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Abstract. Building virtual cells with generative models to simulate cel-
lular behavior in silico is emerging as a promising paradigm for acceler-
ating drug discovery. However, prior image-based generative approaches
can produce implausible cell images that violate basic physical and bio-
logical constraints. To address this, we propose to post-train virtual cell
models with reinforcement learning (RL), leveraging biologically mean-
ingful evaluators as reward functions. We design seven rewards spanning
three categories—biological function, structural validity, and morpho-
logical correctness—and optimize the state-of-the-art CellFluz model
to yield CellFluzRL. CellFluxRL consistently improves over CellFlux
across all rewards, with further performance boosts from test-time scal-
ing. Overall, our results present a virtual cell modeling framework that
enforces physically-based constraints through RL, advancing beyond “vi-
sually realistic” generations towards “biologically meaningful” ones.

1 Introduction

Wet-lab experiments have long been the primary bottleneck in drug discovery.
To conduct a single experiment, researchers must not only purchase expensive
reagents, consumables, and equipment, but also wait weeks or even months to
synthesize drugs and culture cells. Consequently, biologists have long envisioned
building virtual cells [4,|16},36] to accelerate this process by simulating cell be-
havior in silico. With recent advances in generative modeling, such as diffusion
models [13}38,39] and flow matching [22,(23}|26}27], alongside high-throughput
image-based screening technologies [7,8l[12] that produce terabytes of data, there
is growing interest in developing image-based virtual cells to predict morpholog-
ical responses to perturbations.

Despite its success, we observe that these image-based vir- NGRS
tual cell models can produce images that look realistic yet are Sm
biologically implausible. For instance, using the state-of-the-
art image-based virtual cell model, CellFlux [46], we observe
anomalies such as the cell nucleus being generated outside of
the cytoplasm (Figure . Such violations greatly limit real-
world use of virtual cell models, reducing their practical value. pig. 1: Failure of
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Fig. 2: Motivation. Current generative models for simulating cellular perturbations
can fail to produce physically plausible cell images. For example, nuclei may appear
outside the cell membrane. We design a suite of biologically meaningful verifiers in three
roles: (1) as evaluators to assess the biological correctness of generated images, (2) as
reward signals to improve generation via reinforcement learning, and (3) as verification
modules to enhance sample quality through test-time scaling.

We hypothesize that these failures arise from a mismatch between the pixel-
level flow-matching objective and global physical constraints. Flow-based genera-
tive models 23] learn velocity fields that transport samples from one distribution
to another. While this objective can encourage visual fidelity, it does not explic-
itly enforce higher-level constraints on cell structure and properties. This may
yield samples that appear plausible locally but are incorrect globally.

To address this issue, we propose CellFluzRL, applying reinforcement learn-
ing (RL)-based post-training with biologically-meaningful evaluators as reward
functions. Concretely, many constraints of interest admit existing or readily ob-
tained evaluators that can efficiently assign scores to generated images (e.g.,
whether a sample satisfies structural or functional criteria). Although these eval-
uators are typically non-differentiable and thus cannot be optimized via standard
backpropagation, they can be used as reward signals for RL [24,/47]. At a high
level, our RL procedure alternates between: (1) sampling, where we generate
multiple images and evaluate them using biologically-meaningful evaluators; and
(2) optimization, where we increase the likelihood of high-reward samples and
decrease the likelihood of low-reward samples. This directly penalizes physi-
cally invalid generations while reinforcing physically consistent ones. Although
our work focuses on improving CellFluz, a flow-based model, the same training
ideas can be applied to other generative modeling frameworks.

To demonstrate the potential of this approach, we post-train CellFluz to yield
CellFluzR L, optimizing seven reward models that assess correctness across three
key categories: biological function, such as mode of action; structural prop-
erties, including nuclear roundness and containment of the nucleus within the
cytoplasm; and morphological properties, like the size and number of nuclei
and the size of the cytoplasm. Our overall reward is a weighted linear combina-
tion of component rewards. Evaluating the learned model across all reward com-
ponents, CellFluzRL achieves higher scores than the base model. These results
indicate that RL provides an effective mechanism for aligning image-based gen-
erative models with biologically-meaningful constraints. We additionally present
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qualitative case studies and ablations to analyze how RL hyperparameters and
reward design influence performance.

Moreover, these reward models enable a simple form of test-time scaling.
Following the selection strategy of Ma et al. |28|, we sample N candidate images
for a given condition and select the one with the highest reward. We observe
monotonic improvements as N increases, indicating a clear test-time scaling
trend, and achieving an additional gain over single-sample generation.

Our work also shines a light on limitations of existing evaluation metrics for
image-based generative models of cellular morphology. To date, focus has been
on image generation quality scores, like FID and KID, rather than biological
validity. Our considered rewards not only enable RL-based training, but also
new, biologically meaningful evaluation criteria.

In summary, our work identifies a key limitation of existing image-based
virtual cell modeling: the lack of explicit enforcement of physical correctness
under pixel-level training objectives. We address this limitation by incorporat-
ing biologically-meaningful evaluators through RL, which substantially improves
physical plausibility of generated images. We further show that these gains can
be amplified via test-time scaling. Finally, our rewards serve as new metrics for
the community to benchmark against. Overall, our results move virtual cell im-
age generation from “looking good” to being biologically consistent, supporting
the downstream goal of drug discovery and personalized medicine with reduced
reliance on costly wet-lab experiments.

2 Related Work

Virtual cell modeling. A wvirtual cell model aims to simulate cellular responses to
perturbations in silico. This can be formulated as a generative modeling problem
p(x1|xo, ¢), where zp and z; denote cell states before and after perturbation c.
Early virtual cell models relied on mathematical and physics-based frameworks,
such as systems of ordinary differential equations (ODEs) [35}40L|45]. However,
their expressiveness is inherently limited by the strict assumptions and simpli-
fied dynamics that these formulations require. With recent advances in gener-
ative modeling and image-based high-throughput screening, a growing body of
work has explored using VAEs, GANs, diffusion models, and flow matching to
simulate cellular state transitions |1}3}[15}|18}/32,/34,/46]. A notable paradigm is
CellFluz [46], which reformulates the problem as a distribution-to-distribution
transformation and leverages flow matching to mitigate batch effects, achieving
state-of-the-art performance. Nevertheless, we observe that while these models
generate visually plausible cells, the generations can violate fundamental biolog-
ical constraints. To address this challenge, we introduce RL post-training guided
by biologically meaningful rewards, encouraging virtual cell models to generate
more physically and biologically plausible cell images.

Physics-aware generative models. The growing interest in utilizing generative
models as “world simulators” or “world models” necessitates strict adherence to
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physical accuracy [9429,41]. However, recent studies indicate that state-of-the-art
image and video generative models still struggle to maintain physical correct-
ness, a limitation that cannot be resolved simply by scaling up data and model
parameters [17),30]. To tackle this challenge, the community has proposed various
approaches: modifying architectures to inject physical constraints [14}44], alter-
ing the inference process by using LLMs for generation planning [21,48|, or mod-
ifying training objectives to incorporate physical preferences [5,25,33}/42]. Our
approach aligns with objective-based methods; in virtual cell modeling, we can
readily define numerous biologically meaningful constraints. Optimizing these
constraints requires minimal architectural modifications while yielding robust
results. Furthermore, these rewards facilitate test-time scaling to continuously
enhance generation quality.

Reinforcement learning for generative modeling. While generative models based
on diffusion or flow matching achieve high visual fidelity, aligning them with
strict physical constraints remains an open challenge. RL has emerged as a pow-
erful solution [2}|11}/19}/24}/43], yet its development is still in its nascent stages.
The primary hurdle lies in evaluating the exact likelihood of samples, neces-
sary for adjusting generation probabilities based on rewards, which is gener-
ally intractable in diffusion and flow matching frameworks. Prior works, such
as FlowGRPO |24] and DanceGRPO [43], formulate this as a Markov Deci-
sion Process (MDP) to derive probabilities, whereas recent algorithms like Dif-
fusionNFT [47] introduce forward processes to estimate these likelihoods. Our
work builds upon the DiffusionNFT-style forward probability estimation process,
which offers rapid estimation and state-of-the-art results. Crucially, it accommo-
dates our distribution-to-distribution flow matching (from original to perturbed
states), whereas MDP-based approaches assume a standard Gaussian prior.

3 Cellular Perturbation Modeling

Our approach takes as input a pretrained generative model for cellular morphol-
ogy prediction and post-trains it using RL to improve physical correctness. In
this section, we describe the perturbation modeling problem and the properties
required for the base model.

Objective. Let X C RHXWXC denote the space of multi-channel fluorescence
microscopy images, where each channel highlights a distinct cellular structure
(e.g., nucleus, cytoskeleton, mitochondria). Let C denote the space of pertur-
bations, encompassing chemical compounds (drugs). Given an unperturbed cell
image xg and a perturbation ¢ € C, the goal is to learn a generative model that
samples from the conditional distribution p(zy | xo, c), where x; represents the
cell’s morphology after treatment. Such a model enables in silico simulation of
cellular responses that would otherwise require costly wet-lab experiments.



CellFluzRL 5

Data and batch effects. Cell morphology data are collected via high-content mi-
croscopy screening, in which multi-well plates are prepared with both control
wells (untreated) and perturbed wells (treated with a chemical compound). Ex-
periments are conducted across multiple batches, each introducing systematic
technical variations—differences in staining intensity, illumination, or imaging
conditions—that are unrelated to the perturbation itself. Because imaging is de-
structive (cells are fixed and stained), paired before-and-after observations of the
same cell are unavailable. Instead, we observe unpaired sets of control images
{zo} and perturbed images {z;} within each batch.

Requirements for the base model. These data characteristics impose two key
requirements on the base generative model. First, because observations are un-
paired, the model must learn a distributional transformation from control to
perturbed cells rather than a pointwise mapping. Second, because batch effects
confound perturbation signals, the model should condition on same-batch control
images as its source distribution, so that it learns only the perturbation-induced
changes rather than technical artifacts. While our approach is compatible with
any such base model, we instantiate it as CellFluz [46]. CellFluz, based on flow
matching, offers a natural framework satisfying the above requirements: it learns
a velocity field vg: X x [0,1] x C — X that continuously transports the control
distribution pg to the perturbed distribution p; (- | ¢) within each batch. Train-
ing proceeds by sampling pairs (zg,21) from source and target distributions,
constructing linear interpolations z; = (1 — ¢)x¢ + ¢tz for ¢ ~ U[0,1], and
minimizing:

2
‘CFM(G) = EIONpO,wlf\/pl,tNM[OJ] ||’Ut9(xt7ta C) - (xl - Io)“2. (1)

At inference, a control image xg is transformed into a predicted perturbed image
%1 by solving the ODE dz; = wvg(xy,t,¢)dt from t=0 to t=1. We denote the
resulting pretrained model as vy, which serves as the input to our method.

4 Method

In this section, we present our approach to improving the physical and biological
fidelity of virtual cell models. We first introduce the formal objective for reward-
driven generation ( Next, we detail the suite of reward models/evaluators
( designed to capture biological and structural properties. We then describe
the RL algorithm ( used to post-train the base model via contrastive up-
dates. Finally, we discuss test-time scaling ( to further enhance generation
quality at inference time.

4.1 Reward-Driven Generation

While the flow matching objective trains the base model to produce images that
are distributionally close to real perturbed cells, it operates at the pixel-level
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and does not explicitly encourage higher-level physical or biological correctness.
In practice, this can lead to generated images that appear visually plausible
but violate known cellular properties—for example, producing nuclei of incorrect
size, cells with implausible morphology, or images that fail to reflect the expected
mode of action (MoA) of a compound (Figure[2)). Such violations limit the utility
of virtual cell models for downstream applications like drug screening, where
physical correctness is essential.

We observe that many properties of interest can be assessed by evaluator
functions that score generated images along specific axes of physical or biologi-
cal validity. Formally, let {rk}le denote a set of reward functions, where each
rg: X X C — R measures how well a generated image %, satisfies a particular
property given perturbation c. These rewards capture complementary aspects of
cell structure and function, such as whether the nuclear size is consistent with
the expected effect of the perturbation, or whether the overall morphological
profile matches the correct MoA. We describe the specific reward functions used
in this work in

Given the pretrained base model vy, our objective is to obtain a post-trained
model vy that generates images with higher physical fidelity as measured by
{rr}, while remaining close to the pretrained model. Concretely, we seek to
solve:

K

max yopo, enp(e) [Z wkrk(flaC)] s.t. Dk (ver|lve) <, (2)
k=1

where 7 is the image generated by vgs from input (zg, ¢), wy, is the weight of each
reward 74 (.), and Dkp,(-||-) is the KL divergence between the post-trained and
pretrained models. This regularization is important both to preserve the visual
quality and diversity learned during pretraining, and to mitigate reward hack-
ing—generating images that achieve high scores through degenerate solutions
rather than genuine physical correctness.

Critically, optimizing these rewards is complementary to, and not in conflict
with, the original distributional objective. The reward functions encode prop-
erties that the ground truth perturbed distribution satisfies. For instance, real
cells treated with a microtubule destabilizer exhibit smaller, fragmented nuclei,
and real cells have mode-of-action-consistent morphological profiles. By directly
optimizing for these properties, RL can improve the match between generated
and real distributions along biologically meaningful axes that the pixel-level flow
matching loss may underweight. In this sense, the rewards provide a form of tar-
geted distributional alignment, focusing model capacity on the aspects of the
distribution that matter most for physical correctness.

4.2 Reward Models

We design a suite of reward functions that capture complementary aspects of
biological validity in generated cell images. These rewards fall into three cate-
gories: biological function rewards that assess whether generated images reflect
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the expected biological effects of a perturbation, structural rewards that enforce
known physical relationships between cellular components, and morphological
rewards that encourage generated images to match the size and density statis-
tics of real cells. Together, these rewards provide multi-scale supervision—from
high-level biological semantics down to low-level geometric properties—that the
pixel-level flow matching objective does not explicitly optimize for.

Biological Function. Biological function rewards evaluate whether generated
images faithfully reflect the biological effects of the applied perturbation.

Mode of action (MoA). A drug’s MoA describes the cellular process it targets,
such as microtubule destabilization, DNA replication inhibition, or actin dis-
ruption. Because different MoAs produce distinct morphological signatures, the
ability of a generated image to be correctly classified by MoA serves as a strong
indicator of biological fidelity. We leverage an MoA classifier pretrained on real
perturbed images [46] and define the reward as the predicted probability of the
ground truth MoA class:

TMOA('%].) C) = pcls(yc | i‘l)a (3>

where vy, is the ground truth MoA label associated with perturbation ¢ and pcs
is the pretrained MoA classifier. Higher values indicate that the generated image
exhibits a morphological profile characteristic of the ground truth MoA, making
different drug classes more faithfully distinguishable.

Structural Constraints. Structural constraint rewards enforce known physical
relationships between cellular components.

Nucleus-in-cytoplasm. In correctly imaged cells, nuclei are fully enclosed within
the cytoplasm. Generated images that violate this containment are physically
implausible. We segment nuclei and cytoplasm from the generated images using
Cellpose [31] and define the reward as the degree to which all detected nuclei are
fully enclosed by cytoplasm. This reward penalizes the failure mode of generative
models wherein channel-level structures become spatially inconsistent:

) area(nucleus mask N cytoplasm mask)

in- ,C) = . 4
PNuc-in-Cyto(#1,¢) area(cytoplasm mask) )

Nuclear roundness. Nuclear shape is a biologically informative feature that varies
systematically across MoA classes. For instance, microtubule destabilizers pro-
duce fragmented, irregular nuclei, while other perturbations preserve smooth,
round nuclear morphology. We compute the roundness reward as:

NNu
(1.0 =~ — >
TRoundness(T1,C) = —
NNu

=1

47 - area;

_ u(yc)r/[g(yc)]{ (5)

: 2
perimeter;
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where Ny is the number of identified nuclei, and x¥<) and ¢(¥<) are the average
and standard deviation roundness of the MoA-conditioned ground truth distri-
bution of &1 with label y.. This encourages the model to produce nuclear shapes
consistent with the known morphological effects of each perturbation category.

Morphological Statistics. These rewards ensure that the size and density of
cellular components in generated images match those of the ground truth dis-
tribution, conditioned on the MoA. Unlike the structural rewards above, which
enforce qualitative relationships, these rewards target quantitative statistics of
the cell population.

For each of the following statistics s—maximum nucleus size, maximum cy-
toplasm size, nucleus count, and cytoplasm count—we compute the value s(i1)
from the generated image and compare it to the ground truth distribution for
the corresponding MoA class. Let ,ugyc) and aﬁyc) denote the mean and stan-
dard deviation of statistic s across real images with MoA label y.. We define the
reward as the negative normalized deviation:

rs(Z1,¢) = ——)]2, s € {NucSize, CytoSize, NucCount, CytoCount}.

(6)
This formulation penalizes generated images whose statistics deviate from the
ground truth mean, scaled by the natural variability within each MoA class. The
four statistics capture complementary aspects of cell morphology:

— Maximum nucleus size and maximum cytoplasm size reflect the largest
cellular components in the image, capturing whether the model produces
cells of appropriate scale for the given perturbation. We use the maximum
rather than the average to mitigate the potential issue of partially visible
cells biasing the statistics.

— Nucleus count and cytoplasm count measure cell density, ensuring the
model does not hallucinate or omit cells relative to what is observed under
each treatment condition.

Together, these four rewards encourage the generated cell population to be sta-
tistically consistent with real observations in terms of both individual cell size
and overall cell density.

4.3 Reinforcement Learning on Biological Rewards

We now describe how we optimize the pretrained base model vy with respect to
the reward functions introduced in §4.2]

Algorithm overview. Our objective is to maximize the combined reward defined
in Eq.(2) (§4.1). Since these biological reward functions are non-differentiable,
standard backpropagation is inapplicable, necessitating an RL approach. The
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Fig.3: CellFluxRL algorithm. RL post-training seeks to increase the likelihood
of high-reward samples and decrease the likelihood of low-reward samples. Therefore,
the core training loop of CellFluxRL consists of interleaved phases of sampling and
training. (a) Sampling: we generate multiple rollouts from a fixed control image and
perturbation condition, scoring each with the reward models and aggregating them into
a combined reward r (Eq. , which is group-normalized into an optimality reward
radv (Eq. . (b) Training: because exact likelihoods in flow matching are intractable,
we construct positive and negative velocities from the batch of rollouts and optimize
them contrastively to achieve this goal, following DiffusionNFT .

core principle of our RL strategy is to increase the generation likelihood of high-
reward samples while penalizing low-reward ones. We adopt DiffusionNFT , a
state-of-the-art online RL algorithm for flow matching. It operates on the flow’s
forward process, avoiding intractable log likelihoods, and is constructed from
distribution-agnostic components, hence extending naturally to our source-to-
target flow matching setting without modification.

Algorithm detail. At each iteration, DiffusionNFT collects a batch of generated
images, evaluates them with respect to the reward functions, and uses the re-
wards to define an improvement direction over the current policy. The key idea is
to split generated samples into positive (high-reward) and negative (low-reward)
subsets and learn a contrastive update that moves the model towards the posi-
tive distribution. Concretely, given a generated image &7 with optimality reward
Tadv € [0, 1]—a group-normalized score (Eq. that measures how close a sam-
ple is to being optimal within its rollout group, and that determines its weight
as a positive versus negative example— the training objective is:

E(G) :Eq wold (&1 |e,z0), t |:TadV ||’U;_(xt7ca t) - U”% + (1 - Tadv) ”UG_(:Ch ¢, t) - UH%

+ B Dk (vg || v*') (7)
where § is the KL divergence weight, x; = azx¢ + 21 is the forward-noised
version of the generated image, v = dyxg + Y1 is the corresponding velocity
target, and U; , Vp are implicit positive and negative policies defined as:

,UJ (mta c, t) = (1 - IY) vO]d(xta c, t) + ’7’09(*’[1&7 ¢, t)v (8)
vy (4, ¢,t) 1= (1L 4+7) v (2, ¢, t) — yvg(4, ¢, t). 9)

Here v°'4 is the data-collection policy (a lagging copy of vg), and v > 0 is a hy-
perparameter controlling the guidance strength. The implicit parameterization
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is central to the algorithm: rather than training separate positive and negative
models, a single policy vg is optimized such that its mixture with v°!4 simulta-
neously fits high-reward samples (via v, ) and avoids low-reward ones (via v; ).
The optimal solution satisfies vg- = v°'4 + 2 A, where A is the reinforcement
guidance direction pointing from the negative towards the positive distribution.

This formulation naturally regularizes the post-trained model towards the

pretrained policy: when ~ is large, the guidance strength % is small and the

model stays close to v°!4; when 7 is small, the model is allowed to deviate more

aggressively. The data-collection policy v°!4 is itself updated via an exponential
moving average of vy.

Rollout and advantage estimation. During sampling, we fix a perturbation con-
dition ¢ and a source control image xg, and generate a group of m candidate
images {:%gz) ™ .. Since the base model, vy, augments zy with Gaussian noise
before transporting it via the learned velocity field, diversity within each group
arises primarily from this stochastic noise injection as well as any ODE dis-
cretization error. We find this yields sufficient variation for DiffusionNFT to
distinguish positive from negative generations. Each candidate is scored by the
K reward functions, which are aggregated via a weighted sum into a per-image
combined reward

K
r(#1,¢) = Y wi (i, ). (10)
k=1

The raw combined rewards are then normalized within the group and mapped
to optimality rewards

@) _ 1N ()
. T 4T
D — 05405 chp< ’”ZZH -1, 1) € [0,1], (11)

adv —

following the advantage normalization scheme [47], where Z. > 0 is a normal-
ization constant. The forward process is then applied to each generated image,
and the loss in Eq. is computed over the group.

4.4 Test-Time Scaling

A key benefit of having explicit reward functions is that they can not only be
used for training, but also to select among candidate generations at inference
time. This strategy has proven highly effective in reasoning models, where best-
of-N selection with a reward model or verifier yields consistent improvements
that scale predictably with N [10,/20,37]. We apply the same principle to virtual
cell generation.
Given a perturbation condition ¢ and a source control image xg, we generate
N candidate images {:i"gz)}ﬁ\]:l and select the one with the highest reward:
iy = argie{rlrﬁ)f]v} 7"(:?:(11), c). (12)
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This provides a simple, training-free mechanism to improve generation qual-
ity given additional inference compute budget. Moreover, best-of-IV selection is
complementary to reinforcement learning: RL post-training improves the base
distribution from which candidates are drawn, so that even modest values of N
yield high-quality outputs, while test-time selection contributes additional gains.

5 Results

In this section, we evaluate CellFluxzRL’s ability to generate biologically faithful
cellular images. After detailing our experimental setup (, we present the
main results, demonstrating that RL with biologically-aligned rewards system-
atically improves performance across all biological metrics ( We show that
test-time scaling enhances performance ( and provide ablation studies.

5.1 Experimental details

Datasets. We follow the dataset configuration of the base CellFluz model and
use the high-content microscopy perturbation dataset BBBC021 [6]. BBBC021 is
a chemical perturbation dataset comprising 98K three-channel images at 96 x96
resolution, collected under 26 chemical perturbations grouped into 12 modes of
action (MoA). We follow the train/test split used in CellFlux [46].

Baselines. We compare our proposed method against the pretrained base model,
CellFluz |46], as well as two prior generative baselines, PhenDiff |3| and IMPA |32].

Evaluation metrics. In addition to the rewards reported in (higher is better),
which measure the biological meaningfulness of the generated cells, we also report
standard image quality metrics (FID and KID). These metrics measure the image
distribution similarity via Fréchet and kernel-based distances between generated
images and ground truth images (lower is better).

Training details. We instantiate our method using a pretrained CellFluz flow
matching model. CellFluzRL is post-trained using the online RL algorithm Dif-
fusionNFT [47] to optimize a weighted sum of 7 biologically-constrained rewards:
r = 5.07Moa + 2.0 TNuc-in-Cyto T TRoundness T "NucSize + TCytoSize + "NucCount +
TCytoCount- MOA and Nuc-in-Cyto are empirically harder to optimize, motivat-
ing their higher weights. As an alternative that requires no prior knowledge for
weight tuning, we also tried a uniform weight of 1.0 for all normalized rewards,
which likewise improves over the base model. The training objective includes a
KL divergence weight (5 = 1) to regularize the post-trained model against the
pretrained policy and prevent reward hacking. All other hyperparameter settings
follow DiffusionNFT [47]. At inference, we further enhance performance using
test-time scaling (TTS) with a best-of-N selection strategy (N = 4), selecting
the generated sample with the highest overall reward. Training is conducted for
1200 steps on 1 H100 GPU for 32 hours.
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Table 1: Quantitative comparison across biological rewards and generative quality
metrics. Each row represents a different evaluation metric, and each column represents
a different method. TTS is CellFluzRL with test time scaling by best-of-N with N = 4,
where the best sample is selected by the weighted total reward. Bold values indicate
the best performance; underlined values indicate the second best.

Demecolcine &
J J

Fig. 4: Qualitative comparisons. CellFluzRL generates more biologically-grounded
images, better capturing drug-induced morphological changes. In these examples,
Etoposide-induced cell rounding, Demecolcine-driven microtubule destabilization, and
A7Z138-associated cell shrinkage are all more faithfully reproduced, and cell density
more closely matches the ground truth for Cisplatin. Test-time scaling (+TTS) further
refines these predictions toward the target images.

AZ138

Metric PhenDiff IMPA CellFlux CellFluxRL +TTS
Biological Rewards
MoA 0.18 0.12 0.26 0.34 0.56
Nuc-in-Cyto 0.91 0.79 0.88 .96 0.97
Roundness -0.24 -0.32 -0.34 -0.26 -0.19
NucSize -0.88 -1.02 -2.21 -1.04 -0.38
CytoSize -0.97 -1.59 -1.09 -0.65 -0.41
NucCount -2.61 -1.05 -0.83 -0.53 -0.28
CytoCount -3.22 -1.39 -1.03 -0.68 -0.33
Overall -5.20 -3.19 -2.44 0.46 3.15
Generation Quality
FID 41.94 35.70 20.36 24.01 23.19
KID 0.028 0.029 0.015 0.014 0.016
Source Images PhenDiff IMPA CellFlux CellFluxRL Target Images
. N
Cisplatin 4
. E7B
Etoposide |

n

\ \ J

5.2 Reinforcement Learning Leads to Better Results

We compare CellFluxrRL against baselines on a suite of biological, structural,
and morphological metrics, with results summarized in Table [I] CellFluzRL
outperforms its pretrained counterpart CellFluz across all reward metrics, con-
firming that RL post-training successfully steers the generative model toward
greater physical correctness. The overall reward improves from —2.44 to 0.46,
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Fig. 5: Test-time scaling by best-of-N further improves generation quality. The sample
achieving the highest overall (combined) reward is selected from N rollouts, and each
individual reward is plotted. RL (orange) consistently exhibits better scaling than the
base model (blue) across all rewards.

with gains spanning all three reward categories: biological function, structural
constraints, and morphological statistics.

CellFluzRL rewards also surpass those of PhenDiff and IMPA. The im-
provements are particularly pronounced on MoA, where CellFluzRIL’s reward
of 0.34 substantially exceeds both PhenDiff (0.18) and IMPA (0.12). To give
interpretable context to these numbers, the corresponding MoA classification
accuracies—the fraction of generated images whose predicted mode of action
matches the ground truth label—are 0.56, 0.53, 0.61, and 0.66 for PhenDiff,
IMPA, CellFluz, and CellFluxRL respectively, indicating that CellFluzRL pro-
duces images whose morphological profiles more faithfully distinguish different
drug classes. Applying best-of-N selection with N = 4 to CellFluzRL (+TTS)
yields further improvements across all metrics, pushing the overall reward from
0.46 to 3.15. We analyze test-time scaling behavior in further detail in

In terms of generative quality, while not a primary optimization objective,
CellFluzRL achieves a state-of-the-art KID score and a competitive FID score
compared to baselines. The quantitative gains are corroborated qualitatively in
Figure[d] The baselines generate images that fail to reflect the expected biological
response to each perturbation. CellFluzRL consistently corrects these failures,
and test-time scaling pushes generations further toward the ground truth.

5.3 Test-time Scaling Further Enhances the Results

Figure[5]shows how reward scores scale with the number of candidate samples N
for both the base model (CellFluz) and the RL-post-trained model (CellFluzRL).
We generate N candidates and select the one with the highest overall reward, the
same weighted combination of individual rewards used during RL post-training,
then report the individual reward metrics of the selected samples. Both models
exhibit monotonic improvements as N increases across all metrics. RL post-
training improves the scaling efficiency: the CellFluzRL curve sits consistently
above the base model curve across all metrics, meaning that for any fixed com-
pute budget (i.e., any given N), the RL-post-trained model achieves higher re-
ward. Because each sample drawn from the improved distribution is more likely
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Fig. 6: Sensitivity analysis on KL weight 5. Each subplot shows reward sensitivity to
B after RL post-training.

Table 2: Single-reward optimization with reinforcement learning. Each column shows
a model optimized for one reward only or CellFluzRL (all rewards), evaluated across
the metrics in each row. Bold values indicate the best performance; underlined values
indicate the second best; dashed-underlined values indicate the third best.

Metric MoA Nuc-in-Cyto Roundness NucSize CytoSize NucCount CytoCount CellFluzRL
MoA 0.412 0.204 0.263 0.301 0.212 0.279 0.277 0.337
Nuc-in-Cyto 0.852 0.977 0.907 0.904 0.976 0.867 0.937 0.956
Roundness -0.342 -0.332 -0.198 -0.298  -0.340 -0.271 -0.304 -0.264
NucSize -3.319 -1.724 -2.328 -0.702 -1.784 -2.909 -2.853 -1.038
CytoSize -1.198 -0.545 -0.919 -0.917 -0.497 -1.113 -0.801 -0.652
NucCount  -0.760 -0.904 -0.685 -0.818  -0.881 -0.476 -0.511 -0.528
CytoCount -0.922 -1.074 -0.905 -0.946  -1.063 -0.629 -0.580 -0.677

to be physically correct, selection is more efficient. The effect is especially pro-
nounced at small N, where the quality of the base distribution matters most.

5.4 Sensitivity Analysis on Kullback—Leibler Divergence Weight

We study the sensitivity of final model performance on the KL divergence weight,
8, varying it from 1.0 to 1.3. The results, presented in Figure [6] show a trade-
off: structural and morphological correctness metrics favor a smaller KL weight,
whereas biological function rewards slightly improve with a larger weight. This
suggests that achieving higher biological accuracy requires more substantial
model adjustments than improving structural or morphological fidelity. In prac-
tice, 8 acts as a knob for this trade-off: we default to 8 = 1.0 to favor the
structural and morphological constraints while still improving biological accu-
racy, and recommend a larger 8 when MoA consistency is the priority.

5.5 Ablation Optimizing for a Single Reward

To isolate the effect of individual rewards, we conduct ablations optimizing for
one reward at a time. As shown in Table [2] this targeted optimization signif-
icantly improves performance on the chosen metric, but the improvements on
other metrics are limited. In contrast, CellFluxRL, optimized with the combined
weighted sum of all seven rewards, achieves either the second- or third-best score
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on every individual metric. This demonstrates that the combined reward strat-
egy enables balanced, multi-faceted improvement across all biological, structural,
and morphological criteria simultaneously.

6 Conclusion

In this work, we tackle a central challenge for virtual cells: encouraging generated
images to be physically correct and biologically plausible. We accomplish this
by introducing a suite of biologically-informed rewards, which serve a unified
role—as evaluation metrics, as training signals for reinforcement learning, and
as a tool for test-time scaling. We use these rewards to optimize the state-of-
the-art perturbation model CellFluz, yielding CellFluzRL. Across all rewards,
our approach consistently improves physical plausibility and maintains overall
image quality over the base model. Together, these results evolve virtual cell
generation from pixel-level realism toward biological groundedness.

Limitations and Future Work. Our biological rewards are manually engineered
based on domain expertise. A promising future direction is leveraging Large
Language Models to automatically translate scientific literature into executable
reward functions, significantly lowering the barrier to entry for novel domains.
In this work, our core contribution is the modular multi-reward RL pipeline it-
self. As new generative architectures and more efficient RL algorithms emerge,
they can be seamlessly integrated into this framework to further advance phys-
ically grounded generation. Finally, while we demonstrate our RL pipeline on
virtual cell modeling, our approach provides a domain-agnostic framework for
constrained generation. It can be adapted to other scientific fields governed by
strict, non-differentiable rules, such as material science or medical imaging.
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