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Abstract. Pervasive batch effects are a common issue, especially in recent large-
scale Cell Painting datasets, which have been produced to aid AI-enhanced drug 
discovery efforts. Technical differences arising from experiments carried out in 
different batches can cause models to fail to generalize to unseen batches, despite 
good predictive performance “within batch”. We propose a biologically 
grounded test-time adaptation framework, SHOT-CCR, which uses cell-invariant 
gradient reversal to decouple morphological signal from experimental confound-
ers. Our approach performs 4.5% better than the current RxRx1 benchmark, clas-
sifying 1,139 classes of siRNA genetic perturbations with 91.6% accuracy. We 
deliver consistent results over four distinct cell types and two prominent Cell 
Painting datasets – RxRx1 and a subset of JUMP-CP. Across 484 classes of 
CRISPR perturbations in JUMP-CP our method improves accuracy by 15.7%. 
All code will be made publicly available upon publication. 
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1 Introduction 

Over the past decade the availability of high-content screening (HCS) data has grown 
dramatically [1, 2, 3, 4]. High-throughput microscopy screening systems are now an 
important component within drug discovery, enabling biologists to image the responses 
of millions of cells to thousands of different chemical and genetic perturbations [5, 6]. 
This capability is relatively cheap when compared with mRNA or protein profiling and 
contributes distinct information regarding a cell’s phenotypic response [7, 8]. Computer 
vision pipelines have been leveraged for a variety of cellular perturbation tasks, includ-
ing discerning molecular mechanism of action [8, 9, 10, 11], compound toxicity [12, 
13], gene function and disease mechanisms [7]. 

Multiple studies have documented how technical artifacts and other confounding 
batch effects can arise even under the most stringent experimental settings [8, 9, 10, 
13]. To compound this, larger datasets necessitate a greater number of separate experi-
mental batches. These batch effects typically obscure biological cellular processes, 
causing models to fail to generalize to out-of-batch samples.  



2  W. Dee et al. 

 

 
 
Sypetkowski et al. [1] showed that, in the large and diverse Cell Painting dataset 

RxRx1, adaptive batch normalization (AdaBN) can be an effective strategy to mitigate 
the impact of batch effects across experimental batches for certain cell types. Their 
model achieved a classification accuracy of 87.1% across 1,139 unique siRNA  
 
perturbations, with the model being able to generalize with 95.6% effectiveness to un-
seen batches. However, the approach underperformed for the U2OS cell type, which 
accounted for less than 10% of the training data, classifying those perturbations with 
68.2% accuracy. 

To improve these results, we extend domain adaptation techniques, originally devel-
oped for natural image analysis, to the problem of experimental batch variation in Cell 
Painting data. We incorporate recent advances such as entropy minimization, diversity 
regularization, and pseudo-labeling, and combine them with adversarial training de-
signed to de-prioritize the cell count differences which commonly arise across experi-
mental batches and cell types. Crucially our method, SHOT Cell Count Reversal 
(SHOT-CCR), does not aim to eliminate all batch information from the encoder em-
beddings. Instead, it selectively down-weights cell-count–driven batch differences 
while retaining residual batch-specific structure that remains predictive of the underly-
ing perturbation. We focus on cell count in this work due to the fundamental biological 
nature of the feature and how integral it has proven to be in other Cell Painting research 
[2, 8, 11, 13]. Our main contributions are as follows: 

1. Biologically informed test-time adaptation. We propose a framework that ex-
tends test-time adaptation techniques from computer vision to Cell Painting 
data, resulting in robust generalization under unseen batch and cell type shifts. 

2. Cell count adversarial training. We introduce a novel biologically guided adver-
sarial mechanism that reduces batch effects by discouraging the network from 
over-relying on cell count features - outperforming the general batch-effect gra-
dient reversal of [1] when there are multiple cell types present. 

3. Comprehensive evaluation across datasets and cell types. We demonstrate con-
sistent gains across two large-scale Cell Painting datasets (RxRx1 and JUMP-
CP) and four distinct cell types (Tab. 1), establishing a new benchmark for mor-
phological batch correction. 

Dataset Cell Type Pert. type # Images 
# Train / 

Test Batches 
# Perturbations 

RxRx1 
U2OS, HepG2, 
HUVEC, RPE 

Gene KD 
(siRNA) 

125,510 33 / 18 1,139 

JUMP-CP 
(Subset) 

U2OS 
Gene KO 
(CRISPR) 

21,780 4 / 1 484 

Table 1. Summary of the datasets used in this work. Genetic perturbations include knock-
down (KD) or knockout (KO). 
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2 Related Work 

Cell Painting batch effect correction. The reduction of batch effect impact is a central 
theme in most Cell Painting microscopy research [1, 2, 3, 4, 5, 8, 27]. Image embed-
dings and other downstream representations, such as CellProfiler image-based profiles 
[28], have been shown to group tightly together according to these effects, making clas-
sification tasks difficult. There is a growing desire to amalgamate microscopy datasets 
from different sources (e.g. labs) or time periods, with the belief that more diverse data 
will result in robust models which generalize more effectively to unstudied cell types, 
drug compounds and genetic perturbations, facilitating more scalable and efficient drug 
discovery [2, 3, 4, 5].  
Test-time adaptation (TTA) refers to methods that enable models to adapt to new, 
unseen data distributions during inference without requiring model re-training or access 
to the original training data [14]. There are several publicly available large-scale Cell 
Painting datasets [1, 2, 3, 4, 15] and released models pre-trained on those datasets [1, 
5, 11], making it increasingly necessary to explore TTA methods that allow previously 
trained models to adapt to new experimental batch data with potentially different cell 
types. TTA approaches range from recalculating or updating batch normalization sta-
tistics at test time [20, 21], to adding pseudo-class labelling or prototypes based on 
predictive class confidence [23]. Adaptation can occur through a series of episodes, a 
single-pass epoch, or, as in our work, iterative multi-epoch adaptation using self-super-
vised objectives. 
Gradient reversal is a technique for learning domain-invariant representations that re-
tain relevant information for the goal task while minimizing the impact of domain-re-
lated variables, achieved by multiplying gradients from a domain-specific head by a 
negative factor [24, 25]. Our work utilizes gradient reversal to selectively reduce, but 
not eliminate, the impact of cell count differences across experimental batches. We 
demonstrate that adding gradient reversal learning parameters can improve model ac-
curacy during training and improve subsequent TTA performance. While recent work 
has also applied domain-adversarial learning to Cell Painting batch correction using a 
generative model framework [27]; in contrast, SHOT-CCR requires no model retrain-
ing at test time and no access to source data during adaptation, making it directly appli-
cable to scenarios where previously trained models must generalize to new experi-
mental batches. 

3 Datasets 

3.1 RxRx1 

RxRx1 was produced by Recursion using their high-throughput screening platform [1]. 
In each experimental well, cells are genetically perturbed with a fixed concentration of 
small interfering RNA (siRNA) to knockdown a single target gene [1, 16]. A proprie-
tary implementation of the Cell Painting protocol [17] produces a six-channel 512×512-
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pixel image, where each channel corresponds to a fluorescent dye representing specific 
cellular components, including DNA, RNA, mitochondria and Golgi apparatus (Fig. 1). 

RxRx1 contains 51 experimental batches across four cell types — HUVEC (24 
batches), RPE (11), HepG2 (11) and U2OS (5) - each conducted a minimum of one 
week apart. U2OS was considered the most biologically distinct and therefore most 
difficult to predict, particularly in a limited data scenario [1]. We use the same batch-
separated splits as [1]: 33 training batches (16 HUVEC, 7 RPE, 7 HepG2, 3 U2OS) and 
18 test batches (8 HUVEC, 4 RPE, 4 HepG2, 2 U2OS). 

 

 
 
 
 
 

 

 
 

3.2 JUMP cpg0016 (JUMP-CP) 

We filtered the JUMP-CP dataset [3, 4] to include only CRISPR knockout perturbations 
present in more than one batch with at least five replicates across five separate plates, 
ensuring sufficient data per perturbation. For comparability with [1] we retained only 
genes also present in RxRx1, resulting in 484 unique perturbations across five experi-
mental batches (Tab. 1). Images were centrally cropped to 512×512 pixels. Only the 
U2OS cell type is present in JUMP-CP, and the original Cell Painting protocol produces 
five-channel images rather than six [17], though the stains target functionally similar 
cellular components to RxRx1. Due to the smaller diversity of data compared with 
RxRx1 (Tab. 1), and the known difficulty of predicting CRISPR knockouts versus 
siRNA knockdowns [18], we expect models to perform more poorly on this data. 

Fig. 1. Six-channel faux-colored images from the RxRx1 dataset with a composite image shown 
on the right. Different stains reveal a range of cellular components across each channel (columns). 
Each set of images displays the same perturbation class (the VPRBP gene knockdown) but im-
aged in different batches and/or different cell types. The variety of cellular responses to the same
perturbation, which can be seen by eye, show how difficult it can be for a model to adapt to both 
biological and technical batch effects. 
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4 Methodology 

4.1 Model architecture 

An overview of our model architecture is shown in Fig. 2. The architecture is based on 
the DenseNet-161 backbone proposed in the original RxRx1 paper [1]. The backbone 
is adapted for Cell Painting images by altering the first convolutional layer to accept 
either five (JUMP-CP) or six-channel (RxRx1) images as input, before a Kaiming nor-
mal initialization [29] is used to initialize the additional channel weights. Global adap-
tive average pooling is applied to the backbone feature maps before passing through 
two fully connected layers, each utilizing batch normalization and the ReLU activation 
function.   
 

 
 
 
 
 
 
4.2 Cell-count gradient reversal (CCR) 

In contrast to [1], we use a gradient reversal layer to adversarially train the model to 
de-prioritize cell count. A separate regression head, consisting of two linear layers, is 
used for this task and the gradient reversal layer feeds back the inverse of the loss to 
the feature extractor (Fig. 2). Since cell count is trivial for the model to learn to predict, 
we introduce separate learning rate and gradient reversal alpha (α) parameters to avoid 
both over fitting as well as training the model to be completely agnostic to cell count. 

Cell counts were obtained by feeding the nuclei-stained channel through Cell-
poseSAM (cellpose v4.0.1) [19] and normalized using training set statistics. The re-
gression head minimizes MSE between predicted and actual normalized cell counts 
during training; cell counts are not used at inference or test-time adaptation to avoid 
data leakage. 

Figure 2: Our SHOT-CCR architecture. During training, the feature extractor (gs) feeds both a 
perturbation classifier (hs) and a cell count regression head, which applies gradient reversal to 
adversarially reduce cell count alignment in the feature maps. At test time, the classifier is frozen 
while the feature extractor adapts using unsupervised SHOT loss.  
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4.3 Test-time adaptation 

Adaptive batch normalization (AdaBN). AdaBN [20] utilizes batch normalization 
layers to standardize samples only using other samples produced in the same domain. 
In practice, this means that during training a sampler is used to ensure that each mini 
batch only contains data from a single domain (an experimental batch in our case) –
referred to as batch effects normalization (BEN [30]). At inference time, the running 
statistics accumulated on the training set are discarded, and instead normalization is 
performed according to test mini batch statistics (which are also sampled from a single 
domain). 

Test entropy minimization (Tent). Tent [21] adapts a pretrained model solely at 
inference time by minimizing the Shannon entropy [22] of model predictions, gradually 
increasing prediction confidence throughout adaptation. Unlike AdaBN, Tent updates 
both the scale (γ) and shift (β) parameters of the batch normalization layers through 
entropy backpropagation, remaining fully unsupervised since it relies only on model 
predictions rather than labels. 

Source hypothesis transfer with information maximization (SHOT). SHOT [23] 
extends Tent by freezing the pretrained classifier (the hypothesis) and adapting only the 
feature extractor during test time. Adaptation is driven by an information maximization 
loss combining entropy minimization and a diversity term to ensure predictions remain 
globally distributed across classes. Additionally, samples exceeding a confidence 
threshold τ receive a pseudo-label, and the resulting classification loss is incorporated 
into the objective. In our work, we freeze the perturbation classifier after initial training 
(Fig. 2) and update the feature extractor using this unsupervised SHOT loss during test-
time adaptation.  

For test-time adaptation we use a learning rate of 1e-5, the Adam optimizer and a 
confidence threshold τ of 0.95. We train over multiple epochs, using an early stopping 
criterion of 15 epochs and selecting the model where SHOT loss reaches a minimum. 
 
4.4 Evaluation 

We apply average perturbation class classification accuracy, predicting the genetic per-
turbation present in each image. We evaluate results using batch-separated splits for 
both RxRx1 and JUMP-CP where each test batch has not been seen during training. 
This therefore mimics the scenario whereby new experimental data has been generated 
for an adjacent task, so a technique like test-time adaptation would allow our previously 
trained model to adapt to the new batch(es).  
 For RxRx1, we use the same training and test splits as the original paper (see Section 
3.1), also repeating each run five times with different seeds to show model performance 
variance. For JUMP-CP, since there are only five batches, we repeated model training 
five times, each time using a different batch as the held-out test set. This approach is 
necessitated by the low number of individual batches in the JUMP-CP subset compared 
with RxRx1. 

The same baseline models as [1] are used to ensure fair comparability. Results sig-
nificance was assessed via one-sample t-test against the reported AdaBN baseline mean 
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for RxRx1, as individual run results were unavailable from [1]. However, pairwise 
comparisons between methods within this paper were conducted using Welch's t-test. 

5 Results and experiments 

5.1 Reducing batch effects 

The results in Tab. 2 show a consistent improvement in perturbation classification ac-
curacy when employing the architectural and test-time adaptation additions discussed 
in Sec. 4.1-4.3. Using Tent to minimize entropy loss at inference time while only chang-
ing the scale and shift parameters of the model increases test set accuracy for RxRx1 
by 2% compared with the prior state-of-the-art baseline set by [1]. When diversity and 
pseudo-label classification losses of SHOT are included, the model improves by 2.9% 
over the baseline, before our cell count gradient reversal adds an additional 1.6%. Over-
all, this significantly improved accuracy by 4.5% over the original RxRx1 AdaBN 
benchmark (t=63.64, p<0.0001). The 1.6% improvement gain from the addition of CCR 
to SHOT was also assessed as statistically significant (t=9.74, p<0.0001). 
 As expected, the smaller and less diverse JUMP CRISPR dataset was classified with 
much lower accuracy overall. However, in this scenario, the test-time adaptation meth-
ods had a much larger impact on model performance. AdaBN improved classification 
accuracy by 17.6% over the baseline, while our approach utilizing SHOT and cell count 
gradient reversal improved classification by a further 15.7%. For this dataset, both gra-
dient reversal methods (batch and CCR) only provide marginal improvement over va-
nilla SHOT. Fig. 3 contextualizes these results. Unlike RxRx1, the JUMP-CP subset 
contains only a single cell type across batches with broadly consistent cell count distri-
butions (Fig. 3b), meaning cell count provides little discriminative batch signal for CCR 
to suppress. This is consistent with our hypothesis that CCR's benefit scales with cell 
count heterogeneity across batches. Crucially, the datasets where this heterogeneity is 
greatest - multi-cell-type datasets like RxRx1 - are also the most clinically relevant, as 
generalizing across cell types is a prerequisite for scalable drug discovery pipelines [1, 
2, 3, 11]. 

 
Method RxRx1 JUMP-CP (Subset) 

 Perturbation classification accuracy 

Baseline [1] 75.1% ± 0.2% 10.4% ± 8.3% 

AdaBN [1] 87.1% ± 0.2% 28.0% ± 7.5% 

AdaBN + Batch gradient reversal [1] 86.2% ± 0.3% 32.4% ± 7.2% 

Ours (Tent [21]) 89.1% ± 0.2% 35.0% ± 4.9% 

Ours (SHOT [23]) 90.0% ± 0.3% 43.4% ± 6.4% 

Ours (SHOT + Batch gradient reversal) 90.1% ± 0.2% 43.2% ± 5.9% 

Ours (SHOT-CCR) 91.6% ± 0.2% 43.7% ± 5.6% 

Table 2. Perturbation classification accuracy (%) comparing different approaches to batch 
correction and test-time adaptation across two datasets – RxRx1 and JUMP-CP. 
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5.2 Consistency across cell types 

Our results show consistent improvement across all cell types in RxRx1 (Tab. 3). En-
couragingly, performance gain was the strongest in the U2OS cell type (+8.0% accu-
racy), the cell type with the fewest training batches (3). This was the cell type estab-
lished as most difficult to predict by [1]. This result suggests that TTA methods, guided 
by cell-count gradient reversal, are relatively agnostic to cell type, and can be most 
impactful where there is limited cell-type-specific training data.  
 

 

 
5.3 Gradient reversal 

While prior research found gradient reversal to be ineffective when trying to adversar-
ially reduce the batch effect signal by predicting what experimental batch each image 
was produced in [1], here we show that gradient reversal can be effective if it’s focused 
on a biological prior – cell count. Consistent with this, CCR showed no significant 
improvement over vanilla SHOT in JUMP-CP, where cell count distributions are ho-
mogeneous across batches (Fig. 3b), but delivered meaningful gains in RxRx1 where 
cell count varies substantially across cell types (Fig. 3a). We found that separate gradi-
ent reversal parameters (α = 5.0 and regression head learning rate = 1e-5) were critical 
for model performance, whereby classification accuracy was dependent on reversal 
strength. Fig.3 shows how the cell count head regressor MSE loss is impacted by α. 
The notion of a trade-off between performance and invariance is supported by prior 
work, showing partial invariance is often the optimal solution [24, 25]. By controlling 

Method HUVEC (16/8) RPE (7/4) HepG2 (7/4) U2OS (3/2) 

Baseline [1] 84.2% ± 0.2% 79.0% ± 0.4% 76.2% ± 0.1% 26.1% ± 1.5% 

AdaBN [1] 92.1% ± 0.2% 87.2% ± 0.0% 86.2% ± 0.2% 68.2% ± 0.1% 

Ours (SHOT-CCR) 95.1% ± 0.1% 91.9% ± 0.1% 92.0% ± 0.2% 76.2% ± 0.3% 

Table 3. Perturbation classification accuracy (%) per cell type. Numbers in parentheses in-
dicate training/test batch counts. 

Figure 3. a) cell count distribution variation across cell types in RxRx1. b) relative uniformity 
of cell count distribution across the batches in the JUMP-CP subset. c) cell count regression head 
MSE loss throughout training under different gradient reversal α parameters. 



 SHOT-CCR 9 

how much cell-count related information is retained by the embeddings we strike a 
balance between removing batch-specific noise while preserving task-relevant infor-
mation.  

6 Conclusion  

We have demonstrated that adversarial training targeting a biologically motivated 
confounder, cell count, combined with test-time adaptation methods, can effectively 
dampen batch effects in Cell Painting data and improve perturbation classification ac-
curacy across multiple cell types and datasets, outperforming the previous benchmark 
of [1]. We set out the framework by which this approach can be applied to other Cell 
Painting data in future. Where cell count distributions vary substantially across experi-
mental batches, particularly in multi-cell-type datasets, we encourage researchers to 
incorporate this as an explicit confounder in their modeling approach and to account 
for it when interpreting results. Finally, we introduce a curated JUMP-CP subset of 484 
CRISPR perturbations as an additional public benchmark for the field and demonstrate 
that our approach transfers effectively to this distinct dataset and perturbation type.  
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