Incorporating MoEs in Contrastive Phenomic
Retrieval

Karush Suri

Abstract—Contrastive Phenomic Retrieval is the problem of learning a joint embedding space between molecules and cell phenomes
using multimodal contrastive learning. Conditional computation strategies such as Mixtures of Experts (MoEs) have been widely
adopted for contrastive learning. However, their efficacy and versatility arising from subnetwork computations remain an unanswered
question. How Do MoEs benefit contrastive phenomic retrieval? We empirically show that MoEs benefit contrastive learning by
providing a higher level of diversity in encoder representations. Expert networks act as diversity-inducing bottlenecks which prevent
encoder embeddings from becoming too similar. Our experiments demonstrate that embeddings learned by MoEs are diverse and
continue to adapt, thereby resulting in 1.23x improvement over previous CLIP-based phenomic models. We further study the
effectiveness of MoEs in few-shot downstream tasks of concentration prediction and show that learning diverse representations with
MoEs helps distinguish between downstream candidate concentrations downstream.

Index Terms—Contrastive Learning, Al for Science, Drug Discovery

1 INTRODUCTION

Learning effects of molecules on cellular compositions is
a pivotal aspect of discovering novel therapeutic candidates
[1], [2]. Cellular compositions encode phenotypical effects
which hold the key to reversing the effects of a particular
disease [3]. These phenotypical effects are learned by lever-
aging contrastive learning over multiple molecular modali-
ties (such as molecular structures, fingerprints, microsocopy
lab experiment images, etc.) [4], [5], [6]. Once learned,
similar molecules may then be retrieved from the joint em-
bedding space of molecules and cell phenomes either using
similarity search or amortized inference [7]. Identifying and
retrieving such molecules from the joint embedding space
of multimodal contrastive learning models is the problem
of contrastive phenomic retrieval [8], [9].

Akin to multimodal contrastive learning, recent ad-
vances in contrastive phenomic retrieval leverage condi-
tional computation strategies to stabilize and improve re-
trieval performance. One such strategy is the use of Mix-
tures of Experts (MoEs) [10]. MoEs serve as parameter-
efficient bottlenecks wherein embeddings are distributed
across different networks (or experts) using a router net-
work. Each expert learns representations corresponding to a
particular aspect of the embedding, hence expertizing across
a set of features. Expert embeddings are then aggregated to
yield network outputs. In the case of language and vision,
MoEs aid in constructing distributed representations such
that each token has access to multiple experts. This results
in improved scalability over increasing number of data
samples [11].

While MoEs have demonstrated significant improve-
ments in both performance and parameter efficiency, a con-
crete understanding of their utility and versatility remain
an unanswered question. Models of today adopt MoEs
as black-box architectures with little intuition about their
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operation. Empirically, it is unclear as to how MoEs benefit
contrastive learning and what is the central factor aiding
them to construct rich representations across a wide range
of modalities.

We aim to answer the above questions by studying the
utility of MoEs in contrastive phenomic retrieval. We begin
by identifying a key phenomenon in CLIP-based objectives
wherein the addition of MoEs in encoders improves diver-
sity in visual features. MoEs serve as diversity-inducing
bottlenecks which yield higher cosine similarities between
both encoder embeddings. Additionally, we show that this
induced diversity by MoEs results in an absolute 1.23x
improvement over previous CLIP-based phenomic models.
We further evaluate the utility of diversity induced by MoEs
on few-shot downstream tasks of concentration prediction
and observe that visual representations learned by MoEs
better transfer downstream.

2 RELATED WORK

Multimodal Contrastive Learning: Prior multimodal mod-
els build on CLIP [12] and combine samples from two or
more domains to learn expressive representations [13], [14].
Contrastive learning methods maximize similarity between
paired samples traditionally in language-vision domains
[15]. Recent works in multimodal contrastive learning aim at
reducing compute and parameter budgets for data-efficient
training [16]. [17] utilize unimodal pretrained models for
one or both modalities improving zero-shot performance
with an order of magnitude fewer paired samples. [18] fur-
ther demonstrate that utilization of an elementwise sigmoid
loss allows contrastive learners to scale under label noise. By
using a unimodal pretrained model to learn similarities, [19]
demonstrate improved performance on zero-shot retrieval.
[20] extend the multimodal framework to molecular multi-
omics for cancer subtyping. Our treatment of multimodal



contrastive learning models is parallel to the aforesaid di-
rections.

Pretraining Molecule-Phenome Representations: Self-
supervised methods have demonstrated pronounced suc-
cess in vision, language and molecule representations [21],
[22], [23]. In vision, these methods are used to minimize
distance in the latent space of models between two views of
the same sample [24], [25], [26], [27]. On the other hand,
reconstruction-based objectives have also permeated rep-
resentation learning such as masked autoencoders (MAE)
[28]. MAEs allow for a higher degree of versatility by
simulatenously masking and reconstructing segments of
modality inputs [29]. These architectures typically utilize
transformer architectures to partition the image into learn-
able tokens and reconstruct masked patches [30], [31], [32].
These methods have been extended to microscopy experi-
mental data designed to capture cell morphology [33]. [34]
utilize a masked autoencoder with a ViT-L/8+ architecture
and a custom Fourier domain reconstruction loss, yielding
informative representations of phenomic experiments [35].
Our work leverages analogous pretraining schemes.

Conditional Computation with MoEs: Recent advances
in large model pretraining and contrastive learning employ
MoEs [10]. These architectures serve as parameter-efficient
alternatives which construct sets of distributed representa-
tions [36]. MoEs, being sparse gated units, only activate a
portion of their parameters during training [37]. Recently,
[38] make an effort to relax the sparsity constraints by
proposing a soft MoE layer which adopts a weighted aggre-
gation operation (eg- softmax) to yield output tokens. While
contemporary models utilized MoEs for gaussian process
regression and inference [39], recent methods have adopted
these architectures for pretraining large foundational priors
such as vision and language models [40]. [41] bootstrap con-
tinual MoE training from pretrained language embeddings
to accelerate downstream language generalization. [42], on
the other hand, incorporate MoEs in the multimodal setting
by embedding vision and language via MoE encoders. [43]
extend this idea further and embed audio, speech, vision
and text in a joint latent space utilizing parallelized experts
in MoEs. Finally, [44] utilize MoEs to learn interactions
across different input modalities under constraints of partial
labels. While the above works demonstrate scalable and
performant use of MoEs, they fail to shed light on why
these architectures benefit training. Current methods utilize
experts as black-box architectures and provide little insights
towards their operation. Among recent works, [45] attempt
to explain MoEs by assessing their theoretical properties and
non-linear expressivity of experts. MoE router learns cluster-
center features which the experts can leverage to divide the
problem into smaller sub-problems. Our empirical analysis
in contrastive learning follows this line of work.

3 MOESs IN CONTRASTIVE PHENOMIC RETRIEVAL

Contrastive Phenomic Retrieval: We study the problem
of learning multimodal representations of molecules and
phenomic experiments of treated cells. Our setting con-
siders a set of lab experiments £ defined as the tuple
(X,M, C,¥) wherein each experiment e € & consists
of cell images x € X and molecules as perturbations

2

m € M obtained at specific dosage concentrations ¢ € C
with 9 € W denoting the threshold of molecular ac-
tivity. Contrastive learning with CLIP utilizes an image
encoder fy, with parameters 0y to generate the image
embedding zx = fy, (x), and a molecular encoder fy_
with parameters 6y, to generate the molecular embedding
Zm = fo,,(m,c). Prior methods in multimodal contrasive
learning utilize the InfoNCE loss to maximize the joint
likelihood of x and m. Given a set of N x N random
samples (x1, my, ¢1), (X2, M2, C2), ... (X2, Mp2, Cn2) con-
taining IV positive samples at k' index and (N — 1) x N
negative samples, optimizing Equation 1 maximizes the
likelihood of positive pairs while minimizing the likelihood
of negative pairs.
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Here, 7 denotes the softmax temperature and (-) denotes
the cosine similarity.

Conditional Computation with MoEs: MoE architec-
tures distribute embeddings across expert networks. Our
study focusses on Soft MoEs [38] which utilize a series
of dispatch and aggregate operations. We denote the input
embedding Z € R**9, where b is the number of tokens and
d is their dimension. Each MoE layer uses a set of s expert
networks (g1, g2, - - . , gs) applied on individual tokens. Each
expert processes p slots, each consisting of a d-dimensional
set of parameters, ® € R*(5P)_ The input slots Z € R(s-P)*d
arise from a weighted sum of all b tokens as presented in
Equation 2.
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Here, D are the dispatch weights. Upon application of
expert functions on each slot, we obtain the output slots
Y, = g¢i(Z;). Finally, a weighted sum across all (s.p)
slots results in the output tokens Y with A denoting the
aggregate weights in Equation 3.
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Experimental Setup: We begin by studying the behavior
of CLIP during contrastive pretraining of phenome lab
experiments. Figure 1 (left) presents our setting wherein
we consider three input modalities, (1) microscopy images,
(2) molecule structure fingerprints and (3) concentrations
as one-hot encoded context. Our empirical analysis utilizes
biological phenome maps consisting of raw cellular mi-
croscopy images [46]. Since raw microscopy images have
an order of magnitude more dimensions than molecule
fingerprints, we additionally pretrain a unimodal MAE to
extract compact latent representations of visual inputs. Both
encoders are trained simultaneously using the CLIP objec-
tive [12].
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Fig. 1. (left) lllustration of contrastive phenomic retrieval wherein we use microsocopy images, molecule structure fingerprints and one-hot encoded
concentrations as input modalities. CLIP learns a joint embedding space of phenome lab experiments using a vision encoder and a molecular
encoder. (right) Implementation of Soft MoEs in different encoder architectures. We combine MoEs with MLPs and Transformers where molecule

features act as tokens.

Method Without Soft MoEs With Soft MoEs
Recall@l (1)  Recall@5 (1)  Recall@l0 (1)  Cosine Similarity (1)  Test Error (|)  Recall@l (1)  Recall@5 (1)  Recall@10 ()  Cosine Similarity (|)  Test Error ({)
CLIP [12] 0.73+0.0003 0.80+0.0007 0.89+0.0004 0.15+0.00 5.62+0.001 0.90+0.004 0.940.003 0.97+0.001 -0.02+0.03 4.73+0.007
Hopfield-CLIP [47] 0.180+0.01 0.18+0.01 0.33+0.016 0.07+0.003 8.48+0.02 0.24+0.013 0.25+0.015 0.43+0.02 0.014+0.009 8.45+0.02
InfoLOOB [48] 0.492+0.009 0.58+0.01 0.740+0.009 0.56+0.03 7.46x0.06 0.499+0.016 0.57+0.02 0.743+0.018 0.45+0.04 7.31+0.09
NtXent [25] 0.27+0.01 0.30+0.02 0.46+0.02 0.51+0.02 8.76+0.15 0.41+0.01 0.46+0.01 0.64+0.01 0.40+0.02 8.49+0.10
TABLE 1

Molecular retrieval performance of different contrastive learning objectives. CLIP-based objectives result in similar visual features. These methods
require the use of diversity-inducing strategies such as MoEs. Bold entries denote highest values across corresponding columns while shaded
entries denote highest values across the table.

4 EXPERIMENTS

Does lack of feature diversity affect other CLIP-based
objectives? We answer this question by comparing retrieval
performance of recent CLIP-based objectives. In Table 1 we
observe that CLIP-based objectives, in the absence of MoEs,
have high cosine similarities. Specifically, InfoLOOB [48]
and NtXent [25] have approximately 3x higher similarities
compared to CLIP. Furthermore, all the presented objectives
explicitly require the use of MoEs to reduce similarity over-
fitting and boost performance. Thus, high cosine similarities
of CLIP-based methods combined with their reliance on
MoE architectures indicate that lack of diversity plagues
recent methods as well that aim to adopt or improve over
CLIP.

Our analysis aims to answer two main questions; (1)
Does the addition of representation diversity benefit per-
formance?, (2) Which components of MoEs benefit diversity
and performance? Figure 2 (top) answers our first question
by comparing CLIP variants with the addition of Soft MoEs.
In our comparison, we include common design decisions
which are required to stabilize contrastive learning (such
as dropout, weight decay and sparsity). Additionally, we
include methods which benefit unsupervised learning mod-
els in general (such as periodic resetting of parameters
and pruning network weights). Across the board, we note
that CLIP with the addition of soft MoEs outperforms
prior design decisions leading to 2 — 17% improvements
over baselines. Furthermore, MoE-based methods induce
the most diversity as indicated by lowest cosine similarity
values between the encoder embeddings.

While MoEs demonstrate improvements in performance
and scalability, it is unclear as to which components of these

architectures contribute towards their benefits. We answer
our second question by ablating between different MoE
architectures. We begin by varying the number of input
slots for each expert while keeping the number of experts
fixed. Figure 2 (bottom) presents the variation of retrieval
performance for varying number of input slots. While MoEs
with smaller slots per experts induce diversity, these fall
short of boosting molecular retrieval performance. This
arises as a lack of expressivity within the model architecture.
MoEs with larger number of slots better induce diversity
and boost performance with 32 slots per expert providing
a 7.6% improvement over the smallest architecture. Figure
3 (top) extends our analysis to varying number of experts
while keeping the slots per expert fixed. More experts per
encoder benefit diversity the most. Empirically, both en-
coders consisting of 8-16 experts are found to be stable with
the most representation diversity arising from distributed
representations of each expert.

In Figure 3 (bottom) we answer the key question of where
should the Soft MoE layer be placed? Traditional language
architectures place MoEs in the penultimate layers of the
model. We see that phenomic models benefit the most in
performance and diversity when MoEs are placed within
the encoder blocks. Placing MoEs in the input layer leads
to instability wherein encoders fail to capture representa-
tions propagating from different expert heads. On the other
hand, placing MoEs in the projection head leads to coarser
embeddings wherein outputs are too similar. Encoder blocks
serve as the right balance between stability and diversity by
accumulating and distributing embeddings between layers.

Few-Shot Concentration Prediction: Predicting the con-
centration of molecular perturbations is a key ingredient



Method Recall@1 (1)  Recall@5 (1)  Recall@10 (1)  Cosine Similarity (})  Test Error (])
CLIP 0.73+0.0003 0.80£0.0007 0.89+0.0004 0.15+0.00 5.62+0.001
CLIP+Dropout 0.67+0.00 0.73+0.0003 0.84+0.00 0.11+0.00 5.94+0.00
CLIP+Weight Decay 0.73+0.00 0.80+0.00 0.90+0.00 0.14+0.00 5.60+0.001
CLIP+Resets 0.38+0.11 0.4120.12 0.56+0.13 0.03+0.003 7.76+0.58
CLIP+Pruning 0.069+0.007 0.006+0.006 0.12+0.011 0.07£0.06 25.14x11.46
CLIP+Soft Pruning 0.61+0.08 0.67+0.09 0.80+0.08 0.13+0.0008 6.56+0.87
Sparse CLIP 0.70+0.00 0.77+0.00 0.87+0.00 0.140.00 5.76+0.001
CLIP+Sparse MoE 0.88+0.006 0.93+0.004 0.96+0.003 0.003+0.003 4.95+0.08
CLIP+Soft MoE 0.90+0.004 0.94£0.003 0.97+0.001 -0.02£0.03 4.730.007

Slots  Recall@l (1)  Recall@5 (1)  Recall@10 (1)  Cosine Similarity (})  Test Error (])
2 0.83+0.10 0.87+0.11 0.90+0.11 -0.03+0.02 4.80+0.66
4 0.90+0.02 0.94+0.003 0.97+0.001 -0.01+0.001 4.62+0.07
8 0.72+0.12 0.76+0.13 0.80+0.13 -0.03+0.019 4.80+0.35
16 0.89+0.23 0.92+0.25 0.93+0.26 0.004+0.04 5.84+1.41
32 0.906+0.004 0.946+0.003 0.97+0.001 -0.03+0.001 4.52+0.007

Fig. 2. (left) Comparison of molecular retrieval performance for CLIP-based models. Across different design choices, MoEs consistently demonstrate
improved recall performance. (right) Retrieval performance for varying number of slots per expert. More slots provide expressivity to experts.

Experts  Recall@l (1)  Recall@5 (1)  Recall@10 (1)  Cosine Similarity ()  Test Error (])
2 0.90+0.002 0.94+0.002 0.97+0.001 0.01+0.001 4.59+0.04
4 0.90+0.002 0.94+0.002 0.97+0.001 -0.008+0.001 4.57+0.05
8

16 -0.01+0.00

Placement Recall@1 (1)  Recall@5 (1)  Recall@10 (1)  Cosine Similarity ({)  Test Error (1)
Input Layer 0.05+0.00 0.04+0.00 0.10+0.001 0.01+0.001 9.016+0.003
Projection Head 0.06+0.03 0.05+0.002 0.10+0.006 0.13+0.005 9.66+0.18
Encoder Block 0.90+0.004 0.94+0.003 0.97+0.001 -0.02+0.03 4.73+0.007

Fig. 3. Variation of molecular retrieval performance with (left) varying number of experts and (right) different placements of MoE layer. Larger
experts placed in encoder blocks are found to benefit retrieval performance.

Method Concentration=1.0

Concentration=0.1

AUROC (1) Precision (1)  Recall (1)  Accuracy (1)  RBF Similarity (1)  Cosine Similarity (1)

Training Error (1)

AUROC (1)  Precision ()  Recall (1)  Accuracy (1)  RBF Similarity (1)  Cosine Similarity (1)  Training Error (1)

CLIP
CLIP+Soft MoEs
CLIP+Sparse MoEs

0.62+0.19
0.79+0.12
0.81£0.11

0.59+0.16
0.74:0.10
0.760.09

0.58+0.15
0.74£0.10
0.76£0.09

0.58+0.15
0.74:0.10
0.76£0.09

0.2815
0.6367
0.6094

0.1579
-0.0269
-0.0243

0.71£0.18
0.58+0.20
0.56£0.20

0.97£0.04
0.98+0.25
0.98+0.24

0.96+0.09
0.97£0.03
0.97£0.03

0.96+0.09
0.97£0.03
0.97£0.03

0.95£0.08
0.97£0.03
0.97£0.03

0.2872
0.6366
0.6103

0.1552
-0.0265
-0.0247

0.19£0.16
0.13£0.13
0.14+0.13

TABLE 2
Few-shot concentration prediction performance of downstream classifiers trained with embeddings of CLIP, Soft MoEs and Sparse MoEs.

in evaluating the chemical validity of CLIP embeddings.
We consider the task of concentration prediction, wherein
we train a logistic binary classifier in few shots to classify
whether a molecule belongs to a concentration set or not.
Our classifiers are trained from frozen embeddings of both
molecular and vision encoders. In order to prevent passing
ground-truth labels, we mask out true concentrations as
inputs to the molecular encoder. Since concentrations exhibit
an inherent discrete sparse structure, an ideal embedding
would be the one that captures correlations in as less as a
few bits.

Table 2 presents our results for few-shot concentration
prediction using embeddings of CLIP-like models. While
MoE models present improved diversity and downstream
classification performance, sparse MoEs are found to be
more performant. Compared to CLIP and sparse MoEs, ad-
dition of soft MoEs presents the most diverse embeddings.
Compared to CLIP and soft MoEs, addition of sparse MoEs
presents diverse as well as performant embeddings.

5 CONCLUSION

We studied the utility of MoEs through the lens of con-
trastive phenomic retrieval. By utilizing lab experiment
images and molecular structure fingerprints as modalities,
we learned a joint embedding space over molecules and
cell phenomes. We observed that CLIP-based objectives are
prone to a lack of feature diversity. MoEs address this key
phenomenon in training of CLIP by providing a higher-level
of diversity in encoder representations. Our experiments
empirically validated the efficacy of MoEs in induing di-
versity and improving retrieval performance by 1.23x over
previous CLIP methods. Additionally, we showed that MoE
representations demonstrate a positive transfer on few-shot
and zero-shot downstream task of concentration prediction.

Limitations and Future Work: While our setting studies
molecule-cellular interactions, we reserve two aspects for
future work. Firstly, our setting can be extended to accom-
modate additional modalities such as molecule structures.

These would inform the model of the geometry of each
molecule. Lastly, MoE representations can be transferred to
additional downstream tasks which require a higher degree
of versatility such as protein binding and target rescue.
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APPENDIX
Pretraining with Representation Diversity

Our pretraining strategy closely follows the setup of stan-
dard CLIP training. In the case of smaller models, we only
utilized 1 encoder block with tuned learning rates. Explicit
learning rate schedules were not used. For larger models
exceeding 250M parameters, we use custom learning rate
schedules to kickstart training. A common strategy we



utilize for 250M and 1B parameter models is the use of warm
starts learning rate. Learning rate is set to le-6 and increased
by a factor of 1.01 every 100th step for the first 1000 steps.

We experimented with two warms starts strategies. In
the first case, which we denote as fast increment, we increase
the learning rate every 100th step. In the second case, which
we call slow increment, we increase the learning rate every
500th step. We empirically found fast increment to work
well and stabilize CLIP training.

Similar to warm starts learning, we decay learning rates
for larger model sizes. Following 30,000 steps of training,
learning rates for 250M and 1B parameter models are de-
cayed by a factor of 0.99 at intervals of every 100 steps.

In the case of encoder architectures, we found wider
encoders to work best. Increasing the depth of MLP and
Transformer encoders also yielded favourable results. In
the case of MLP encoders, we tuned the number of blocks
between 2, 4, 6 and 8 with 8 being the best configuration.
For Transformer models, we tuned the number of encoder
blocks between 2, 4, 8, 12, 16 and 24 with 24 being the best
configuration. As for width, we tuned between 256, 512,
1024, 2048 and 4096. In the case of MLP models, 4096 was
found to work the best whereas for transformer models we
were only able to accomodate 2048 due to the large memory
requirements posed by attention layers.

For all architectures, weight decay was found to benefit
training while dropout had little to no effect. In the case of
MoEs, we kept the number of experts fixed to 8 and the
number of slots per expert fixed to 32. In general, larger
number of slots per expert were found to benefit training.

6.2 Few-Shot Concentration Prediction

Our few-shot concentration prediction experiment utilized
the 250M parameter model for probing. We freeze both
the encoders and add a linear layer along with sigmoid
nonlinearity to predict the threshold of concentration. Since
we are predicting the concentration modalities themselves,
we blocked the one-hot encoded context input and only
provided an empty mask in its place. This allowed us to
fairly evaluate our model’s latent space of cell concentra-
tion information. Thus, we only provided the image and
molecule fingerprint embedding to our downstream classi-
fication head.

The task, thus being of binary prediction, only required
a handful of samples. In the case of concentration = 1.0,
we utilized a total of 300 shots. For concentration = 0.1,
only 20 shots were utilized. We specifically chose these
concentrations as these possessed the most number of noisy
embeddings, noisy molecule samples and active molecule
perturbations. While both CLIP and CLIP+Soft MoE models
were stable, the addition of MoEs accelerated downstream
learning across both concentrations.

6.3 Dataset Details

We note that our pretraining data distribution consists of
1.6M paired samples containing 205456 unique molecules
spanning a total of 14 unique concentrations. While the
image encoder utilizes embeddings of raw microsocopy
images as input, the molecular encoder utilizes fingerprints
generated from valid molecule SMILES as input. We utilize

6

the ECFP fingerprinting technique [49] in order to generate
and cache molecule fingerprints. Our input to the molecular
encoder consists of MACCS keys and the hashed MORGAN
fingerprinting with an atomic radius of 2. When combined
together, the input of size 2215 dimensions is passed to the
molecular encoder.

Our pretrained MAE encoder downscales each image
into an embedding of 768 dimensions which are fed as
input to the CLIP image encoders. In addition to the image
embedding, we encode the concentration of each phenome
experiment and concatenate it with the input embedding.
Since we have 13 unique concentrations out of which 8 are
the most frequent ones, we utilize one-hot encoding as our
encoding strategy to generate the concentration embedding.
Other encoding choices, such as log and sigmoid, were
also tried but one-hot was empirically found to be more
informative.

Both image and molecule encoders utilize the same
architecture consisting of 2-4 blocks of MLP/Transformer
layers with GeLU activations and skip connections. Each
encoder is followed by a LayerNorm projection which is
passed to the projection head. Similar to the original CLIP
architecture, the projection head acts as a dimensionality-
reduction bottleneck wherein the final output embedding is
projected and normalized before computation of similarity
matrix. Output embeddings of encoders are of size 1024-
2048 dimensions wherein larger dimensions are found to be
more performant.

To make our experiments reproducible, we setup our
code base on the open-source RXRX3 dataset!, the largest
open-sourced dataset consisting of biological phenome
maps [46]. The dataset consists of 2.2M images from the
HUVEC cell line. The dataset additionally consists of 1674
known chemical entities across 8 different unique concen-
trations each. Each image is of dimension 2048 x 2048 x 6
consisting of 6 channels corresponding to experiment stains
Hoechst, ConA, Phalloidin, Syto14, MitoTracker and WGA.
Each phenome experiment consists of 1536-well plate den-
sity containing 1 imaging site per well.

1. https:/ /rxrx3.rxrx.ai/downloads



