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Continual Causal Refinement: Learning from Sequential Perturbation Data
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Abstract
Biological foundation models are often trained
on large observational datasets collected across
genomes, cells, tissues, or conditions, yet many
downstream uses require accurate prediction un-
der targeted perturbations. Perturbation data pro-
vide the relevant supervision, but each experi-
ment is expensive and localized, producing small
batches rather than broad resampling of the pre-
training distribution. Refining a model from these
batches therefore creates a continual learning
problem: new perturbation evidence must be con-
solidated without erasing broad pretrained compe-
tence, and what is learned locally should transfer
to future perturbation settings. We formalize this
regime as continual causal refinement and instan-
tiate it in regulatory genomics with a controlled
benchmark in which sequence-to-function models
are sequentially updated using in silico perturba-
tion libraries. Benchmarking standard continual
learning methods shows that naive fine-tuning
causes substantial forgetting, whereas replay pre-
serves observational performance and improves
transfer to held-out perturbation libraries. Con-
tinual causal refinement provides a new avenue
to iteratively refine biological foundation models
with perturbation data.

1. Introduction
Foundation models are typically pretrained on large obser-
vational corpora and then refined through a sequence of
post-training stages (Bommasani et al., 2021). The post-
training stream is rarely more of the same data. It consists
of curated batches that differ from the pretraining distribu-
tion in a structured way: human preference comparisons
chosen for instructive feedback (Ouyang et al., 2022; Bai
et al., 2022), robot trajectories sampled by an exploration
policy (Kahn et al., 2015), or biological assays that inter-
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vene on the system being modeled (Kinney & McCandlish,
2019; Gasperini et al., 2019; Replogle et al., 2022). Obser-
vational pretraining recovers correlations supported by the
data; the rules governing the underlying input space remain
underdetermined, and targeted perturbation batches expose
evidence that observational resampling cannot recover.

Standard task-incremental continual learning (CL) treats
such streams as separate tasks and focuses on retaining
each (Van de Ven & Tolias, 2019; De Lange et al., 2021).
This does not match post-training, where batches sample the
same underlying function under different perturbation strate-
gies and the desired output is a single globally consistent
model that generalizes to unseen interventional contexts.

We refer to this regime as continual causal refinement. The
data are interventional in the statistical sense: each pertur-
bation batch is generated by an intervention on the system
being modeled, and the goal is to refine the model’s approx-
imation of the rules that govern that system. The continual
aspect is intrinsic. Perturbations are typically localized and
expensive, so adaptation must integrate evidence efficiently,
which makes the order and selection of perturbation batches
part of the problem itself.

Our contributions are: (i) a formal description of continual
causal refinement and contrast with task-incremental CL; (ii)
an instantiation in regulatory genomics with sequential in
silico perturbation libraries; and (iii) a controlled empirical
study with standard CL baselines (naive fine-tuning, replay,
EWC) that exposes a retention and forward-transfer tension
task-incremental evaluation does not capture.

2. Continual Causal Refinement
Standard task-incremental CL. A task-incremental CL
stream is a sequence of tasks t = 1, . . . , T , each
with its own distribution Pt(X,Y ) and possibly its own
label space Yt. The objective combines task losses,
minθ

∑T
t=1 E(x,y)∼Pt

[ℓ(fθ(x), y)], under memory and ac-
cess constraints, focusing on minimizing forgetting of ear-
lier tasks (Goodfellow et al., 2013; Van de Ven & Tolias,
2019; De Lange et al., 2021).

Continual causal refinement setup. We distinguish the
biological response from the experimental measurement.
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Continual Causal Refinement with Perturbation Data

Let g : X → Z denote the biological input-response map,
where X is the input space and Z is the latent biological
state space. For x ∈ X , z = g(x) ∈ Z is the induced latent
state. Let E be the set of experiment types. Each e ∈ E
observes the latent response through an assay-specific map
he : Z → Ye, giving observable target f⋆

e = he ◦ g. Labels
satisfy y = he(g(x)) + εe, with assay-dependent noise εe.
Pretraining data and perturbation batches are

Dobs = {(x0
i , e

0
i , y

0
i )}

n0
i=1, x0

i ∼ Pobs,

y0i = he0i
(g(x0

i )) + ε0i ,

Dt = {(xt
i, et, y

t
i)}

nt
i=1, xt

i ∼ Qt,

yti = het(g(x
t
i)) + εti.

(1)

where et ∈ E is the experiment type at step t, and Qt is the
input distribution induced by the perturbation strategy.

The continual learner updates θt = A(θt−1,Dt,Mt), where
Mt denotes auxiliary memory such as replay data, regular-
ization statistics, or modular adapters. We write the pre-
dictor as fθ(x, e), with fθ(·, e) : X → Ye, allowing the
prediction map to depend on the experiment type.

The objective is global observable-function recovery:

min
θT

E(x,e)∼Peval

[
ℓe
(
fθT (x, e), f

⋆
e (x)

)]
, (2)

where Peval may put mass on the observational marginal,
past interventional contexts Q1, . . . , QT , and future con-
texts QT+1, . . . not observed during training.

Terminology. We use “causal” in the mechanistic sense
common to physics and biology: the rules that generate ob-
served activity and remain stable under intervention. In this
paper, the relevant interventions are perturbations of the bio-
logical system, not formal SCM interventions (Pearl, 2000;
Schölkopf et al., 2021). SCM machinery is not invoked
because no identifiability arguments are made.

Distinguishing properties. Continual causal refinement
differs from task-incremental CL in three ways. First, all
batches are noisy samples of the same underlying mech-
anism g, so the CL stream is over input distributions and
experiment-specific readouts het ; there is no per-task label
space. Second, the pretraining marginal Pobs is consistent
with many mechanisms in the regions it undersamples, and
the interventional marginals Qt expose regions that distin-
guish among them, carrying information observational re-
sampling cannot recover. Third, success is measured by the
quality of the global function approximation, including ex-
trapolation to unseen interventional contexts; task retention
is a special case restricted to past distributions.

Relation to adjacent regimes. Each component of contin-
ual causal refinement has been studied separately, but their

combination in scientific foundation-model post-training
has no established name. Covariate shift and domain adap-
tation share P (Y |X) across distributions and address one-
shot transfer (Shimodaira, 2000; Ben-David et al., 2010);
sequential foundation-model adaptation falls outside their
scope. Continual domain adaptation handles sequential
shifts, but those shifts are often natural or adversarial drift.
Active learning queries a pool to reduce labels (Ren et al.,
2021); it is rarely paired with foundation-model updating
and is not structurally interventional. Sequential Bayesian
experimental design and active scientific machine learning
come closest (Shahriari et al., 2015; Stanton et al., 2022),
though they typically use small bespoke models. Invariance-
based methods such as IRM share the goal of recovering
predictors that hold under perturbation (Arjovsky et al.,
2019), but assume access to multiple environments during
training. Continual causal adaptation describes how these
elements combine when a foundation model pretrained on
observational data is refined through sequential targeted
perturbations on a shared system.

Evaluation criteria. Three evaluation criteria follow. Re-
tention measures whether performance on the original obser-
vational distribution is preserved after adaptation. Backward
transfer measures whether perturbation batches improve ob-
servational performance beyond the pretraining baseline,
thereby implying retention; forward transfer measures gen-
eralization to unseen interventional contexts (Lopez-Paz &
Ranzato, 2017).

Scientific foundation models with the same regime. The
continual causal refinement pattern recurs across scientific
foundation models. In single-cell biology, transcriptomic
foundation models pretrained on observational scRNA-seq
atlase are refined with Perturb-seq data combining CRISPR
perturbations with single-cell readouts (Cui et al., 2024). In
protein modeling, structural foundation models pretrained
on natural PDB structures are refined with deep mutational
scanning and directed-evolution data that intervene on in-
dividual residues (Lafita et al., 2024). In materials discov-
ery, models pretrained on existing crystal databases are
refined through autonomous-lab synthesis and characteri-
zation rounds, each round consuming wall-clock time and
reagents (Merchant et al., 2023). We focus on regulatory
genomics because the observational and interventional split
is unusually clean, the foundation models are public, and
locality is well-defined.

3. A Controlled Testbed in Genomics
Sequence-to-function (seq2func) models map DNA se-
quence to regulatory readouts such as chromatin accessibil-
ity, transcription factor binding, or gene expression, and are
typically pretrained on genome-wide functional genomics
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Continual Causal Refinement with Perturbation Data

Figure 1. Continual causal refinement pipeline. A pretrained sequence-to-function model is sequentially updated on perturbation
libraries arriving one at a time (datasets 1 to T ). At each step, N held-out perturbation libraries serve as future interventional contexts,
and performance on these measures forward transfer.

assays aligned to a reference genome (Pampari et al., 2025;
Avsec et al., 2026). Biophysical and regulatory rules gov-
ern sequence-to-activity relationships across all of sequence
space, but these rules are not known explicitly. The refer-
ence genome samples a confounded slice of this space and
is consistent with many different rule sets, so genome-wide
performance does not imply generalization to engineered
variants or alternative regulatory configurations (Sasse et al.,
2023; Huang et al., 2023; Karollus et al., 2023).

Perturbation assays provide the interventional counterpart.
Massively parallel reporter assays (MPRAs) (Kinney & Mc-
Candlish, 2019) measure the activity of designed or mu-
tated regulatory sequences. CRISPR interference (CRISPRi)
screens measure how suppressing regulatory elements af-
fects nearby gene expression. Both directly probe cis-
regulatory mechanism, and they must do so locally: perturb-
ing every regulatory element at once would disrupt cellular
state, so individual assays target specific loci. Each MPRA
or CRISPRi assay corresponds to one Qt in the formulation
above, a localized interventional distribution that probes part
of the rule set; the continual problem is integrating these
local probes efficiently into a model that must generalize
across all of sequence space.

Why in silico. Wet-lab regulatory perturbation rounds can
take months to years, making multi-step continual learning
streams impractical for method development. We therefore
use a stronger pretrained seq2func model as an oracle to
label in silico perturbation libraries, enabling rapid prototyp-
ing of adaptation schedules, CL strategies, and evaluation
protocols. Each experiment contains sequences derived
from one locus through a fixed perturbation strategy (lo-
cal sequence variation for MPRAs, element silencing for
CRISPRi), each oracle-labeled, and each step of the stream
provides one batch of perturbation data (Figure 1). This
oracle landscape is only a controlled approximation: it in-
herits model biases and may differ from biological reality.
Thus, conclusions about which CL method is best in vivo
are tentative; the regime structure and evaluation protocol
should transfer more reliably.

4. Empirical Study
Stream and evaluation protocol. Each step of the stream
provides one perturbation batch Dt. The student parameters
θt are produced by updating θt−1 on Dt. We evaluate at
every step on two held-out sets. Retention and backward
transfer are both measured on the genome-wide observa-
tional test set used to pretrain the student: performance
at the pretraining baseline indicates retention while perfor-
mance that exceeds it indicates backward transfer. Forward
transfer is measured on a fixed set of held-out perturbation
libraries from loci that never enter the CL stream. All met-
rics are reported as Pearson correlation between predictions
and oracle labels.

Baselines. Because continual causal refinement is a new
benchmark setting, we use simple reference baselines to
establish the problem. We compare two well-established CL
methods, replay and elastic weight consolidation (EWC),
and include naive fine-tuning as a baseline. Naive fine-
tuning updates the student only on the perturbation batch
Dt. Replay mixes samples from Dobs into each adaptation
step using L = Lint + αLreplay, with fixed mixing ratio
α (Rolnick et al., 2019). EWC penalizes movement in pa-
rameters identified as important for pretrained performance
using L = Lint +

λ
2

∑
i Fi(θi − θ∗i )

2, where the diagonal
Fisher F is estimated once on Dobs at the start of the stream
and the anchor θ∗ is set to θ0 (Kirkpatrick et al., 2017).

4.1. Specialist Student with in silico MPRAs

Setup. The student is ProCapNet (Cochran et al., 2024),
which predicts transcription initiation profiles and counts
from ∼2kb DNA sequence. The oracle is MPRALegNet
(Agarwal et al., 2025). Each MPRA experiment is con-
structed by selecting a high-activity sequence and generat-
ing local sequence variants, which is labeled by the oracle.
The stream contains ten libraries from distinct loci, and the
forward-transfer set consists of MPRA on ten additional loci
that never enter the stream.

Results. Naive fine-tuning underwent severe forgetting, as
expected. Profile correlation drops from ≈ 0.5 to near zero
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Continual Causal Refinement with Perturbation Data

Figure 2. Genome-wide retention and forward transfer across 10 sequential adaptation steps. Columns show Setting 1 (ProCapNet
+ MPRAs, left) and Setting 2 (Enformer + CRISPRi, right). Top row: Pearson r on the held-out genome-wide test set relative to the
pretrained baseline after each adaptation step; values below zero indicate forgetting, above zero indicate backward transfer. Bottom row:
Forward transfer to held-out perturbation libraries not seen during adaptation: 10 MPRA libraries (left) and 50 CRISPRi libraries (right).
Naive fine-tuning (gray), replay (red), EWC (blue).

(Figure 2, top left). Replay preserves the original genome-
wide performance and improves forward transfer to held-out
MPRA experiments by roughly 0.2 in Pearson correlation
(bottom left). On the other hand, EWC yields poor perfor-
mance, slowly decaying toward the naive trajectory across
the refinement rounds.

4.2. Generalist Student with in silico CRISPRi

Setup. The student is Enformer (Avsec et al., 2021), a mul-
titask seq2func model that predicts thousands of functional
genomics data from long context DNA sequences. The ora-
cle is Decima (Lal et al., 2024). Each CRISPRi experiment
targets a single gene and consists of sequences in which one
or more candidate regulatory elements are silenced in silico
(Karollus et al., 2023; Toneyan & Koo, 2024); labels are
given by Decima’s predicted gene expression. The stream
contains ten CRISPRi experiments on different target genes.
Forward transfer was evaluated using CRISPRi experiments
across fifty held-out genes. Before sequential refinement,
we calibrate the student to the oracle on unperturbed ge-
nomic sequences, so that adaptation is measured relative to
a shared baseline prediction scale.

Results. Naive fine-tuning reduced performance on the
observational test set from ≈ 0.72 to 0.67 Pearson corre-
lation (Figure 2, top right), indicating forgetting. Replay
improved performance to ≈ 0.78, consistent with backward
transfer, while EWC remained near baseline at ≈ 0.70. For
forward transfer, replay was the only method that improved
performance on held-out perturbation libraries, increasing
Pearson correlation by roughly 0.17 (Figure 2, bottom right).
Together, these results show that replay can both preserve
observational performance and improve generalization to

unseen perturbation contexts in this refinement regime.

5. Conclusion
Many biological foundation models are pretrained on large
observational datasets, but their intended use often requires
prediction under perturbation. Perturbation data provide
the relevant evidence, yet each experiment samples only a
localized part of the input space. Continual causal refine-
ment frames this as a CL problem: sequential perturbation
batches should improve a shared model without erasing
broad observational competence, while transferring what is
learned to future perturbation settings. Our results show that
this setting is informative even with simple baselines. Naive
fine-tuning forgets the observational distribution, whereas
replay preserves observational performance and improves
forward transfer to held-out perturbation libraries. In the
CRISPRi setting, replay also improves observational per-
formance, suggesting that perturbation data can sharpen the
broader predictor when consolidated appropriately.

The key takeaway is that continual causal refinement ex-
poses the retention-transfer tradeoff in perturbation-based
refinement. This raises several open questions: what should
be replayed, how replay and parameter-efficient fine-tuning
(PEFT) (Hu et al., 2022; Houlsby et al., 2019) should co-
ordinate, and how the next perturbation batch should be
chosen (See Appendix A.1 for a discussion of why PEFT is
complementary but not sufficient). Because observational
training leaves many input-output rules underdetermined,
perturbation selection should prioritize interventions that
distinguish among plausible model explanations and expose
dependencies that transfer beyond the assayed context.
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Impact Statement
This work studies continual adaptation methodology in a
controlled in silico setting and makes no biological or clini-
cal claims.
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A. Appendix
A.1. Relation to PEFT

Parameter-efficient fine-tuning (PEFT) methods such as
LoRA and adapters specify where updates are applied but
not how evidence should be consolidated across interven-
tional batches. The two concerns are largely orthogonal:
PEFT reduces the parameter footprint of each adaptation
step, while continual causal refinement governs what the
updates should preserve, consolidate, and transfer.

This distinction matters in practice. Per-task adapters avoid
interference across interventional batches but fragment the
model into task-specific modules, which is at odds with
the goal of a single globally consistent approximation of
g. A single shared adapter avoids fragmentation but rein-
troduces interference, reproducing the same forgetting and
forward-transfer tension as naive fine-tuning within a lower-
dimensional parameter subspace. PEFT is therefore com-
plementary to the methods studied here: replay, EWC, or
other consolidation strategies can be applied over PEFT pa-
rameters just as over full model parameters, but PEFT alone
does not resolve the continual causal refinement problem.
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