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Abstract1

Self-supervised representation learning is a2

powerful approach for extracting meaningful3

features without relying on large amounts of la-4

beled data, making it particularly valuable in5

fields like healthcare. This enables pretrained6

models to be shared and fine-tuned with mini-7

mal data for various downstream applications.8

However, evaluating the quality and behavior9

of these representations remains challenging.10

To address this, we introduce Latentverse, an11

open-source library and web-based platform for12

evaluating latent representations. Latentverse13

generates detailed reports with visualizations14

and metrics that provide a comprehensive per-15

spective on different properties of representa-16

tions, such as clustering, disentanglement, gen-17

eralization, expressiveness, and robustness. It18

also allows for the comparison of different repre-19

sentations, enabling developers to refine model20

architectures and helping users assess how well21

an embedding model aligns with the require-22

ments of their specific applications.23

Data and Code Availability The Latent-24

verse code is available at: https://github.com/25

broadinstitute/ml4h-latentverse.26

Institutional Review Board (IRB) This work27

doesn’t require IRB approval.28

∗ Equal contribution

1. Introduction 29

Self-supervised representation learning (SSL) and 30

more recently foundation models (Bommasani et al., 31

2021) have become a popular approach for extract- 32

ing generalizable and informative features from data 33

without relying on extensive manual annotation (Gui 34

et al., 2024). Such approach is particularly benefi- 35

cial in healthcare, where data annotation is both ex- 36

pensive and labor-intensive (Krishnan et al., 2022). 37

These models have significantly outperformed task- 38

specific architectures in settings with limited labeled 39

data (Wornow et al., 2023), while also improving do- 40

main adaptation and robustness to distribution shifts 41

(Guo et al., 2024). This has resulted in an increase 42

in sharing pre-trained representation learning models 43

that enable customization with minimal labeled data. 44

Despite this success, it still remains difficult for 45

users to determine which pre-trained representations 46

best suit their specific applications. Different meth- 47

ods incorporate distinct inductive biases and train- 48

ing strategies, leading to representations that cap- 49

ture varying aspects of the data (Bengio et al., 2013). 50

Some models emphasize semantic consistency, while 51

others prioritize feature disentanglement, robustness 52

to distribution shifts, or domain adaptation (Lo- 53

catello et al., 2019; Higgins et al., 2018). This vari- 54

ability makes it difficult to determine which pre- 55

trained model is best suited for a specific applica- 56

tion, particularly in healthcare, where representa- 57

tions must retain clinically meaningful information. 58

Beyond training models, embedding analysis can also 59
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serve as a powerful tool for knowledge discovery. By60

exploring embedding spaces, researchers can gain in-61

sights into dataset structure, identify patterns, or62

even potential challenges and biases in the embed-63

dings. Developing a comprehensive evaluation frame-64

work is essential to help downstream users assess the65

suitability of pre-trained representations for their spe-66

cific applications. Such a tool should systematically67

evaluate key properties, ensuring that learned repre-68

sentations align with the requirements of real-world69

tasks and would enable users to make informed deci-70

sions when selecting and fine-tuning those pre-trained71

models for their applications.72

In this work, we introduce Latentverse, an open-73

source library and a web-based platform for compre-74

hensive assessment of the quality of latent represen-75

tations. Latentverse provides a suite of evaluation76

metrics covering clustering performance, disentangle-77

ment, and robustness to perturbations, offering in-78

sights into key properties such as expressiveness, sep-79

arability, and stability. Users can use Latentverse80

to benchmark their models or compare different em-81

bedding strategies for their data. By uploading only82

learned embeddings—without requiring access to raw83

data—Latentverse ensures privacy-preserving evalu-84

ation with no concerns about sensitive information85

exposure. We also showcase the utility of Latentverse86

for evaluating the quality of clinical representations87

obtained from different medical modalities.88

By sharing Latentverse as an open-source tool, we89

aim to foster community contributions, making it a90

widely adopted resource for evaluating latent repre-91

sentations across various domains.92

2. Evaluating Latent Representations93

Several tools have been developed for analyzing and94

interpreting learned representations, each with a dif-95

ferent focus. In language models, interpretability has96

driven interest in latent space exploration. Unveiling97

LLMs (Bronzini et al.) examines how LLMs encode98

and process knowledge across layers using activation99

patching and dynamic knowledge graphs. While this100

provides insight into model reasoning, it is primar-101

ily designed for factual verification rather than struc-102

tured representation evaluation.103

Other tools focus on domain-specific representa-104

tion analysis. Latent Space Explorer (Cecconello105

et al., 2022) applies unsupervised learning to identify106

patterns in large-scale astrophysical datasets, lever-107

aging techniques like autoencoders and contrastive108

learning. However, it is designed for visualization 109

rather than structured embedding evaluation. Sim- 110

ilarly, Emblaze (Kwon et al., 2022) facilitates inter- 111

active embedding exploration through animated scat- 112

ter plots and neighborhood analysis in computational 113

notebooks, but it lacks a quantitative framework 114

for assessing representation quality. Multimodal La- 115

tent Space Explorer (Kwon et al., 2023) specifically 116

targets multimodal representation learning, helping 117

researchers compare embeddings across modalities 118

like MRI scans and ECG signals. Our objective is 119

to provide a structured, general-purpose evaluation 120

framework that quantitatively measures representa- 121

tion quality while offering an accessible web interface, 122

enabling users to assess embeddings without requir- 123

ing data sharing. 124

There are many ways to evaluate the quality of 125

learned representations, and different metrics offer 126

insights into various aspects. While there is no sin- 127

gle definition of what makes a representation good, 128

these metrics are invaluable for understanding their 129

strengths and weaknesses. 130

We surveyed the literature to compile a compre- 131

hensive list of evaluation metrics that offer a holistic 132

view of representation quality. This section outlines 133

the various categories of properties that Latentverse 134

evaluates and details the selection of metrics imple- 135

mented to quantify different aspects of representa- 136

tion quality. We envision Latentverse as an evolving 137

tool, constantly integrating novel metrics, and en- 138

abling users to extend and enhance its capabilities 139

over time as new evaluation approaches emerge . 140

2.1. Downstream generalization 141

A key advantage of using latent representations of 142

pretraining SSL models is their ability to transfer 143

learned knowledge for training models on limited la- 144

beled data across various tasks Del Pup and Atzori 145

(2023). Therefore, one of the most common evalu- 146

ation of representations is measuring how well they 147

support different downstream tasks, often referred to 148

as probing (Belinkov, 2022). By training supervised 149

models to predict labels from learned embeddings, 150

probing tests offer insights into how well representa- 151

tions encode task-relevant information (Hewitt and 152

Manning, 2019; Devlin et al., 2019). Since they re- 153

quire labeled data, these tests also help assess the 154

generalization of representations across tasks. 155

When probing representations, there is a trade-off 156

between model complexity and performance. Some 157
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Figure 1: Overview of the Latentverse web interface. Users can upload latent representations for evaluation
and select a test to generate a comprehensive report. The report includes various evaluation
metrics and performance visualizations. For each test, there is a reference guidebook explaining
the metric, interpreting the score values, and describing the implications for the representation.
Additional information about each metric is available by hovering over it, providing details on
what the metric measures, how to interpret it, and the corresponding range for evaluation.

advocate for using complex models to probe repre-158

sentations (Pimentel et al., 2020), while others em-159

phasizes the importance of simpler models for better160

interpretability (Voita and Titov, 2020). As a result,161

the probing test in Latentverse is designed to explore162

this trade-off by measuring performance for probing163

models with varying complexity levels (Ferreira et al.,164

2021), helping users assess how well representations165

generalize across diverse tasks.166

2.2. Clusterability167

Another quality of representations can be measured168

by how well the data naturally forms distinct clus-169

ters, providing both quantitative and visual insights170

into the latent space structure. The clusterability test171

characterizes both the intrinsic geometric structure of172

the latent space and the neighborhood relationships173

between data points, offering insights into how well174

SSL models capture semantic similarities (Xie et al.,175

2019; Schneider et al., 2023). Meaningful clustering 176

structures in the latent space often indicate represen- 177

tations that are well-aligned with the true underly- 178

ing data distribution, leading to better downstream 179

performance and generalization (Zhao et al., 2023; 180

Caron et al., 2020). Several metrics have been pro- 181

posed to quantify clusterability, each capturing differ- 182

ent aspects of structure and separation. Latentverse 183

integrates the following key clusterability metrics: 184

(1) The Silhouette Score (Rousseeuw, 1987) 185

measures how similar a data point is to its own clus- 186

ter a(i) compared to other clusters b(i), with val- 187

ues ranging from −1 (poor clustering) to 1 (per- 188

fect clustering). (2) The Davies-Bouldin Index 189

(DBI) (Davies and Bouldin, 1979) quantifies the av- 190

erage similarity ratio between each cluster and its 191

most similar cluster, with a lower value indicating 192

better-defined clusters. (3) The Normalized Mu- 193

tual Information (NMI) (Danon et al., 2005) score 194
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that measures the similarity between clustering re-195

sults and ground truth labels. It ranges from 0 (no196

shared information) to 1 (perfect alignment). NMI197

quantifies how much information is retained between198

the predicted cluster assignments and the true labels,199

normalized by their entropy. This metric is widely200

used in clustering evaluation to ensure that clusters201

align well with known categories.202

2.3. Disentanglement203

Disentangling factors of variation in data is another204

key property of meaningful representations. Disen-205

tanglement metrics measure how well a representa-206

tion separates underlying factors of variation in the207

data. Latentverse implements widely used metrics208

from two main categories:(1) Predictor-based met-209

rics that use regressors or classifiers to predict fac-210

tors from latent dimensions. While these metrics are211

effective for both continuous and categorical factors,212

they require careful model selection and tuning. (2)213

Information-based metrics estimate mutual informa-214

tion between latent codes and factors, making them215

more parameter-efficient and assumption-light.216

The DCI (Eastwood et al.) metric evaluates the217

quality of latent representations based on three key218

measures: (1) Disentanglement: Assesses whether219

each generative factor is captured by a single latent220

dimension. A higher score means that individual fac-221

tors are encoded in separate dimensions rather than222

being entangled across multiple ones. (2) Complete-223

ness: Evaluates how well each generative factor is224

captured by a small subset of latent dimensions. A225

high score indicates that information about a factor226

is not spread across many dimensions but is concen-227

trated in a few. (3) Informativeness: Measures how228

well the learned representations predict the original229

generative factors. Together, these measures provide230

a comprehensive assessment of how structured and231

interpretable a representation is.232

The Separated Attribute Predictability (SAP)233

(Kumar et al., 2018) score is a metric designed to234

evaluate the degree of disentanglement in a learned235

latent representation. It measures how well each la-236

tent variable can predict individual generative factors237

using simple linear regression (for continuous factors)238

or threshold-based classification (for categorical fac-239

tors). It is computed by constructing a matrix of240

predictive scores and selecting the best-performing241

latent for each factor. A higher SAP score indicates242

better disentanglement, as each generative factor is 243

more easily predictable from a single dimension. 244

The Mutual Information Gap (MIG) (Chen et al., 245

2018) is another metric designed to measure the de- 246

gree of disentanglement in a learned latent represen- 247

tation by assessing the alignment between latent vari- 248

ables and a single generative factor. It quantifies how 249

well the most informative latent dimension captures 250

the factor while ensuring minimal redundancy across 251

other dimensions. Specifically, MIG computes the 252

difference in mutual information between the most 253

and the second-most predictive latent dimension, nor- 254

malized by the entropy of the generative factor. A 255

higher MIG score indicates better axis alignment, 256

meaning that a single latent variable is highly predic- 257

tive of the factor, while others contribute minimally. 258

TC (Total Correlation)(Chen et al., 2018) assesses 259

disentanglement in representation learning as a mea- 260

sure of statistical dependence among multiple ran- 261

dom variables. It quantifies how much information is 262

redundantly shared across latent dimensions, with a 263

lower TC indicating greater independence. 264

The SAP score, MIG, and TC all evaluate disentan- 265

glement but from different perspectives. Together, 266

they provide a comprehensive view of disentangle- 267

ment—SAP and MIG focus on interpretability, while 268

TC ensures minimal information overlap. 269

2.4. Expressiveness 270

Expressiveness is another quality of a representation 271

and is evaluated by assessing its sensitivity to the 272

removal of dimensions with redundant information, 273

providing insights into how different dimensions con- 274

tribute to model performance. 275

To measure expressiveness in representations, we 276

incorporates two key concepts: (1) Compactness 277

metric measures the ability of a small number of di- 278

mensions to effectively describe the representation 279

manifold, aligning with the completeness aspect of 280

DCI metrics. (2) Intrinsic Dimension captures 281

the complexity of the representation manifold by es- 282

timating the number of parameters required to de- 283

scribe some downstream information without losing 284

information (Thilak et al., 2023). This involves first 285

training a model using the full set of dimensions, 286

then removing a specified number of high-variance 287

dimensions from the embeddings and evaluating per- 288

formance on the reduced embeddings. 289
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2.5. Robustness290

Robustness to noise is a desired quality for latent rep-291

resentations, particularly in the context of general-292

ization and stability. Robust latent representations293

should preserve meaningful structure while being in-294

sensitive to small perturbations or noise in the in-295

put data, making them more reliable for downstream296

tasks. The robustness test implemented in Latent-297

verse evaluates various qualities, including clustering298

and downstream generalizability, across different lev-299

els of perturbation. This assessment helps determine300

how well the representation maintains its structure301

and performance under varying degrees of noise.302

3. Latentverse303

Our proposed library and web application called La-304

tentverse, offers a suite of evaluation tests to assess305

the quality of latent representations from multiple306

perspectives.307

3.1. Latentverse Code Library308

Latentverse is released as an open-source library that309

provides a comprehensive suite of metrics, tests, and310

visualization tools for evaluating latent representa-311

tions. It supports both standalone use and integra-312

tion with the Latentverse web application. Users can313

install the package locally to run evaluations within314

their own workflows and easily incorporate it into315

their projects with minimal overhead. This enables316

seamless assessment of learned embeddings across a317

wide range of applications. The codebase is designed318

to be extensible, and we welcome community con-319

tributions, including the addition of new evaluation320

tests. To support this, the library includes a set of321

unit tests that help ensure correctness and reliability.322

3.2. Latentverse Web Application Interface323

Latentverse also offers an interactive web interface for324

evaluating learned representations. Users can upload325

representation files, along with optional task-specific326

labels, and select a test category from a drop-down327

menu. Latentverse then generates a comprehensive328

performance report that includes a suite of evaluation329

metrics corresponding to the selected test (Figure 1).330

For each metric, users can hover over the score to331

access detailed explanations—what the metric mea-332

sures, how to interpret it, and its expected range.333

To support interpretation, Latentverse includes a 334

guidebook accessible via drop-down that provides 335

structured insights for each metric. This guidebook 336

explains the meaning of each score, its practical im- 337

plications for representation quality, and offers rec- 338

ommendations for interpretation. As illustrated in 339

Figure 1, the guidebook helps users contextualize re- 340

sults, enabling more informed decisions when refining 341

or selecting embeddings. 342

In addition to metrics, Latentverse provides rich 343

visualizations that highlight different properties of 344

representations, aiding users in better understand- 345

ing embedding quality. It also supports compar- 346

isons—allowing users to compare different representa- 347

tions or analyze the same representation under vary- 348

ing label sets for deeper insight. 349

3.3. Latentverse Web Application 350

Implementation 351

The backend of Latentverse is powered by our open- 352

source library and the web application is powered by 353

a React-based frontend, a Flask-powered backend, 354

and our open-source evaluation library. The appli- 355

cation is deployed on a customizable Google Cloud 356

Platform (GCP) virtual machine, allowing straight- 357

forward scaling based on user demand and uploaded 358

file size. We can monitor resource usage over time 359

and adjust the instance size accordingly, including 360

adding a persistent disk for block storage if needed. 361

Our setup uses Cloud Run, as its autoscaling capa- 362

bilities could reduce maintenance overhead. 363

The frontend uses Material-UI for a design with in- 364

teractive components such as the dropdown for test 365

selection, representation and file upload fields, and 366

hovering-activated pop-up text for describing each 367

metric. Users are able to submit data, configure tests, 368

and visual results using Matplotlib and Seaborn- 369

generated plots that are displayed dynamically on the 370

UI. Additionally, the Flask backend exposes a set of 371

RESTful APIs that handle requests, data processing, 372

and finally execute the evaluation tests. Upon user 373

submission of data, the backend parses the request 374

and performs validation on the input files, loads the 375

representations and labels, calls the selected evalua- 376

tion functions from the Latentverse library, and re- 377

turns the computed performance metrics and corre- 378

sponding visualization URLs to the frontend. Aside 379

from the browser-based file upload we also support 380

alternative solutions like Cloud storage integration, 381

where users can first upload their files to GCP. Also, 382
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Latent Name Data Modality Representation Size Encoder/Training Details

ECG-unimodal ECG 256 Unimodal VAE trained on 30k samples
ECG-cross ECG 256 VAE Contrastive training with 30K MRI pairs
ECG-1K ECG 256 Unimodal VAE Trained on 1K samples
ECG-1K-512 ECG 512 Unimodal VAE Trained on 1K samples
MRI-unimodal MRI 256 Unimodal VAE trained on 30k samples
MRI-1K MRI 256 Unimodal VAE Trained on 1K samples
MRI-1K-512 MRI 512 Unimodal VAE Trained on 1K samples

Table 1: Details of the latent representations used for validating the Latentverse library. Data modality indi-
cates the type of data used for learning embeddings. Representation size refers to the dimensionality
of the embedding space. Encoder/training details describe the architecture of the self-supervised
encoder and the training objective used to learn the representations.

for the extreme cases where many users use the app383

at once, we have a load balancer in place to ensure384

the front end is stable.385

4. Latentverse case-study386

To demonstrate the utility of Latentverse, we con-387

ducted a study to show how Latentverse can be used388

to evaluate representations. We use a diverse set389

of latent representations learned from various data390

modalities and model architectures. Specifically, we391

use the UK Biobank dataset (Littlejohns et al., 2020),392

a large-scale biomedical resource containing detailed393

health and imaging data from over 500,000 partici-394

pants in the United Kingdom. For our case study, we395

focused on electrocardiogram (ECG) and magnetic396

resonance imaging (MRI) modalities, training multi-397

ple encoder models to learn representations for these398

data types. We then evaluate and compare these rep-399

resentations using Latentverse to demonstrate how400

the tool can help users analyze the strengths and401

weaknesses of different models. Table 1 provides402

details about the latent representations used in our403

study, including information about training architec-404

tures and datasets, which serve as a basis for inter-405

preting the evaluation results.406

4.1. Downstream Generalization407

To assess downstream generalizability, Latentverse408

measures probing performance for various labels us-409

ing models with varying degree of complexity. We410

demonstrate this by comparing the predictive power411

of ECG-unimodal representations for estimating the412

RR interval against MRI-unimodal representations,413

which are learned from magnetic resonance imaging 414

(MRI) data. 415

Figure 2: Downstream performance of ECG and
MRI representations for estimating RR in-
terval with probes of variable complexity.

Figure 2 shows the results generated by Latent- 416

verse. RR interval is a key measure of the time 417

between successive R-wave peaks in an electrocar- 418

diogram (ECG), which reflects heart rate variability. 419

Therefore, it is a phenotype primarily captured by 420

ECG data. We also see that the ECG-based represen- 421

tations exhibit higher probing performance compared 422

to MRI-based representations for predicting this phe- 423

notype. We chose to display the R-squared met- 424

ric here, but equivalently other measures can be se- 425

lected. Interestingly, we observe variable probing per- 426

formance depending on the complexity of the probing 427

model. Simpler models are more interpretable and 428

tend to generalize better, while more complex models 429

achieve higher accuracy but can be prone to overfit- 430
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ting. This test provides insight into the amount of431

information a representation encodes about a certain432

label and how it can be used by downstream models.433

4.2. Clusterability434

To demonstrate the clusterability of representations,435

Latentverse provides a set of metrics along with vi-436

sualizations that illustrate clustering behavior. Users437

have the option to include labels, enabling the tool438

to evaluate clustering performance based on those la-439

bels. Alternatively, Latentverse can assess the in-440

herent clustering structure of the embedding space441

without relying on external labels.442

Figure 3 shows the clustering performance re-443

port comparing ECG-unimodal and ECG-crossmodal444

representations for predicting patient biological sex.445

The cross-modal representation clearly captures sex-446

related information more effectively than the uni-447

modal ECG embedding, suggesting that this informa-448

tion is primarily encoded through the MRI modality449

and learned theough the contrastive training. The450

NMI measure, which evaluates clusterability based451

on the specified labels, clearly shows this distinction.452

While some natural separation exists in the embed-453

ding space, there are no distinct clusters. As a result,454

metrics that rely on natural cluster separation, such455

as Silhouette and DBI, cannot distinguish the perfor-456

mance in this case. These scores are independent of457

evaluation labels, and simply measure the clustering458

behaviors.459

4.3. Disentanglement460

To demonstrate how Latentverse measures disentan-461

glement, we modified one of our embedding spaces462

by adding an additional dimension that directly en-463

codes a downstream label of interest—AFib (atrial464

fibrillation). Figure 4 shows the performance report465

for the ECG-unimodal representations and Figure 5466

shows the performance for representations concate-467

nated with AFib label.468

As expected, adding the label information increases469

the MIG and completeness scores. The disentangle-470

ment score remains relatively unchanged, as it mea-471

sures how distinct different generative factors are472

within the latent space, and other dimensions in473

the ECG space already capture information about474

AFib. Meanwhile, the high completeness score in-475

dicates that the AFib factor is now primarily repre-476

sented by a single latent dimension. This highlights477

the importance of using a variety of metrics for as- 478

sessing representations, as they provide complemen- 479

tary insights and enable a more thorough analysis of 480

representation quality. 481

4.4. Expressiveness 482

Learning more compact representations is valuable, 483

as larger embedding spaces are more prone to cap- 484

turing noise and spurious correlations. The expres- 485

siveness test evaluates whether representations can be 486

compressed into a lower-dimensional space with mini- 487

mal loss of information. We applied this test on MRI 488

representations with 512 dimensions (MRI-1K-512) 489

and compared them to 256-dimensional representa- 490

tions (MRI-1K) for predicting biological sex. Figure 491

6 shows that for the higher-dimensional representa- 492

tions, removing up to 50% of the dimensions has min- 493

imal impact on performance, whereas the same level 494

of removal significantly affects the lower-dimensional 495

representations. 496

4.5. Robustness 497

Robustness tests typically focus on measuring sensi- 498

tivity to perturbations in the input data. However, 499

since our goal is to evaluate representations, we as- 500

sess robustness to noise in the embedding space. This 501

involves analyzing how the metrics discussed in pre- 502

vious sections respond to small perturbations in the 503

representations. The test simulates data corruption 504

by introducing Gaussian noise into the latent space 505

and observing how performance metrics are affected, 506

providing insights into the stability and resilience of 507

the learned representations. Figure 7 shows an exam- 508

ple of the performance report Latentverse generates 509

for the ECG-unimodal representation. Overall, with 510

increasing noise, the clustering performance worsens. 511

We see how the DBI is more sensitive to noise com- 512

pared to other metrics due to the impact of noise 513

to increased intra-cluster variance and reduced inter- 514

cluster distance. Silhouette Score focuses on individ- 515

ual point separation, making it more robust to local 516

noise. 517

Figure 8 shows a different example using the ECG- 518

1K model (an ECG encoder trained on 1K sam- 519

ples), comparing a 256-dimensional representation 520

against a 512-dimensional one. Unless carefully reg- 521

ularized, higher-dimensional embeddings can include 522

redundant or uninformative dimensions that increase 523

sensitivity to noise. While the initial performance 524

of the 256-dimensional representation is lower than 525
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Figure 3: Clusterability performance report generated by Latentverse, which includes a number of evalua-
tion metrics, as well as visual representations of the embedding space. This compares 2 sets of
representations, ECG-unimodal and ECG-cross modal, comparing their clustering performance on
separating samples based on sex. The information about MRI that is embedded in the cross-modal
ECG representations enable a stronger separability.

Figure 4: Disentanglement performance report on
ECG-unimodal representations for esti-
mating AFib.

Figure 5: Disentanglement performance report on an
augmented ECG-unimodal representations
(with AFib labels) for estimating AFib.
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Figure 6: Expressiveness report comparing two sets
of MRI representations with 256 and 512
dimensions. The plots show the predictive
performance for predicting sex as a func-
tion of the percentage of highly correlated
dimensions removed.

Figure 7: Robustness of clusterability performance
on ECG-unimodal representations as a
function of varying noise levels.

that of its higher-dimensional counterpart, it demon-526

strates greater robustness under increasing noise. In527

fact, under more extreme noise conditions, the 256-528

dimensional representation eventually outperforms529

the 512-dimensional one, likely due to its lower ca-530

pacity and more concentrated feature encoding.531

Figure 8: Robustness of probing performance on
ECG representations with 512 and 256 di-
mensions as a function of noise levels

5. Discussion 532

With the growing adoption of self-supervised learning 533

and pretrained models, evaluating the quality and be- 534

havior of latent representations has become increas- 535

ingly crucial. In this paper, we introduce Latent- 536

verse, a tool that provides a multi-faceted evalua- 537

tion framework to give users a comprehensive under- 538

standing of representation quality. Latentverse en- 539

ables users to analyze and interpret representations, 540

assess how they perform across different scenarios, 541

and make more informed model selection and fine- 542

tuning decisions. By offering both evaluation metrics 543

and comparison tools, Latentverse supports deeper 544

insights into latent representations. 545

Future work will focus on expanding the interface 546

to offer more automated result analysis, making the 547

tool accessible to users from diverse technical back- 548

grounds. We share Latentverse as an open-source 549

library, aiming for it to become an evolving resource 550

that meets the needs of this fast-growing field. We 551

hope Latentverse becomes a collaborative platform 552

where researchers and practitioners can contribute 553

new evaluation metrics and develop innovative ways 554

to assess representation quality. 555
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Raphaël Schneider, Ozan Sener, Vikas Sinha, Trevor 702

Darrell, Aaron Gokaslan, and Alexei A Efros. 703

Learning representations that support robustness 704

via clustering-based pretraining. International 705

Conference on Machine Learning (ICML), 2023. 706

Vimal Thilak, Chen Huang, Omid Saremi, Laurent 707

Dinh, Hanlin Goh, Preetum Nakkiran, Joshua M 708

Susskind, and Etai Littwin. Lidar: Sensing linear 709

probing performance in joint embedding ssl archi- 710

tectures. In The Twelfth International Conference 711

on Learning Representations, 2023. 712

Elena Voita and Ivan Titov. Information-theoretic 713

probing with minimum description length. In 714

Proceedings of the 2020 Conference on Empir- 715

ical Methods in Natural Language Processing 716

(EMNLP), pages 183–196, 2020. 717

Michael Wornow, Rahul Thapa, Ethan Steinberg, Ja- 718

son Fries, and Nigam Shah. Ehrshot: An ehr 719

benchmark for few-shot evaluation of foundation 720

models. Advances in Neural Information Process- 721

ing Systems, 36:67125–67137, 2023. 722

Shaoning Xie, Jun Xu, Shuicheng Yan, and Zongben 723

Sun. Multi-view clustering: A survey. Big Data 724

Mining and Analytics, 2(2):83–107, 2019. 725

Bingchen Zhao, Li Shen, Zhirong Wang, Peng Xie, 726

and Jing Liu. What makes a good representation 727

for contrastive learning? International Conference 728

on Learning Representations (ICLR), 2023. 729

Appendix A. Web Application 730

Interface 731

A.1. Guidebook 732

Latentverse evaluates representations using a wide 733

range of metrics. Each metric measures different as- 734

pects of the representations and will have its own 735

strengths and weaknesses. In order to help users in 736

their analysis of the results, Latentverse provides a 737
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guidebook page that explains the nuances of differ-738

ent metrics, what different values indicate, and their739

strength and weaknesses for different scenarios.740

Figure 9: Guidebook for clustering test results.

Figure 10: Guidebook for probing test results.

Figure 11: Guidebook for disentanglement test re-
sults.
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