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Abstract

Visual reasoning is supported by a causal understanding of the physical world, and
theories of human cognition suppose that a necessary step to causal understanding
is the discovery and representation of high-level entities like objects. Slot Attention
is a popular method aimed at object-centric learning, and its popularity has resulted
in dozens of variants and extensions. To help understand the core assumptions
that lead to successful object-centric learning, we take a step back and identify the
minimal set of changes to a standard Transformer architecture to obtain the same
performance as the specialized Slot Attention models. We systematically evaluate
the performance and scaling behaviour of several “intermediate” architectures on
seven image and video datasets from prior work. Our analysis reveals that by
simply inverting the attention mechanism of Transformers, we obtain performance
competitive with state-of-the-art Slot Attention in several domains.

1 Introduction

Human understanding of the natural world is rooted in the perception of enti-
ties like objects, which form the basic building blocks for causal prediction and
reasoning in everyday situations [1}2]]. In contrast, standard neural network
architectures like Transformers only partially succeed at learning representa-
tions that separately encode information about individual objects, especially
in the absence of instance-level supervision (3] 4 [5]]. To overcome this issue,
a vast literature has emerged on more specialized object-centric neural net-
works, capable of discovering and representing information about objects in a
self-supervised manner [6 7, [8 9} [10L 1T, (12} [13]]. (For an overview, see Greff
et al. [3].)

Though there are notable exceptions [e.g.,[14] [13]], many recent approaches
follow a fairly standard recipe derived from Siot Attention [16]. In Slot At-
tention, an image—encoded as a set of input tokens—is soft partitioned into
K object slots. (The term queries is also used in related literature [17,[18].)
Partitioning is a recurrent mechanism in which slots are initialized to values
sampled from a distribution (with learnable parameters) and are then iteratively
updated via scaled dot-product attention to the input tokens [19]]. Neural net-
work components that apply the updates, typically GRUs [20]], share parameters between iterations.
Notably, attention maps are computed via a kind of inverted attention [21]], which induces competition
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Algorithm 1: Slot Attention Algorithm 2: Transformer (cross-attention)

inputs = LayerNorm(inputs) 1
for _in range(N): 2 for _in range(N):
updates = ScaledDotProductAttention( 3 updates = MultiHeadDotProductAttention(
g=LayerNorm(slots), 4 g=LayerNorm(slots),
kv=inputs, 5 kv=inputs,
axis="queries", 6 axis="keys"
renormalization=True 7
) 8
slots = GRUx(slots, updates) 9 slots += Dropout(updates)
slots += MLPx(LayerNorm(slots)) 10 slots += Dropout(MLP(LayerNorm(slots)))
11 slots = LayerNorm(slots)

Figure 2: Comparing the Slot Attention and Transformer algorithms. * is used to indicate weight-
sharing between iterations in Slot Attention. Other notable differences include the normalization axis
used in the cross-attention operation (and subsequent renormalization), and the gated update using a
GRU in place of a residual update.

between the slots to explain the input tokens. A prominent account for why this may lead to slot
representations that capture individual objects stems from its connection to Soft K-Means or Neural
EM [7, 22], relatedly a more general theory of the feasibility of learning object representations
was recently proposed [23]]. In combining Slot Attention with different encoders and decoders, its
capabilities for learning representations of abstract entities have been extended to video [24} 25]], 3D
scenes [26l 27, 28]], action sequences [29], and morphemes in language [30].

Although many variants and extensions of Slot Attention have been proposed [31,132}[33}[34]], the core
assumptions that lead to successful object-centric learning remain elusive. Here we take a step back
and ask what aspects of Slot Attention are actually critical for object discovery. We tackle this question
by drawing a connection between Slot Attention and Transformers (Figure 2)) which allows us to
identify a minimal set of changes to a standard Transformer decoder architecture [19,|35] that unlock
the capacity for object discovery. In particular, we perform an extensive analysis of architectural
variants of Slot Attention and Transformers on a range of commonly-used synthetic and real-world
datasets. Our study reveals that by simply ‘inverting’ the attention mechanism of Transformers,
we obtain competitive performance for object-representation learning (see Figure [I)). We further
demonstrate that it is possible to substitute this Inverted-Attention Transformer for Slot Attention in
SAVi [24] and OSRT [26]] while obtaining comparable and sometimes improved performance.

2 Comparing Slot Attention to Transformers

Figure 2] presents a side-by-side comparison of Slot Attention [16] and Transformer Decoders [19].
Because Slot Attention only performs cross-attention, we consider pre-LayerNorm Transformer
Decoders without self-attention [35]]. Given an encoding of the input as a set of tokens and a set of
initialized slots (or queries), the two algorithms proceed in a similar manner:

Multiple Iterations. Slots are updated over /N iterations. In case of Slot Attention these iterations
use shared weights, which lend the interpretation of them being state updates that converge on
fixed-point attractors [31}36], while in Transformers each iteration corresponds to a layer having
potentially different weights.

Scaled Dot-Product Attention. Slots are updated by individually attending to the input tokens
using a form of scaled dot-product attention [19], typically using multiple heads in case of
Transformers. Here an important distinction is the normalization of the attention map, which
in Slot Attention proceeds by transposing the axis over which the softmax is taken followed
by a renormalization step to ensure the attention weights into each slot sum to one (see also
Appendix [B.T)). This operation can also be understood as a kind of “Inverted Dot-Product Attention
Routing” (without the extra LayerNorm) [21] followed by an additional renormalization step.

Update and Transformation. After attending, the slots are updated by a learned transformation
of the resulting attention vectors. In Transformers, a residual update is applied followed by
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Figure 3: FG-ARI of Slot Attention and Transformer variants on six image datasets.

transformation by an MLP. Here Slot Attention leverages a gafed update implemented as a
GRU [20] that includes a transformation. Slot Attention also includes an additional optional
transformation with an MLP.

We note that various smaller differences exist as well, though these are not expected to significantly
affect the behavior of the model. For example, Slot Attention starts by applying Layer Normalization
(LN) [37] to the inputs, while pre-LN Transformers add LN at the very end. Further, Transformers
sometimes include Dropout in the update and transformation steps, though no consistent
improvement was found in applications to images .

3 Experiments
Complete details of our experiments can be found in Appendix [B]

3.1 Object Discovery in Images

Experimental Setup. We focus on the task of unsupervised object discovery, which is commonly
used to evaluate the capacity for object-centric representation learning [7, 22]]. We adopt the
object discovery architecture from Locatello et al. [16] and conduct experiments on a wide range of
image datasets: CLEVR with masks [40, 41]), CLEVRTex [42], COCO [43]], and individual frames
from MOVi-A, MOVi-C, and MOVi-E [44]. For CLEVRTex, we use a ResNet34 encoder which was
previously found to work well on this dataset [43]]. For the COCO and MOVi datasets, we adopt the
DINOSAUR architecture whereby features from a pre-trained DINO-VIiT [4], [39] are used as
inputs to Slot Attention and as the reconstruction target. In other cases we train models to reconstruct
pixels directly. To initialize slots/queries, we sample from a Gaussian distribution with learned mean
and variance as in Locatello et al. [16]. We report 3 seeds for all our experiments and train for
300K steps. Unless otherwise stated we use [N = 3 iterations for (variations of) Slot Attention and
Transformers.

Benchmarking Variations of Slot Attention and Transformers. To determine what aspects in
Slot Attention are essential for successful object-centric learning, we lay out a space of models that
includes Slot Attention and Transformers and evaluate variations that are positioned in between.
For these experiments we substitute a particular variant for Slot Attention, while keeping other
components of the architecture, such as the encoder or decoder, fixed for each dataset (details are
presented in Appendix [B:I). To summarize, the variations include:

TF: a standard pre-LayerNorm Transformer decoder without self-attention.

TF-Inv: same as TF, except for using inverted attention and renormalization.

TF-Inv w/ GRU: TF-Inv with a GRU in each layer to perform the slot update (line 9 in Figurelﬂﬂ
SA w/o GRU: Slot Attention, but with the GRU replaced with a residual update.

SA: standard Slot Attention.

3We also explored GRU weight sharing across layers of TF-Inv w/ GRU, but we saw no significant effect.



(a) Increasing Number of Iterations of Slot Attention (b) Increasing Number of Layers in TF-Inv

laN=3 BaN—4 BEiN—6 0EN—8 JlIN:3 Tun=4 BaN=6 HBN=8

FG-ARI (in %)

0
CLEVR CLEVRTex Ccoco MOVi-A MOVi-C CLEVR CLEVRTex coco MOVi-A MOVi-C
25403  4.04+26

Relative Validation Loss

0
CLEVR  CLEVRTex COCOo MOVi-A MOVi-C CLEVR CLEVRTex coco MOVi-A MOVi-C

Figure 4: FG-ARI and Relative Validation Loss as we increase N for (a) SA and (b) TF-Inv. We
report the validation loss relative to SA using N = 3 to be able to compare between datasets.

We evaluate these variants in terms of emergent instance segmentation. Figure[3|reports the foreground
ARI [22] 46, [47] scores (hereafter, FG-ARI) for each of these variations, which are obtained by
comparing ground-truth instance segmentations to those that were inferred after decoding the slots
using a spatial broadcast decoder [22] 48] (e.g., as in Figure[I). It can be seen that TF generally
performs the worst, though surprisingly, other variants are able to achieve an FG-ARI comparable to
that of SA. Crucially, we note that simply inverting the attention operation is sufficient to facilitate
object discovery with Transformers as TF-Inv generally performs as well as other variants closer to
Slot Attention (e.g., those that share weights between iterations or incorporate the GRU). Foreground
mloU [49] reveals a similar trend, as shown in FigureEl

Scaling by increasing N. We hypothesize that because the number of free parameters—and hence
capacity—of TF-Inv increases linearly with N but it does not for SA, TF-Inv may have a performance
advantage. We ran experiments for various values of N, using the same N during training and
evaluation, across several datasets and present the results in Figure[d We observe that for CLEVR
and MOVi-A, the performance of SA does degrade as N > 3, both in terms of validation loss and in
terms of FG-ARI. TF-Inv, on the other hand, generally maintains or slightly improves performance as
its number of layers increases. This provides some evidence supporting our hypothesis that TF-Inv
scales better to larger N, which opens up an interesting avenue for future work.

3.2 Application of Inverted-Attention Transformers to Other Domains

Slot Attention for Video (SAVi). We consider SAVi 24 23], which relies on Slot Attention as a
key component to enable the discovery and tracking of objects in videos. We plug TF-Inv into SAVi
as a replacement and evaluate it on videos of the MOVi datasets. We plot the FG-ARI in Figure[5] It
can be observed that SAVi with TF-Inv performs comparably on MOVi-A and MOVi-E, though it is
unstable on MOVi-C. Interestingly, adding back the GRU helps TF-Inv to match SAVi performance,
suggesting it is of some importance in this setting.

Object Scene Representation Transformer (OSRT). OSRT [26] is an object-centric model that
uses Slot Attention for novel view synthesis of 3D scenes. Here, in addition to FG-ARI, we also
report Peak Signal-to-Noise Ratio (PSNR), which captures the ability of the model to reconstruct
novel views. We run a set of experiments on the MultiShapeNet-Hard (MSN-Hard) [50] dataset
where we use TF-Inv instead of SA and report results in Table[I] We see that while SA performs better
than TF-Inv when N = 1 (the standard setting in Sajjadi et al. [26]]), increasing to N = 5 harms
performance for Slot Attention, both in terms of PSNR and FG-ARI. In contrast, TF-Inv scales well
with additional layers, yielding a higher FG-ARI and improved PSNR.

4 Discussion

In this work, we investigated the core assumptions underlying successful object-centric learning
in attention-based architectures derived from Slot Attention. Through a comprehensive study, we
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Figure 5: FG-ARI of Slot Attention, TF-Inv, and Table 1: PSNR and FG-ARI when substituting SA in
TF-Inv w/ GRU per Layer on the video version OSRT [26] with TF-Inv.
of the MOVi datasets.

discovered that inverted dot-product attention is a crucial component, which can readily be integrated
in Transformers by changing the axis along which the attention normalization takes place (i.e., the
‘query’ axis instead of the ‘key’ axis) and subsequently renormalizing as in Locatello et al. [16]]. In
particular, a modified pre-LayerNorm transformer (cross-attention only, i.e., TF-Inv), was shown
to perform on par with Slot Attention on a variety of datasets, to scale well with model depth, and
to be broadly applicable to other domains where Slot Attention is used such as SAVi and OSRT.
In the medium term, there is an exciting opportunity to apply these insights to applications of
Transformers more broadly, i.e., outside the context of unsupservised object-centric representation
learning, including related architectures for object detection [17} 51} 52].

Open Questions

Although Inverted-Attention Transformers make considerable progress toward simplifying Slot
Attention (and extending its applicability), our investigations revealed several additional factors that
influence the performance of both 7F-Inv and SA. Although these observations require more thorough
study, we present our initial investigations below hoping that they spur further insights from the
research community.

Slot Initialization. To initialize the slots, our previous experiments sample from a shared Gaussian
distribution with learnable parameters. Alternatively, it is possible to learn the set of slot initializations
directly [17, 24} 25| [32]. We demonstrate the effect of this change in Figure [l on the CLEVR,
CLEVRTex, and MOVi-A datasets. It can be seen that when learning the set of slot initializations,
TF-Inv generally achieves slightly lower FG-ARI on CLEVR and MOVi-A and considerably lower
FG-ARI on CLEVRTex. Moreover, the GRU gating improves performance of TF-Inv in this setting,
especially on the CLEVRTex dataset. TF can also be seen to perform considerably better in this
setting, though a consistent ordering among the model variants across datasets can not be established.

(a) CLEVR (b) CLEVRTex (c) MOVi-A

[ Learned Init [0Shared Gaussian Init

Figure 6: FG-ARI of the different model variants when using learned initializations per slot or learned
Gaussian initializations shared between slots.
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Sensitivity to Decoder. In our previous exper-
iments we adopted the Spatial Broadcast De-
coder to reconstruct the image from the
slots following Locatello et al. [16]. Though
this is arguably the standard approach, it is a rel-
atively weak decoder that incorporates a strong
inductive bias for modeling images as a compo-
sition of parts. Recently, Singh et al. [33]] pro- CLEVR
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work has shown this type of decoder facili-
tates object discovery in more visually complex
scenes.
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To investigate the sensitivity to this choice, we evaluated each model variant using a Transformer
Decoder instead of the Spatial Broadcast Decoder on the CLEVR dataset. From Figure[7} we observe
that while TF-Iny still outperforms TF in this setting, it performs considerably worse than SA overall.
Interestingly, the GRU gating appears to have a significant effect in this case. Finally, we note that
all models perform worse with the Transformer Decoder than with the Spatial Broadcast Decoder
(see Figure[3), suggesting that the more complex Transformer Decoder is not helpful for this dataset
containing images of simple geometric shapes.

Slot Attention with ‘Implicit Differentiation’ Chang et al. [31] recently proposed using ‘implicit
differentiation’ to improve upon Slot Attention, which effectively comes down to propagating the
gradient through only the last iteration when training the model (i.e., it uses 1-step truncated backprop-
agation through time [54])). Further, Jia et al. propose a straight-through estimator [53] to extend
this approach to learned slot initializations. In Figure 8] we compare to SA w/ Implicit Differentiation
(SA-ID) for varying N and confirm that it often improves over vanilla SA. Although we observe that
TF-Inv outperforms or matches SA-ID when scaling to a larger number of layers for CLEVR and
MOVi-A, it fails to do so on the CLEVRTex dataset, where SA-ID achieves over 90% FG-ARI.

Surprisingly, in preliminary experiments applying SA-ID to the OSRT setting, we observed that using
N = 5 iterations yields 23.64 dB PSNR and 78.13% FG-ARI, which is a substantial improvement
over both SA and TF-Inv. At the moment is not entirely clear why SA-ID can yield significant
improvements in some conditions, but not consistently. Hence, it would be interesting to better
understand the conditions under which improvements are obtained and to apply any insights to TF-Inv.
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A Additional Results
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Figure 9: Foreground mIoU of Slot Attention and Transformer variants on the image datasets

B Implementation Details

B.1 Architectures

In the following we provide an overview of the architecture details for our main results.

Slot Initialization. For all object discovery experiments (except the Slot Initialization experiments),
we initialize the slots by sampling from a shared Gaussian distribution with learnable mean and
standard deviation as in Locatello et al. [[16]]. We use a slot size of 128 for CLEVR and MOVi, 64 for
CLEVRTex, and 256 for COCO.

Encoder. For CLEVR, we use the 4-layer CNN from Locatello et al. [16]. Each layer hasa b x 5
kernel size with 64 channels. The first layer has a stride of 2 and the remaining layers have a stride
of 1. A learned positional embedding is added to the resulting spatial feature grid, followed by a
LayerNorm and a single layer MLP with hidden dimension of 64.

For CLEVRTex, we use a ResNet34 [56]] as the encoder, as suggested by Biza et al. [45]]. We then
add a learned positional embedding and apply LayerNorm, followed by an MLP with hidden size
128.

For COCO and the MOVi datasets, we use a ViT [39] pre-trained with DINO [4] as the image
encoder, as proposed in DINOSAUR [13]]. We follow the setup in the original DINOSAUR paper and
do not add an additional positional embedding to the output of the ViT. We use the recommended
architecture and hyperparameters from the original paper, using a ViT-B/16 for COCO and a ViT-B/8
for the MOVi datasets.

Slot Attention (and Variants). TF uses a pre-LayerNorm cross-attention-only Transformer. In
the cross-attention, the slots are used as queries and the encoder features are used as the keys and the
values. We additionally apply LayerNorm on the inputs and do not apply the final LayerNorm on the
queries, similar to what is done in standard Slot Attention. In our experiments, we use a single head
and do not use dropout.

TF-Inv uses the same architecture as TF, except we apply the ‘inverted’ version of attention that
is used in Slot Attention. Specifically, during the scaled dot-product attention operation, when we
normalize the attention map, we perform the softmax over the queries (ie. the slots) instead of the keys
as is normally done [[19]. This is followed by a renormalization step to ensure the attention weights
for each slot sum to one, essentially taking a weighted average of the values instead of a weighted
sum. This technique was proposed in Locatello et al. [[16] to help stabilize the inverted attention
operation. Alternatively, we experimented with using LayerNorm in place of renormalization as
in Tsai et al. [21] and using key, query normalization as in Dehghani et al. [57] though we did
not observe meaningful differences in performance throughout our investigation. Only the results
reported for OSRT using TF-Inv included those changes.
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TF-Inv w/ GRU uses a GRU to update the slots after the cross-attention instead of the normal residual
connection. This weights of the GRU are not shared across layers of the Transformer, essentially
acting as a gating mechanism for the slot updates. We had also experimented with using a shared
GRU across layers, but empirically did not observe a meaningful difference.

SA is the standard Slot Attention algorithm with the MLP update.
SA w/o GRU replaces the GRU that is normally used to update the weights with a residual update.

Decoder. For CLEVR and CLEVRTex, we use the Spatial Broadcast Decoder [48] proposed in
Locatello et al. [16]. For CLEVR, we use a grid of size 8 x 8, followed by a 4-layer Transposed
Convolutional network, each with kernel size 5 x 5, hidden dimension 64, and a stride of 2. For
CLEVRTex, we use a grid of size 16 x 16, followed by a 5-layer Transposed Convolutional network,
each with kernel size 5 x 5, and hidden dimension 64. The first three layers have a stride of 3 and the
last two have a stride of 2. For the COCO and the MOVi datasets, we use the MLP decoder with the
same hyperparameters as proposed in the original DINOSAUR paper [13]].

SAVi. For the SAVi experiments, we follow the setup from the enhanced SAVi++ [25]. Specifically,
we initialize the slots using the ground truth bounding box information of the objects. We use a single
layer MLP with hidden dimension 256 to encode the bounding box into the set of initial slots. We
use the modified ResNet34 encoder as described in SAVi++ [25]]. For both the Slot Attention and
Transformer variants used for the ‘corrector’, we use a slot size of 128 and MLP hidden dimension
of 256. Similarly, the Transformer used for the ‘predictor’ uses a slot size of 128 and MLP hidden
dimension of 256. We use the same 4-layer Spatial Broadcast Decoder as we use in the CLEVR
object discovery experiments. Instead of pixel reconstruction, we predict the optical flow and depth,
as described in the original SAVi++ paper.

Transformer Decoder. For our experiments with the Transformer Decoder, we follow the archi-
tecture and hyperparameters from Singh et al. [33] 53], except instead of using the DVAE encoder
for the input features, we use the same CNN encoder as we use on the CLEVR dataset in our other
experiments. The DVAE architecture is unchanged from the original paper and we use a Transformer
Decoder with 8 layers, 4 heads, model size of 192, MLP hidden size of 768, and 0.1 Dropout
probability.

OSRT. For OSRT, we adopt the default configuration on the MSN-H dataset outlined in Sajjadi et
al. [26]]. Given a set of input views of a scene rendered from different camera angles, the model is
trained to predict novel views of the scene.

B.2 Experimental Details
B.2.1 Datasets

For CLEVR, we use the version of the dataset with masks [41], splitting it into 70,000 images for
training and 10,000 for testing. For CLEVRTex, we use a training set of 40,000 images and test set of
5,000 images. For COCO, we use the official splits of 118,287 images for training and 5,000 images
for testing. Following DINOSAUR [13], we ignore pixels belonging to overlapping ground truth
segments during evaluation. For MOVi-Image, we split each 24-frame MOVi video into individual
frames, resulting in a training set of 232,872 images and a test set of 6,000 images. Note that we
use the official “validation” set for testing since the official “test” set is out-of-distribution, which is
a setting that we not concerned with in our experiments. For the SAVi experiments, we randomly
sample a subsequence of 6 frames from each video during training. We run evaluation on the entire
24-frame videos.

B.2.2 Training Details

Learning Rates. For all object discovery experiments, except the Transformer Decoder experi-
ments, we train to 300,000 steps. We use a batch size of 64 and the Adam optimizer [38]] for all
datasets. For CLEVR and the MOVi video datasets, we linearly warm up the learning rate from 0
to 2e-4 over 2,500 steps and then anneal the learning rate with a Cosine schedule for the rest of the
training steps. We additionally clip the gradient norm to 0.05. For CLEVRTex, we instead use a base
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learning rate of 4e-4 and 10,000 warmup steps, but keep the rest of the training configurations the
same. For COCO and the MOVi image datasets, we also use a base learning rate of 4e-4 and 10,000
warmup steps, but exponentially decay the learning rate with a half-life of 100,000 steps. We clip the
gradient norm at 1.0. For the Transformer Decoder experiments, we train to 200,000 steps and clip
the gradient norm at 0.05. We train the DVAE with a constant learning rate of 3e-4. We train the Slot
Attention / Transformer module with a base learning rate of 1e-4 and 30,000 warmup steps, followed
by exponential decay wth a half-life of 250,000 steps. We train the Decoder with the same schedule,
but with a base learning rate of 3e-4.

For OSRT, we train to 1 million steps and otherwise follow the training procedure of the original
paper, which is based off of SRT [59].

Number of Slots.  Table[2]shows the number of slots we used for each dataset in the object discovery
experiments. We make sure to set the number of slots to be large enough to cover the maximum
number of objects in the dataset.

Dataset Number of Slots
CLEVR 11
CLEVRTex 11
COCO 7
MOVi-A 11
MOVi-C 11
MOVi-E 24

Table 2: Number of slots used in the object discovery experiments.

Data Preprocessing and Augmentations. For the CLEVR and CLEVRTex datasets, we take a
192192 center crop of each image before resizing it to 128 x 128. For COCO, we randomly flip
the image horizontally during training before resizing the image such that the smaller side is 224
pixels while maintaining the aspect ratio. We then take a 224 x224 center crop. For the MOVi
image datasets, we resize the images to 224 x224. For the MOVi video datasets, we follow the data
augmentation strategy provided in SAVi++ [235]].

B.2.3 Evaluation Metrics

To evaluate the quality of the segmentations in the object discovery task, we use the foreground
adjusted rand index (FG-ARI) [22]146,!47]. ARI measures the similarity of clusters and assigns a
high score if pixels belonging to the same ground truth cluster are also in the same predicted clusters.
As is common practice in the literature, we compute ARI only on the foreground ground-truth masks,
ignoring the background pixels.

For the SAVi experiments, we use the video version of FG-ARI, which considers pixels corresponding
to one object along the entire video as a single cluster. This requires each slot to predict the same
object consistently throughout the video. Following SAVi [24], we do not include the first frame of
the video during evaluation since we provide conditional bounding box information in the first frame.
For OSRT, pixels corresponding to one object across different views are considered as a single cluster,
requiring consistent predictions across views.

For our object discovery experiments, we additionally report foreground mean intersection over union
(mIoU) in Table 0] To calculate this metric, we first use Hungarian matching [60] between the ground
truth masks and the predicted masks to obtain a ground truth assignment for each predicted mask. We
then calculate the IoU between the predicted and ground truth masks using this assignment. Unlike
FG-ARLI, this metric penalizes predictions that over-segment the objects.

For our OSRT experiments, we additionally report Peak Signal-to-Noise Ration (PSNR), which
measures how well the model can reconstruct novel views.
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