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Abstract

Object-centric representation learning aims to decompose
visual scenes into fixed-size vectors called “slots” or “object
files”, where each slot captures a distinct object. Current
state-of-the-art object-centric models have shown remark-
able success in object discovery in diverse domains, includ-
ing complex real-world scenes. However, these models suffer
from a key limitation: they lack controllability. Specifically,
current object-centric models learn representations based
on their preconceived understanding of objects and parts,
without allowing user input to guide which objects are repre-
sented. Introducing controllability into object-centric models
could unlock a range of useful capabilities, such as the abil-
ity to extract instance-specific representations from a scene.
In this work, we propose a novel approach for user-directed
control over slot representations by conditioning slots on
language descriptions. The proposed CONTROLLABLE
OBJECT-CENTRIC REPRESENTATION LEARNING approach,
which we term CTRL-O, achieves targeted object-language
binding in complex real-world scenes without requiring mask
supervision. Next, we apply these controllable slot represen-
tations on two downstream vision language tasks: text-to-
image generation and visual question answering. We find
that the proposed approach enables instance-specific text-to-
image generation and also achieves strong performance on
visual question answering.

1. Introduction
Object-centric representation learning aims to decompose a
visual scene into its constituent entities or objects and repre-
sent each entity as a distinct vector called a slot. Slot-based
representations are inherently compositional and support
many complex downstream tasks such as dynamics model-

*denotes equal contribution, order is determined by flipping coin
†denotes equal advising

ing [12, 43], control [6, 7, 16, 49], and reasoning [1, 29].
Moreover, studies in cognitive neuroscience [35, 41] have
shown that human perception uses mechanisms akin to slot-
based representations.

Existing unsupervised object-centric models [6, 9, 10, 28,
39] can successfully decompose complex real-world visual
scenes. However, they face a fundamental limitation: they
lack control over the object representations. While these
models expose control over the number of scene parts, they
do not allow users to extract specific object representations
within a scene (e.g., specified by user queries in the form
of language or position markers). For instance, a user can
specify that a scene should be decomposed into K slots, but
they cannot direct a given slot to bind to a particular object
of interest such as “a cat” or “a black purse”.

This lack of control over the semantic content of the repre-
sentation can be limiting, as this restricts the model always to
extract a fixed decomposition of a scene based on its own pre-
conceived understanding of objects and parts. Such rigidity
can be problematic for applications that require representa-
tions at varying granularity, such as extracting the represen-
tation of a car wheel instead of the entire car, or vice versa.

Moreover, many downstream tasks may require or benefit
from the knowledge of the semantic content in the slots. Due
to the unsupervised nature of existing models, there is no way
to identify the content of a slot without manually checking
its corresponding mask. For example, if the user needs repre-
sentations of the cat and a dog in a particular image to answer
a question, they would have to manually inspect masks of
all discovered objects to pick the corresponding slots.

To address these limitations, we propose to inject con-
trollability into object-centric representation learning. We
achieve this by querying the model to represent specific ob-
jects in the image. Specifically, these queries condition the
slot vectors to guide them to the objects described by the
query. The queries can be in the form of natural language
(such as object category names or referring expressions).
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The main challenge is to ensure that the slots conditioned on
a speci�c query bind to the object referred to by that query.
We term the challenge of binding slots to speci�c objects
thevisual grounding problem[15, 20, 34, 46]. We �nd that
this problem is not trivial and introduce a novel controllable
object-centric model —CTRL-O — to solve it. In our ex-
periments, we demonstrate that the proposed approach can
successfully bind slots to objects speci�ed by user queries
containing object categories or referring expressions in com-
plex real-world scenes with limited supervision. In addition,
we demonstrate the usefulness of the extracted controllable
representations for two downstream tasks: visual question
answering and instance-controllable image generation. Our
contributions are as follows:

• We introduce CTRL-O, a novel method to learn control-
lable object-centric representations via user-de�ned inputs.

• We demonstrate that this approach supports extracting rep-
resentations for complex reference expressions, enabling
precise part speci�cation within the representation.

• We validate the effectiveness ofCTRL-O on two
real-world downstream tasks: Instance-Controllable
Image Generation and Visual Question Answering.

2. Related Works

Object-Centric Representation Learning Unsupervised
object-centric representation learning (OCL) has gained a lot
of interest in recent years [3, 5, 6, 9, 10, 14, 22, 28, 39, 50].
OCL aims to extract individual representations for various
entities in unstructured sensory inputs such as images. Slot
Attention [28] introduces an attention-based mechanism to
decompose images into object-centric representations.DI-
NOSAUR [39] builds upon this by utilizing self-supervised
DINO features [4, 33] to enhance unsupervised object dis-
covery. WhileDINOSAUR can effectively identify objects in
real-world data [26], it lacks mechanisms for top-down con-
trol over the representations. In contrast,CTRL-O provides
controllable OCL by incorporating language-based control
queries, allowing for �exible guidance with minimal supervi-
sion during training. Some works [22, 23] have explored con-
ditioning mechanisms in object-centric models. SAVi [22]
uses bounding boxes for the initial frame of a video for
conditioning. CoSA [23] conditions on learned vector repre-
sentations. These methods are often limited to speci�c forms
of conditioning and are primarily evaluated on synthetic
datasets, while our method can handle many forms of condi-
tioning on real-world data. Finally, several recent works con-
nect object-centric representations with language [11, 21].
These works connect object representations with language
post-hoc, assigning language labels to discovered slots. In
contrast,CTRL-O integrates language and point condition-
ing directly into the learning process, allowing a user to
control what representations should be extracted.

Downstream tasks with object-centric representations
There has been limited work exploring the applicability of
object-centric models to downstream tasks. Slotformer [43]
uses the learned slots for world modelling and video
question answering. Zadaianchuk et al.[49], Yoon et al.
[48] and Didolkar et al.[6] investigate the applicability
of object-centric representations for learning RL policies
in simple environments such as Atari [32]. One drawback
of these works is that they mainly consider synthetic
environments and toy tasks; thus, their applicability is
limited. In contrast, in this paper, we consider downstream
applications in complex real-world environments. There are
only a few works that study applications of object-centric
representations in real-world settings. Mamaghan et al [29]
investigate the application of object-centric representations
in Visual Question Answering. We consider them as a
baseline for our experiments on VQA. Slot Diffusion [44]
and Stable LSD [19] use object-centric representations
for generating real-world images. However, both these ap-
proaches lack controllability; hence, it is dif�cult to specify
any conditioning information or control the images that
these approaches generate. In contrast, we demonstrate in
Section 4.3, thatCTRL-O, when used for image generation,
provides �ne-grained control over the image generation.

3. Method

In this section, we describe the proposed approach for inject-
ing controllability into existing object-centric models. We
present a visual depiction of our method in Fig. 1.

In our setup, the input consists of an imageX and
user-de�ned queries embedded into vectorsL = f l j 2
RD embgM

j =1 . The expected object-centric representation of
the imageX is a set of slotsS = f si 2 RD slotgN

i =1 . The
�rst M slots (we assume thatM � N ) should represent
the object identi�ed by the corresponding queries, while the
remaining slots represent the unspeci�ed parts of the scene.
This way, the obtained representation is a complete decom-
position of the whole imageX , while still containing the
parts corresponding to the user-speci�ed queriesL .

We consider controllability in the form oflanguage
queries. We rely on the user to provide free-form text
specifying object categories or object referring expres-
sions whose visual representations are sought after. We
encode this text into a �xed-sized vector embedding using
LLM2Vec [2] with LLaMA-3-8BLLaMA-3-8B [31] to
obtain these embeddings. These language embeddings
comprise the queries we feed into the model.

3.1.CTRL-O Architecture

Background We base the proposed approach on
DINOSAUR [39]. DINOSAUR uses the Slot Attention
module [28] for object discovery. Slot Attention is an
attention-based differentiable clustering procedure which,

2



Figure 1. (a) Overview ofCTRL-O architecture. An input image is processed by a frozen DINOv2 ViT modelf , yielding patch featuresH .
These features are then transformed intoH 0 by a learnable transformer encoderg to align the feature space with the control queries. The
control queries are introduced in the Slot Attention (SA) module, which guides the grouping of the encoded features into slotsS. The initial
slots in the SA module are conditioned with the control queries. Finally, an MLP decoderd, conditioned on control queries, reconstructs the
DINOv2 features. (b) To ensure that slots utilize query information to represent speci�c objects, we apply a contrastive loss between control
queries and the Slot Attention-modulated weighted DINO featuresA slot (referred to as weighted DINO slots).

given a grid of featuresH = f hk gK
k=1 = f (X ) obtained

from an encoderf (we use DINOv2 [33]) applied to
an imageX , outputs a set of slotsS such that each slot
represents a distinct object in the image. We refer the reader
to App. A for a detailed description of DINOSAUR.

Query-based Slot Initialization We are trying to solve the
visual grounding problem: given the query corresponding to
an object in the image, we want a slot to bind to exactly that
object. The most straightforward way to enforce grounding
is to condition the slots directly on the query corresponding
to each object. Speci�cally, we achieve this by adding
the object queryl i to one of the slots (see Fig. 1, input to
the Slot Attention Module). This approach is similar to
SAVi [22], which conditions each slot on the center of mass
information for each object. In our experiments, we �nd that
simply conditioning the slots on the queries does not lead
to correct grounding; hence, a stronger signal is needed to
ensure proper grounding.

Decoder Conditioning Similar toDINOSAUR, we use a
broadcast MLP decoder, separately decoding each slot into
patch features. We empirically �nd that conditioning the
decoder on the corresponding control queries improves lan-
guage grounding (concrete evaluation presented in Table 1.
To implement this, we concatenate the resulting slots with

the control queries and pass them through an MLP whose
output is fed into the patch decoder as shown in Fig. 1 (a).

3.2. Control Contrastive Loss to Enforce Grounding

To enforce grounding, we introduce a contrastive loss, as
illustrated in Fig. 1 (b). The intuition behind this objective
is that if a slotsi is conditioned on a queryl i corresponding
to the objectoi , then we want the encoder features corre-
sponding to the slotsi to be close in embedding space to
the queryl i . To obtain the features corresponding to slotsi ,
we spatially aggregate the features output by the mapping
network (learnable mappingg in Fig. 1 (a)) by weighting
them with the attention scores of slotsi , obtained from the
last iteration of slot attention:zi =

P K
k=1 aik hk , where

aik denotes the attention score of slotsi on featurehk . We
further processzi using an MLP to outputzemb

i , which is
used in the contrastive loss.

Note that we do not directly use the slots for the con-
trastive loss because the loss can be trivially satis�ed by the
slots as they are conditioned on the control queries, which
are the targets for the contrastive loss.

For the contrastive loss, we use(zemb
i ; l i ) as positive pairs

which should be similar, and(zemb
i , l t ) as negative pairs

which should be dissimilar, witht 6= i . Note that for the
negatives, we consider all the conditioning queries across
the entire batch. Considering that there areT conditioning
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Slot Init. GT Masks CL DC Binding Hits FG-ARI mBO

3 3 7 7 71.2 69.8 35.4

3 7 7 7 8.1 34.52 22.42

3 7 7 3 10.11 43.83 25.76

3 7 3 7 56.3 44.8 27.3

3 7 3 3 61.3 47.5 27.2

Table 1.CTRL-O Model Component Ablation for Grounding.
Importance of various components for achieving strong grounding.
Here, we use COCOtrain set for training andval set for evaluation.
CL = Contrastive Loss, DC = Decoder Conditioning.

Approach Model FG-ARI mBO

Unsup.

DINOSAUR (MLP Dec.) [39] 40.5 27.7

DINOSAUR (TF. Dec.) [39] 34.1 31.6

Stable-LSD [19] 35.0 30.4

SlotDiffusion [44] 37.3 31.4

Weak Sup.
Stable-LSD (Bbox Supervision) [40] - 30.3

CTRL-O (Trained on COCO) 47.5 27.2

Table 2. Object Discovery Performance. Comparison of
CTRL-O with unsupervised and weakly-supervised object-centric
approaches on the COCO dataset.

queries in the entire batch, the loss for a single sample is
formalized as follows:

L l
CC = �

MX

i =1

log
exp(zemb

i � l i =� )
P T

t =1 exp(zemb
i � l t =� )

(1)

Here,� is the temperature, which is set to0:1. We assume
two training regimes: when only language queriesl i
are available and when both language queriesl i , and
center-of-mass point queriespi are provided during training.
In the �rst regime, we de�ne control contrastive lossL CC

as simplyL l
CC . In the second regime, control contrastive

lossL CC is de�ned as the sum of two losses with language
and point queries:L CC = L l

CC + L p
CC . We incorporate

control contrastive lossL CC in addition to the feature
reconstruction loss fromDINOSAUR. For additional
implementation details, see App. B.

4. Experiments

In this section, we �rst show thatCTRL-O learns to bind
to the right regions in the image given complex natural
language queries. Next, we tackle two downstream tasks
— instance-speci�c image generation and visual question
answering — using a pretrained CTRL-O model.

4.1. Grounding Object­Centric Models

We studyCTRL-Oacross two axes: 1)Object Discovery—
How well canCTRL-O discover and represent each object
separately in a scene?, and 2)Grounding — Can the slot
conditioned on some language queryl j bind to the region
speci�ed by that language query?

Metrics To evaluate object discovery, we use standard
metrics such as adjusted rand index (ARI) [18] and mean
best overlap (mBO) [36]. To measure grounding, we intro-
duce a new metric calledBinding Hitswhich measures the
grounding accuracy of the conditioned slots. Refer to App. F
for more details regarding these metrics.

DatasetsWe use COCO [26] and Visual Genome [24] as
our main datasets of study. COCO and Visual Genome both
contain natural scenes with multiple objects. COCO con-
tains category annotations spanning 91 different categories
while Visual Genome contains region descriptions. COCO
contains object annotations along with corresponding
segmentation masks; we use it for quantitative evaluation
of CTRL-O on object discovery and grounding. Visual
Genome does not contain segmentation masks; hence, we
only evaluate on it qualitatively. As several images in COCO
contain multiple instances of the same object category,
conditioning multiple slots on the same category name
can be ambiguous for the model. Also, such conditioning
poses problems for reliably computing the Binding Hits
metric. Therefore, to disambiguate multiple instances of
the same object category, we condition the slots on both
category names and center of mass coordinates. We embed
the language query using Meta-LLaMA-8B and the center
of mass coordinates using a 2-layered MLP and concatenate
them into a conditioning vector.

Object Discovery (Table 2)We compareCTRL-O to
various unsupervised and one weakly-supervised object dis-
covery method. All the methods considered in Table 2 ap-
ply Slot Attention to the features of a pretrained encoder
to extract slots. FollowingDINOSAUR, this has become
the standard in unsupervised object discovery. The weakly-
supervised approach, Stable LSD (w/ bbox supervision) [40],
uses bounding boxes to supervise the Slot Attention alpha
masks.CTRL-O conditions the slots on language and cen-
ter of mass queries and also uses the same information for
contrastive loss. Therefore,CTRL-O can be classi�ed as a
weakly-supervised approach. Note that we do not use any
of the guidance information to directly supervise the Slot
Attention masks; thus, our form of supervision is weaker
as compared to Stable LSD (w/ bbox supervision). In Ta-
ble 2, we show thatCTRL-O outperforms all unsupervised
approaches in terms of ARI but lags behind in terms mBO.
The lower performance in terms of mBO can be attributed
to the MLP decoder of the underlyingDINOSAUR model,
which also obtains a lower mBO. We �nd that a transformer
decoder [39] or a diffusion decoder [19, 40, 44] results in
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Figure 2. Referring Expression Controllability on Visual Genome. VisualizationCTRL-O with free-form queries. The original
image (left) and predicted segmentation masks are shown, with conditioning phrases presented above the corresponding segmented image;
unconditioned slots have no phrase.

Methods Sup.
Image-text Fine RefCOCO RefCOCO+ Gref

pretraining datasettuning val testA testB val testA testB val

GroupViT [45] T CC12M+YFCC
7 7.99 6.16 10.51 8.49 6.79 10.5910.68
3 10.82 11.11 11.2911.14 10.78 11.8412.77

MaskCLIP [51] T WIT
7 11.52 11.85 12.0611.87 12.01 12.5712.74
3 19.45 18.69 21.3719.97 18.93 21.4821.11

Shatter & Gather [21] T VG 7 21.80 19.00 24.9622.20 19.8624.85 25.89

CTRL-O T VG 7 21.80 20.10 21.5721.90 21.54 21.3625.32
CTRL-O T + P VG 7 28.2 33.13 27.05 25.87 30.58 22.58 30.50

Table 3.Referring expression segmentationComparison with weakly-supervised reference expression segmentation methods (Shatter &
Gather) and open-vocabulary segmentation methods (GroupViT and MaskCLIP). The results on three datasets are reported in mIoU (%).
Fine-tuning3 means that the model is trained with the image-text pairs of the target benchmark; otherwise, the model is trained on the
image-text pretraining dataset, and applied to the reference datasets zero-shot.

sharper masks as compared to the MLP decoder. This experi-
ment veri�es thatCTRL-O can discover objects in complex
natural scenes. Next, we evaluate whether it can bind to the
region speci�ed by the control queries.

Grounding Object Categories (Table 1)Controllability
is a new paradigm for object-centric models that has not been
explored before. Hence, there are no direct baselines with
which we can compare. Instead, here we try to demonstrate

the dif�culty of the grounding problem and ablate over the
components introduced in Section 3 to understand their
importance in achieving good grounding. We use the COCO
dataset for this evaluation. Table 1 presents the results for
various ablations. To obtain an upper bound for grounding
performance, we train a (fully supervised)CTRL-O model
by directly predicting the ground truth masks (�rst row in
Table 1). While such supervised baseline achieves strong
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