficient manner. Given such visual
token representations along with task embedding P and
proprioception embedding o, our final goal is to train an
action decoding function fy(-) that predicts action logits A;
over possible actions that a robot can take to solve the task:

At:fO(StaRhP»Ot) (2
C. Task-Aware Object-Centric Encoder

As task scaling requires open-vocabulary object extraction
at test time, we aim to reduce redundancy in dense tokens
by emphasizing task-relevant representations. To this end, we
design a slot-based encoder that compresses dense visual to-
kens into compact object-centric tokens, guided by language-
based task filtering. The encoder comprises two modules:
(1) slot attention with temporal consistency, which extracts
object-centric slots from dense features and maintains their
updates over time; and (2) task-aware slot filtering, which
selects the slots most relevant to the manipulation task.

1) Slot Attention with Temporal Consistency: On top of
the visual encoder, we employ slot attention [13] to map
dense visual patches V; € R™V*? into a set of learnable slots
S, € RNs*d_ This iterative attention process, implemented
with a GRU [33], captures modular semantics [34], [35] and
produces object-centric tokens:

A — e where a= -Lk(V,)q(S)"
Yy e v e
é,
Wid _ 1,]

S, = GRU(inputs = w ' v(V,),states =S;). (3)

where linear transformation heads ¢(-), k(-), v(-) are used to
map learnable slots St and frame-wise feature maps V.

To ensure femporal consistency in object identity, slots are
initialized through a slot carryover mechanism,

~ RandomlInit(), t=0
§O _ )7 ’ 4
¢ S t>0, X

where T' is the number of refinement steps per frame. Thus,
slots start randomly at ¢ = O and are propagated from the
previous timestep otherwise.

2) Task-Aware Slot Filter: While leveraging slots is prac-
tical for robotic manipulation, not all slots are relevant to a
given task. We therefore introduce a task-aware slot filter to
select Ng slots from Ng using bidirectional cross-attention
(BCA) [36], followed by a transformer layer (Trans), by
estimating the relevance scores of the tokens with respect
to the task description. Specifically, the task-aware slot filter
computes the relevant scores 7, at time ¢ between the object-
centric slots g; from the GRU and the embeddings of
language tokens P:

7, = Trans(BCA(S’, P)). )

Then, we retain Ng most relevant slots during training
and inference with a Topy,(+) function and filter out the rest.
Given the the object-centric slots S’ , we extract a refined
subset S, = {&!,...,5V5} to serve as task-aware object-
centric tokens, where Ng < Ng, based on their scores:

S; = {8} | i € Topy,(m)}. (6)
D. Relation-Centric Encoder

In robotic tasks, understanding of interactions between
objects is crucial for planning grasps and manipulations.
Although object-centric tokens localize items of interest, they
do not inherently capture relationships among objects (e.g.,
the gripper and objects). Specifically, we model relations
using learnable queries, R;. These queries integrate informa-
tion from dense visual patches (V) and object-centric tokens
(Sy) using a Cross-Attention Block (CAB), which consists
of multi-head cross-attention and feed-forward layers. The
CAB applies visual conditioning to process the patches and
slot-based conditioning to process the object tokens.

R, = CAB(CAB(Ry, V,),S)). (7)

E. Action Decoding

Inspired by [8], we employ LoRA [37] to integrate the ob-
ject and relation tokens into a VLA framework that leverages
an LLM action decoder, which we denote as ADy, ., (-). The
task-aware object-centric tokens S; and the relation tokens
R, are concatenated together with the language embeddings
P from the task description and the robot proprioception
o, to form a multimodal input sequence. Then, we define
the action prediction as a classification problem, where
each control dimension is discretized via binning [1] or
tokenization [38].

a; = argglaXADgLoRA([St iRt ;P 04]) (8)

where [;] denotes the concatenation operation, and the action
a; is obtained by greedy decoding over action logits A;.
Recall that Ng + Nrp < N; thus, this approach is much
token efficient than using [Vy; P, 0;] as input.

F. Objective Functions

We adopt a two-stage training strategy: first, we supervise
the Task-aware Object-Centric Encoder (Section IV-C), and
then we fine-tune the Relation-Centric Encoder (Section I'V-
D) jointly with the Action Decoding (Section IV-E).
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Fig. 3: Overall framework of our proposed model. Stage-1 trains the Task-aware Object-Centric Encoder with slot attention and task-aware filtering. Stage-2
freezes Stage-1 parameters and introduces the Relation-Centric Encoder, enabling relational reasoning for final action decoding.
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Fig. 4: Slot decomposition result. Task query: “Put the bowl on the stove”. Task-relevant slots correctly bind to objects, while irrelevant slots scatter.

=0

1) Stage — 1 Training: We first train the Task-aware a class-imbalanced BCE:
Object-Centric Encoder with two objectives that include: 1 ]
(a) slot-attention supervision and (b) task-aware slot filter Ling = N Zw(@i,t)BCE(ﬂi,t,Wi), (12)
supervision (Fig. 3: Stage-1). it

where ;¢ € {0, 1} indicates whether slot 7 is relevant to the
instruction at time ¢. The weight function w(-) up-weights
positive labels to address class imbalance (e.g., w(1) = 2.0,
w(0) = 1.0 in our experiments).

2) Stage — 2 Training: We used cross-entropy (CE) loss
between the predicted action logits A; before the argmax

via Hunganan. matchlng.[§9].usmg box-pased costs. . operation and the ground-truth one-hot action label A to
(a) }?’loht A”en”o,n Superv Lston. We supervise thiS%Ot auention  yin the Action Decoder together with Relation-Centric
with the bounding boxes, objectness, and masks: Encoder (Fig. 3: Stage-2).

Cslot—enc = )\slol-attn ﬁslot—attn + )\track ﬁlrack + >\im £int~ (9)

where, given Ng predicted slots and Ng ground-truth objects
per frame with the requirement of Ng < Ng, we align
predicted slots with ground-truth objects at each timestep

L
leot—altn = /\box ‘Cbox + >\0bj Eobj + >\seg Lseg~ (10) ['CE — _ ZAt log At, (13)

Here, Lpox is a standard DETR-style box loss [40], L =

is a binary cross-entropy (BCE) loss that assigns 1 to where L is the total number of action steps. Note that Stage-1
matched slots and 0 to unmatched ones, thereby encouraging ~ Parameters are frozen at this stage.

slots to activate only when corresponding to real objects.

Lse is a pixel-wise BCE that enforces finer alignment V. EXPERIMENTS

between predicted and ground-truth instance masks. Note A Benchmarks and Evaluation Strategies

that the supervising signals are coming from our introduced
LIBERO+ dataset. Then, we enforce temporal consistency
with a tracking loss, aligning slots with the same object
across frames using bounding box and mask annotations:

We conduct experiments on LIBERO+ benchmark (see
details in Section III). The diversity across its four subsets—
in terms of layouts, object counts, and task complexity—
enables us to evaluate the models’ ability to balance spatial

. o recision, relational reasoning, and temporal consistency.
S exp (Slm(sg, s, )/T) P & P ¥

_ (/,¢)EP(it) Baselines & Compared Methods. We adopt OpenVLA [1]

Lirack = — Z log — ) o . . . .
- : i oJ as the initial baseline, as it offers a strong visuomotor policy

m > exp(sim(s]. )T . . . |
(") EP (i, t)UN (i,t) but is computationally challenging. Our study emphasizes
_ D) (11)  visual tokenization strategies, which are orthogonal to the
with s} = (S;"’);, where P(i,t) denotes slots of the same  choice of pretrained visuomotor backbones; accordingly,
object across nearby frames (positives), and A (4,t) denotes  we limit our comparisons to OpenVLA as a representative
slots from other objects or different videos (negatives). reference. In summary, OpenVLA provides a fair starting
(b) Task-Aware Slot Filter Supervision: We directly supervise  point for evaluating our object- and object-relation—based
the task relevence score ; for each slot i from Eq. 5 with  approaches for the following comparison: OpenVLA [1]:
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TABLE II: Benchmark on LIBERO+ consisting of four subsets from LIBERO. Highest results are bolded, second-highest are underlined. No. Token
indicates the number of tokens used. The tasks, numbered from 1 to 10, are specific to each subset and sorted alphabetically.

LIBERO-Spatial

LIBERO-Goal
ORC OpenVLA OoC

LIBERO-Object LIBERO-Long

OpenVLA ocC ORC | OpenVLA oC ORC | OpenVLA ocC ORC
Average | 077 0.77 086 | 072 0.48 060 | 070 0.90 091 | 056 0.12 031
No. Token | 256 (1x) 4 (64x) 20 (13x)| 256 (1x) 4 (64x) 28 (9x) | 256 (1x) 4 (64x) 28 (9x) | 256 (1x) 4 (64x) 28 (9x)
GFLOPs | 2,112 (I1x) 561 (4x) 697 3x) | 2,112 (1x) S68 (4x) 723 (3x) | 2,112 (1x) 568 (4x) 723 (3x) | 2,112 (1x) 568 (4x) 723 (3x)
Task 1 0.60 0.90 0.70 0.82 0.70 0.65 0.75 0.85 0.95 0.75 0.50 0.20
Task 2 0.95 0.50 0.75 0.95 0.90 0.20 0.70 0.80 0.80 0.90 0.00 0.00
Task 3 0.70 0.90 1.00 0.82 0.00 0.40 0.85 1.00 1.00 0.55 0.10 0.40
Task 4 0.50 075 1.00 0.92 0.75 0.85 0.45 1.00 1.00 0.55 0.10 0.15
Task 5 0.95 1.00 0.95 0.70 0.80 0.90 0.95 1.00 0.70 0.40 0.15 0.40
Task 6 0.90 0.95 1.00 0.85 0.70 0.75 0.60 0.95 0.95 0.75 0.05 0.65
Task 7 0.75 0.35 0.85 0.88 0.70 0.65 0.45 0.90 1.00 0.40 0.10 0.55
Task 8 0.90 1.00 0.50 0.73 0.15 0.45 0.80 0.95 0.85 0.60 0.05 0.20
Task 9 0.90 0.60 0.90 0.82 0.00 0.80 0.50 0.85 0.95 0.35 0.00 0.10
Task 10 0.52 0.85 1.00 0.62 0.00 0.35 0.70 0.70 0.90 0.40 0.15 0.40

TABLE III: Ablation study on Task-Aware Slot Filtering. Object-centric slots (OC) and object—relation-centric slots (ORC) are compared. v indicates that
filtering is included, while X indicates that filtering is not included. The tasks, numbered from 1 to 10 are specific to each subset and sorted alphabetically.

‘ LIBERO-Goal LIBERO-Spatial

‘ LIBERO-Object ‘ LIBERO-Long

|
\ oc ORC | oc ORC | oc ORC | oc ORC

Language | X v X O v X N v X O v X v

Average ‘ 0.77 0.77 0.72 0.86 ‘ 0.53 0.48 0.60 0.60 ‘ 0.76 0.90 0.91 0.91 ‘ 0.11 0.07 0.12 0.31
Task 1 0.75 0.90 0.60 0.70 0.75 0.70 0.80 0.65 0.95 0.85 0.75 0.95 0.05 0.15 0.50 0.20
Task 2 1.00 0.50 0.40 0.75 0.70 0.90 0.20 0.20 0.40 0.80 0.85 0.80 0.00 0.00 0.00 0.00
Task 3 0.95 0.90 0.70 1.00 0.15 0.00 0.75 0.40 1.00 1.00 0.85 1.00 0.25 0.00 0.10 0.40
Task 4 0.60 0.75 0.75 1.00 0.20 0.75 0.95 0.85 1.00 1.00 1.00 1.00 0.05 0.00 0.10 0.15
Task 5 1.00 1.00 1.00 0.95 0.90 0.80 0.70 0.90 0.85 1.00 0.85 0.70 0.10 0.15 0.15 0.40
Task 6 0.90 0.95 0.85 1.00 0.55 0.70 0.50 0.75 0.95 0.95 0.95 0.95 0.25 0.05 0.05 0.65
Task 7 0.35 0.35 0.15 0.85 0.40 0.05 0.55 0.65 1.00 0.90 1.00 1.00 0.00 0.00 0.10 0.55
Task 8 0.40 1.00 0.80 0.50 0.70 0.15 0.80 0.45 0.80 0.95 1.00 0.85 0.05 0.00 0.05 0.20
Task 9 0.90 0.60 1.00 0.90 0.50 0.00 0.80 0.80 0.45 0.85 1.00 0.95 0.10 0.00 0.00 0.10
Task 10 0.80 0.85 0.80 1.00 0.40 0.00 0.40 0.35 0.15 0.70 0.80 0.90 0.30 0.35 0.15 0.40

TABLE IV: Ablation study on number of object tokens.

Method \ 4 tokens 8 tokens 16 tokens
oC 0.77 0.65 0.77
ORC 0.86 0.74 0.72

dense-token policy baseline with full token input, Object-
Centric Slots (OC): independent object representations with-
out explicit modeling of interactions (i.e. S1ot VLA without
Relation Encoder), and Object-Relation-Centric Slots (ORC):
our proposed object-relational tokenization that captures ob-
ject and object-context interactions (i.e. S1otVLA).

Evaluation Configuration. We use 16 slots for L-Goal
(simpler layouts) and 24 slots for L-Object, L-Spatial, and
L-Long. After filtering, only 4 task-relevant object slots are
retained, with relation slots matched to the initial object
slots. This setup enables fair comparison without filtering
and highlights the limitation of L-Long (up to 29 objects),
which cannot be fully covered unless all task-relevant slots
are retained. Training is performed with a batch size of 64
on 3 A100 GPUs for 50k iterations.

Evaluation Protocol. Each method is trained jointly across
tasks within a subset and evaluated on 20 rollouts per
task. We report average success rate per subset, along with
ablation studies on slot scaling and temporal tracking.

B. Main Results
Table II reports success rates across the four subsets in
LIBERO+. We can observe that OC yields comparable or

slightly higher averages than OpenVLA in L-Goal (0.77)
and L-Object (0.90), suggesting that compact object-centric
slots can support reasoning when tasks are primarily object-
driven with simple layouts. ORC provides additional gains
in L-Goal (0.86) and L-Object (0.91) by explicitly encod-
ing relational structure, though its advantage is less clear
in L-Spatial (0.60) and it underperforms OpenVLA in L-
Long (0.31 vs. 0.56). Thus, while relation-centric modeling
is beneficial for object-focused tasks, its impact is more
limited for spatially complex and long-horizon settings. A
key dimension of this comparison is the trade-off between
token number and computational cost. Slot-based models
reduce the token count by more than an order of magnitude
compared to OpenVLA (e.g., 4-28 slots vs. 256 dense
tokens). This efficiency helps explain their competitiveness
on L-Goal and L-Object, since these subsets involve only a
few active objects where compact slots capture the essen-
tial cues without wasted computation. However, the same
compactness becomes a limitation on L-Spatial and L-Long,
where the available object slots (4) are so much fewer than
the number of distinct objects (up to 29 in L-Long) that
would also necessitate better relational modeling. Otherwise,
not all objects can be represented, and fine-grained spatial
layouts remain hard to capture, leading to degraded perfor-
mance compared to the dense baseline. The key takeaway
is that slot-based tokenization offers strong efficiency gains
but its effectiveness depends on task complexity. OC and
ORC perform well on simpler tasks (L-Goal, L-Object) by
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Fig. 5: Trajectory demonstration in simulation from exocentric views. Task query: “Put the bowl on the stove”.

TABLE V: Ablation study on the effect of temporal consistency.

Temporal Consistency

Method ‘ X v
oC 0.38 0.77
ORC 0.40 0.86

focusing on task-relevant objects and gripper positions. OC,
however, struggles with changing layouts and many objects
(L-Spatial, L-Long), failing especially when filtered to only
four slots. ORC better captures relational reasoning but still
falters when object sets grow large, as in L-Long. Thus,
while compact slots are efficient and competitive, scaling to
complex layouts, long horizons remains an open challenge.

C. Task-Aware Slot Filtering Ablation

We ablated the slot filtering in Sec. I[V-C.2 with two models:

o With Slot Filtering (default): only a small number
of slots are passed downstream. OC retains 4 object
slots; ORC uses 4 object slots plus 16-24 relation slots
depending on the subset (Sec. V-A).

« Without Slot Filtering: all extracted slots are used (L-
Goal 16, L-Object 24, L-Spatial 24, L-Long 24).

Table III shows that both OC and ORC perform well

on subsets of simple layouts (L-Goal, L-Object), where
reasoning depends on picking and placing a few task-relevant
objects. Performance drops on L-Spatial and L-Long, which
involve changing layouts and many more objects. In L-
Long, OC remains somewhat feasible with 24 slots (0.11)
but collapses when filtered to 4 (0.07), showing the limits of
non-relational modeling. ORC, though better for relational
reasoning, also suffers with only 24 slots when scenes
contain up to 29 objects, as its module cannot recover unless
task-relevant slots are consistently included. We can observe
here that by filtering for irrelevant objects while focusing on
relevant ones, ORC can perform more decently on L-Long.
Overall, this indicates that slot-based models are effective in
object-centric settings with simple object layouts, but scaling
to complex, long-horizon tasks would require both relevant
object coverage and strong relational reasoning.

D. Ablations and Insights

Our ablation study is conducted on L-Goal for both OC
and ORC with task-aware slot filtering enabled.

Number of object slots. Table IV reports results on L-
Goal when varying the number of object slots. For OC,
performance is the same at 4 and 16 tokens (0.77) but
drops at 8 tokens (0.65), suggesting that simply scaling slot
numbers does not yield consistent gains, but rather adds
noise to the system because of increased number of irrelevant
objects. For ORC, performance is strongest at 4 tokens (0.86)

and decreases slightly as more slots are added (0.74 at 8,
0.72 at 16). This indicates that relational encoding enables
the use of a small slot budget, but adding more slots may
dilute relational grounding or introduce distractors in simpler
tasks like L-Goal, where only a few objects are active.

Temporal consistency. Table V evaluates the effect of
temporal consistency in action decoding. Without it, both
OC (0.38) and ORC (0.40) degrade sharply, even falling
below the dense OpenVLA baseline (0.77 on L-Goal). With
consistency, performance improves markedly (0.77 for OC,
0.86 for ORC). The larger gap for OC shows its sensitivity
to identity drift, while ORC is more robust but still affected.
These results highlight that slot-based models depend not
only on representation quality but also on stable slot identi-
ties; without consistency, the Action Decoder must re-ground
objects at every frame, undermining task success.

E. Qualitative Results.

We provide qualitative analysis on the L-Goal task “Put
the bowl on the stove”.

Slot decomposition. Fig. 4 shows how an input image is
decomposed into slots. Each slot specializes to a distinct
object or region, assigning high attention to task-relevant
objects such as the gripper (slot 0), bowl (slot 1), or stove
(slot 2). Irrelevant background regions receive negligible
weights, indicating that the slot-based encoder factorizes
scene into interpretable entities while filtering distractors.

Trajectory prediction with stable slots over time. Fig. 5
shows the predicted trajectories of task-relevant objects over
time. Slots maintain consistent identities across frames (e.g.,
slot 0/1 track the gripper and bowl, slot 2 the stove), demon-
strating temporal consistency for both dynamic and static
objects. This stability enables the action decoder to generate
coherent predictions as the robot grasps the bowl and places
it on the stove, highlighting how slot-based representations
capture object semantics while preserving identity over time.

VI. DISCUSSION

As the first investigation of slot-based VLA, our results
highlight both its potential and limitations for visuomotor
reasoning. Compact slots in OC and ORC reduce token
count and FLOPs by 3-4x compared to dense baselines
while maintaining competitive accuracy on simpler tasks (L-
Goal, L-Object), revealing an efficiency—performance trade-
off when only a few objects matter. Increasing slot numbers
does not guarantee gains: OC accuracy stagnates or de-
clines, and ORC weakens as additional slots dilute relational
grounding. Temporal consistency is also critical; without it,
both models degrade substantially, indicating that stable slot
identities are essential for action decoding.
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VII. CONCLUSION

We introduced LIBERO+, an object-centric benchmark,
and S1otVLA, a slot-based framework for structured visuo-
motor control. By using compact object and relation slots,
our method reduces token usage by an order of magni-
tude compared to dense-token baselines while maintaining
competitive performance. The results suggest that object-
relation-centric tokenization provides an effective balance
of efficiency, interpretability, and performance for multitask
robotic manipulation. We hope LIBERO+ and SlotVLA
serve as a foundation for future research on structured and
trustworthy embodied Al

Limitations. S1otVLA performs well in simple scenes,
but scaling to complex layouts may require finer relational
modeling with greater relational slot capacity. While full
supervision enables trustworthy deployment, it is annotation-
intensive and is more difficult to scale with real data.

Broader Impacts. S1otVLA’s slot-based design improves
interpretability and efficiency, supporting safer embodied Al
under limited compute, as object-relation grounding and
structured supervision can further enhance trustworthy and
collaborative human-Al systems, e.g. collision avoidance.
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