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Abstract

The value of a Cell Painting screen depends on the biological information recoverable from its
images and the replication needed to recover it. CHROMA-1 improves both. Without post
hoc batch correction, it achieves 28% higher biological retrieval performance than the strongest
tested alternative, even when each alternative receives its best-performing tested correction.
This performance lead persists in substantially out-of-distribution settings, including changes
to both staining protocols and cell lines. On RxRx3-core, CHROMA-1 matches or surpasses
both Phenom-1 and Phenom-2 across five biological relationship endpoints despite training in a
different cellular and imaging domain. These advantages lead to improved prediction of phar-
macological activities. Across treatment-well budgets, CHROMA-1 matches CellProfiler’s macro
predictive performance with approximately 50% fewer replicate wells for protein activity, mech-
anism of action and safety pharmacology, and achieves higher predictive performance when both
use the same number of wells. CHROMA-1 also reveals substantial predictive signal for dose-
qualified Ames mutagenicity in the same images, where CellProfiler remains close to random.
Together, these results let image collections answer more biological questions while reducing the
replication needed for useful pharmacological predictions.

Key results

e 28% higher cross-laboratory retrieval without post hoc correction than any
tested alternative with correction (Figure 1).

e Highest scores on all five RxRx3-core endpoints after zero-shot transfer;
Phenom-1 and Phenom-2 trained on collections containing RxRx3 (Table 2).

e Matches CellProfiler’s macro AP with about 50% fewer treatment wells
across budgets on assay activity prediction tasks (Figure 4).

e One negative-control well per plate preserves macro AP to within 0.1-0.4 per-
centage points on average across treatment budgets.

e 11.6 training GPU-hours; 0.87 inference GPU-hours for 25,329 evaluation
wells (Table 1; Figure 1B).

1 Introduction

Morphological profiling offers a way to ask many biological questions of the same experiment.
By imaging multiple cellular compartments, Cell Painting captures a broad record of cellular



responses to chemical and genetic perturbations [1, 2]. CellProfiler has provided an established
analytical foundation for this approach, converting images into quantitative measurements of
shape, intensity and texture |3]. Beyond any single analysis, the opportunity is to make each
screen a reusable source of biological knowledge whose value extends beyond the question that
originally motivated it.

Learned representations have yet to consistently outperform CellProfiler across biological tasks
and experimental settings. Recent benchmark preprints, including MorphoHELM [4] and JUMP-
lite [5], show that CellProfiler remains a leading general-purpose baseline despite advances in
microscopy-specific self-supervision and biologically guided vision models. Closing this gap re-
quires more than higher benchmark scores: a reusable morphological profile must preserve bio-
logical relationships across changes in experimental conditions. Technical variation can obscure
perturbation effects, and the removal of batch effects does not, by itself, establish that the rele-
vant biology has been preserved [6]. The challenge is therefore to improve biological performance
and retain that improvement beyond the training conditions.

In practice, the value of morphological profiling also depends on how much replication is needed
to obtain an informative profile for each compound and condition. Every replicate well occupies
capacity that could instead test another compound, concentration, or condition. Full-budget
scores alone do not reveal how much replication is needed to reach a given level of predictive
performance. Extracting more information from each treatment well could expand the scope of
a screen within the same experimental budget. Computational demands also affect practicality.
The proprietary Phenom models demonstrate strong biological retrieval [7], but their reported
final training runs required 20,000 A100 GPU-hours for Phenom-1 and 48,000 H100 GPU-hours
for Phenom-2 |8, 9]. Their model sizes of 307 million and 1.86 billion parameters, respectively,
also impose substantial memory and computational requirements during inference [3, 9]. A
useful representation should combine stronger biological performance with lower experimental
and computational requirements.

Here, we introduce CHROMA-1, a state-of-the-art morphological profiling model, trained on a
curated subset of CPG0016 COMPOUNDS and CRISPR plates [10, 11]. CHROMA-1 uses same-
plate negative controls during inference to condition the representations on typical vehicle-control
morphology. In the cross-batch retrieval benchmark proposed by Arevalo et al. [6], CHROMA-
1 without post hoc batch correction achieves 28% higher non-replicate retrieval performance
than the strongest tested alternative, single-cell MorphEM with Seurat CCA, even when that
alternative uses its best-performing tested batch correction. Notably, this advantage persists
across four out-of-domain evaluation settings spanning new acquisition sites, different staining
protocols, and different cellular systems, including A549 cells and primary human hepatocytes.
On RxRx3-core [7], CHROMA-1 leads on all five biological relationship endpoints, including
against Phenom models trained on collections containing RxRx3, despite transferring from a
different imaging domain and cell line.

Importantly, CHROMA-1’s advantages extend from biological retrieval to pharmacological pre-
diction, where it matches CellProfiler’s macro predictive performance with approximately 50%
fewer treatment wells across the evaluated budgets for protein activity, mechanism of action and
safety pharmacology on BBBC047. When both methods use the full well budget, CHROMA-1
also achieves higher predictive performance. Beyond these established pharmacological readouts,
CHROMA-1 reveals substantial predictive signal for dose-qualified Ames mutagenicity where the
CellProfiler baseline remains close to random. These capabilities are obtained with a 50.4-million-
parameter encoder and 11.6 GPU-hours of microscopy training (Table 1). Together, these results
support extracting more biological information from existing image libraries and designing future
screens to address more biological questions within the same well budget.



CHROMA-1 model overview

CHROMA-1 is a proprietary, 50.4-million-parameter convolutional encoder derived from
ConvNeXt-Small [12]. It was trained on five-channel Cell Painting images from a curated subset
of CPG0016 COMPOUNDS and CRISPR, using a cross-batch contrastive objective. The final
run used 352 x 352-pixel crops for 16,000 optimization steps on two GH200 accelerators, totaling
11.6 GPU-hours. At inference, the encoder processes complete fields rescaled to 0.65 um per
pixel, producing 768-dimensional site profiles that are aggregated into well profiles.

Same-plate vehicle controls provide the reference morphology during profile generation. The
resulting profiles can be used directly, without fitting a separate batch-correction transform over
the image collection.

Table 1: CHROMA-1 training scale, model size, and inference throughput. Training
uses 352 x 352-pixel crops; inference uses complete five-channel fields with 964-1,108 pixels per
side on one GH200.

Encoder family ConvNeXt-Small derived
Training crop size 352 x 352 pixels
Training steps 16,000
Profile dimensions 768
Inference field size 964-1,108 pixels per side
Training multichannel sites 2.8M
Encoder parameters 50.4M
Training GPU-hours 11.6
Training hardware 2x GH200
Inference sites/GPU-second 66.6

2 Raw CHROMA-1 beats batch-corrected alternatives on batch
robustness

Reusing morphological profiles across screens requires comparing biological responses measured
in different laboratories and on different microscopes. Technical differences between experiments
can obscure these responses, making batch robustness essential for assembling useful image li-
braries. The aim is to preserve biological relationships across experiments, and removing techni-
cal variation is valuable only insofar as it supports that aim. We evaluate batch robustness and
biological retrieval using using the multi-laboratory, multi-microscope comparison described by
Arevalo et al., following its scoring protocol. [6], which uses the TARGET?2 plates of CPGO0016.
Biological retrieval is measured by nonreplicate mean average precision (mAP), which quanti-
fies how well profiles retrieve wells treated with the same compound against wells treated with
other compounds. We select mAP as our biological summary because the subsequent framework
of Kalinin, Arevalo et al. establishes it as a single, sensitive measure of profile strength and
similarity, with advantages over alternative metrics in high-dimensional profiling settings [13].
Batch mixing is summarized by the mean of four published metrics: batch silhouette [14, 15],
graph connectivity [15], kBET [16] and batch LISI [17], following the convention established by
Arevalo et al. [6]. Together, these assess separation by batch, connectivity among profiles of
the same compound, and the composition of local neighborhoods. Higher scores indicate better
performance on both axes.

We compare CHROMA-1 with CellProfiler and five learned representations. We include mi-
croscopy foundation models with public checkpoints that can profile multi-cell images: Cell-
CLIP [18], OpenPhenom [19], and SubCell [20] (via MorphoHELM’s multi-cell adaptation []),



and MorphEM [21] (via JUMP-lite’s multi-cell adaptation). We also evaluated MorphEM as a
single-cell model, due to its strong performance in JUMP-lite [5]. Phenom-1 and Phenom-2 have
no public checkpoints, so we use their reported scores where available.

Without post hoc batch correction, CHROMA-1 achieves 28% higher nonreplicate mAP than the
strongest tested alternative, single-cell MorphEM [21] with Seurat CCA [22] (Figure 1A). Single-
cell MorphEM exceeds the strongest CellProfiler result, while the other learned models trail it.
Applying Seurat CCA further improves CHROMA-1’s retrieval and batch mixing, increasing its
retrieval advantage over the same comparator from 28% to approximately 34%. CHROMA-1’s
separation represents an advance over both established morphological measurements and the
evaluated learned representations.

CHROMA-1 also has the lowest measured profile-generation cost among the learned models
(Figure 1B). It profiles the complete 25,329-well evaluation in 0.87 GH200 GPU-hours; the other
learned models require 1.73-149.34 GPU-hours under their tested inference protocols. Notably,
the strongest comparator, MorphEM single-cell, required 149.34 GPU-hours, approximately 171
times CHROMA-1’s recorded inference compute, excluding the cost of cell segmentation. The
strongest cross-batch biological retrieval in this comparison therefore comes with the fastest
profile generation and no separate post hoc correction step.
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Figure 1: CHROMA-1 without post hoc correction outperforms the corrected alter-
natives in biological retrieval. (A) Biological retrieval versus batch mixing. CHROMA-1 is
shown without post hoc correction and with Seurat CCA. Each other learned model is shown
at its highest nonreplicate mAP across all tested correction methods; CellProfiler’s ten available
conditions are shown in gray. Batch mixing is the mean of four benchmark metrics. (B) The
same retrieval scores versus total recorded inference GPU-hours on GH200s, shown on a loga-
rithmic axis. Recorded time includes image loading, preprocessing, and embedding inference,
with post hoc correction timed separately. The dashed line marks the best CellProfiler retrieval
score.

3 Leading retrieval performance extends across unseen experi-
mental contexts

Strong retrieval across batches does not establish that a representation will remain useful as
experiments depart further from its training conditions. To measure robustness in out-of-
distribution scenarios, evaluated CHROMA-1 along an escalating ladder of experimental dif-
ferences. JUMP gene overexpression |23] introduces a new acquisition site and perturbation

modality (Figure 2A). BBBC047 |24, 25] adds an independently acquired compound screen with



a different staining protocol (Figure 2B). LINCS [26] and OASIS [27] extend the evaluation to
different cellular systems: A549 cells and primary human hepatocytes, respectively (Figure 2C).
OASIS represents a particularly pronounced visual departure from the U20S training images, as
illustrated by the representative fields. Throughout, we follow Arevalo et al.’s nonreplicate mAP
scoring procedure and CellProfiler feature preprocessing [0, 13]. Comparisons are made within
each dataset because the retrieval candidate sets differ.

Without post hoc batch correction, CHROMA-1 leads every included alternative across all four
evaluated settings, even when each comparator is represented by its best-performing tested pro-
cessing condition. On JUMP gene overexpression, it achieves a nonreplicate mAP of 0.261, com-
pared to 0.186 for CellProfiler, the strongest alternative (Figure 2A). On BBBC047, CHROMA-1
reaches 0.186 versus 0.103 for CellProfiler, the closest competitor that did not train on the dataset
(Figure 2B). The advantage extends to A549 cells in LINCS, where CHROMA-1 reaches 0.667
versus 0.543, and to primary human hepatocytes in OASIS, where it reaches 0.123 versus 0.100
(Figure 2C). BBBC047 was included in CellCLIP’s training [!8] and is therefore not an unseen
dataset for that model. Single-cell MorphEM requires cell segmentations, which were unavailable
for these collections, so it is not included here.
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Figure 2: Retrieval across four settings outside CHROMA-1’s training data. (A)
JUMP gene overexpression. (B) BBBC047. (C) LINCS A549 cells and OASIS primary human
hepatocytes. Left: nonreplicate mAP without post hoc batch correction. Right: each compara-
tor’s best score across tested batch corrections. Blue vertical lines mark CHROMA-1 without
post hoc batch correction. Axes are shared within each row and vary across datasets. CellProfiler
uses the feature preprocessing pipeline described by Arevalo et al. throughout. *BBBC047 was
included in Cell CLIP’s training. Representative control images show approximately 200 x 200 ym
fields with 50 um scale bars.

3.1 Biological relationship retrieval transfers across training domains

This benchmark represents a substantial departure from CHROMA-1’s training conditions: HU-
VEC cells rather than U20S, a different staining and acquisition protocol, and six imaging



channels rather than five |7, 28]. It also asks a different biological question from the preceding
benchmarks. Instead of retrieving repeated instances of the same perturbation, profiles must
connect distinct perturbations through known drug—target associations and gene—gene relation-
ships. Following the published benchmark protocol [7], we measure drug—target retrieval using
mean average precision and gene—gene retrieval using recall across CORUM [29], hu.MAP [30],
Reactome [31] and STRING [32]. Figure 3A summarizes these complementary endpoints and
Table 2 reports the individual endpoints.

CHROMA-1 exceeds every included comparator across all five endpoints, including OpenPhe-
nom, Phenom-1 and Phenom-2. The training-data contrast makes this result particularly in-
formative: RxRx3 [33] was used directly to train OpenPhenom and forms part of the broader
microscopy collections underlying the Phenom models [19, &, 9], while CHROMA-1 was trained
entirely on a different dataset. CHROMA-1 surpasses these representations while transferring
across both cellular and experimental conditions. This performance is achieved with a substan-
tially smaller model and training budget, as illustrated in Figure 3B [, 9].

These results show that CHROMA-1’s transfer capabilities extend beyond recognizing repro-
ducible perturbation effects to recovering relationships between perturbations. Its consistent
performance across drug-target associations, protein complexes and functional networks sup-
ports the use of its profiles to investigate shared biological mechanisms in unfamiliar experimen-
tal settings. The next question is whether this biological information also translates into stronger
pharmacological predictions and fewer replicate wells needed to obtain them.
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Figure 3: Biological relationship retrieval and training resources on RxRx3. (A) Drug-
target mAP versus mean recall across CORUM, hu.MAP, Reactome and STRING. (B) Drug—
target mAP versus microscopy training GPU-hours, with circle area proportional to encoder
parameter count. Panel B includes models with supported aggregate training-resource figures; the
dashed line marks CellProfiler. CHROMA-1 uses GH200 GPUs, Phenom-1 A100s and Phenom-
2 H100s; CellCLIP combines A40 feature extraction with RTX 6000 training. ViT-ImageNet
has no microscopy-training cost; upstream natural-image pretraining is excluded throughout.
The horizontal axis is logarithmic above 10 GPU-hours and linear from zero to 10. The axis
reports recorded GPU-hours. CellCLIP’s marker includes DINOv2-Giant, CrossChannelFormer
and attention pooling [18]; Phenom resource figures follow the reported training budgets and
encoder sizes [3, 9].

4 CHROMA-1 recovers pharmacological information with roughly
half the replication

For screening applications, representation quality determines not only what can be predicted
from Cell Painting images, but how much experimental replication is required to predict it. We



Table 2: Biological relationship retrieval on RxRx3-core. CHROMA-1 achieves the high-
est score across all five endpoints. OpenPhenom, Phenom-1 and Phenom-2 trained on microscopy
collections containing RxRx3. Drug-target retrieval is measured by mAP; CORUM, hu.MAP,
Reactome and STRING by recall. Higher is better in every column. Dashes indicate unavailable
results. ViT-ImageNet provides a natural-image-pretrained baseline; ViT-WSL is a microscopy
model trained with weak supervision, as described in the benchmark [7, &|.

Model Drug-target CORUM hu.MAP Reactome STRING

mAP Recall Recall Recall Recall
CHROMA-1 0.311 0.487 0.568 0.206 0.424
Phenom-2 0.307 0.486 0.553 0.197 0.415
Phenom-1 0.290 0.395 0.482 0.188 0.349
MorphEM multi-cell 0.281 0.405 0.461 0.149 0.348
CellProfiler 0.276 0.361 0.444 0.160 0.330
OpenPhenom 0.274 0.300 0.352 0.158 0.281
SubCell multi-cell 0.264 0.402 0.474 0.149 0.352
ViT-WSL 0.259 0.249 0.290 0.148 0.242
CellCLIP 0.257 0.354 0.416 0.145 0.307
ViT-ImageNet 0.256 0.342 0.420 0.144 0.305
CLOOME [34] — 0.328 0.406 0.135 0.276
MolPhenix [35] — 0.262 0.306 0.142 0.241

evaluate three complementary pharmacological endpoint families in held-out compounds. Pro-

tein activity comprises 24 experimentally measured target-and-mode assays [30, 37]; mechanism
of action comprises 20 annotated mechanism classes [38, 39]; and safety pharmacology com-
prises 58 target-and-assay-mode endpoints from the Safety-77 panel [10, 11, 12|. Together, these

test whether morphological profiles recover molecular activity, pharmacological mechanism, and
safety-relevant target activity.

Across all three endpoint families, CHROMA-1 reaches CellProfiler’s predictive performance with
roughly half the treatment wells at every evaluated budget (Figure 4A—C). This relationship is
evaluated for 20 random selections of treatment wells for each budget. Thus, within a fixed
treatment-well allocation, comparable predictive performance can be obtained with substan-
tially less replication, leaving capacity for additional compounds, concentrations, or conditions.
Alternatively, retaining the original replication budget yields stronger predictions: CHROMA-1
achieves higher macro AP at every matched budget across all three endpoint families (Figure 4D—

The replication advantage is consistent with stronger treatment signal in the profiles themselves.
Compound-dose identity accounts for 43.6% of fitted CHROMA-1 profile variation, compared
with 25.5% for CellProfiler after Harmony [17]. An independent variance model predicts that
matching CellProfiler’s signal-to-noise ratio would require 0.44 CHROMA-1 wells per CellProfiler
well, consistent with the roughly half-budget relationship observed in the pharmacological predic-
tions. The variance model is descriptive and does not establish causal mediation, but provides
independent evidence that CHROMA-1 concentrates more reproducible treatment-associated
variation into each profile.

The gain is not explained by cell number. The protein-activity evaluation uses the benchmark of
Seal et al. [306], designed for settings where cell count itself can be a powerful bioactivity baseline.
Here, cell count alone is substantially less predictive than either full representation. CHROMA-1
retains its advantage when count features are appended, when their linear contribution is removed
from the profiles, and among compounds whose cell counts remain within 15% of vehicle controls.

Interestingly, CHROMA-1’s advantage increases when conventional phenotypes are weak. Among



compounds in the weakest CellProfiler phenotype tertile, CHROMA-1’s advantage over CellPro-
filer is 7.75 AP points larger than among strong phenotypes for protein activity, and 6.25 points
larger for safety pharmacology. To avoid circular reasoning, we define phenotype strength with-
out using the activity labels and on disjoint wells.

Finally, CHROMA-1 is remarkably resilient to low negative-control allocations. With a single
negative-control well per plate, its mean macro-AP loss across treatment budgets is only 0.1-0.4
percentage points for the three endpoint families. When both methods are restricted to two
control wells per plate, CHROMA-1 remains essentially unchanged, while CellProfiler loses 1.3~
2.5 macro-AP points relative to its full-control baseline. Thus, the treatment-well efficiency does
not appear to require a large accompanying allocation of negative-control wells.
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Figure 4: Fewer treatment wells recover the same pharmacological information.
Columns show protein activity, mechanism of action and Safety-77. (A-C) CHROMA-1 well
equivalents needed to reach CellProfiler at each reference budget, using linear interpolation be-
tween measured budgets within each of 20 matched well selections. Guide lines indicate equal and
half as many wells. (D-F) CHROMA-1 achieves higher macro AP at every matched treatment-
well budget. Shading indicates the gap between the mean curves; panel headings report the
AP-point gain averaged equally across budgets. Points and bars in both rows show mean +
sample SD across the 20 selections. CHROMA-1 uses no post hoc batch correction; CellProfiler
uses Harmony. Both retain their full control populations.

5 CHROMA-1 reveals mutagenicity signals missed by the Cell-
Profiler baseline

Improved representations can expand the range of biological endpoints accessible from an imag-
ing experiment, beyond improving performance on established tasks. Mutagenicity provides a
demanding test of this possibility. The Ames assay measures the ability of a compound to induce
mutations in bacteria, providing an independently measured safety endpoint that is biologically
distinct from the morphological responses captured in human cells [13]. Predicting this activity
from Cell Painting tests whether the images contain useful information about a compound’s mu-



tagenic potential. Prior work has predicted mutagenicity from Cell Painting [11]|, but selected
positive and negative compounds using different morphological-activity thresholds, so predic-
tion could largely reflect overall phenotype strength. We instead evaluate dose-qualified Ames
outcomes without selecting compounds by morphological-response strength.

We linked compounds in BBBC047 to public Ames assay records from the National Toxicol-
ogy Program’s Chemical Effects in Biological Systems database [15]. We evaluated whether a
compound produces a positive Ames result at or below 10, 30 or 100 ug per plate. The low-
est threshold focuses on compounds that induce mutations at low doses. Negative compounds
were required to have been tested up to at least the corresponding dose. The three cohorts
contain 87, 85 and 91 compounds, with 11, 12 and 19 positives, respectively. Using all avail-
able replicate wells, we compared CHROMA-1 without post hoc correction against CellProfiler
with Harmony batch correction, evaluating predictions on held-out compounds. To make per-
formance interpretable across the three endpoints, Figure 5 reports average precision relative to
its expected value under random ranking. A value of one indicates random performance; higher
values indicate enrichment of mutagenic compounds among the highest-ranked predictions.

CHROMA-1 shows a substantial predictive signal, while CellProfiler remains close to the random
baseline. Across the three dose thresholds, CHROMA-1 achieves 2.89-, 2.33- and 1.75-fold en-
richment over random, compared with 1.27-, 1.37- and 1.02-fold for CellProfiler. The separation
is greatest at 10 ug per plate, where CHROMA-1 provides a nearly threefold enrichment for
compounds active at low doses. CHROMA-1’s 95% confidence intervals remain above random
at every threshold, while CellProfiler’s include the random baseline. CHROMA-1 improves av-
erage precision over CellProfiler by 128%, 70% and 72%, with paired comparisons supporting
improvements across all three endpoints: the 95% confidence intervals for relative improvement
are 23-243%, 2-172% and 21-151%, respectively.

These results extend the value of CHROMA-1 beyond reducing the experimental requirements
for established pharmacological predictions. The same image collection supports an indepen-
dently measured safety endpoint for which conventional morphological features provide limited
predictive enrichment. This supports a broader role for improved morphological representations:
opening existing image libraries to biological questions that were previously difficult to address,
including the prioritization of compounds for mutagenicity testing.
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Figure 5: Prediction of Ames mutagenicity from BBBC047 using all available replicate
wells. Bars show mean outer-fold average precision divided by the expected mean AP under
random ranking, at Ames dose thresholds of 10, 30 and 100 ug per plate. CellProfiler uses the
preprocessing described by Arevalo et al. followed by Harmony. The dashed line marks random
performance. Error bars show pointwise 95% percentile intervals from 10,000 paired compound-
bootstrap resamples, stratified by outer fold and class. Annotations above each pair report the
ratio of CHROMA-1 AP to CellProfiler AP.



6 Discussion

CHROMA-1 expands the biological information accessible from morphological images while re-
ducing the experimental resources needed to recover it. Its advantage spans cross-batch retrieval,
transfer to unseen experimental settings and prediction of independently measured pharmacolog-
ical endpoints. These evaluations establish complementary properties: preservation of biological
relationships despite technical variation, generalization beyond the training domain and predic-
tive utility for specific biological questions. Their agreement supports a broader conclusion than
any individual benchmark: CHROMA-1 produces representations that remain useful as both the
experimental context and the biological task change.

Our comparisons reaffirm recent benchmark findings that learned vision representations do not
consistently improve on CellProfiler, particularly when applied outside their training conditions.
Consistent with MorphoHELM and JUMP-lite |4, ], CellProfiler remains a strong baseline across
the evaluated settings, and even relatively modest experimental shifts expose weaknesses in com-
peting learned representations. CellCLIP’s stronger performance on BBBC047, which was repre-
sented in its training data [13], further emphasizes the importance of distinguishing performance
within a familiar domain from transfer. The central challenge is not simply to learn morpho-
logical features, but to demonstrate that those features retain their biological utility beyond the
conditions in which they were learned.

CHROMA-1 addresses this challenge across several levels of experimental change. Without
post hoc batch correction, it outperforms the tested alternatives on cross-batch biological re-
trieval even when each alternative receives its best-performing correction. Its advantage extends
across changes in acquisition site, perturbation modality, staining protocol and cell system. On
RxRx3-core, CHROMA-1 matches or surpasses the included state-of-the-art proprietary models,
Phenom-1 and Phenom-2, across all five evaluated biological endpoints |7]. This comparison
is particularly informative because RxRx3 belongs to the microscopy collections underlying the
Phenom models [8, 9], whereas CHROMA-1 transfers from a different dataset, cell line and imag-
ing protocol. CHROMA-1 achieves stronger biological retrieval despite a substantially greater
shift from its training conditions.

The pharmacological evaluations establish the practical consequence of this representation qual-
ity. Across protein activity, mechanism of action and safety pharmacology, CHROMA-1 reaches
CellProfiler’s macro performance with approximately 50% fewer replicate wells across the evalu-
ated budgets. Experimental capacity could therefore be redirected toward additional compounds,
concentrations or conditions. The Ames results demonstrate a distinct gain: CHROMA-1 ex-
tracts substantial predictive signal for an independently measured safety endpoint where Cell-
Profiler remains close to random. These findings separate two benefits that are often conflated:
recovering established biological information with fewer measurements, and recovering informa-
tion that existing representations make difficult to access.

The smaller computational footprint makes these capabilities practical to develop and deploy.
Relative to Phenom-1 and Phenom-2, CHROMA-1 uses approximately 1,700 and 4,100 times
fewer recorded training GPU-hours, and 6 and 37 times fewer encoder parameters. At the
measured inference throughput and nine sites per well, a 100,000-compound screen with one
treatment well per compound corresponds to approximately 3.8 GPU-hours for treatment-image
profiling.

CHROMA-1 makes each treatment well more informative. Its representations preserve biologi-
cal relationships across experimental domains, support useful pharmacological predictions with
roughly half the treatment replication, and reveal predictive signals that CellProfiler recovers
poorly. For existing image libraries, this means more biological information from experiments
already performed. For future screens, it offers a direct route to testing more compounds, con-
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centrations, and conditions within the same treatment-well budget.
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