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Abstract

In representation learning, a disentangled representation is
highly desirable as it encodes generative factors of data in a
separable and compact pattern. Researchers have advocated
leveraging disentangled representations to complete down-
stream tasks with encouraging empirical evidence. This paper
further investigates the necessity of disentangled representa-
tion in downstream applications. Specifically, we show that
dimension-wise disentangled representations are unnecessary
on a fundamental downstream task, abstract visual reasoning.
We provide extensive empirical evidence against the necessity
of disentanglement, covering multiple datasets, representation
learning methods, and downstream network architectures. Fur-
thermore, our findings suggest that the informativeness of rep-
resentations is a better indicator of downstream performance
than disentanglement. Finally, the positive correlation between
informativeness and disentanglement explains the claimed use-
fulness of disentangled representations in previous works. The
source code is available at https://github.com/Richard-coder-
Nai/disentanglement-lib-necessity.git.

1 Introduction

Disentanglement has been considered an essential property of
representation learning (Bengio, Courville, and Vincent 2013;
Peters, Janzing, and Scholkopf 2017; Goodfellow, Bengio,
and Courville 2016; Bengio, LeCun et al. 2007; Schmidhuber
1992; Lake et al. 2017; Tschannen, Bachem, and Lucic 2018).
Disentanglement is defined as a dimension-wise relationship,
wherein a representation dimension should capture informa-
tion from exactly one factor and vice versa (Locatello et al.
2019b; Higgins et al. 2016; Kim and Mnih 2018; Chen et al.
2018; Eastwood and Williams 2018; Ridgeway and Mozer
2018; Kumar, Sattigeri, and Balakrishnan 2017; Do and Tran
2019). Such property is analogous to biological mechanisms,
as neurons in brains are specialized for specific tasks, with
some aligned to axes of data generative factors (Higgins et al.
2021; Whittington et al. 2022). Moreover, disentangled repre-
sentations offer a compact and separable structure. Therefore,
they are believed to aid in compositional generalization and
reasoning, potentially leading to improved performance in
downstream tasks (Bengio, Courville, and Vincent 2013).
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These purported advantages have been verified on multiple
downstream tasks. For instance, abstract visual reasoning
(van Steenkiste et al. 2019), fairness (Locatello et al. 2019a),
and out-of-distribution (OOD) generalization (Dittadi et al.
2020). Disentangled representations result in better down-
stream performance, faster learning, and a strong correlation
with task success. Based on these promising empirical results,
adopting disentangled representations is considered a wise
decision for completing downstream tasks.

However, Cao et al. (2022) demonstrates that contrastive
learning, does not produce fully disentangled representa-
tions. Yet contrastive pre-training methods achieve remark-
able downstream performances (He et al. 2020; Caron et al.
2021; He et al. 2022; Oquab et al. 2023). These findings
may contradict earlier claims regarding the benefits of de-
veloping disentangled representations, as such disentangle-
ment does not appear to play a significant role in the success
of downstream tasks. This potential conflict with the previ-
ously claimed usefulness of disentanglement motivates us to
reassess the role of disentanglement for downstream tasks.
Are disentangled representations necessary for downstream
tasks? If not, how do we explain the previously reported
benefits?

We choose abstract visual reasoning as the testbed to in-
vestigate the necessity of disentanglement. In this task, intel-
ligent agents are asked to take human IQ tests, i.e., predict
the missing panel of Raven’s Progressive Matrices (RPMs)
(Raven 1941). To solve this task, it is essential to comprehend
and employ the generative factors of data, as they serve as
reasoning attributes. The task is completed in a two-staged
fashion: (1) extracting RPMs’ representations in an unsu-
pervised manner, (2) then performing abstract reasoning
training based on learned representations. Therefore, it is
an essential and popular benchmark for disentangled rep-
resentation learning (van Steenkiste et al. 2019; Locatello
et al. 2020; Scholkopf et al. 2021). In practice, among vari-
ous researched downstream tasks (van Steenkiste et al. 2019;
Locatello et al. 2019a; Dittadi et al. 2020), disentanglement
has been shown to improve sample efficiency and final perfor-
mance on abstract reasoning tasks (van Steenkiste et al. 2019).
Researchers have therefore suggested the use of disentangled
representations (Steenbrugge et al. 2018; van Steenkiste et al.
2019; Matkinski and Mandziuk 2022).

We conduct an extensive empirical study that uses abstract
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reasoning tasks to investigate the role of disentanglement
for downstream tasks. We train 720 representation learn-
ing models on two datasets, including disentanglement and
general-purpose methods. We then train 5 WReNs (Barrett
et al. 2018) and 5 Transformers (Vaswani et al. 2017; Hahne
et al. 2019) using the outputs of each representation learning
model to perform abstract reasoning, yielding a total of 7200
abstract reasoning models. Our contributions are as follows.

* We conduct a comprehensive exploration into the impact
of disentanglement on downstream tasks, by introduc-
ing both disentangled and general-purpose representa-
tions and employing multiple methods (WReN and Trans-
former) to complete the downstream task.

* We show the unnecessity by highlighting the significance
of informativeness over disentanglement. Informativeness
measures what information the representation has learned
(Eastwood and Williams 2018). Previous studies’ analysis
on informativeness is scarce and thus overlook its impor-
tance (van Steenkiste et al. 2019; Locatello et al. 2019a;
Dittadi et al. 2020; Trauble et al. 2021).

* We show that informativeness is the underlying factor be-
hind the previously argued usefulness of disentanglement,
as we observe limited extra benefits of disentanglement
when informativeness is closely matched.

2 Related Work

Disentangled representation learning. In this paper, we
adopt the widely accepted definition of disentanglement: a
one-to-one mapping between representation dimensions and
generative factors of data, which we term “dimension-wise
disentanglement”. It requires that each representation dimen-
sion encode only one factor and vice versa (Locatello et al.
2019b; Eastwood and Williams 2018; Kumar, Sattigeri, and
Balakrishnan 2017; Do and Tran 2019). While some studies
suggest relaxing this constraint, introducing new properties,
or expanding the definition of disentanglement, (Higgins et al.
2018; Wang and Jordan 2021; Roth et al. 2022; Eastwood
et al. 2022), our focus remains on this well-established defini-
tion. Another line of work related to disentangled representa-
tion learning is the Independent Component Analysis (ICA)
(Comon 1994). ICA aims to recover independent components
of the data.

Based on the dimension-wise definition, researchers de-
velop methods and metrics. SOTA disentanglement methods
are mainly variants of generative methods (Higgins et al.
2016; Kim and Mnih 2018; Burgess et al. 2018; Kumar, Sat-
tigeri, and Balakrishnan 2017; Chen et al. 2018, 2016; Jeon,
Lee, and Kim 2018; Lin et al. 2020; Leeb et al. 2020). Corre-
sponding metrics are designed (Higgins et al. 2016; Kim and
Mnih 2018; Chen et al. 2018; Eastwood and Williams 2018;
Kumar, Sattigeri, and Balakrishnan 2017; Cao et al. 2022).

Downstream tasks. Several works conduct empirical stud-
ies on downstream tasks to support the believed benefits of
disentanglement (Bengio, Courville, and Vincent 2013; Do
and Tran 2019), including abstract reasoning (van Steenkiste
et al. 2019), fairness (Locatello et al. 2019a), and OOD
generalization (Dittadi et al. 2020). Provided with positive
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empirical results, these works advocate using disentangle-
ment to complete downstream tasks. Among these works,
van Steenkiste et al. (2019) reported the most encouraging
evidence from abstract reasoning tasks. Disentanglement is
more significant than other representation properties, espe-
cially in limited samples. Therefore, we adopt their settings
and investigate the necessity of disentanglement on the same
tasks at a few-sample regime. However, there are a few issues
with their study. Firstly, it underestimates factors’ linear clas-
sification accuracy, yielding a weaker correlation between
informativeness and downstream performance (see Figure 8
in Appendix B.1). Moreover, it paid insufficient attention to
the analysis of informativeness. We address these issues and
show the unnecessity of disentanglement on a broader range
of representations and downstream methods.

Trauble et al. (2021) delves into the role of sim2real trans-
fer in reinforcement learning tasks using real robots, and their
findings closely align with ours. However, their scope is still
confined to variants of VAEs. Our work is complementary to
theirs on a more fundamental and straightforward mechanism.
Instead of the sophisticated OOD generalization tasks, we
focus on the essential setting of abstract visual reasoning.

Abstract visual reasoning has been a popular benchmark
to measure the representation’s downstream performance,
especially in disentanglement literature (Steenbrugge et al.
2018; van Steenkiste et al. 2019; Dittadi et al. 2020; Locatello
et al. 2020; Scholkopf et al. 2021). The most common type
is the Raven’s Progressive Matrices (RPMs) (Raven 1941).
To solve RPMs, one is asked to complete the missing panel
of a 3 x 3 grid by exploring the logical relationships of
8 context panels. Moreover, abstract visual reasoning is a
well-developed benchmark for representation learning. Given
that it is coupled with a principle treatment of generalization
(Fleuret et al. 2011), a neural network can not solve reasoning
tasks by simply memorizing superficial statistical features.

3 Downstream Benchmark: Abstract Visual
Reasoning

In this section, we’ll introduce the abstract visual reason-
ing task and outline the downstream benchmark framework,
including representation learning methods, metrics, and ab-
stract reasoning models.
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Figure 1: An example of RPM on 3DShapes from van
Steenkiste et al. (2019).

3.1 Abstract Visual Reasoning as a Two-staged
Task

The abstract visual reasoning tasks are highly inspired by
the famous human IQ test, Raven’s Progressive Matrices
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(RPMs) (Raven 1941). Figure 1 shows an RPM question in
our evaluation dataset. There are eight context panels and one
missing panel in the left part of the figure. The context panels
are arranged following some logical rules across rows. During
the test, the subject must pick one of the six candidates in the
right part to fix the missing panel. The goal is to maintain the
logical relationships given by the contexts. More details of
RPMs are available in Appendix A.4.

We adopt RPMs as a downstream benchmark following
van Steenkiste et al. (2019). To measure the necessity of
disentanglement for downstream tasks, we separate the eval-
uation process into two stages: (1) In Stage-1, representation
learning models extract representations from images of which
RPMs consist, and (2) in Stage-2, abstract reasoning models
predict the missing panels from the frozen representations
of contexts and answer candidates. Correspondingly, we de-
note representation learning models as Stage-1 models while
abstract reasoning models as Stage-2 models. For Stage-1,
we measure the representation properties, including disen-
tanglement and informativeness. A diverse set of Stage-1
and Stage-2 models are trained, yielding multiple samples
from the joint distribution of representation metric scores and
downstream accuracy. Finally, we study the relationships be-
tween representation qualities and downstream performance.
We aim to investigate whether more disentangled representa-
tions perform better on abstract reasoning tasks.

3.2 Background of Representation Learning

Disentangled representation learning methods. The sem-
inal works of Higgins et al. (2016) and Chen et al. (2016)
embody disentanglement by augmenting deep generative
models (Kingma and Welling 2013; Goodfellow et al. 2014).
For disentangled representation learning methods, following
van Steenkiste et al. (2019), we focus on a family of VAEs
with disentanglement inductive bias denoted as DisVAEs.
DisVAEs’ objective summarizes augmentations of SOTA
methods. Namely, 5-VAE (Higgins et al. 2016), Annealed-
VAE (Burgess et al. 2018), -TCVAE (Chen et al. 2018),
FactorVAE (Kim and Mnih 2018), and DIP-VAE (Kumar,
Sattigeri, and Balakrishnan 2017). They achieve disentan-
glement mainly by encouraging independence between rep-
resentation dimensions. Please refer to Appendix A.2 for
details.

General-purpose representation learning methods. In
our study, methods not (explicitly) encouraging disentangle-
ment are called general-purpose methods. We take a set of
BYOL (Grill et al. 2020) with the same size as DisVAEs as
representatives. BYOL is a negative-free contrastive learn-
ing method. It creates different “views” of an image by data
augmentation and pulls together their distance in represen-
tation space. To avoid collapsing to trivial representations,
a predictor appending to one of the siamese encoders and
exponential moving average update strategy (He et al. 2020)
are employed. It does not encourage disentanglement due to
the lack of regularizers. Indeed, the empirical evidence in
Cao et al. (2022) demonstrates that representations learned
by BYOL have weak disentanglement properties.

Representation property metrics. Considered properties
of representations cover two axes of metrics: disentangle-
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ment metrics and informativeness metrics (Eastwood and
Williams 2018; Eastwood et al. 2022). We include BetaVAE
score (Higgins et al. 2016), FactorVAE score (Kim and Mnih
2018), Mutual Information Gap (Chen et al. 2018) , SAP
(Kumar, Sattigeri, and Balakrishnan 2017), and DCI Disen-
tanglement (Eastwood and Williams 2018). Locatello et al.
(2019b) proves their agreement on VAE methods with exten-
sive experiments. Though their measurements are different,
their results are positively correlated. To facilitate compari-
son across different representation sizes, we also include the
MED metric (Cao et al. 2022). On the other hand, informative-
ness requires representations to encode enough information
about factors (Eastwood and Williams 2018). We employ
Logistic Regression (LR) and Linear Regression in this work.
They use a linear model to classify or regress the values of
generative factors. Given the weak capacity of linear models,
a higher LR accuracy or lower regression error ensures that
sufficient information is explicitly encoded. However, it does
not emphasize a dimension-wise encoding pattern like disen-
tanglement. To distinguish, we term the property indicated
by LR and linear regression as informativeness (Eastwood
and Williams 2018).

3.3 Background of Methods for Abstract
Reasoning

In Stage-1, we extract representations of eight context pan-
els (the left part of Figure 1) and six answer candidates (the
right part of Figure 1). Then in Stage-2, downstream models
perform abstract reasoning from the (frozen) representations.
Abstract reasoning models evaluate whether filling the blank
panel by a candidate follows the logical rules given by con-
texts. For a trial T; of one candidate a; € A = {ay, ..., a6}
and eight context panels C' = {cy, ..., cs }, its score is calcu-
lated as follows:

Y; = Stage2(Stagel(T;)),
Stagel(T;) = {Stagel(cy),. .., Stagel(cs), Stagel(a;)},

where Y; is the score of trial T;, Stagel(+), Stage2(-) denote
the forward process of the Stage-1 and Stage-2 models, and
Stagel(T;) is the representations of contexts and candidate
a;. After evaluating all trials {T7,T5,...,Ts}, the output
answer is arg max; Yj.

We implement two different structures of Stage-2 mod-
els, namely, WReN (Barrett et al. 2018) and Trans-
former (Vaswani et al. 2017; Hahne et al. 2019). First, we
employ an MLP or a Transformer to embed an RPM trial.
Then, an MLP head predicts a scalar score from the embed-
dings.

4 Experiments

In this section, we conduct a systematic empirical study about
representation properties’ impacts on downstream perfor-
mance. First, we introduce our experimental conditions in
Section 4.1. Then, in Section 4.2, we demonstrate that dis-
entangled and general-purpose representations have similar
performance, confirming the following experiment. Finally,
we demonstrate how informativeness proves to be a stronger
indicator of downstream performance in Section 4.3.
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4.1 Experiments Setup

We build upon the experiment conditions of van Steenkiste

et al. (2019). Abstract visual reasoning tasks, i.e., RPMs,
Stage-1

are solved through a two-stage process: data ————
representations Stase2 RPM answers. We first train
Stage-1 models in an unsupervised manner and eval-
uate their disentanglement and informativeness. Then,
Stage-2 models are trained and evaluated on down-
stream tasks, yielding an abstract reasoning accuracy
of a representation. Provided with a large amount of
(representation property score, downstream performance)
pairs, we conduct a systematic study to investigate the
necessity of disentanglement. More implementation details
are available in Appendix A.

Datasets. We replicate the RPM generation protocol in
van Steenkiste et al. (2019). The panel images consist of dis-
entanglement benchmark image datasets, namely, Abstract
dSprites (Matthey et al. 2017; van Steenkiste et al. 2019) and
3DShapes (Burgess and Kim 2018). The rows of RPMs are
arranged following the logical AND of ground truth factors.
As for hardness, we only reserve hard-mixed, whose contexts
and candidates are more confusing. According to the gen-
eration process, the size of generated RPMs is sufficiently
large (about 10'4%), allowing us to produce fresh samples
throughout training.

Reference models. Stage-1 models include 360 disentan-
gled VAEs (denoted as DisVAEs) and 360 BYOLSs, covering
both disentangled and general-purpose representation learn-
ing methods. A diverse set of configurations are included.
According to the histograms in Appendix C.4 , our choices of
Stage-1 models span various disentanglement and informa-
tiveness scores. For Stage-2, we train 10 Stage-2 models (5
WReNs and 5 Transformers) for every Stage-1 model. These
configurations are randomly sampled from a search space
described in Appendix A.3 and shared across Stage-1 models
to ensure fair comparisons.

Training protocol. Training is conducted two-staged.
Firstly, we train Stage-1 models in an unsupervised man-
ner on the dataset consisting of RPMs’ panels, i.e., Abstract
dSprites or 3DShapes. For DisVAE models, we use the train-
ing protocol of van Steenkiste et al. (2019), while for BYOL
models, we follow Cao et al. (2022). In Stage-2, all models
are trained for 10K iterations with a batch size of 32. After
every 100 iterations, we evaluate the accuracy on newly gen-
erated 50 mini-batches of unseen RPM samples for validation
and another 50 mini-batches for testing.

Evaluation protocol. We first evaluate the two stages
separately. Then, we analyze the relationship between the
two stages, i.e., representation properties and downstream
performance. Specifically, to investigate the necessity of dis-
entanglement, we are interested in whether more disentan-
gled representations lead to better downstream performance.
Further, can we find another metric that better accounts for
downstream performance? Therefore, for Stage-1, we employ
representation metrics described in Section 3.2 to measure
two aspects: disentanglement and informativeness. For all
Stage-1 models, we compute the following metric scores:
BetaVAE score, FactorVAE score, MIG, SAP, MED, LR accu-
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racy, and negative normalized mean squared error of Linear
Regression. DCI Disentanglement is only evaluated for Dis-
VAEs. Since we follow the tree-based implementation used
in previous studies (Locatello et al. 2019b; van Steenkiste
et al. 2019; Dittadi et al. 2020; Trauble et al. 2021) for easy
comparison. We also provide DCI Disentanglement score
based on LASSO on both DisVAEs and BYOL (see Figure
9 and Appendix B.2). For Stage-2, we inspect accuracy on
newly generated test sets every 100 iterations, yielding accu-
racy for multiple training steps. Since every step sees fresh
samples, we employ training curves to measure sample effi-
ciency following van Steenkiste et al. (2019); Trauble et al.
(2021).

To summarize the downstream performance of a Stage-1
model, over 5 WReNs or 5 Transformers in Stage-2, we re-
port the mean accuracy denoted as WReN or Trans.. Finally,
we calculate the rank correlation (Spearman) between the
mean performance of Stage-1 models (WReN and Trans.) at
certain Stage-2 steps and their Stage-1 metric scores. Rank
correlation has been widely adopted in the literature study-
ing disentanglement downstream tasks (van Steenkiste et al.
2019; Locatello et al. 2019a; Dittadi et al. 2020; Locatello
et al. 2020). A larger correlation indicates a higher signifi-
cance of the representation property on downstream perfor-
mance.

4.2 Preliminary Experiments on Representation
Variants

Previous studies have primarily focused on DisVAEs (van
Steenkiste et al. 2019; Locatello et al. 2019a; Dittadi et al.
2020; Trauble et al. 2021). In an endeavor to ensure the gen-
eralizability of our findings, two distinct representation vari-
ants are employed: disentangled representations and general-
purpose representations. In this section, we present the pre-
liminary experiments conducted to compare the performance
of these representations on the downstream task. Establish-
ing comparable performance between these representation
variants is important to substantiate the rationale behind con-
sidering both representation types in our analysis.

Comparative Performance Analysis. We show the down-
stream performance of different families of learning models
described in Section 4.1, including disentanglement-oriented
(DisVAEs) and general-purpose (DisVAEs) representations.
To ensure equitable comparison, we select the most effec-
tive representations from a parameter search space of equal
size (360 DisVAEs and 360 BYOLs). Each representation
from Stage-1 was used to train 5 WReNs and 5 Transform-
ers, and their performance was measured by averaging their
downstream accuracy (WReN, Trans.). In this section, we
present the models demonstrating the highest WReN and
Trans. performance.

We first determine the final accuracy of disentangled rep-
resentations versus less disentangled ones. In Table 1, we
present the best results for WReN and Trans. achieved across
various datasets. We select checkpoints to evaluate based on
validation accuracy. It suggests that BYOL performs slightly
better than DisVAEs. In particular, the best WReN and Trans.
of BYOL are higher than that of DisVAEs’. However, the
MED scores of BYOL checkpoints in Table 1 are significantly
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Figure 2: Average test accuracy on 3DShapes throughout the training. The shaded area indicates the maximum and minimum
values. We select the Stage-1 models with best WReN or Trans. among 3600 checkpoints on 3DShapes. Stage-1 models with
disentanglement inductive bias (DisVAEs) are not necessarily better than those without such bias (BYOL) regarding sample

efficiency and final accuracy.

Dataset | Stagel | WReN | Trans. | MED (WReN) | MED (Trans.)
DisVAEs | 84.8(0.91) | 87.0(6.36) 0.60 0.68
3DShapes | gyvor, | 87.1(4.68) ‘ 88.0(2.62) 0.13 ‘ 0.12
Abstract | DisVAEs | 68.7(1.39) | 66.4(7.06) 0.29 0.29
dSprites | BYOL | 72.2(3.11) | 78.1(1.75) 0.13 0.13

Table 1: Downstream test performance (%) and MED scores of different Stage-1 models. For each measurement (WReN and
Trans.), we report the best among all Stage-1 models. The step with the highest validation accuracy is reported. The numbers in
the parentheses are STDs of the 5 scores used in computing WReN or Trans.. The MED scores correspond to the checkpoints

that achieve the reported WReN and Trans. performances.

lower than those of DisVAEs, indicating that they are less
disentangled. Therefore, both entangled and disentangled rep-
resentations can achieve similar performance, which suggests
that it is valuable to investigate the necessity of disentangle-
ment in general purpose and disentanglement methods.
Now we examine another purported benefit of disentangle-
ment: sample efficiency. According to the setting of Stage-2,
every step sees fresh samples during training. Therefore, the
number of training steps is a fraction of the total number of
samples. To gauge sample efficiency, we can observe how
accuracy improves over training steps using training curves.
This method was used by van Steenkiste et al. (2019) and
Tréauble et al. (2021). Figure 2 shows overviews of training
trajectories of Stage-1 models with the highest performing
WReN and Trans. on 3DShpaes. For WReN as Stage-2 mod-
els (Figure 2a), BYOL leads at the beginning, then DisVAEs
catch up. Finally, BYOL converges at a higher accuracy. In
contrast, when Stage-2 models are Transformers, BYOL’s
curve grows faster, but DisVAEs and BYOL converge with
comparable performance. Generally, the two curves follow
nearly identical patterns with small gaps, indicating no clear
superiority in terms of sample efficiency between DisVAEs
and BYOL. Consequently, disentanglement’s enhancement
of sample efficiency can be achieved with less disentangled
representations. The same study is conducted on another set
of general-purpose models, SimSiam (Chen and He 2021),
where we reach similar results (see Appendix C.2).
Ensuring Representation Diversity and Equivalency.
Disentangled and general-purpose representation sets are
of uniform size and have a broad spectrum of performance
characteristics. Figure 12 displays the metric scores, and Fig-
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ure 13 and 14 display the downstream performance of our
selected DisVAEs and BYOL. We can see that both represen-
tations cover a wide range of metric scores and downstream
accuracy (encompassing both superior and inferior ones).

Summary: The preliminary experiments reveal a compa-
rable performance between disentangled and general-purpose
representations on the abstract reasoning task. Moreover, both
representation categories are of equal size and encapsulate a
diverse performance range. This parity validates the subse-
quent evaluation of the correlation between disentanglement
and downstream task performance across these representation
variants.

4.3 Informativeness as a Stronger Correlate Than
Disentanglement

To investigate the necessity of disentanglement, we analyze
how various representation properties, including informa-
tiveness and disentanglement metrics, impact downstream
performance. We first show that informativeness correlates
most with downstream performance, indicating that disen-
tanglement is not necessary. Further, we demonstrate that
the previously claimed benefits of disentanglement (Ben-
gio, Courville, and Vincent 2013; Higgins et al. 2016; van
Steenkiste et al. 2019; Locatello et al. 2019a; Dittadi et al.
2020), are actually derived from its positive correlation with
informativeness.

Recall that we train 720 Stage-1 and 7200 Stage-2 mod-
els (see Section 4.1). By taking WReN and Trans. as mea-
surements (average reasoning accuracy over 5 WReNs or 5
Transformers), we yield 720 representations paired with their
downstream performance. This section studies the impor-
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Figure 3: Rank correlations between WReN or Trans. and representation metrics on 3DShapes. We denote the step with the
highest validation accuracy as “Best”. The brighter the panel, the more correlated the representation metric is with the downstream

performance.
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Figure 4: Representation metrics versus WReN at step 10000, where Stage-1 models are BYOL, and the dataset is 3DShapes.
We can observe a strong positive correlation between the informativeness metric scores and downstream accuracy.

tance of disentanglement and other representation properties.
We must emphasize general trends and overall relationships
to show different properties’ significance. Therefore, we fol-
low previous studies (Locatello et al. 2019b; van Steenkiste
et al. 2019; Locatello et al. 2019a; Dittadi et al. 2020; Lo-
catello et al. 2020; Trduble et al. 2021) to analyze rank cor-
relation (Spearman) between representation metric scores
and downstream performance. If the correlation score is high,
we can conclude that the representation property measured
by the considered metric score is significant to downstream
performance.

Our research builds upon previous studies (Locatello et al.
2019b; van Steenkiste et al. 2019; Locatello et al. 2019a;
Dittadi et al. 2020; Locatello et al. 2020; Trauble et al. 2021)
by addressing two key issues. Firstly, we have corrected
the previous underestimation of informativeness. Secondly,
we have expanded the scope of both Stage-1 and Stage-2
models. Figure 8 illustrates how previous works yielded lower
informativeness and resulted in lower correlations, leading

to an overestimation of the importance of disentanglement.

Additionally, the limited representation learning methods
only confined to DisVAEs and reasoning models constrained

to WReNs have restricted the generalizability of their results.
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By addressing these issues, our research leads to contrasting
conclusions.

The more significant representation property. We calcu-
late the rank correlation between downstream accuracy with
disentanglement and informativeness scores. Meanwhile, we
report rank correlation at steps 1K, 2K, 5K, and 10K, and
the step with the highest validation accuracy. Because each
step involves new samples, the training steps represent a frac-
tion of the sample size. By examining correlations at various
training steps, we can determine the impact of representation
properties on sample efficiency.

Figure 3 displays rank correlations between representa-
tion metric scores and abstract reasoning test accuracy on
3DShapes. Firstly, at each step throughout the training pro-
cess, there is always at least one informative metric, such
as Logistic Regression accuracy (LR) or negative error of
linear regressions, that exhibits the most significant correla-
tion with downstream performance. Specifically, LR always
correlates more positively than disentanglement metrics. The
strong correlation is exploited for all considered models at
multiple steps. Since LR and linear regression require suffi-
cient information to be captured and extracted easily from
representations, we can conclude that the informativeness
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(a) Overall rank correlations.
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(b) Correlations of adjusted metrics.

Figure 5: (a) Correlations between metrics and (b) correlations between adjusted metrics and downstream accuracy when using
DisVAEs-WReN pipeline on 3DShapes. Disentanglement metrics exhibit positive correlations with informativeness. Yet when
conditioned on close informativeness, their adjusted versions show mild correlations.

matters most in broad conditions. In contrast, we observe
that the importance of disentanglement varies among Stage- 1
model families. Disentangled representation learning models
(DisVAESs) exhibit strong positive correlations for several
disentanglement metrics (but weaker than at least one of in-
formativeness metrics), such as FactorVAE score and DCI
Disentanglement. However, their significance does not apply
to BYOL, where the correlation of disentanglement is mild or
even negative. In Figure 4, we plot the (WReN, metric score)
pairs at step 10000. Indeed, for BYOL-WReN on 3DShapes,
we can see the reg-plot provides a good fit of downstream ac-
curacy and informativeness metrics. As for disentanglement
metrics, we can see that BetaVAE score and FactorVAE score
suffer from narrow spreads. The regression lines have nega-
tive slopes for MIG, SAP, and MED. We conduct a similar
analysis on another dataset (Abstract dSprites), and another
Stage-1 model (SimSiam), and take the same observations.
Please refer to Appendix C.4 and Appendix C.2. On the fair-
ness downstream task (Locatello et al. 2019a), we also find
that informativeness correlates most (see Appendix C.1 and
Table 3).

Summary: The importance of informativeness surpasses
that of disentanglement, as evidenced by consistent results
across various datasets and model structures.

Understanding for the previously claimed success of dis-
entanglement. Previous works (van Steenkiste et al. 2019;
Locatello et al. 2019a; Dittadi et al. 2020; Locatello et al.
2020) have reported empirical evidence backing up the ad-
vantages of disentangled representations. Consistently, we
observe relatively strong correlations with disentanglement
metrics, especially when Stage-1 models are DisVAEs in
Figure 3. Based on our conclusion on the significance of
the informativeness, we study the DisVAE-WReN case. We
provide some insights to explain why the disentanglement
metrics have a high correlation to downstream performance
in some cases.

The correlations between various metrics have been com-
puted and the results are displayed in Figure 5a. Upon anal-
ysis of DisVAEs, it was discovered that there is a strong
correlation between informativeness and disentanglement.
Additionally, informativeness has a significant correlation
with both FactorVAE score and BetaVAE score. This is evi-
dent in Figure 3a where these disentanglement metrics have
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a strong correlation with downstream performance. However,
other disentanglement metrics have only a mild correlation
with informativeness and are ineffective for downstream per-
formance. Therefore, it can be concluded that disentangle-
ment metrics cannot truly predict downstream performance,
but informativeness can.

To “purify” the effect of disentanglement, a natural ques-
tion is: If two representations are of close informative-
ness, is the more disentangled one more helpful for down-
stream tasks? For this, we employ adjusted metrics in
Locatello et al. (2019a): Adj. Metric = Metric —
D ~(Lr)Metric;. For a representation and a certain
metric (we care more about disentanglement metrics), we
denote its original metric score as Metric. Then we find
its 5 nearest neighbors in terms of LR, which we write as
N (LR). Finally, the difference between the original metric
score and the mean score of the nearest neighbors is reported
as adjusted metrics. Intuitively, we calculate the relative dis-
entanglement for representations with close LR.

Figure 5b displays correlations between adjusted metrics
and downstream performance. We can find that all adjusted
disentanglement metrics correlate mildly with downstream
performance. From this, we can see that when informative-
ness is close, being disentangled contributes only a small por-
tion to the downstream performance when the downstream
training steps are limited (In our case, less than or equal to
2000 steps, see Figure 2 and Figure 5).

Summary: The informativeness metric is more reliable in
predicting downstream performance. Disentanglement pro-
vides only marginal additional advantages at the outset of
downstream training.

5 Conclusion

In this paper, we demonstrate that dimension-wise disen-
tanglement is not necessary for abstract visual reasoning.
We identify that informativeness is of the most significance
for downstream performance. Informativeness explains the
previously claimed benefits of disentanglement. As abstract
reasoning is a fundamental and indicative task, our study
could have significant implications for a range of tasks.
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