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ABSTRACT

We introduce a simple, histogram-based approach for predicting distributional re-
sponses in gene expression following genetic perturbations. This is an essen-
tial task in early-stage drug discovery, where such responses can offer insights
into gene function and inform target identification. Existing methods only opti-
mize for changes in the mean expression, overlooking stochasticity inherent in
single-cell data. We instead model per-gene expression distributions, predict-
ing histograms conditioned on perturbations. This captures higher-order statis-
tics (variance, skewness, kurtosis), where our method outperforms baselines at a
fraction of the training cost. To generalize to unseen perturbations, we incorpo-
rate prior knowledge via gene embeddings from large language models (LLMs).
While modeling a richer output space, the method remains competitive in predict-
ing mean expression changes. This work demonstrates that explicitly modeling
distributional responses yields richer biological insights while remaining practical
and efficient.

1 INTRODUCTION

Predicting transcriptomic responses to genetic perturbations is a core problem in functional ge-
nomics and early-stage drug discovery. Given a perturbed gene, the goal is to predict how expres-
sion changes across the genome. Because single-cell expression is inherently stochastic, reflecting
transcriptional noise, regulatory variability, and measurement uncertainty (Paulsson, 2005; Raj &
van Oudenaarden, 2008), a perturbation induces not only mean shifts but also changes in distribu-
tional shape across cells. These distributional effects are often mechanistically meaningful: variance
changes can reflect altered regulation or cell-cycle desynchronization, and multimodality can indi-
cate state transitions or emerging subpopulations. Recent Perturb-seq assays (Dixit et al., 2016;
Norman et al., 2019; Replogle et al., 2022) make this explicit by profiling thousands of single cells
per perturbation, revealing changes in variance, skewness, zero inflation, and modality alongside
mean shifts (Fig. 1). However, exhaustive experimental profiling across perturbations and contexts
is infeasible, motivating predictive models that generalize to unseen perturbations.

Most existing perturbation predictors either model only mean responses or rely on restrictive out-
put likelihoods. Latent-variable generative models such as CPA (Lotfollahi et al., 2023) and
sVAE+(Lopez et al., 2023) use probabilistic decoders but typically assume fixed parametric forms
that struggle to capture the diversity of single-cell expression patterns (de Torrenté et al., 2020).
Methods such as STATE (Adduri et al., 2025) target population-level set prediction, while graph- and
ontology-based approaches like GEARS (Roohani et al., 2024) incorporate biological structure to
improve generalization. Large foundation models (e.g., scGPT (Cui et al., 2024), scFoundation (Hao
et al., 2024)) learn broad representations from observational atlases, but commonly focus on mean
shifts; moreover, strong evaluations show they may not outperform simple linear baselines on un-
seen perturbations (Ahlmann-Eltze et al., 2024). A complementary route is to encode prior knowl-
edge directly in the perturbation representation itself: LLM-informed gene embeddings can capture
functional similarity (Rives et al., 2021; Theodoris et al., 2023; Chen & Zou, 2024), improving gen-
eralization in mean prediction (Märtens et al., 2024), and have been used by scLAMBDA (Wang
et al., 2024a) to condition a generative model for heterogeneous responses.
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a

Perturbed Gene: CEBPA

Distributional Shifts in Gene Expression (K562 Cell Line)

SH3BGRL3MALAT1 TNNT1

Figure 1: Gene expression distributional shifts following a CEBPA perturbation in the K562 cell
line for three example genes. In each case, the control (dark blue) and perturbed (cyan) histograms
differ in the mean and overall shape, including variance, skewness, zero inflation, and modality.

Although generative models are often motivated as learning the joint response across genes, this
claim is rarely validated in an interpretable way. Any joint model implies per-gene marginals; if
marginal distributions are inaccurate, the implied joint response is unreliable. Yet existing evalu-
ations typically emphasize population-level or mean-based criteria without directly assessing per-
gene marginal shape.

We address both challenges: predicting per-gene expression distributions while generalizing to un-
seen perturbations. Our approach combines LLM-informed gene embeddings with a non-parametric
histogram output that can represent rich distributional changes with a small number of bins. Across
Perturb-seq benchmarks (Norman et al., 2019; Replogle et al., 2022), we show improved distri-
butional accuracy over parametric baselines, competitive mean prediction, and substantially faster
training. Beyond metrics, the model surfaces distributional signatures such as variance inflation and
bimodality shifts, enabling mechanistic insight that mean-only predictors miss.

2 RELATED WORK

Generative models for perturbation effects. Generative models are widely used to simulate tran-
scriptional responses in single cells. scVI (Lopez et al., 2018) models gene expression counts with
a negative binomial VAE (Kingma et al., 2013) to capture measurement noise and variability across
cells. scGen (Lotfollahi et al., 2019) and CPA (Lotfollahi et al., 2023) learn latent-space shifts that
encode perturbation effects, enabling interpolation across conditions. sVAE+ (Lopez et al., 2023)
and SAMS-VAE (Bereket & Karaletsos, 2023) separate baseline and perturbation components to
improve interpretability, while CellOT (Bunne et al., 2023) aligns control and perturbed populations
via neural optimal transport. STATE (Adduri et al., 2025) models perturbations as population-level
shifts by matching perturbed cell distributions. However, all remain limited to perturbations seen
during training in their current implementation.

Generalization to unseen perturbations. Generalizing to unseen perturbations is critical for scal-
able profiling. GEARS (Roohani et al., 2024) addresses this by using gene ontology and co-
expression graphs. Foundation models such as scGPT (Cui et al., 2024) and scFoundation (Hao
et al., 2024) learn gene and cell embeddings from large-scale data using transformers. Despite their
scale, these models predict only mean responses. Moreover, a recent benchmark (Ahlmann-Eltze
et al., 2024) shows they struggle to outperform simple baselines on unseen perturbations.

Gene embeddings from language models. Pretrained language models have recently been adopted
to encode biological priors. GenePT (Chen & Zou, 2024) generates embeddings from NCBI gene
text descriptions, and shows that these embeddings encode underlying biology, e.g., gene function.
Märtens et al. (2024) incorporate similar embeddings into perturbation models, demonstrating state-
of-the-art generalization to unseen targets, but focusing on mean shifts. scLAMBDA Wang et al.
(2024a) similarly conditions a generative VAE on LLM-derived gene embeddings and aims to cap-
ture heterogeneous single-cell responses.
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3 METHOD

3.1 OVERVIEW

We aim to model responses to genetic perturbations by learning a conditional distribution over gene
expression values given a perturbation p ∈ {0, 1}P , where P is the number of perturbable genes.
Let x ∈ RG

≥0 be a random vector representing post-perturbation log-normalized expression across
G genes. The task is to approximate the conditional distribution q(x|p). In principle, this is a joint
distribution over all genes, residing in a high-dimensional space that is challenging to model directly
(partly due to the sparsity and noise inherent in single-cell data). We therefore focus on predicting
gene-wise marginal distributions q(xg|p) for each gene g. While this ignores gene-gene correlations,
it allows tractable distribution modeling and captures per-gene variability across cells.

3.2 HISTOGRAM CONSTRUCTION

To represent marginal expression distributions, we discretize each gene’s expression range into a
constant number of fixed-width bins and model the result as a histogram. Thus, we approximate
q(xg|p) ≈ h(xg|p), where h is a piecewise-uniform density over the expression range.

For each gene g, expression values in the training data, x(train)
g , (i.e. cells used to fit the model,

aggregated across training perturbations) are binned into B intervals of width wg . All bin ranges
and edges are computed from training cells only and then held fixed: held-out data are discretized
using the same bin edges to prevent data leakage. Expression ranges are symmetrically extended by
a constant ϵg to avoid truncation:

rg =
[
min(x(train)

g )− ϵg,max(x(train)
g ) + ϵg

]
, (1)

where ϵg = [max(x
(train)
g ) − min(x

(train)
g )]/2(B − 1). This choice of ϵg ensures the first bin

is centered exactly at the minimum, allowing the model to assign mass exactly at zero to better
capture the sparsity in single-cell data. For genes with a constant expression (e.g., all zeros), we
assign a small positive upper bound to avoid degenerate binning and ensure non-negative support.
Histograms are then computed by assigning a probability mass to each bin based on the fraction of
cells falling within it, yielding a valid discrete distribution.

3.3 LLM-INFORMED PERTURBATION ENCODING

We map each perturbation p to a continuous vector ep ∈ Rd using a fixed function, where d is
the embedding dimension. Following the success of LLM-informed perturbation models Märtens
et al. (2024), we construct this gene representation by combining two complementary sources of
biological information: (i) text embeddings of NCBI gene descriptions using text-embedding-ada-
002, as proposed by Chen & Zou (2024) in GenePT, and (ii) protein-sequence embeddings from the
ProtT5 protein language model (Elnaggar et al., 2022). We concatenate these embeddings to obtain
a single per-gene vector, which is kept frozen during training and serves as a biologically informed
input that supports generalisation to unseen perturbations.

3.4 MODEL ARCHITECTURE

Given a perturbation, we model the induced distributional shift in gene expression relative to an em-
pirically observed control (unperturbed) distribution. This reflects the biological intuition that most
perturbations modify, rather than overwrite, a cell’s baseline expression profile. Let hctrl ∈ RG×B

denote the control histogram, where each row (summing to 1) contains the baseline distribution of a
gene over the B bins. For a perturbation p, we apply shifts ∆ ∈ RG×B in log space as follows:

ĥθ(p) = softmax (log hctrl +∆θ(ep)) , (2)

where ∆θ : Rd → RG×B is a multilayer perceptron (MLP) with learnable parameters θ and output
initialized close to zero (He et al., 2015). The softmax is applied over each row. Note that ∆ = 0
recovers the control histogram.
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3.5 TRAINING OBJECTIVE

We train the model by minimizing a loss that compares the predicted (ĥ) and target (h) distributions
using two components: (i) the Wasserstein-1 (W1) distance for distributional alignment and (ii)
mean squared error (MSE) to match mean expressions. While cross-entropy is used for histogram
prediction in other contexts (Imani et al., 2024), it treats bins independently and ignores the geometry
of the support. In contrast, the W1 distance accounts for mass transport across bins and better reflects
the continuity of expression data.

W1 term. For general 1D distributions, the W1 distance is given by W1 =
∫∞
−∞ |F̂ (x)− F (x)|dx,

where F̂ and F are the predicted and true cumulative distribution functions (CDFs). For histogram
distributions, we can compute this integral in closed form, as described below.

Let Igb = [x
(l)
gb , x

(r)
gb ] be the b-th bin interval for gene g (with width wg), to which the predicted and

true histograms assign masses ĥgb and hgb given a perturbation. The CDF gaps at the left and right
bin edges are

C−
gb = F̂g(x

(l)
gb )− Fg(x

(l)
gb ), C+

gb = F̂g(x
(r)
gb )− Fg(x

(r)
gb ). (3)

Assuming the densities are uniform inside Igb, the gap varies linearly as follows (for x ∈ Igb):

F̂g(x)− Fg(x) = C−
gb +

δgb
wg

(
x− x

(l)
gb

)
, (4)

where δgb = C+
gb − C−

gb = ĥgb − hgb represents the overall change. Integrating Eq. (4) over Igb
gives its exact contribution to the W1 distance:

W1gb =

∫
Igb

|F̂g(x)− Fg(x)|dx =


wg

2

(
|C−

gb|+ |C+
gb|
)

if C−
gbC

+
gb ≥ 0

wg

2

|C−
gb|2 + |C+

gb|2

|C−
gb|+ |C+

gb|
if C−

gbC
+
gb < 0.

(5)

The W1 loss is thus obtained by summing Eq. 5 over the B bins and averaging over all genes:

Lwass =
1

G

G∑
g=1

B∑
b=1

W1gb. (6)

MSE term. This term resolves cases where several histograms share the same W1 distance from
the control distribution and is defined as

Lmse =
1

G

G∑
g=1

(µ̂g − µg)
2 (7)

where µ̂g =
∑B

b=1
1
2 (x

(l)
gb + x

(r)
gb ) ĥgb is the predicted mean and µg is the target mean expression of

gene g (for the given perturbation).

Total loss. We average the two components over perturbations and combine them with fixed weights:

Ltotal = λwassLwass + λmseLmse, (8)

where λwass + λmse = 1. The loss Ltotal is minimized over model parameters θ.

4 EXPERIMENTS

4.1 EXPERIMENTAL DETAILS

We evaluate our method on three single-cell Perturb-seq datasets across two cell lines. These include
102 single-gene perturbations in the K562 cell line from Norman et al. (2019), as well as 1076
(K562) and 1517 (RPE1) perturbations from Replogle et al. (2022). Gene expression values are
log-normalized. We train and evaluate all models on single-gene perturbations. We use 9-fold cross-
validation to evaluate generalization to unseen perturbations, given the limited dataset size. Training

4
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is done on a single NVIDIA A40 GPU (45 GB) and takes 10-15 minutes per fold, depending on
histogram resolution. We use 15 bins by default.

Histogram models are trained with a weighted sum of the W1 and MSE losses. A coarse grid
sweep identified the best configuration as λwass = 0.75 and λmse = 0.25 (see Appendix C for
details). We vary the MLP size with dataset scale to reduce overfitting: hidden dimensions are
(1024, 512, 1024) for the Replogle data and (128, 64) for the smaller Norman dataset. Hidden layers
use Layer Normalization (Ba et al., 2016) followed by a Leaky ReLU activation with negative slope
0.01. The output layer is linear. Models are trained using the AdamW optimizer (Loshchilov &
Hutter, 2017) with learning rate 10−3, weight decay 10−3, dropout 0.2, and batch size 32, for 500
epochs per fold. Resource usage details for training are provided in Appendix A.

4.2 DISTRIBUTIONAL BASELINES & EVALUATION

Baselines. To assess how well our model captures post-perturbation gene expression distributions,
we compare against several baselines spanning no-effect, pooled, and perturbation-conditioned pa-
rameteric models.

First, Ctrl Hist predicts the control distribution hctrl for all perturbations. This represents a naive
baseline that assumes no response to intervention. Second, Non-Ctrl Hist pools all perturbed cells in
the training set and fits common per-gene histograms to the resulting data. This captures the aggre-
gate expression distribution across perturbations. Though this may fare well on average likelihood
metrics, it cannot model perturbation-specific effects.

Third, to create a perturbation-aware baseline, we train an MLP (Rd → RG×2) to predict the param-
eters of a truncated Gaussian (TG) for each gene conditioned on the perturbation. This can capture
coarse changes in the mean and variance, with truncation enforcing non-negative expressions and
enabling fair comparison with the bounded supports used by the histogram model (Eq. 1). The TG
density has the following general form on its support [a, b]:

fTG(x;µ, σ) =

1
σ
√
2π

e−
1
2 (

x−µ
σ )

2

Φ
(
b−µ
σ

)
− Φ

(
a−µ
σ

) (9)

where Φ(x) = 1
2

(
1 + erf(x/

√
2)
)
, and parameters (µ, σ) describe the underlying Gaussian trun-

cated to [a, b]. In our case, given perturbation p, the model outputs G pairs (µg,θ(p), log σg,θ(p))
corresponding to supports rg = [ag, bg]. We also constrain µg,θ to [ag − 1.5σU , bg +1.5σU ], where
σU = (bg − ag)/

√
12 is the standard deviation of a uniform distribution over rg . This prevents the

model from pushing µg,θ far outside the observed data range, which may cause vanishing likelihoods
and unstable training.

Finally, to account for the prevalence of zero-valued observations in single-cell data, we define a
zero-inflated truncated Gaussian (ZITG) density with the following general form:

fZITG(x;µ, σ, π) = π U[−ϵ,ϵ](x) + (1− π) fTG(x;µ, σ), (10)

where the extra parameter π ∈ [0, 1] represents the zero-inflation probability and U[−ϵ,ϵ] is a narrow
uniform density of width 2ϵ centred at the origin. In our case, given perturbation p, the MLP (Rd →
RG×2 × [0, 1]G) produces G triplets (µg,θ(p), log σg,θ(p), πg,θ(p)) corresponding to the supports
rg and half-widths ϵg defined in Eq. 1.

Baseline training. For the TG and ZITG baselines, we minimize the average negative log-likelihood
(NLL) of the training data. Given a perturbation, the NLL of gene g’s expressions is

NLLg = − 1

Ng

Ng∑
n=1

log f(xgn; θ), (11)

where Ng is the number of post-perturbation samples of gene g. The average NLL is then obtained
by averaging this over all genes and perturbations in the dataset.

Evaluating distributions. For each method, we report the average NLL over unseen perturbations
to test if the predicted distributions fit the observed expression values. Note that for the histogram
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Cell line Method NLL (↓) W1 (↓) RMAE (↓) Train time (↓)
Mean Var Skew Kurt (mins/fold)

K562

Ctrl Hist −0.379 0.066 1.000 0.184 0.237 0.572 N/A
Non-Ctrl Hist −0.393 0.063 0.980 0.213 0.235 0.590 N/A

TG (LLM) +0.016 0.139 0.931 0.250 0.472 0.940 20.49
ZITG (LLM) −0.381 0.097 0.891 0.181 0.240 0.597 24.52
scLAMBDA∗ +2.728 0.267 0.865 0.939 0.769 1.151 13.42

MLP+Hist (LLM) −0.389 0.056 0.876 0.174 0.224 0.537 9.89

RPE1

Ctrl Hist −0.437 0.091 1.000 0.269 0.308 0.685 N/A
Non-Ctrl Hist −0.459 0.078 0.895 0.266 0.284 0.665 N/A

TG (LLM) −0.068 0.148 0.897 0.303 0.461 0.899 41.16
ZITG (LLM) −0.455 0.114 0.869 0.243 0.282 0.657 49.49
scLAMBDA∗ +2.077 0.235 0.855 0.882 0.729 1.205 17.60

MLP+Hist (LLM) −0.441 0.072 0.863 0.239 0.276 0.633 14.93

Table 1: Distributional model performance on unseen perturbations from the two Replogle cell lines.
For each method, we report the gene-averaged NLL and RMAEs of post-perturbation statistics.
∗For scLAMBDA, NLL is approximated by binning generated samples with the same bin edges as
MLP+Hist and using Eq. (12); W1 is computed directly from generated samples via a quantile-grid
approximation of the 1D-Wasserstein distance; all moments are computed directly from samples.

model, NLLs can be obtained efficiently without evaluating on the samples {xgn} each time as
follows:

NLLhist
g = −

B∑
b=1

hgb log

(
ĥgb

wg

)
. (12)

We also test the ability to represent perturbation-specific structure by reporting errors in statistics of
the predicted distributions compared to the observed data. Specifically, we compute the W1 distance
and the relative mean absolute errors (RMAE) of the predicted mean, variance, skewness, and excess
kurtosis. Statistics are obtained from the parameters of TG / ZITG and the bin probabilities of the
histogram model (see Appendix B for details). Given an unseen perturbation, the RMAE of statistic
τ is given by

RMAE(τ̂ , τ) =

∑G
g=1 |τ̂g − τg|∑G

g=1 |τg|
, (13)

where τ̂g and τg denote its predicted and observed value for gene g. We average this error over all
perturbations in the test set, serving as a “shape-aware” distributional metric.

4.3 QUANTITATIVE RESULTS

Table 1 compares our histogram model (MLP+Hist) to the distributional baselines on unseen per-
turbations from the two Replogle cell lines. On both, MLP+Hist achieves the lowest errors on
distributional metrics overall, with particularly strong performance on distributional shape (W1)
and higher-order moments. Relative to ZITG, the gains increase with moment order on K562, con-
sistent with the histogram representation capturing perturbation-specific changes in distributional
shape entirely from the expression data, that are difficult to represent with a fixed parametric form.
Performance improves with histogram resolution and saturates quickly; we use 15 bins throughout,
and report the full resolution sweeps in Appendix D. As expected, ZITG outperforms TG across met-
rics due to the added flexibility of the zero-inflation component. MLP+Hist also trains substantially
faster than parametric baselines, with additional resource analysis in Appendix A.

As a recent distributional baseline, scLAMBDA (Wang et al., 2024a) provides a useful point of
comparison. Although it is competitive on mean estimation, achieving the lowest mean RMAE on
both K562 and RPE1, it performs poorly on distributional metrics, with substantially worse W1 and
higher-moment errors than MLP+Hist and markedly higher (approximated) NLL. This suggests that
scLAMBDA can recover average effects but does not reliably capture distributional structure beyond
the mean, casting doubt on its ability to approximate the joint distribution.

6
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Per-Gene Wasserstein Distance Marginals Per-Gene Wasserstein Distance Marginals(a) (b)

Pert. Gene: CDKN1B

Ideal P
redictio

n

TUBA1B

Pert. Gene: POU3F2

Ideal P
redictio

n

H4C3

Figure 2: Distributional shift plots (left) and highlighted gene expression distributions (right) (us-
ing 35 bins) following two example unseen perturbations, (a) CDKN1B and (b) POU3F2 from the
Norman data for MLP+Hist and scLAMBDA. Each circle represents a gene g with coordinates
x = W1(qg, q

ctrl
g ) and y = W1(q̂g, q

ctrl
g )), measuring the observed and predicted shifts from the

control distribution (dark blue), respectively. We show histograms for two genes that exhibit non-
mean responses: (i) TUBA1B, showing increased variance, and (ii) H4C3, showing a multimodal
response. Here, post-perturbation cell samples (cyan), predicted histograms by MLP+Hist (orange),
and predicted distributions by scLAMBDA (purple) are compared to control cell samples (blue).
Vertical dashed lines mark the means.

Interestingly, Non-Ctrl Hist attains the best NLL on both cell lines. This can be attributed to the
pooled (global) histogram assigning a substantial mass to the zero-expression bin (∼61% in K562
and 64% in RPE1), which accounts for the majority of single-cell measurement data. However,
since it predicts the same histogram for every perturbation, it cannot represent perturbation-specific
shifts and performs significantly worse on the shape-aware metrics (Table 1).

4.4 QUALITATIVE RESULTS

Beyond aggregate metrics, we examine whether predicted distributions capture biologically inter-
pretable effects. We plot W1 distances between the control and predicted distributions W1(q̂g, q

ctrl
g )

vs. those between the control and observed distributions W1(qg, q
ctrl
g ) for all genes g given an un-

seen perturbation for both MLP+Hist (orange) and scLAMBDA (purple). Fig. 2 (left) shows this
plot for two example perturbations (CDKN1B1 and POU3F22), where each circle represents a gene.
The plot provides a global view of distributional shift accuracy, helping identify genes where predic-
tions succeed or fail (ideal predictions lie along the diagonal). We examine two genes (TUBA1B3

and H4C34) exhibiting distinct non-mean effects recovered effectively by our model.

TUBA1B encodes a tubulin alpha chain involved in building the cell’s internal structure and regu-
lating cell-cycle progression (Wang et al., 2024b). Its expression in control cells is tightly clustered.
CDKN1B (perturbed gene) restrains cell division by putting a checkpoint on the DNA replication
phase – when this gene is knocked down, the checkpoint is lost, causing cells to progress through
the cycle asynchronously (Sun et al., 2016). As a result, the TUBA1B expression becomes more
variable across the population. As seen in Fig. 2 (top right), MLP+Hist captures this increase in
variance (and reduction in mean), demonstrating the ability to predict higher-order effects beyond
the mean. scLAMBDA predicts a similar effect, but does not capture the same magnitude of shift in
variance.

H4C3, a histone gene involved in DNA packaging and gene regulation (Seal et al., 2022), shows a
bimodal distribution in control conditions, indicating distinct transcriptional states. When POU3F2
is knocked down, more cells enter the low-expression state, and fewer remain high (Eisen et al.,
1995). As seen in Fig. 2 (bottom right), MLP+Hist captures this change in proportions (although the
mean hardly changes and peak positions remain stable), highlighting the ability to predict subtle yet
biologically relevant shifts. scLAMBDA however neglects this bimodality altogether in its prediction.

1 /gene/1027 2 /gene/5454 3 /gene/10376 4 /gene/8364
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Cell line Method Pearson correlation (↑) RMAE (↓)Top 20 Top 50 Top 100

K562

Non-Ctrl Mean 0.460 ± 0.03 0.495 ± 0.02 0.513 ± 0.02 0.981 ± 0.01
GEARS 0.472 ± 0.03 0.504 ± 0.03 0.513 ± 0.03 1.050 ± 0.02

scLAMBDA 0.618 ± 0.03 0.666 ± 0.01 0.675 ± 0.01 0.865 ± 0.02
GP (LLM) 0.615 ± 0.02 0.659 ± 0.02 0.666 ± 0.02 0.911 ± 0.02

MLP+Mean (LLM) 0.658 ± 0.02 0.701 ± 0.02 0.710 ± 0.02 0.871 ± 0.03
MLP+Hist (LLM) 0.653 ± 0.03 0.697 ± 0.02 0.703 ± 0.02 0.876 ± 0.02

RPE1

Non-Ctrl Mean 0.654 ± 0.03 0.702 ± 0.02 0.723 ± 0.02 0.893 ± 0.03
GEARS 0.553 ± 0.02 0.621 ± 0.03 0.660 ± 0.03 0.955 ± 0.03

scLAMBDA 0.678 ± 0.02 0.725 ± 0.02 0.746 ± 0.02 0.855 ± 0.03
GP (LLM) 0.675 ± 0.03 0.726 ± 0.02 0.746 ± 0.02 0.891 ± 0.03

MLP+Mean (LLM) 0.685 ± 0.03 0.733 ± 0.02 0.756 ± 0.02 0.860 ± 0.03
MLP+Hist (LLM) 0.672 ± 0.03 0.726 ± 0.02 0.749 ± 0.02 0.859 ± 0.02

Table 2: Mean prediction performance (± standard deviation across folds) on unseen perturbations
from the two Replogle cell lines. For each method, we report correlations (between predicted and
observed mean shifts) over the top DE genes and RMAE over all genes.

These examples illustrate how distributional predictions yield mechanistic insights, such as variance
inflation in cell-cycle genes and shifts between chromatin states, that point-estimate methods can-
not detect. While scLAMBDA is distribution-aware, it does not reliably capture these shifts in our
setting. Appendix E provides per-perturbation distributional shift plots comparing the performance
of MLP+Hist and scLAMBDA on the Replogle K562 dataset, serving as a visual counterpart to the
performance gap already quantified in Table 1. Thus, our histogram model offers a more informative
basis for biological hypothesis generation.

4.5 COMPARISON TO MEAN-BASED METHODS

As a sanity check, we test whether modeling distributions compromises mean prediction accuracy.
We compare against the graph-based GEARS(Roohani et al., 2024), a Gaussian process regressor
(GP) conditioned on concatenated LLM embeddings(Märtens et al., 2024), and scLAMBDAWang
et al. (2024a). We also include two mean baselines: Non-Ctrl Mean (global perturbed mean) and
MLP+Mean (an MLP mean regressor, Rd → RG, with the same architecture as MLP+Hist). We
exclude foundation models (e.g., scGPT(Cui et al., 2024)) as they are easily outperformed by GEARS
and Non-Ctrl Mean on unseen perturbations (Ahlmann-Eltze et al., 2024; Märtens et al., 2025).

Following prior work (Bereket & Karaletsos, 2023; Roohani et al., 2024), we report the perturbation-
averaged (i) Pearson correlation between predicted (µ̂− µctrl) and observed (µ− µctrl) mean shift,
computed over the top 20, 50, and 100 differentially expressed (DE) genes, and (ii) RMAE of
the predicted mean shift over all genes. Evaluating shifts relative to control penalizes models that
reproduce the control mean, which can inflate correlations (Märtens et al., 2024).

Table 2 compares methods on unseen perturbations from the two Replogle cell lines. On both,
MLP+Hist matches other LLM-based models, including the dedicated mean regressor MLP+Mean,
while simultaneously modeling a richer output space. It also outperforms Non-Ctrl Mean and
GEARS on all metrics. For MLP+Hist, mean-shift correlations show the same saturation behaviour
as distributional metrics with increasing number of bins (Appendix D).

Despite weaker distributional performance, scLAMBDA is competitive on mean-shift correlation
and achieves the best mean-shift RMAE on both K562 and RPE1. This underscores that mean accu-
racy alone cannot validate distributional models. The simple Non-Ctrl Mean baseline outperforms
GEARS on RPE1 and is competitive on K562, highlighting the strength of global response trends;
nevertheless, the LLM-based predictors consistently exceed these baselines, highlighting the benefit
of LLM-derived biological priors for generalizable perturbation prediction.

Finally, our conclusions do not depend on a particular embedding: across alternative text/sequence
representations, performance is broadly consistent, with modest gains from newer text models (Ap-
pendix F, Table 6).
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Split Method W1 (↓) Pearson correlation (↑) RMAE (↓)
Top 20 Top 50 Top 100 Mean Var Skew Kurt

Keep

Non-Ctrl Hist 0.0224 0.626 0.629 0.633 0.902 0.351 0.390 0.560
scLAMBDA 0.0599 0.909 0.925 0.926 0.594 0.897 0.884 0.971

MLP+Mean (LLM)† N/A 0.918 0.935 0.942 0.595 N/A N/A N/A
MLP+Hist (LLM) 0.0150 0.908 0.915 0.921 0.586 0.229 0.555 0.705

Drop

Non-Ctrl Hist 0.0226 0.565 0.572 0.583 0.914 0.342 0.367 0.568
scLAMBDA 0.0668 0.587 0.608 0.617 1.046 0.916 0.917 0.983

MLP+Mean (LLM)† N/A 0.533 0.529 0.548 0.971 N/A N/A N/A
MLP+Hist (LLM) 0.0228 0.478 0.485 0.504 0.969 0.339 0.542 0.691

Table 3: Double Perturbation Performance on the Norman et al. (2019) dataset. For each method,
we report both distributional and mean metrics; the Wasserstein-1 (W1) distance between predicted
and target distributions, correlations (between predicted and observed mean shifts) over the top DE
genes, and RMAE in statistical moments over all genes. †Distributional metrics are not applicable
to mean models.

4.6 EXTENDING TO COMBINATORIAL PERTURBATIONS

Our approach extends naturally from single-gene to combinatorial perturbations that target a set
of genes P . We represent a perturbation p acting on P by composing the corresponding gene
embeddings via mean pooling,

ep =
1

|P|
∑
pi∈P

epi . (14)

For a double perturbation, P = {p1, p2}, and Eq. (14) reduces to ep = 1
2 (ep1

+ep2
). This composi-

tion rule is biologically plausible as many pairwise perturbation effects are approximately additive,
and it provides a simple mechanism to generalise beyond single perturbations.

We evaluate this strategy on the Norman dataset under two standard splits: (i) Keep, where the
training set may include perturbations of each constituent gene individually and the test set contains
only the held-out combination p1+p2; and (ii) Drop, where the training set excludes all perturbations
involving either constituent gene, and the test set contains p1 + p2. Results are reported in Table 3.

In the Keep split, the MLP models perform strongly. MLP+Mean achieves the best top-DE corre-
lations, while MLP+Hist is best on distributional shape (lowest W1) and strong low-order moment
accuracy; scLAMBDA is also competitive on mean shifts, but lags on distributional metrics. In Drop,
performance decreases across all methods due to both unseen composition and fewer training pertur-
bations (109–134 per fold vs. 215–216 in Keep). Here, scLAMBDA achieves the best top-DE corre-
lations, while MLP+Hist remains competitive on W1 and low-order moments, with higher-moment
errors expected to improve at higher histogram resolution (Appendix D). Given the modest size of
the Norman dataset, results are sensitive to data scarcity and split variance and should be interpreted
cautiously; regardless, they support embedding composition as a simple route to combinatorial pre-
diction and motivate evaluation on larger multi-gene benchmarks as they become available. Scaling
this evaluation to datasets with greater combinatorial coverage will be important for isolating if gains
come from compositional structure or data availability.

5 CONCLUSION

We introduced a simple, efficient method for predicting gene expression distributions following ge-
netic perturbations. Combining LLM-informed gene embeddings with a non-parametric histogram
output, we showed on standard Perturb-seq datasets that this approach (i) outperforms baselines
in predicting distributional structure at a fraction of the training cost, (ii) reveals mechanistic in-
sights such as variance inflation and multimodality that enable improved hypothesis generation, and
(iii) matches state-of-the-art mean prediction, demonstrating that distributional accuracy need not
trade off against point-estimate performance. Our results also confirm the benefit of LLM-derived
biological priors for generalization to unseen perturbations. More broadly, we highlight a gap be-
tween the distributional objectives of existing generative models and their empirical marginal accu-

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

racy, suggesting that simpler, explicitly validated approaches may be preferable until joint models
demonstrate stronger marginal fidelity.

Several limitations remain. First, the histogram representation constrains predictions to the ex-
pression range observed during training, limiting extrapolation; continuous alternatives (e.g., KDE)
could address this at higher complexity. Second, while we focus on marginals, extending to
lightweight joint models (e.g., copulas) that preserve marginals is a natural next step. Finally, while
our qualitative results suggest distributional outputs yield biological insights, systematic evaluation
on downstream tasks remains important. One promising application is optimal experimental de-
sign, where distributional predictions provide estimates of aleatoric uncertainty, supporting more
informed perturbation prioritization under fixed experimental budgets (Huang et al., 2023).
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APPENDIX

A RESOURCE USE FOR TRAINING

Table 4 compares the training time, peak GPU memory usage, and learnable parameters of several
methods described in this work for the two Replogle cell lines. Among the learnable distributional
models, MLP+Hist is both the quickest to train and the lightest in terms of memory usage despite
carrying more parameters. For example, on the RPE1 data, it trains ∼2.7 - 3.3x faster than the TG /
ZITG baselines and requires ∼8.2x less memory to train.

The extra cost for the distributional baselines is due to the need to calculate and optimize log-
likelihoods for every post-perturbation sample per gene. Moreover, since the number of cells varies
across perturbations, the data is padded up to the largest sample size in its mini-batch, wasting com-
putation and increasing memory usage. In contrast, MLP+Hist learns from a fixed-size compression
of the data, enabling simple and scalable modeling of genetic perturbation effects.

Cell line Method Train time GPU Memory Usage Learnable Params(mins per fold) (MB)

K562

Non-Ctrl Mean N/A 1,013 N/A
Non-Ctrl Hist N/A 1,617 N/A

MLP+Mean (LLM) 3.14 1,575 8,802,696
MLP+Hist (LLM) 9.89 3,219 80,552,696

TG (LLM) 20.49 10,735 13,927,696
ZITG (LLM) 24.52 12,023 19,052,696

RPE1

Non-Ctrl Mean N/A 1,091 N/A
Non-Ctrl Hist N/A 1,885 N/A

MLP+Mean (LLM) 4.47 1,655 8,802,696
MLP+Hist (LLM) 14.93 3,503 80,552,696

TG (LLM) 41.16 28,970 13,927,696
ZITG (LLM) 49.49 28,710 19,052,696

Table 4: Training costs of methods when trained on a single NVIDIA A40 GPU.
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B HIGHER-ORDER STATISTICS

We calculate the variance, skewness, and excess kurtosis of a distribution from its raw moments
mk = E[Xk], where k ∈ {1, 2, 3, 4}, using the following formulas:

Var[X] = m2 −m2
1

Skew[X] =
m3 − 3m1m2 + 2m3

1

Var[X]3/2

Kurt[X] =
m4 − 4m1m3 + 6m2

1m2 − 3m4
1

Var[X]2
− 3.

We specify the moment expressions for each distribution below.

Histogram. Given a histogram with B bin intervals [x
(l)
b , x

(r)
b ] of widths wb having probabilities

hb,

mhist
k =

B∑
b=1

(x
(r)
b )k+1 − (x

(l)
b )k+1

k + 1

hb

wb
.

TG. Given parameters (µ, σ) and support [a, b],

mTG
k =

k∑
r=0

(
k

r

)
µk−rσrLr,

with
L0 = 1

L1 = − φ(β)− φ(α)

Φ(β)− Φ(α)

Lr = − βr−1φ(β)− αr−1φ(α)

Φ(β)− Φ(α)
+ (r − 1) Lr−2, r ≥ 2,

where α = (a − µ)/σ, β = (b − µ)/σ, and φ(·) and Φ(·) are the density and CDF of the standard
normal distribution5.

ZITG. Given zero-inflation probability π, TG parameters (µ, σ), and support [a, b],

mZITG
k = π mU

k + (1− π)mTG
k ,

where the moments of the uniform spike U[−ϵ,ϵ] are given by

mU
k =

1− (−1)k+1

k + 1

ϵk

2
.

5 https://people.sc.fsu.edu/˜jburkardt/presentations/truncated_normal.pdf
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C HYPERPARAMETERS

We experiment with using a weighted sum of three loss terms,

Ltotal = λceLce + λwassLwass + λmseLmse,

where λce + λwass + λmse = 1 and Lce is a simple cross-entropy loss (which we average over
perturbations in the training set):

Lce = − 1

G

G∑
g=1

B∑
b=1

hgb log ĥgb.

We perform a coarse grid search (with step size 0.25) over valid triples (λce, λwass, λmse) and report
mean-shift prediction performance for the Replogle K562 cell line in Table 5. The best configuration
(λwass = 0.75 and λmse = 0.25) assigns a majority weight to the Wasserstein term and retains the
MSE contribution. Adding even a small weight to the cross-entropy loss hurts performance, with
the worst configuration assigning all of the weight to it.

λce λwass λmse Corr. Top 20 (↑)

1 0 0 0.628
0.5 0 0.5 0.635

0.25 0 0.75 0.636
0.75 0 0.25 0.638
0.75 0.25 0 0.639
0.25 0.5 0.25 0.639
0.25 0.75 0 0.644
0.25 0.25 0.5 0.644
0.5 0.5 0 0.647
0 1 0 0.647
0 0.25 0.75 0.647
0 0.5 0.5 0.648
0 0.75 0.25 0.651

Table 5: Effect of the loss weights used to train the histogram model.
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D EFFECT OF HISTOGRAM RESOLUTION

Distributional Metrics. Fig. 3 shows how model performance varies with histogram resolution.
On the Replogle data, as the number of bins increases, the RMAEs of the mean, variance, and
skewness steadily improve before plateauing at 15–20 bins, suggesting that a moderate resolution
is sufficient to recover statistical features while maintaining computational efficiency. The improve-
ment is less consistent across statistics on the Norman dataset, likely due to its relatively small
training set size of around 90 perturbations per fold, compared to 1000 in Replogle.

Variance SkewnessMean

Figure 3: Effect of histogram resolution on the prediction error of post-perturbation statistics for
three benchmark datasets. Performance improves with resolution but plateaus at 15-20 bins on the
larger Replogle datasets. Shading indicates the standard deviation across folds.

Mean Metrics. Fig. 4 shows how MLP+Hist performance varies with histogram resolution. Cor-
relations improve with increasing bin count and plateau at 15-20 bins, confirming that a moderate
resolution is sufficient to recover shifts in mean expression as well.

Top 50 DE Genes Top 100 DE GenesTop 20 DE Genes

Figure 4: Effect of histogram resolution on the correlation between predicted and true mean shifts
over the top DE genes for three benchmark datasets. Performance improves with resolution but
plateaus at 15-20 bins. Shading indicates the standard deviation across folds.
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E FURTHER COMPARISON BETWEEN MLP+HIST & SCLAMBDA

Figure 5 visualises the distributional performance differences between MLP+Hist and scLAMBDA
using per-perturbation W1 shift plots on K562. Each panel compares the observed gene-wise shift
from control to the shift predicted by each model; tighter alignment with the diagonal indicates bet-
ter distributional shift prediction. Consistent with Table 1, scLAMBDA frequently over-estimates
gene-wise distributional shifts, leading to lower per-perturbation correlations, whereas MLP+Hist
produces more faithful shift magnitudes across genes. This provides an intuitive view of why
scLAMBDA can remain competitive on mean metrics while underperforming on distributional met-
rics (NLL, W1 and higher moments).
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Figure 5: Distributional shift plots on perturbations on K562 (Replogle et al., 2022). For each of
the 20 shown perturbations, we compare the observed per-gene distributional shift from control
to the shift predicted by both scLAMBDA and MLP+Hist. Each circle represents a gene g with
coordinates x = W1(hg, h

ctrl
g ) (target vs. control) and y = W1(ĥg, h

ctrl
g ) (predicted vs. control).

For scLAMBDA (blue), W1 is computed via a quantile-based approximation directly from samples;
for MLP+Hist (red), W1 is computed between 15-bin histograms. The dashed line denotes perfect
agreement (y = x), and per-panel Pearson correlations between x and y are reported.
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F EMBEDDING MODEL EXPERIMENTS

Table 6 reports an ablation over gene embedding backbones for MLP+Mean (LLM) on unseen
perturbations in K562 and RPE1. We compare sequence embeddings alone (ProtT5, ESM2 (Lin
et al., 2023)), text embeddings alone (text-embedding-ada-002, llama-embed-nemotron-8b, Qwen3-
Embedding-8B), and their concatenations. Across both cell lines, performance is robust to the em-
bedding choice: several text-only models already perform strongly, and combining sequence + text
typically yields the best or near-best results. In K562, the strongest overall configuration uses ProtT5
+ llama-embed-nemotron-8b (best Top-50/Top-100 correlations and lowest RMAE), while in RPE1
the best results are achieved by ProtT5 + Qwen3-Embedding-8B. Given these relatively small dif-
ferences, we use ProtT5 + GPT (text-embedding-ada-002) as a consistent default throughout the
paper.

Cell line Embedding Model Pearson correlation (↑) RMAE (↓)Sequence Text Top 20 Top 50 Top 100

K562

ProtT5 – 0.579 ± 0.020 0.625 ± 0.014 0.635 ± 0.023 0.917 ± 0.018
ESM2 – 0.570 ± 0.041 0.610 ± 0.033 0.619 ± 0.028 0.925 ± 0.020

– text-embedding-ada-002 0.644 ± 0.048 0.685 ± 0.041 0.691 ± 0.038 0.886 ± 0.029
– llama-embed-nemotron-8b 0.670 ± 0.035 0.710 ± 0.028 0.716 ± 0.026 0.872 ± 0.029
– Qwen3-Embedding-8B 0.660 ± 0.041 0.705 ± 0.035 0.711 ± 0.033 0.875 ± 0.028

ProtT5 text-embedding-ada-002 0.658 ± 0.029 0.703 ± 0.023 0.711 ± 0.026 0.872 ± 0.029
ProtT5 llama-embed-nemotron-8b 0.670 ± 0.028 0.719 ± 0.021 0.726 ± 0.020 0.862 ± 0.024
ProtT5 Qwen3-Embedding-8B 0.671 ± 0.037 0.717 ± 0.029 0.724 ± 0.029 0.868 ± 0.023
ESM2 text-embedding-ada-002 0.636 ± 0.032 0.677 ± 0.031 0.683 ± 0.029 0.883 ± 0.024
ESM2 llama-embed-nemotron-8b 0.670 ± 0.031 0.712 ± 0.027 0.718 ± 0.027 0.870 ± 0.024
ESM2 Qwen3-Embedding-8B 0.662 ± 0.029 0.707 ± 0.029 0.714 ± 0.027 0.870 ± 0.024

RPE1

ProtT5 – 0.665 ± 0.030 0.713 ± 0.027 0.733 ± 0.029 0.893 ± 0.047
ESM2 – 0.662 ± 0.026 0.709 ± 0.026 0.728 ± 0.028 0.897 ± 0.039

– text-embedding-ada-002 0.682 ± 0.031 0.736 ± 0.033 0.758 ± 0.031 0.873 ± 0.040
– llama-embed-nemotron-8b 0.688 ± 0.030 0.740 ± 0.030 0.762 ± 0.028 0.860 ± 0.034
– Qwen3-Embedding-8B 0.687 ± 0.028 0.738 ± 0.030 0.761 ± 0.027 0.865 ± 0.044

ProtT5 text-embedding-ada-002 0.687 ± 0.029 0.735 ± 0.023 0.756 ± 0.019 0.861 ± 0.027
ProtT5 llama-embed-nemotron-8b 0.689 ± 0.030 0.740 ± 0.025 0.762 ± 0.021 0.859 ± 0.031
ProtT5 Qwen3-Embedding-8B 0.692 ± 0.025 0.741 ± 0.022 0.763 ± 0.022 0.853 ± 0.029
ESM2 text-embedding-ada-002 0.673 ± 0.034 0.724 ± 0.033 0.743 ± 0.031 0.866 ± 0.037
ESM2 llama-embed-nemotron-8b 0.682 ± 0.030 0.735 ± 0.031 0.756 ± 0.029 0.859 ± 0.039
ESM2 Qwen3-Embedding-8B 0.687 ± 0.034 0.737 ± 0.032 0.758 ± 0.030 0.857 ± 0.039

Table 6: Mean prediction performance (± standard deviation across folds) on unseen perturbations
from the two Replogle cell lines, using MLP+Mean (LLM). For each embedding model, we report
correlations (between predicted and observed mean shifts) over the top DE genes and RMAE over
all genes.
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