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Abstract

Reasoning models are typically trained against verification mechanisms in formally
specified systems such as code or symbolic math. In open domains like biology,
however, we lack exact rules for large-scale formal verification and instead rely
on lab experiments to test predictions. Such experiments are slow, costly, and
cannot scale with computation. In this work, we show that biological world models
and other prior knowledge can serve as approximate oracles for soft verification,
allowing reasoning systems to be trained without additional experimental data.
We introduce two paradigms for this process: RLEMF (reinforcement learning
with experimental model feedback) and RLPK (reinforcement learning from prior
knowledge). Using these paradigms, we develop rbiol, a reasoning model for
biology post-trained from a pretrained LLM with reinforcement learning. Soft
verification distills biological world models into rbiol, which achieves state-of-
the-art performance on the PERTURBQA benchmark. We present rbiol as a proof
of concept that predictions from biological models can train powerful reasoning
systems using simulations rather than experimental data, offering a new paradigm
for model training.

1 Introduction

Foundation models [1H3] have recently shown promise in biology by learning high-dimensional
manifolds and producing embeddings useful across tasks [2} 4} |5]. Yet, their utility depends on large
annotated datasets and substantial compute. A central challenge is how to transfer the knowledge of
large biological foundation models into more flexible and interactive systems, such as conversational
reasoning LL.Ms, that can aid scientific exploration.

Reasoning models such as DeepSeek-R1 [6] and Qwen?2 [7]] extend LLMs toward multi-step, struc-
tured inference, showing remarkable generalization across domains, including medicine [8},9]] and
chemistry [10]. These systems are often trained through reinforcement learning with verifiable
feedback—such as RLHF [[11} [12] or RLVR [13]—where supervision derives from human preference
or exact oracles. However, in domains like biology, such exact reward signals are unavailable:
experiments are costly, slow, and cannot scale with computation. This motivates exploring soft
verification, where feedback comes from approximate oracles such as learned models or structured
prior knowledge.

The concept of Virtual Cell Modeling (VCM) [14H16] envisions predictive systems capable of
simulating biological processes, such as transitions from diseased to healthy states. Advances in large-
scale modeling have enabled foundation models across biological modalities—transcriptomics [[17-
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Figure 1: rbiol overview. (a) Distilling Virtual Cell Models into reasoning LLMs via soft verification. (b)
GRPO loop with VCM-based rewards. (c) rbio training paradigms: rbio-RLEXP: RL with experimental data;
rbio-RLEMF: RL with experimental model feedback; rbio-RLPK: RL from prior knowledge

21]], imaging [22]], proteomics [2, 5], genomics [23]], and multimodal integration [24H29]]. However,
integrating these siloed models into a shared, interpretable space remains difficult.

We propose aligning such world models of biology into a common representation using language as
the bridge. This alignment aggregates multimodal biological knowledge while making it accessible
through natural language—allowing experimentalists to interact conversationally with biological
models. By distilling the outputs of world models into LLMs, we convert experimental insights
into human-readable reasoning models. Our goal is to reduce dependence on experimental data by
learning from virtual experiments generated by biological models and structured knowledge sources.

To realize this, we introduce two paradigms for reinforcement learning with approximate biological
verifiers: (1) RLEMF (Reinforcement Learning with Experimental Model Feedback), where predic-
tive biological models serve as soft verifiers; and (2) RLPK (Reinforcement Learning from Prior
Knowledge), where knowledge bases such as Gene Ontology guide rewards. Both fit within a broader
family of reinforcement learning from Al feedback (RLAIF) [30], adapted to the scientific domain
where formal or human supervision is limited. In this setting, verifiers return probabilistic rewards
quantifying the coherence of a reasoning trace with biological evidence or prior knowledge. We use
these verifiers to train reasoning models through soft verification—a process in which simulations
and knowledge-based predictions replace hard experimental supervision.

We evaluate this approach on the PERTURBQA benchmark [31], which tests whether models can
predict the outcome of gene perturbations—e. g., “Does knocking down gene_A in a given cell line
cause differential expression of gene_B?”—without access to experimental data. Traditional models
either rely on expensive experimental datasets or finetuning of foundation models. In contrast, our
model, rbiol, learns through soft verification with Al verifiers and generalizes across cell lines and
biological tasks, achieving competitive or state-of-the-art performance.

Our contributions are the following:



1. Training paradigms for reasoning from simulation. We introduce two complementary
forms of training with approximate verifiers: RLEMF (reinforcement learning with experi-
mental model feedback), which uses predictive models of experimental data as probabilistic
oracles; and RLPK (reinforcement learning from prior knowledge), which uses structured
resources such as Gene Ontology as knowledge-based verifiers. Together, these define a
general framework for training reasoning models from simulations and structured priors.

2. rbiol: reasoning through virtual experiments. We present rbiol, a reasoning model
for biology trained under the paradigms above. rbiol learns to reason about genetic per-
turbations—e.g., whether knocking down gene_A affects gene_B’s expression—achieving
competitive or state-of-the-art performance on the PERTURBQA benchmark without requir-
ing experimental data.

3. Composing verifiers for stronger reasoning. We show that mixtures of verifiers combining
experimental model feedback (VCMs) and prior knowledge compose more robust reward
structures and improve generalization across cell lines and biological contexts.

4. Test-time reasoning and interpretability. We find that chain-of-thought prompting at
inference further enhances reasoning performance, producing interpretable reasoning traces
that link predictions to underlying biological mechanisms.

2 Related Work

Recent reasoning-oriented LLMs—such as OpenAl’s o-series, Claude 3.7/4, Gemini 2.5, and
DeepSeek-R1—exhibit strong multi-step inference across domains. Their development spans four
paradigms: (i) inference-time scaling (e.g., chain-of-thought, self-consistency); (ii) pure RL ap-
proaches like DeepSeek-R1-Zero, where traces emerge from accuracy- and format-based rewards;
(iii) hybrid supervised finetuning plus RL, as in DeepSeek-R1; and (iv) distillation into smaller
backbones such as Qwen [7, 32] or Llama [} |6]. Persistent challenges remain in hallucination,
logical consistency, verbosity, and interpretability—all linked to supervision quality.

Domain-specific reasoning has gained traction in scientific fields. BioReason [8] couples a genomic
encoder with an LLM for disease—pathway inference, while CellReasoner [9] frames cell-type
annotation as explicit reasoning. Both achieve strong results but rely on curated datasets, limiting
scalability and motivating richer, model-based reasoning signals.

Our approach differs by using machine learning models of biology directly as reward-generating
verifiers. Prior works integrate model embeddings into reasoning traces but still depend on annotated
datasets; we instead shape rewards via predictions from Virtual Cell Models (VCMs), showing that
biological world models can directly supervise reasoning LLMs.

Wau et al. [31] propose SUMMER, an inference-time pipeline combining knowledge graphs, retrieval,
and chain-of-thought prompting for perturbation prediction. Although it improves on PERTURBQA,
causal directionality remains error-prone and preprocessing requires large models. In contrast, our
models reach comparable or better performance using only simulated predictions and benefit further
from chain-of-thought prompting.

Our work also connects to concurrent research on soft and Al-based verification. In RLAIF [30]]
and related efforts, LLMs serve as reward models. Our RLEMF approach [3.3] differs by not
requiring a language-based verifier, instead leveraging predictive biological models defined over
experimental data and linked through prompting and embeddings. This bridges models of experi-
mental data—providing Al feedback—and reasoning LLMs that learn to generate accurate scientific
explanations. We similarly use probabilistic, verifiable rewards but extend beyond text models. Saad
et al. [33] also employ LLMs as soft verifiers and combine them; in contrast, we generalize to
arbitrary biological models and treat multiple verifiers as distinct reward functions. In a framework
most related to our RLPK paradigm[3.4] Yu et al. [34] use the reasoning LLM itself to score answers,
whereas we rely on structured scientific knowledge bases such as Gene Ontology.

Finally, replacing labeled data with surrogate model predictions has precedent in reinforcement
learning [35] and black-box optimization [36, [37]. We extend this idea to reasoning models for
biology, shifting supervision from experiments to simulations and expanding the design space of
verifiers for scientific reasoning.



3 Methods

Training reasoning models with reinforcement learning (RL) involves three components: a dataset of
prompts, an LLM that generates completions, and a verifier that assigns rewards. In standard domains,
verifiers return exact signals—e.g., whether code executes or a math answer is correct. In biology,
some queries can be validated experimentally (hard verification), but large-scale testing is infeasible.
Virtual Cell Models (VCMs) provide an alternative by generating predictive feedback, enabling soft
verification. Consider a perturbation query such as: Is a knockdown of AARS in hepg?2 cells likely to
result in differential expression of ATAD2B? During training, the LLM produces completions o; for
query ¢, which are evaluated by one of three verifier types (Fig. [T} Table2):

1. Hard verification: when an experimental outcome exists in Dgxp, the reward is binary,
rhard (g-0,) € {0, 1}.

2. Soft verification with models: if experiments are unavailable, predictions from a biological
model M provide probabilistic rewards r5°% (q; 0;) = f,,(M (gi; c;)), where 0 < r$oft < 1.

3. Soft verification with knowledge sources: curated resources such as the Gene Ontology
(GO) [38L139] return rewards based on term overlap, ROUGE similarity, or the likelihood of
GO annotations under the reasoning model.

Tables [T and 2] summarize the prompting setup and corresponding reward formulations.

Table 1: Example of system and training prompts used for verifier training.

System Prompt Training Prompts

A conversation between User and Biologist. The user asks a  Is a knockdown of gene_A in cell_line cells
question, and the Biologist solves it. The biologist first thinks likely to result in differential expression of

about the reasoning process in the mind and then provides the — gene_B?

user with the answer. The reasoning process and answer are Example: Is a knockdown of AARS in hepg2

enclosed within <think> </think> and <answer> </answer>
tags, respectively, i.e., <think> reasoning process here </think> ATAD2B?
<answer> answer here </answer>. ’

cells likely to result in differential expression of

Table 2: Verifiers used during RL training. EXP = exp data; MLP = multilayer perceptron; GO = Gene Ontology.

Verifier Type Reward Signal Source

EXP Hard Binary r*"* € {0, 1} Experimental data
MLP Soft  Probability r{*® =p, 0<p<1 VCM

GO Soft  ROUGE, keyword, likelihood Knowledge base

3.1 Reinforcement Learning for reasoning

Let P(Q) denote a dataset used for training; ¢ a query sampled from P(Q), G a set of outputs
generated during training by the reasoning LLM 7g; 0; a generated sequence of tokens with tokens
05,1 in response to q; Tt a reference base model from the supervised finetuned LLM; r a reward
model emitting rewards r;; Larpo (6) the surrogate objective and 3 the coefficient for the KL penalty.
Given these variables, Group Relative Policy Optimization (GRPO) [40] training maximizes the
following objective function, with the goal of increasing the accumulated collective rewards {r; >, }:

Jerpo =Eqp@), {0}&,~rs,,, [LarPO(0)]. )

We use the clipped surrogate objective:

Lerro(0 Z
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3.2 Rbio-RLEXP: reinforcement learning with Hard Verification

In this framework we are most similar to the RLHF scenario, where direct observations of experimen-
tal data are translated into language tokens and used to train a reasoning model directly using GRPO.
For a task with a binary outcome and a verifier V' that emits binary rewards, 7; in Eq. i becomes:
177 (q, 0:) = ri(q,0: | V) € {0,1}

We consider the existence of a broad experimental dataset D x p that can be used as a source of this
reward feedback given a query, where the reward takes the shape of a label about a scientific fact
we can ask the model to reason about. If the outcome of ¢ has been validated experimentally and is
available in Dgx p, we can directly verify o; and emit a binary reward using V = {Dgxp}:

i (q,0) = ri(g,0i | Duxp) (6)
1, o0; = True, Dgxp(q) = True,
Tfard(qv O'L') = 1, 0; = False7 DEXP(q) = Fa]se7 (7)
0, otherwise.

The RLEXP algorithm is presented in Alg.[I]

3.3 Rbio-RLEMF: reinforcement learning with experimental model feedback

Similar to the framework of RLAIF, we here propose a related process which utilizes arbitrary other
(non-LLM) models as feedback mechanisms for a query, in our example world models of biology
defined on experimental data that can be queried appropriately. In the absence of experimental data
Dgx p for RL-training as explained in Sec. [3.2] predictive models of such data M can act as surrogate
verifiers (V' = {M}). If ¢ has not been validated experimentally, we can verify o; using predictions

from a biological model M. The reward is ;" (¢; 0;) = fn(M(g; ¢;)), where ¢; denotes the

i

context (e.g., cell line or covariates). The emitted rewards are probabilistic:
3% (q,00) = ri(g,0 | V) = p(g.0i | M), 0<p<1 ®)

In the example of the biological application of evaluating perturbation prompts with a model, we
consider M := MLP, and p(q, 0; | M) becomes the model’s predicted probability for ¢ being true.
We show an overview of RLEMF in Alg.[2]

3.4 Rbio-RLPK: reinforcement learning from prior knowledge

Another avenue we propose for injecting knowledge into reasoning models for science is via prior
knowledge. Here, given a structured database of prior knowledge, we can query a reasoning model
against knowledge in that database and score the model itself against it. Given that knowledge
sources-denoted K S are able to act as verifiers V = {K S} and emit rewards, we can generate
rewards on o; based on KS using some metric m. This setting is outlined in Fig. [Tk - C for the case
of perturbation prediction. Concretely, we use curated resources such as the Gene Ontology (GO)
[38139], which provides gene annotations across axes like molecular processes, cellular components,
and biological processes. We show an overview of RLPK under Alg.[3] In this paradigm, Eq. 4 then
becomes: )

57 q,00) = 1i(q,0 | V) = rm(q,0: | KS), ©)
where rewards are not necessarily confined to [0, 1], but depend on the chosen metric.

We experiment with three types of metrics: ROUGE-based scores, keywords-based scores, and
likelihood estimations, all of which require querying K.S (GO ontology) for prior knowledge on q.
Assuming we have access to {g;} pieces of prior knowledge on g, we accumulate rewards as:

;""" | KS = query KS(q;), 1" (q,00) = Y (@) 0i | KS). (10)
i



ROUGE-based verifiers. We request the model to expose the relevant gene facts inside
<gene_info> tags - which we refer to as o7¢/¢%" _ and compute standard ROUGE-1/2/L F-scores

between ¢ 79" and the extracted o/

=3 3> ROUGE-X(q/", ofelevant).

Jj Xe{1,2,L}

relevant

Keywords-based verifiers. We count normalize overlap of GO keywords present in the reasoning
trace:
[s1 M sa]

_ ZKWS((]?MOT7 Olrelevcmt)7 KWS(Sl,SQ) _ |81‘

J

Y

Likelihood-based verifiers. For likelihood-based verifiers, we use the likelihood of the prior

knowledge {qp "} under our learned policy 7y to generate rewards under the reasoning model,
encouraging hlgher likelihood for scientifically accurate facts to reduce hallucinations. To account

for variability in sequence length, we average over the sequence tokens yj, in ¢} rior,

T
TIOT rior 1
Qa 0; ‘ LL E LLTre p 7 LLTre( v |7T9) = T § Ingﬂ'e(yk | y<k) (12)
k=1

Normalization. GRPO uses normalized advantages (Eq. d)), mapping rewards to mean 0 and std 1.
When composing multiple verifiers, imbalanced scales can skew updates, with GO-based rewards
most affected due to skewed metric distributions. We therefore normalize GO-based rewards to [0, 1]
using an Exponential Moving Average (EMA) before policy updates:

T (1 —a)f +ary, 04 (1—a)t+a(rm — Fpey)(m —7), (13)

1 Tm — T
F=05+ cli y —Zmax; Zmax | - 14
2Zmax P <maX(\/m7 smin) ) ( )

This 7 provides a normalized reward signal, used in Eq.[d]to compute the token-level advantages.

3.5 Composable Verification for model integration

For all rbio models, we also use formatting rewards 7 forma: - as described in Alg. [Z_f] and mention
rewards 7', ention as described in Alg. E] (e.g., for gene mentions). When we train on combinations of
verifiers as described in Sec.[.2] each prompt ¢ can be verified with a different verification source V.
With multiple verifiers V}, emitting rewards 7; 3, we then have:

ri((b 07,') = Tformat + "mention T Z Oks Ak Ti,k(% 0; ‘ Vk)a Ak > 0. (15)
k

Unless otherwise stated, A\, = 2. This gives more weight to the variance of the soft verifiers compared
0 7 format aNd Tmention during GRPO updates.

4 Experiments

4.1 rbio with Al-verification generalizes OOD on perturbation tasks

On PERTURBQA [31] (CRISPRi knockdowns in RPE1, K562, HEPG2, JURKAT), models trained
with soft verifiers generalize to held-out cell lines, reducing reliance on cell-line—specific experimental
data. We first evaluate a 2-layer MLP (64 hidden units) trained on three cell lines and use it to generate
predictions on the fourth, which serve as rewards during RL. Gene representations include one-hot,
Gene2Vec [41], and ESM [5]]. The resulting models, rbio-MLP-leave-one-out-one-hot and rbio-MLP-
leave-one-out-gene2vec, perform comparably to experimental-data—trained rbio models.

We compare to two experimental-data baselines: rbio-EXP-one-cell-line (train/test within a cell line;
Fig. ) and rbio-EXP-leave-one-out (train on three cell lines; test on the fourth; Fig. ). We also
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Figure 2: Model performance for experimental vs. simulation-based soft verification. (a) rbio-EXP-one-
cell-line: trained and tested on the same cell line (in-distribution). (b) rbio-EXP-leave-one-out: trained on
three cell lines, tested on the held-out one (out-of-distribution). (c) rbio-MLP-leave-one-out: trained using
MLP predictions on the held-out line (MLP fit on the others). (d) Aggregate metrics: computed over four
cell lines (K562, RPE1, JURKAT, HEPG?2), averaged across 5 runs. (e) Metrics split by cell line. Baselines:
SUMMER (experimental + domain knowledge), GEARS (specialized perturbation model),Qwen2.5-3b (base
reasoning model).

benchmark against SUMMER [31]]. As shown in Fig. 2Jd—e, the soft-verifier models closely match
experimental-data models on F1 and MCC, and exceed them in Balanced Accuracy via higher TPR
while maintaining similar TNR. Identifying true effects is paramount in perturbation, so higher TPR
is valuable even with some F1 trade-off. All rbio variants also outperform GEARS [42] and the base
Qwen2.5-3B.

4.2 Training rbio on mixtures of Al-verifiers leads to performance gains

We find that combining verifiers can improve performance over using them individually. Notably, the
order in which models see the verifiers matters, reflecting differences in the knowledge provided. For
a pair of verifiers V;, V;, we evaluate:

1. V;: trained only with V;
2. V;||V;: trained sequentially, V;, then V;
3. V; U Vj: trained on a random mixture of V; and V;

We experiment with the following combinations of verifiers:

1. Vi = EXP (hard verifier; experimental data); Vo = MLP (soft verifier; MLP predictions)



(a) MLP + EXP (1 epochs) (b) MLP + EXP (2 epochs)

Aggregate Model Performance Across All Cell-Lines Aggregate Model Performance Across Al Cell-Lines.
full data sample. 1 epochs full data sample, 1 epochs.

; . C
1 L .- . P
: i I ; l i -

(¢) GO + EXP (1 epochs) (d) GO + MLP (1 epochs)

Figure 4: Composing verifiers. V;||V;: sequential (first V;, then V}). V; U V;: random mixture.

2. V1 = EXP (hard verifier; experimental data); Vo = GOgy—y; (soft verifier; GO Ontology
Knowledge Source, likelihood-based reward)

3. V4 = MLP (soft verifier; MLP predictions); Vo = GOy (soft verifier; GO Ontology
Knowledge Source, likelihood-based reward)

Note that the training data for each of Vi, V5 is independent of each other - i.e. if V} is a verifier
of experimental data from a dataset D, emissions from V5 will be on an independent dataset Dy
where D1 N Do = {}. In the case of the GO,;;—y; the soft verification is the likelihood of the prior
knowledge {¢}""*"} we have under our learned policy 7y as described in Eq As shown in Fig. El
adding verifiers can improve performance over using them individually. For V; = EXP and V5 = MLP
(Fig. Bh.b, Fig.[7), all three composition strategies (Sec.[d.2)) perform similarly in a variety of data
sampling regimes, yet each surpasses the single verifiers, underscoring the complementary value of
strong verification sources such as experimental data and models of experimental data.

When mixing knowledge and experimental sources, order becomes critical. In Fig. it.d, and Fig.
training first on GOy then on MLP, EXP (GOuy ;|| M LP, GOy —y1||EX P) outperforms
the reverse. GO-based verification increases TPR (by capturing more positives) - as shown in its
performance when evaluated individually compared to baseline - but reduces TNR; subsequent
training on experimental data rebalances TNR, improving Balanced Accuracy and MCC. Conversely,
starting from EXP or MLP then adding GO,;;—;; lowers performance, suggesting knowledge sources
can dilute experimental signals if applied late. Thus, knowledge is most effective early to guide the
model, while stronger experimental signals should refine performance later. We offer more analyses
on compositions of verifiers under Fig.[7] O] [TT]in Supplementary Material, reinforcing these findings.
This aligns with general training paradigms: start with broader, noisier data (e.g. ontologies) to shape
representations, then refine with higher-quality data (e.g. experiments) to maximize performance.
The strategy is extendable to multiple verifiers V1, Va, ..., Vi, which could capture different sources
of knowledge.

4.3 Rbio with chain-of-thought yields state of the art on PERTURBQA

Adding chain-of-thought (CoT) reasoning at inference improves all rbio variants we tested (Table. [3)),
surpassing SUMMER as state-of-art performance on the PerturbQA benchmark. The CoT prompt
that performed the best was: ‘The Biologist will evaluate each step of this problem, using logical
reasoning and evidence from the prompt.” Examples of performance increase: rbio-EXP-all-cell-lines
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Figure 5: Effect of chain-of-thought prompting. Models using CoT achieve state-of-the-art performance on
the PerturbQA benchmark.

Model Fl-score Balanced Acc. TPR TNR MCC
Models trained on full data size
rbio-EXP 0.750 £0.018 0.883 +0.011 0.827 £0.018 0.939 + 0.003  0.709 £ 0.020
rbio-EXP-CoT 0.786 = 0.000 0.907 + 0.000 0.872 4+ 0.000 0.943 + 0.000 0.752 £ 0.000
rbio-MLP 0.669 £ 0.025 0.855+0.017 0.807 0.030 0.902 + 0.004 0.618 £ 0.029
rbio-MLP-CoT 0.714 £0.000 0.889 +0.000 0.873 +0.000 0.906 + 0.000  0.672 £ 0.000
SUMMER 0.695 £0.012 0.799 +0.006 0.626 +0.012 0.972 +0.002 0.657 £ 0.013
Qwen2.5-3b 0.231 £0.002 0.522 +0.001 0.529 +0.014 0.515+0.013 0.032 4+ 0.001
GEARS 0.296 £0.033 0.588 £ 0.012 0.178 0.024 0.997 + 0.001 0.371 £ 0.023
Models trained on 1/5 of full data size

rbio-MLP 0.588 £0.030 0.792 +0.019 0.690 +0.034 0.894 + 0.005 0.518 £ 0.035
rbio-MLP-CoT 0.642 £0.001 0.827 +£0.000 0.752 +0.000 0.903 + 0.000 0.582 4+ 0.001
rbio-EXP 0.578 £0.018 0.804 +£0.012 0.741 £0.025 0.866 + 0.008 0.510 4+ 0.021
rbio-EXP-CoT 0.639 £0.000 0.819 +0.000 0.731 &0.000 0.908 + 0.000 0.577 £ 0.001
rbio-MLP U EXP 0.648 £0.025 0.825+0.015 0.737 £0.027 0913 +0.005 0.589 £ 0.029
rbio-MLP U EXP-CoT 0.716 4+ 0.000 0.861 + 0.000 0.792 + 0.000  0.930 + 0.000  0.668 + 0.000
rbio-MLP || EXP 0.623 £0.025 0.829 +0.016 0.771 £0.028 0.886 + 0.005 0.563 + 0.029
rbio-MLP || EXP-CoT 0.696 +£0.000 0.858 +0.000 0.799 + 0.001 0.918 + 0.000  0.646 £ 0.000
rbio-EXP || MLP 0.641 £0.026 0.827 +£0.017 0.748 £0.031 0.906 + 0.003  0.582 £ 0.030
rbio-EXP || MLP-CoT 0.703 £0.000 0.856 & 0.000 0.786 4+ 0.000 0.926 + 0.000  0.653 £ 0.000

Table 3: Aggregate performance on the PERTURBQA benchmark (mean & SE over 5 completions). rbio-EXP
corresponds to rbio-EXP-all-cell-lines. SUMMER is current SOTA; best models bolded.

F1 0.75—0.79, Balanced Accuracy 0.88—0.91, TPR 0.83—0.87; rbio-MLP-ESM F1 0.67—0.71,
Balanced Accuracy 0.85—0.89, TPR 0.81—0.87. Examples of answers and reasoning traces can
be seen in Figure[T5] Shown in Figure 5] are rbio models trained on only one-fifth of the data and
tested with and without CoT. Remarkably, adding CoT at inference lets them reach state-of-the-art
performance on PerturbQA - with rbio-MLP U EXP-CoT surpassing SUMMER despite being trained
on a fraction of training data - demonstrating the power of inference-time capabilities and verifier
composition in reasoning models.

5 Conclusion

We introduced rbiol, a suite of reasoning models trained via soft verification, where simulations
from biological world models provide rewards in reinforcement learning. This approach achieves
performance comparable to experimental-data—trained models, particularly when combined with
chain-of-thought prompting. By leveraging predictive bio-models, rbiol demonstrates that simulations
can substitute for costly experimental supervision. Looking ahead, we aim to extend rbiol across
diverse biological models and modalities, moving toward a universal virtual cell system that integrates
knowledge from multiple sources into a shared reasoning framework.
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Supplementary Material

A Metrics

We formulate the genetic perturbation prediction task as a question in natural language with a binary
answer. Given a pair of genes gene 4 and genep, the model is asked to emit a binary answer - yes
or no. We use four CRISPRIi single-gene perturbation knockdown datasets on four cancer cell lines
(RPEL, K562, HEPG2, JURKAT), post-processed into natural language queries by PerturbQA [31].
We compute the following metrics:

TP
Recall (TPR) = TPIFN (16)
TN
TNR = TN L FP (17)
TP
Precision = W (18)
Fi5ape = 2, L. e
Balanced Accuracy = %QTNR (20)

TP-TN—-FP-FN

MCC (Matthews Correlation Coef ficient) =

V(TP + FP)(TP + FN)(TN + FP)(TN + FN)
2n

B Data and Code Availability

We have used the pre-processed versions, as well as the training and testing splits of
the perturbation datasets on the four cell lines (K562, RPEl, HEPG2, JURKAT) from
https://github.com/genentech/PerturbQA.

The code is publicly available at https://github.com/czi-ai/rbio, together with a training and an
inference script. Model weights are publicly available at https://github.com/czi-ai/rbio. Tutorials, as
well as model cards are available on the https://virtualcellmodels.cziscience.com.

C Training and Evaluation

Models have been trained using the GRPO framework and HuggingFace interface[43]]. We use
a Qwen2.5-3B-Instruct model as a base model, the model weights having been accessed through
HuggingFace. Each model trained on individual verifiers has been trained for 100k steps with
max_completion_len=256, taking 10 days for completion on 8 H100 GPUs, with some variation
between models. Models containing compositions of verifiers were trained up until 10 epochs and
max_completion_len=4096, although subsequent experiment revelead no major difference by training
with a smaller max_completion_len. All models used batch_size = 4, n_generation = 4 and a default
learning rate of 5e-6. During inference, each model has been prompted for N=5 generations, with
the following parameters: max_new_tokens=1024, do_sample=True, temperature=0.7, top_p=0.9,
top_k=50. Metrics are reported over 5 different generations. Each model also includes formatting
rewards, similarly to how it was done in [6].
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Figure 9: Composition of verifiers metrics. GO + EXP and GO + MLP Performance comparison across
combinations of GO+EXP and GO+MLP and training durations (3, 5 epochs) under the 25% data regime.

15



Random mixture of verifiers
3 epochs, 25.0% of data Model
m— GO-all_LL
- P
- EXP
== GO-all_LL U MLP

GO-all_LL U EXP
- MLP U EXP

i Iy - - M
LP U EXP U GO-all_LL

Extension
Non-CoT

Score
v
5

75 B o7}
ose i’ 70 08 7‘ i
o o
o 1m>';_w os o, [ eor - CoT
i ]| P ¥
0 R B
oo G
02
e
Gl |
00 mce

Fl-score

Balanced Accuracy TPR TNR

(a) Random mixtures (3 epochs).

Random mixture of verifiers

5 epochs, 25.0% of data Model

gos | O m— GO-all_LL
- P
- EXP
1 § = GO-all_LL U MLP
GO-all_LL U EXP
. o for - MLP U EXP

] o[r ] ] = MLP U EXP U GO-all_LL

Extension

,.I % o1 l 0952 bso - oo Non-CoT

m— CoT

Score

(b) Random Mixtures (5 epochs).
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random mixtures of verifiers and training durations (1, 3, 5, 10 epochs) under the 25% data regime.

E Hard-Ground Truth Experiments

E.1 Training on Experimental Data improves performance compared to baselines

The composite radar plots [T2]compare a Qwen-based language model that we further optimized with
reinforcement learning (GRPO) and a hard verifier against three purely instruction-tuned baselines
(Qwen2.5-3 B, Qwen2.5-7 B and Qwen3-32 B). Across four independent test cell-line datasets
(K562, RPE1, HEPG2 and Jurkat) our hard-verified RL model encloses the baselines on every
axis, namely, Accuracy, Precision, Recall (TPR), F1, Specificity (TNR) and AUC-ROC, indicating
superior performance for all six metrics. The largest absolute gains concentrate on Recall, F1
and AUC-ROC, where the new model reaches radii of 0.7-0.9 while the baselines remain below
0.4. These improvements show that coupling reinforcement learning to the hard verifier causes
the policy to capture a far larger share of true positives without materially inflating false-positive
rates, thereby harmonizing sensitivity with specificity. The benefit is consistent across heterogeneous
cell types and does not depend on parameter count: the 32-billion-parameter baseline performs
almost identically to its 3-billion counterpart, underscoring that task-aligned objectives, here enforced
by hard verification on experimental data, outweigh scale alone. Because missed positives are
costlier than occasional false alarms in downstream wet-lab validation, the balanced operating point
delivered by hard-verified RL training translates directly into practical utility. Finally, the consistently
high AUC-ROC (around 0.9) suggests that the learned policy generalizes its reasoning rather than
memorizing characteristics of any single dataset. Taken together, these findings demonstrate that
injecting experimentally grounded hard verification into the reinforcement-learning loop is a powerful
mechanism for elevating reasoning-centric LLMs beyond what can be achieved with instruction
tuning and parameter scaling alone.
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Figure 12: | Comparison of rbio-EXP with Qwen baselines. Our refers to rbio-EXP trained on one cell line at
a time.

F Training on experimental data from multiple sources shows increased
performance, showing there is beneficial cross-dataset knowledge transfer

Across all four evaluation datasets, the model trained jointly on the complete, heterogeneous collection
(“Trained on all”, blue polygons) delivers the most consistent and highest-scoring performance
envelope. Accuracy, recall (TPR), specificity (TNR) and AUC-ROC cluster tightly around 0.88-0.92,
while F1-scores remain around 0.80 despite the precision penalty introduced by class imbalance in
these assays.

Withholding the target dataset during training (“Trained without X, orange) causes a uniform yet
modest degradation. Accuracy, AUC-ROC and TNR typically fall by 2-4 percentage points, and
F1-score by about 5 points. Importantly, however, this leave-one-out model still outperforms the best
single-source baseline (green) by large margins (> 15 points in accuracy and > 0.20 in AUC-ROC
on every dataset). The result demonstrates that information learned from the remaining three datasets
generalizes meaningfully to the held-out system, providing clear evidence of positive transfer rather
than over-fitting to individual batches or cell-line specific artifacts.

The shape of the radar plots is also instructive. Metrics that depend on negative class recognition
(specificity, AUC-ROC) decline only slightly when a dataset is omitted, whereas precision and F1,
which require well-calibrated decision boundaries for the minority class, drop more noticeably. This
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Figure 13: | Comparison of rbio-EXP trained on training splits of all cell lines vs trained on training splits
of cell lines outside of the test distribution.. Our refers to rbio-EXP trained on one cell line at a time.

pattern implies that shared features across experiments chiefly support broad discrimination between
classes; fine-grained calibration still benefits from direct exposure to the target distribution.

Taken together, these observations indicate that aggregating experimental data from disparate sources
yields a richer representation space and endows the model with a transferable prior that boosts
generalization to unseen datasets. Consequently, the incremental cost of acquiring and harmonizing
additional training datasets is rewarded with measurable gains in robustness and predictive power, an
encouraging result for scaling this approach to new cell types or assay modalities.
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G Analysis of training on in and out-of-distribution experimental data

Model Performance Per Cell Line
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Figure 14: | Analysis on performance on rbio models trained on experimental data for in-distribution vs
out of distribution datasets. rbio-EXP-one-cell-line is trained on one the training split from one cell line at a
time and tested on the test split of that cell line (in-distribution), rbio-EXP-all-cell-lines is trained on the training
splits on all four cell lines and tested on separate test splits, and rbio-EXP-leave-one-out is trained on the three
cell lines not in test (out-of distribution)
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H Examples of reasoning traces

Is a knockdown of ISCA2 in
rpe1 cells likely to result in
differential expression of
CEP295? The answer is either
yes or no

system_prompt

A conversation between User and Biologist. The user asks a
question, and the Biologist solves it. The biologist first thinks
about the reasoning process in the mind and then provides
the user with the answer. The reasoning process and answer
are enclosed within <think> </think> and <answer>
<lanswer> tags, respectively, i.e., <think> reasoning process
here </think> <answer> answer here </answer>.

system_prompt

A conversation between User and Biologist. The user asks a
question, and the Biologist solves it. The biologist first thinks
about the reasoning process in the mind and then provides
the user with the answer. The reasoning process and answer
are enclosed within <think> </think> and <answer>
<lanswer> tags, respectively, i.e., <think> reasoning process
here </think> <answer> answer here </answer>.The
Biologist will evaluate each step of this problem, using logical
reasoning and evidence from the prompt.

system_prompt

You are an Al model trained as a Biologist through
reinforcement leaming. | will ask you a question, you will
come up with a reasoning process based on what you have
learned during training and then you will give me the answer.
The reasoning process and answer are enclosed within
<think> </think> and <answer> tags,

Example answer

Knockdown of ISCA2 in RPE1 cells would likely lead to differential
expression of CEP295. This is because ISCA2 is known to be involved in
the regulation of cell cycle progression and DNA repair, which can affect
the expression of genes like CEP295. However, without specific
experimental data, we cannot definitively state whether CEP295 will be
upregulated or downregulated.

Example answer using Chain-of-Thought

ISCA2 is a protein that is involved in the regulation of cell cycle
progression. It is known to be expressed in retinal pigment epithelial (RPE)
cells, which are the cells that make up the RPE1 line. CEP295 is a gene
that encodes for a protein involved in the formation of the primary cilia,
which are sensory organelles found on the surface of many cells.
Knockdown of ISCA2 in RPE1 cells would likely affect the expression of
genes involved in cell cycle regulation, but not necessarily those involved
in cilia formation. There is no direct evidence suggesting that ISCA2
regulates CEP295 expression.

Example answer using self-aware Chain-of-Thought

Knockdown of ISCA2 in RPE1 cells would likely lead to differential
expression of CEP295. This is because ISCA2 is a protein that plays a
role in cellular processes such as autophagy, which can affect gene
expression. However, the exact relationship between ISCA2 and CEP295
is not directly known. To determine if ISCA2 knockdown would result in

i.e., <think> reasoning process here </think> <answer>
answer here </answer>. You wil provide the reasoning
step-by-step, using detailed biological knowledge from
training.

ion of CEP295, we would need to look at the literature
for any studies that have investigated this specific interaction. In the
of direct evid , it's 1 to assume that there could be
some indirect effect, but without concrete data, we cannot definitively state
whether the expression of CEP295 would change.

Figure 15: | Examples of Reasoning Traces for perturbation prediction answering a question sampled
randomly from the test set. Different example answers for different chain-of-thought techniques.Outputs from
a model trained on combinations of soft-verifiers.
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Algorithm 1 Rbio-RLEXP: Reinforcement Learning with Hard Verification

Require: Dataset of prompts/experimental outcome labels { X;, V; }
Require: Model parameters 6 implementing policy g
Require: Hyperparameters: 7 (temperature), G (generations per prompt), 5 (KL penalty), € (clip-
ping)
Ensure: Trained model with parameters ¢ implementing policy 7
1: Initialize 6 from supervised fine-tuned LLM
2: for eachstept = 1to 7 do

3:  Sample batch indices b C {1, ..., N} uniformly at random
4:  Retrieve batch { X}, Y, } from dataset
5:  for each prompt X} in batch do
6: for i =1to G do
7: Generate sequence o; ~ my(- | X3) using model 6 and policy 7y
8: Extract binary answer a; from o; (if existing)
9: if answer a; exists then
10: Score against ground truth Y3:
11: if a; = Y}, then
12: rhad =1
13: else
14: rhard =
15: end if
16: else
17: rhard = ( {Penalize missing answer}
18: end if
19: Add auxiliary rewards: r; = r8 4 rpo o+ Pinention
20: end for
21:  end for

22:  Compute normalized advantages fli,t using Eq. @)

23:  Update 0 via GRPO objective (Eq. [2)) with KL divergence penalty (Eq.[5)
24: end for

25: return 6
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Algorithm 2 Rbio-RLEMF: Reinforcement Learning with Experimental Model Feedback

Require: Dataset of prompts { X;}, (without experimental labels)
Require: Pre-trained frozen model @ (e.g., MLP, VCM)
Require: Model parameters § implementing policy 7y
Require: Reward transformation function n: maps model predictions to rewards in [0, 1]
Require: Hyperparameters: 7 (temperature), G (generations per prompt), 5 (KL penalty), e (clip-
ping)
Ensure: Trained model with parameters ¢ implementing policy m;
1: Initialize 6 from supervised fine-tuned LLM
2: for eachstept =1to T do

3:  Sample batch indices b C {1, ..., N} uniformly at random
4:  Retrieve batch {X;} from dataset
5. for each prompt X} in batch do
6: for i = 1to G do
7: Generate sequence o; ~ (- | X}) using model 6 and policy 7y
8: Extract binary answer a; from o; (if existing)
9: if answer a; exists then
10: Query frozen model: p = ®(X}) {Model prediction}
11: Transform prediction to reward: 75°" = n(p, a;) € [0, 1]
12: else
13: 7$°ft = 0 {Penalize missing answer}
14: end if
15: Add auxiliary rewards: 7; = 7°" + Ptomar + Tmention
16: end for
17:  end for

18:  Compute normalized advantages A; ; using Eq. @)

19:  Update € via GRPO objective (Eq.[2) with KL divergence penalty (Eq.
20: end for _

21: return 6
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Algorithm 3 Rbio-RLPK: Reinforcement Learning from Prior Knowledge

Require: Dataset of prompts { X; }¥, (without labels)
Require: Knowledge source K.S (e.g., Gene Ontology)
Require: Model parameters 6 implementing policy g
Require: Knowledge scoring function v: scores reasoning traces against prior knowledge
Require: Hyperparameters: 7 (temperature), G' (generations per prompt), 5 (KL penalty), € (clip-
ping)
Ensure: Trained model with parameters 6 implementing policy 7
1: Initialize 6 from supervised fine-tuned LLM
2: for eachstept = 1to T do

3:  Sample batch indices b C {1, ..., N} uniformly at random
4:  Retrieve batch { X} } from dataset
5:  for each prompt X in batch do
6: Query knowledge source: {¢} "'} = query_KS(X) {Retrieve relevant prior knowledge}
7: for i = 1to G do
8: Generate sequence o; ~ my(- | X}) using model 6 and policy g
9: Extract gene_information o;elevam from o; (from <gene> tags)
10: if gene_information ogace exists then
11: Score gene_information against prior knowledge: 75" = v(0{*®, {¢7"*'})
12: else
13: r$°t = 0 {Penalize missing gene information}
14: end if )
15: Add auxiliary rewards: 7; = r$°" + Pgommat + Tmention
16: end for
17:  end for

18:  Compute normalized advantages fli,t using Eq. @)

19:  Update 6 via GRPO objective (Eq. [2) with KL divergence penalty (Eq.[5)
20: end for

21: return ¢

Algorithm 4 Formatting Reward 7sormat

Require: Completion o;
Require: Set of formatting constraints 7 = {Fy, F», ..., Fi}
Ensure: Formatting reward 7orma; € [0, 1]

1: Initialize score vector s = ||

2: for each constraint F; € F do
3:  if Fj is satisfied in o; then
4: Append 1.0to s
5.  else
6: Append 0.0 to s
7:  endif
8: end for
9: Tformat = |IT‘ ZL£|1 Sj
10: return 7format
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Algorithm 5 Mention Reward 7 mention

Require: Completion o;
Require: Set of desired terms T = {t1,t2,...,tm}
Ensure: Mention reward Tmention € [0, 1]
. Extract reasoning trace o{**® from o; (from <think> tags)
Initialize score vector s = |]
for each term ¢; € T do
if t; appears in o then
Append 1.0to s
else
Append 0.0 to s
end if
end for

_ ITI
T'mention — |7-| Z
return 7mention

_
A B AR A o

—

24



	Introduction
	Related Work
	Methods
	Reinforcement Learning for reasoning
	Rbio-RLEXP: reinforcement learning with Hard Verification
	Rbio-RLEMF: reinforcement learning with experimental model feedback
	Rbio-RLPK: reinforcement learning from prior knowledge
	Composable Verification for model integration

	Experiments
	rbio with AI-verification generalizes OOD on perturbation tasks
	Training rbio on mixtures of AI-verifiers leads to performance gains
	Rbio with chain-of-thought yields state of the art on PerturbQA

	Conclusion
	Acknowledgment
	Metrics
	Data and Code Availability
	Training and Evaluation
	Composition of Verifiers
	Hard-Ground Truth Experiments
	Training on Experimental Data improves performance compared to baselines

	Training on experimental data from multiple sources shows increased performance, showing there is beneficial cross-dataset knowledge transfer
	Analysis of training on in and out-of-distribution experimental data 
	Examples of reasoning traces

