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Abstract

Biological machine learning is often bottle-
necked by a lack of scaled data. One promis-
ing route to relieving data bottlenecks is
through high-throughput screens, which can
experimentally test the activity of 106 − 1012

protein sequences in parallel. In this ar-
ticle, we introduce algorithms to optimize
high throughput screens for data creation
and model training. We focus on the large-
scale regime, where dataset sizes are limited
by the cost of measurement and sequencing.
We show that when active sequences are rare,
we maximize information gain if we only col-
lect positive examples of active sequences, i.e.
x with y > 0. We can correct for the missing
negative examples using a generative model
of the library, producing a consistent and ef-
ficient estimate of the true p(y | x). We
demonstrate this approach in simulation and
on a large-scale screen of antibodies. Overall,
co-design of experiments and inference lets us
accelerate learning dramatically.

Machine learning holds dramatic potential for advanc-
ing biological discovery, with growing success in de-
signing proteins, diagnosing genetic disease, predict-
ing pathogen evolution and more [Watson et al., 2023,
Frazer et al., 2021, Thadani et al., 2023]. But these
and other potential applications are often bottlenecked
by a lack of large-scale, high quality training data. In
particular, there is insufficient information about bio-
logical sequences’ activity and function.

One promising route to relieving these data bottle-
necks is through large-scale experiments. Chemistry
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and biology provide tools to synthesize sequences, de-
liver them into cells, and measure their functional ac-
tivity. Large-scale screens can test 106 − 1012 cells in
parallel, each with a different sequence design. The
result is a dataset relating sequences, x, to their ac-
tivity, y. The challenge is that with large numbers
of cells, dataset sizes become limited by the cost of
measurement, i.e. the cost of recovering x and y from
individual cells.

In this article, we introduce methods to optimize
these large-scale screens for dataset creation and model
training. We focus specifically on a common biolog-
ical setting where we can sort cells, and then allo-
cate measurements based on their activity. Rather
than take a random sample, we propose a strategy
to allocate a limited experimental budget to maxi-
mally informative measurements. We use the theory
of Bayesian experimental design to analyze tradeoffs
and optimal resource allocation. We develop a mea-
surement strategy and inference approach that can
accelerate model training dramatically, extracting or-
ders of magnitude more information than standard ap-
proaches. The technique is particularly well-suited to
the hardest learning and design problems, where se-
quences with a desired activity are exceedingly rare.

1 PROBLEM SETUP & APPROACH

Our goal is to learn a mapping from biological se-
quences x to functional activity y. To do so, we will
synthesize different sequences x as DNA, express them
as protein, and measure their activity y. Then we will
train a model that predicts y from x. The question
is how to accomplish this data generation and model
training at scale, such that we obtain a high quality
predictor at the end. We consider the following exper-
imental approach (Figure 1a).

1. Synthesize sequences x from a distribution, p(x),
where p(x) is specified by some generative se-
quence model. (This can be done using variational
synthesis [Weinstein et al., 2022, 2026].)

ew@jurabio.com


Learning on Large-Scale Screens

Figure 1: Overview of LeaVS. a. In a large-scale screen, sequences x are delivered into cells for testing
activity y. Each cell receives a sample x ∼ p(x). b. We can measure (x, y) for some cells, but only observe y
for the rest. We can choose the fraction q of measurements to allocate to positive and negative examples. c. If
p(y | x) is sparse and we collect a representative sample from the library (q ≈ p(y = 1)), most x will not be very
informative. Allocating all measurements to positive examples (q = 1) yields more information about p(y | x).

2. Deliver these sequences, at random, into N differ-
ent cells. (E.g. using viral vectors.)

3. Measure sequences xi and activity yi across cells
i. (To simplify the presentation, we assume that y
is binary, with y = 1 denoting an active sequence.
Section 3.4 generalizes to the case where y is an
arbitrary vector.)

The result is a training dataset of x-y pairs,
{(x1, y1), ..., (xn, yn)}. We can use this data to fit a
model of p(y | x), such as a neural network.

This experimental approach can reach very large
scale in practice. Variational synthesis can create
quadrillions of DNA sequences, each an independent
sample from p(x). Individual sequences can then be
delivered into tens of millions of different cells or more.

In this large-scale experimental setting, dataset sizes
become limited by the cost of measurement, i.e. recov-
ering the x-y pair from each cell. For example, with
single-cell sequencing it can be intractable to collect
data from more than 10-100 thousand cells. We study
efficient learning algorithms and optimal resource al-
location in this measurement-limited regime.

Baseline A straightforward approach to collecting
data would be to measure a random sample of cells
from the population. This provides a dataset of i.i.d.

samples from the population distribution, (xi, yi)
iid∼

p(x, y) for i ∈ {1, . . . , n}. We can train models on
this data using standard techniques, e.g. optimizing a
cross-entropy loss.

(Re)allocating measurement We propose an al-
ternative. We begin from the observation that we typ-
ically have some experimental control over which cells
we measure, as well as some side information about
those cells we do not measure. Many high throughput
screening technologies physically separate the initial
set of N cells into pools of active and inactive cells, e.g.
via a cell sorter (FACS) or pulldown, before sequenc-
ing. This has two important practical consequences.

First, we can decide how many active cells to se-
quence versus how many inactive cells (Figure 1b).
That is, if we have a budget for sequencing n
cells, we can decide the fraction q to collect with
y = 1 versus y = 0. Then we obtain a dataset
{(x1, 1), ..., (xnq, 1), (xnq+1, 0), ..., (xn, 0)}, where xi ∼
p(x | yi) and q ∈ [0, 1] is the chosen parameter.

Second, we know the number of cells that are active
and inactive. This implies that we have a dataset of y
values for the cells we do not measure, {yn+1, . . . , yN},
though their x values are missing.

In short, revealing hidden xi is costly, but we can
choose how to allocate our measurement budget to ac-
tive vs. inactive sequences.

Contributions First, we introduce a training algo-
rithm that can learn the true sequence-to-activity map
p(y | x) under any q ∈ [0, 1] (Section 3). We pro-
vide evaluations to check the accuracy and calibration
of the learned model. Second, we show that for bi-
ologically plausible conditional distributions p(y | x),
we should measure only active sequences. That is, to
maximize the information we obtain about p(y | x)
for a budget n, we should set q = 1 (Section 4). We
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demonstrate on simulated and real datasets, with an
application to therapeutic antibody discovery. We call
the combined experimental design and training ap-
proach LeaVS (Learning from Variational Synthesis),
since it rests on the synthesis distribution p(x).

2 RELATED WORK

We work in the framework of Bayesian experimental
design, aiming to maximize the amount of informa-
tion we collect under a given budget [Lindley, 1956,
Chaloner and Verdinelli, 1995, Rainforth et al., 2024].
We are interested in a setting where prior information
is weak and we must make a single experimental de-
sign choice before seeing any data. We use asymptotic
theory to derive a general decision rule that is applica-
ble under a broad class of biological priors [Zemplenyi
and Miller, 2023].

Other recent work in Bayesian experimental design in-
stead focuses on the sequential experimentation set-
ting, and explicitly optimizes a measure of the informa-
tion gain [Foster et al., 2019, 2020, Huang et al., 2024,
Oliveira et al., 2024]. Computationally, this remains
intractable for highly parallelized biology experiments,
which test millions of datapoints and are modeled with
deep neural networks. It also requires an explicit prior,
which can be hard to specify for initial experiments.

As in active learning, we are focused on experimen-
tal design for training prediction models [Balcan and
Urner, 2016, Gal et al., 2017, Smith et al., 2023].
However, standard active learning chooses points x at
which to measure y. Here, we have a different experi-
mental design choice, which is about where to measure
x rather than y.

Our learning procedure builds on ideas for handling
missing data in supervised (deep) learning [Josse et al.,
2024, Ipsen et al., 2022]. We marginalize out uncer-
tainty in x. Unusually, many datapoints are missing x
in its entirety, not just part of x.

Also related is work on learning from positive and un-
labeled data (PU learning). Often, PU learning as-
sumes all the x values are observed, but some of the y
values are missing [Elkan and Noto, 2008, Song et al.,
2021]. Our situation is the opposite: all the y values
are observed, but there are missing x. More closely
related is Kiryo et al. [2017], Plessis et al. [2015], Wu
[2021], which assume access to samples from p(x) and
from p(x | y = 1), along with knowledge of p(y = 1).
They use a modified empirical risk minimization objec-
tive to train a classifier. We make similar assumptions
when q = 1, but learn using the data’s likelihood. This
enables Bayesian experimental design, and allows the
method to be extended to non-binary y.

[Song et al., 2021] develop PU methods for learning
sequence-activity maps from screens. Their method is
designed for smaller scale screens, where we determin-
istically design, synthesize and test each xi, meaning
each xi is known. We consider larger scale screens,
where sequences must be synthesized stochastically,
and each cell receives a random sample from the dis-
tribution. In this case, many xi are latent.

In practice in biology, the goal of large-scale screens
is often to find active sequences, rather than to learn
p(y | x) [e.g. Skora et al., 2015]. Hence, it is standard
to only collect positive examples. Indeed, for assays
based on selection, the negatives are destroyed. De-
spite concerns this data is not suitable for machine
learning, we show that it is optimal in a specific sense.

3 METHOD

3.1 Training

Our goal is to learn a model that predicts y from x,
regardless of q. To do so, we consider the joint like-
lihood of all the available data D, including not just
x-y pairs, Dxy, but also the y values with missing x,
Dy. Let pθ(y | x) denote a model parameterized by
θ ∈ Θ, such as a neural network. The data likelihood
log pθ(D) is

n∑
i=1

log pθ(yi | xi) +

N∑
i=n+1

log

∫
pθ(yi | x)p(x)dx (1)

≜ Lxy(θ) + Ly(θ) (2)

The first term (in blue) is the standard regression like-
lihood; for binary y, it is the cross-entropy. The second
term (in green) is the marginal likelihood of yi. Since
xi is missing, we integrate over its distribution.

How can we compute Ly(θ) in practice? We rely on
access to samples from p(x). In particular, if we are us-
ing variational synthesis to produce a large library, we
have a generative model specifying the library distri-
bution p(x) [Weinstein et al., 2022]. We draw samples,
x′
1, ..., x

′
M ∼ p(x) and compute,∫
pθ(yi | x)p(x)dx ≈ 1

M

M∑
j=1

pθ(yi | x′
i). (3)

For optimization, we can differentiate the approxima-
tion with respect to θ, as p(x) is independent of θ.

We refer to the log likelihood in Equation (1) as the
LeaVS objective, since it incorporates the generative
synthesis model p(x). Intuitively, the LeaVS objective
is akin to data augmentation, except instead of giv-
ing generated sequences fixed labels, they are used to
approximate an integral.
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3.2 Learning under Alternative Allocations

The key property of the LeaVS objective is that it
allows us to learn p(y | x) under different measurement
allocations q. In particular, we propose to set q = 1.
Here, we summarize the theory in Section 4.

First consider just using data on x-y pairs, Dxy, and
learning a model based on the likelihood Lxy(θ). Then
we will only learn the correct predictor p(y | x) if we
measure a representative sample from the library, i.e.
we must set q = p(y = 1) to obtain a consistent esti-
mate of p(y | x) (Proposition 2).

With the LeaVS objective Lxy(θ) + Ly(θ) the situa-
tion changes markedly. We can now learn the correct
predictor regardless of how we allocate measurement
resources. That is, pθ(y | x) will converge to the true
p(y | x) for any q ∈ [0, 1] (Proposition 1). Notably, this
range includes q = 1: measuring only positive exam-
ples. The LeaVS objective automatically accounts for
the unobserved inactive sequences, through knowledge
of the underlying library distribution p(x).

In general, the optimal q depends on the situation. But
biological sequence-to-activity maps show a recurring
feature: only sequences within a narrow region of se-
quence space X show non-trivial activity (Figure 1c).
So, active sequences provide a large amount of infor-
mation: they pin down the region’s location quite pre-
cisely. Negative examples, on the other hand, tell us
little about the region’s location. As a result, focus-
ing our measurements on positive examples maximizes
information gain (Proposition 3).

In summary, we propose to change our experimental
design, setting q = 1, and change our training objec-
tive, adding Ly(θ), to accelerate learning of p(y | x).

3.3 Model evaluation

We have shown that it is possible to learn the sequence-
to-activity map under different measurement alloca-
tions. But for reallocation to be practical, we must
also be able to evaluate the models we train, to check
their performance. This is non-trivial if we only have
access to positive examples, q = 1.

Accuracy To evaluate accuracy based on positive
examples, we again make use of the library distribu-
tion p(x). Let tθ(x) = I(pθ(y = 1|x) > 0.5) be a
classifier based on pθ(y|x). Applying the approach
of Kiryo et al. [2017], we decompose the accuracy
Ap[tθ] = Ep[Y tθ(X)] + Ep[(1− Y )(1− tθ(X))] as

Ap[tθ] =p(y = 1)E[tθ(X)|Y = 1] + Ep[1− tθ(X)]

− p(y = 1)Ep[1− tθ(X)|Y = 1]

The first term is the fraction of predictions that are
true positives; the second is the fraction of negative
predictions; the last is the fraction of false negatives.
The first and third terms just depend on p(y) and
p(x | y = 1), so can be approximated using heldout
data. The second term depends on p(x), so can be
approximated using the library model (Section A.1).

We can apply the same strategy to approximate
false positive and false negative rates, or ROC and
precision-recall curves, by plugging different thresh-
olds into tθ(x) = I(pθ(y|x) > 0.5) (Section A.1).

Calibration We would like models that are not only
accurate, but also quantify their uncertainty. For ex-
ample, many algorithms for designing and optimizing
sequences require upper confidence bounds. A stan-
dard evaluation metric is the expected calibration er-
ror (ECE) [Vaicenavicius et al., 2019].

The ECE asks whether, if the model says we should see
Y = 1 some percentage of the time, then we actually
see Y = 1 at that percentage. ecep[pθ] is

Ep [d (p (y = 1 | pθ(y = 1|X)) , pθ(y = 1|X))] (4)

Here d(·, ·) is a distance function, such as the absolute
difference. It is standard to use a histogram based esti-
mator for the ECE. We define bins Φ1, . . . ,ΦK , where
Φ1 = [0, 1/K),Φ2 = [1/K, 2/K), . . ., then evaluate,

d

(
Ep[Y | pθ(y = 1|X) ∈ Φk],

Ep[pθ(y = 1|X) | pθ(y = 1|X) ∈ Φk]

)
We can estimate Ep[Y | pθ(y = 1 | X) ∈ Φk] as,

p(Y = 1)Ep[I(pθ(y = 1 | X) ∈ Φk) | Y = 1]

Ep[I(pθ(y = 1 | X) ∈ Φk)]
,

where again we find only quantities that depend on
p(y = 1), p(x) and p(x | y = 1). Details in Section A.2.

In summary, it is possible to evaluate models using
heldout positive examples. So we can critique and im-
prove our models even when q = 1.

3.4 Extensions

Richer measurements Many technologies record
measurements that are richer than a binary signal,
such as a vector of binding counts against different
targets, or a vector of gene expression levels. In this
case, y is no longer binary, and instead y ∈ Rk.

LeaVS generalizes. Experimentally, assume we can
sort cells based on an overall measurement of activity.
We choose the fraction q of our measurement budget



Weinstein, Slabodkin, Gollub, Wood

to allocate to cells with y ∈ O. For example, if yj
records binding against target j, we may sort out cells
that show binding against at least one target: O = {y :∑

j yj > 0}. After sorting, we measure a dataset of n
sequence-activity pairs (x1, y1), . . . , (xn, yn), of which
q n have yi ∈ O and the rest have yi /∈ O. For the
remaining N − n cells, we can only record whether
or not they are hits, giving a dataset {zn+1, . . . , zN}
where zi = I(yi ∈ O). In this setting, the LeaVS ob-
jective becomes,

n∑
i=1

log pθ(yi | xi) +

N∑
i=n+1

log

∫
pθ(zi | x)p(x)dx, (5)

where the second term describes the marginal likeli-
hood that yi ∈ O or yi /∈ O.

We can still learn the true p(y | x) under q = 1, if we
assume p(y | x) is exponential family given x. For ex-
ample, binding or expression counts are often modeled
as Poisson(h(x)), where h : X → Rk

+ is a neural net-
work (Assumption 7). Then the model pθ(y | x) will
converge to the true p(y | x) for any q ∈ [0, 1] (Propo-
sition 8), and information is maximized at q = 1 when
active sequences are rare (Proposition 9). We can eval-
uate by checking the accuracy of pθ(y ∈ O | x) and
the fit of pθ(y | x, y ∈ O) (Section B.7.4).

Robust library models Accurate learning of p(y |
x) with LeaVS depends on an accurate model of p(x).
Models can be quite accurate for chemical DNA syn-
thesis, but in cases where we do not have or trust a
model of p(x), we can incorporate data about the pre-
screening library [Weinstein et al., 2026].

If we sequence the library before screening, we obtain
samples x′

1, . . . , x
′
M ∼ p(x). We can use their empiri-

cal distribution to approximate p(x): we plug the data
directly into the Monte Carlo approximation in Equa-
tion (3). We can also combine the data with an ap-
proximate model, e.g. we can plug in a mix of samples
from the data and samples from the model to Equa-
tion (3). This corresponds to posterior inference un-
der a Dirichlet process prior, p(x) ∼ DP(pmodel(x), α),
which lets us leverage model predictions when data is
sparse or incomplete (Section B.8).

4 THEORY

We have proposed methods to train and evaluate pre-
dictive models under different measurement alloca-
tions, q ∈ [0, 1]. In this section, we ask which q to
choose in practice. We consider a class of distributions
that is widely found in biology. For this class, q = 1
maximizes the information we obtain about p(y | x).

We work in the framework of Bayesian experimental

design [Lindley, 1956, Chaloner and Verdinelli, 1995,
Rainforth et al., 2024]. The goal is to choose a design
that maximizes the information we will gain from col-
lecting data. Here, the experimental design parameter
is q. Based on q, we obtain a (random) dataset Dq.
After observing this data, we obtain a posterior over
the unknown parameter θ. Its Shannon entropy is,

H(p(θ | Dq)) = −
∫

p(θ | Dq) log p(θ | Dq). (6)

Our goal is to set q such that the entropy will be min-
imized, indicating that we have learned as much as
possible about p(y | x):

argmin
q∈[0,1]

H(p(θ | Dq)). (7)

We present our results for binary y, and extend the
results to more general y in Section B.7.

4.1 Sparse Activity

In general, the optimal choice of q will depend on the
data distribution p(x, y) and the model pθ(y | x). We
will focus on a class of distributions that are common
in biological applications.

Empirically, often only sequences in a small region of
sequence space have any biological function or activ-
ity. That is, activity is sparse. To formalize this math-
ematically, note we can write any pθ(y | x) as,

pθ(y = 1 | x) =

{
hθ(x) x ∈ Sθ

0 x /∈ Sθ

(8)

for θ ∈ Θ ⊆ Rd. Here Sθ ⊆ X defines the region of
sequence space where the model predicts non-zero ac-
tivity. We will assume that the true data distribution
falls into the model class,

Assumption 1 (Well-specified model). There exists
θ0 ∈ Θ such that pθ0(y | x) = p(y | x).

With this class of distributions, η ≜ p(x ∈ Sθ0) gives
the probability of a sequence falling in the active re-
gion. η is a measure of how rare active sequences are
across the sequence landscape. We are interested in
the regime where η is small, i.e., activity is sparse.
This is especially common in the most challenging
molecular discovery problems.

4.2 Asymptotic consistency

We are interested in the large-scale screening regime,
where we are collecting big datasets that are limited in
size by the cost of measuring x. To study this regime,
we first take N → ∞, so that there is an excess of
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y-only data. Then, we examine the behavior of the
posterior as n → ∞, i.e. as we collect more x-y pairs.

When N → ∞, the likelihood contribution Ly(θ) dom-
inates Equation (1). Asymptotically, Ly(θ) will be
maximized when

∫
pθ(y | x)p(x)dx = p(y), i.e. the

model captures the true frequency of positive and
negative examples. So to study the x measurement-
limited regime, we make the simplifying assumption,

Assumption 2 (Known hit rate).
∫
pθ(y = 1 |

x)p(x)dx = p(y = 1) for all θ ∈ Θ.

We are now interested in understanding the behavior
of the posterior as function of n, the number of x-y
pairs we observe. After setting q, we observe,

X1,...,nq
iid∼ p(x | y = 1) (9)

Xnq+1,...,n
iid∼ p(x | y = 0), (10)

and we are interested in the posterior p(θ | Dn,q)

∝ p(θ)

nq∏
i=1

pθ(yi = 1 | xi)

n∏
i=nq+1

pθ(yi = 0 | xi), (11)

under the constraint of Assumption 2.

We first show that this posterior concentrates at the
true θ0 regardless of the choice of q. We assume the
distribution p(x) has full support and the prior covers
the true parameter, π(θ0) > 0, and we place standard
regularity conditions on the likelihood’s parameteriza-
tion [Miller, 2021]. Details and proof in Section B.1.

Proposition 1 (Consistent for any q). Under As-
sumption 1, Assumption 2, Assumption 3 and As-
sumption 4, we have p(θ | Dn,q) → δθ0 a.s. as n → ∞,
for q ∈ [0, 1].

The y-only data is essential to learning θ0 under dif-
ferent allocations q. If we use a model without the
constraint from Assumption 2, consistency fails. De-
tails and proof in Section B.2.

Proposition 2 (Inconsistent without y-only data).
Under Assumption 1, Assumption 5 and Assump-
tion 6, we have p(θ | Dn,q) → δθ̃ a.s. as n → ∞,
where pθ̃(y | x) ̸= p(y | x) except at q = p(y = 1).

4.3 Efficiency and optimal q

We now show that when activity is sparse, posterior
information is asymptotically maximized by collecting
only positive examples.

First, we look more closely at the behavior of the pos-
terior as we collect more data. The Bernstein-von
Mises theorem says the posterior will approach a Gaus-
sian, under regularity conditions on the likelihood and
prior. Let pq(y) denote Bernoulli(q).

Theorem 1 (Bernstein-von Mises). [e.g. Miller, 2021,
Thm. 3.2]. Let Assumption 1, Assumption 2, As-
sumption 3 and Assumption 4 hold. Let rn(θ̃) be the
density of

√
n(θ− θn), where θn is the maximum like-

lihood estimate. Then, p(θ̃ | Dq,n) converges a.s. in
total variation to a normal distribution with mean 0
and inverse covariance,

Hq = −Ep(x|y)pq(y)[∇
2
θ log pθ(Y | X)|θ=θ0 ] (12)

So, to maximize the amount of information we col-
lect, we will minimize the entropy of the asymp-
totic posterior distribution (D-optimality [Chaloner
and Verdinelli, 1995, Huan et al., 2024]),

argmin
q∈[0,1]

H(N (0, H−1
q )). (13)

We find that when the size η of the active region is
sufficiently small, the asymptotic posterior entropy is
minimized at q = 1. Let S0 ≜ Sθ0 and define informa-
tion matrices over S0,

Iy ≜ −Ep(x|S0,y)[∇
2
θ log pθ(Y | X)|θ0 ] (14)

for y ∈ {0, 1}. Note I0 and I1 can be positive definite
because the true θ0 is identified from p(x | y = 1) or,
by symmetry, from p(x | y = 0).

Proposition 3. Assume I0 and I1 are both positive
definite. Then if,

det(I1 −
η

1− η
I0) > 0 (15)

we have argmaxq H(N (0, Hq)) = 1. This holds for any
η sufficiently small.

Proof in Section B.3. The key idea is that, when η is
small, most of the negative examples will come from
outside the active region S0 (Figure 1c). These pro-
vide very little information about p(y | x). Positive
examples, meanwhile, provide large amounts of infor-
mation, since they come from within the active region.
By measuring only positive examples (q = 1), we con-
centrate our data collection efforts in the region of se-
quence space that provides the most information.

When should we set q = 1 in practice? A priori we do
not know I1, I0 or η. For a back-of-the-envelope cal-
culation, assume that within S0, positive and negative
examples are roughly equally common and equally in-
formative, such that I1 ≈ I0 and η ≈ 2p(y = 1).
Then, if p(y = 1) < 1/4, Equation (15) will hold. So,
back-of-the-envelope, we should collect only positive
examples if we expect hit rates below about 25%. In
practice, we can often estimate p(y = 1) before select-
ing q and measuring x, e.g. after sorting but before
sequencing, so this decision rule is actionable.
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How much information will we gain once we set
q = 1? Back-of-the-envelope, we gain more than
−d

2 log 3p(y = 1) nats, where d is the dimension of the
parameter space θ (Section B.4). This corresponds to
the same information gain, asymptotically, as increas-
ing the sample size from n to n/3p(y=1). Empirically, in
challenging therapeutic discovery problems, p(y = 1)
can be one in a billion [Skora et al., 2015]. This sug-
gests that in practice, we could increase our effective
dataset size by a factor of hundreds of millions.

4.4 Robustness

Finally, we study the robustness of learning under
q = 1. Learning with LeaVS requires an accurate
model of p(x) to achieve identification and consistency.
We examine robustness when the model of p(x) is
wrong, and the true distribution is contaminated by
the presence of outliers [Huber and Ronchetti, 2009].

Proposition 4 (Robust to ϵ contamination of p(x)).
Assume the data is generated from pϵ(x) = ϵδx′(x) +
(1− ϵ)p(x) where x′ /∈ S0 is outside the active region,
while the model assumes p(x) is true (Assumption 2).
Assume there exists a θϵ such that

pθϵ(y | x) = (1− ϵ)p(y | x). (16)

Then, under Assumption 3 and Assumption 4, p(θ |
Dn,q) → δθϵ a.s. as n → ∞, for q = 1.

Proof in Section B.5. This result shows the learned
model will be the same as the true p(y | x) up to
rescaling. It will correctly rank sequences by expected
activity, and provide the optimal ROC curve AUC.

Learning with LeaVS also requires an accurate esti-
mate of p(y) from the y-only data. If this data is un-
reliable, we will again learn a model that is only wrong
by a constant factor (Proposition 7). The model will
still correctly rank sequences by expected activity.

5 EMPIRICAL RESULTS

We examine the empirical performance of LeaVS on
both synthetic and experimental data. Our key finding
is that the right combination of experimental design
(measure only positive examples) and training algo-
rithm (the LeaVS objective) yields better predictions.

Our theoretical results are based on an asymptotic
analysis of Bayesian learning with a parametric model.
In practice, non-Bayesian, deep learning models are
widely used for sequence-to-activity maps. Here, we
show empirically that our key theoretical findings
carry over to this setting. We train transformer and
CNN-based models, and approximate the LeaVS ob-
jective using stochastic minibatching (Section C.1).

5.1 Synthetic data

We first examined a synthetic data setting, where the
true p(y | x) is known. We set p(x) to be a variational
synthesis model of antibody CDRH3 loops [Weinstein
et al., 2026]. Following previous studies of antibody
binding, we set p(y | x) such that y depends on the
presence of specific amino acid motif in x [Akbar et al.,
2021, Pavlović et al., 2021]. The overall activity rate
was small, at p(y = 1) = 0.015. Details in Section C.2.

We generated datasets under different measurement
allocations q, and trained transformer-based models
using cross-entropy and the LeaVS objective. Examin-
ing model accuracy, we see very different performance
as a function of q (Figure 2a). Standard cross-entropy
peaks around q = p(y = 1), i.e. when we take a rep-
resentative sample from the distribution. But even at
this peak, it does not surpass random predictions with
frequency p(y = 1). Training with LeaVS, we find
similar performance at q = p(y = 1). But now, as we
turn up q, the model improves substantially, peaking
near q = 1, even as the cross-entropy model’s accuracy
drops to near zero (Figure S1). In short, by modifying
both the experimental design and the training proce-
dure, we achieve substantial performance gains, while
either modification on its own is insufficient.

As an additional performance metric, we also consid-
ered the area under the precision-recall curve. This
metric is commonly used for imbalanced datasets, and
is, unlike accuracy, insensitive to rescaling the predic-
tion pθ̂(y | x). We find qualitatively similar behavior.
Cross-entropy peaks at low values of q, while LeaVS
peaks near q = 1, achieving much better performance.

We checked the reliability of model evaluation in the
absence of negative examples. We see a close match be-
tween estimated and true accuracy, sufficient to choose
a high-quality model based on held-out data (Fig-
ure S2a). Calibration error estimates are similarly re-
liable (Figure S2b).

We repeated the simulations with count-valued rather
than binary y, using a negative binomial distribution
(Section 3.4). Again, performance is optimized by set-
ting q = 1 and training with LeaVS (Figure S3).

We ran simulations with higher activity rates. At
p(y = 1) = 0.25, LeaVS with q = 1 still outper-
forms cross-entropy (PR AUC 0.93 versus 0.70), while
at p(y = 1) = 0.5, LeaVS underperforms (PR AUC
0.69 versus 0.76). This suggests the guidance to use
LeaVS only when p(y = 1) < 0.25 (Section 4.3) can
be conservative in practice.
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Figure 2: Performance on synthetic data.

5.2 Experimental data from TCRs

We next sought to evaluate LeaVS on real experimen-
tal data, where p(x, y) is given by nature. We used a
dataset screening human T cell receptors (TCRs), x,
for binding against an influenza antigen, y [Genomics,
2019]. Here we have measurements of (x, y) for each
cell, obtained via single-cell sequencing. Starting from
this complete dataset, we generated smaller datasets
with different values of q, by subsampling cells. To ob-
tain samples from p(x) for training, we drew samples
of x from heldout cells. Details in Section C.3. Note
that because we must subsample a full dataset, n is
relatively small, 170 cells, which increases variability.

The results on this experimental data, shown in Fig-
ure 3, show a similar pattern to the synthetic data.
Combining high q with the LeaVS objective boosts
performance over cross-entropy at q = p(y = 1).
Alone, increasing q or using the LeaVS objective does
not help; the experiment and inference must be mod-
ified together. Accuracy and calibration error es-
timates continue to track the true values, though
they are sometimes conservative, under-estimating ac-
curacy and over-estimating calibration (Figure S4).
Overall, we find LeaVS produces better models of a
real sequence-to-activity relationship.

5.3 Large-scale demonstration on antibodies

Finally, we deploy LeaVS at scale to learn therapeuti-
cally important sequence-activity relationships. We fo-
cus on TCR-mimicking antibodies (TCRm) and their
binding against a challenging oncology target [Kle-
banoff et al., 2023]. Previously, we used variational
synthesis to synthesize 1016 samples from a generative
model of human antibody CDRH3s. The DNA was
assembled into scFv CAR cell therapy constructs and
delivered into 22.5 million human cells. The library
was screened against a panel of fluorescent and DNA-
barcoded peptide-HLA (pHLA) oncology targets. We
obtained y values for the full population of cells based

on sorting (FACS). Single-cell sequencing was used to
recover synthesized antibody sequence, x, along with
counts measuring binding strength, y (Section C.4 and
Weinstein et al. [2026]). Given the low proportion of
active sequences estimated from sorting (below 1%),
we chose q = 1 and allocated our entire single-cell se-
quencing budget to active sequences.

Using the LeaVS objective, we trained a model to pre-
dict binding to the cancer-testis antigen MAGE-A4.
We trained on binding counts using the generalized
LeaVS objective (Equation (5)) and a negative bino-
mial activity distribution, binarizing y with a thresh-
old for evaluation. We used the antibody variational
synthesis model for p(x). We find that the LeaVS-
trained predictor successfully generalizes to heldout
data, surpassing a random predictor (Figure 4a). In-
deed, we see precision values more than an order of
magnitude larger than the baseline hit rate (dashed),
implying that if we select sequences with high values of
E[Y | x], we can enrich for MAGE-A4 hits by 10-100x.
This suggests the model is capable of being used for
iterative sequence design.

To confirm the model’s predictive ability was not an
artifact of misspecification of p(x), we used sequencing
data from the pre-screen DNA library. The model’s
estimate of E[Y | x] still distinguishes this distribution
from the distribution of hits (Figure 4b), with similar
predictive performance (Figure S5). These results are
robust to changes in model architecture, e.g. using a
CNN in place of a transformer (Figure S6).

In short, we can use LeaVS to train therapeutically
relevant predictive models, describing interactions be-
tween generative model-designed antibodies and chal-
lenging oncology targets.

6 DISCUSSION

We have proposed LeaVS, an approach to scale up
biological machine learning. LeaVS rests on the co-
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Figure 3: Performance on experimental TCR data.
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Figure 4: Predicting binding of TCRm scFv CAR therapeutic candidates to MAGE-A4, a chal-
lenging oncology target.

design of experiments and training algorithms. It pro-
duces more informative datasets by focusing limited
measurement budgets on positive examples. Then, it
adjusts for missing data during training, using a gen-
erative model of the experiment. By shifting the dis-
tribution of training data, then correcting for this shift
post-hoc, we accelerate learning.

Limitations and assumptions LeaVS assumes ac-
cess to samples from p(x). These samples can come
from a variational synthesis model of the library, but
this model may not be perfect. Samples can also come
from sequencing part of the library before screening,
but this is costly, and provides only a limited number
of samples.

The choice of the synthesis distribution p(x) to use in
the experiment is critical in practice, since it defines
the region of sequence space to explore. Our method
does not provide guidance on how to set p(x), but
rather takes it as given.

The optimal q depends on quantities that are unob-
served. We have relied on back-of-the-envelope esti-
mates to suggest that we set q = 1 when we observe
p(y = 1) < 0.25 (Section 4.3). But if, for example, the
sequence-to-activity map is not sparse, this may not

be the optimal choice.

Future directions The LeaVS objective includes
a marginal likelihood, which we approximate with a
nested Monte Carlo estimate (Equation (3)) [Rain-
forth et al., 2018]. This estimate might be improved
using importance sampling or multilevel Monte Carlo
methods [Goda et al., 2022].

Experiments can be performed sequentially to gather
more information. In this setting, the library distribu-
tion p(x) can be updated given current knowledge of
p(y | x). It could be steered toward successful designs,
or toward regions of sequence space where uncertainty
remains high [Yang et al., 2025, Smith et al., 2023].
This naturally leads to higher values of p(y = 1), rais-
ing the question of how to adaptively set q as informa-
tion accumulates [Rainforth et al., 2024].

A fundamental lesson of modern machine learning is
that scale is essential to unlocking new model capa-
bilities. In biological machine learning, laboratory ex-
periments are a core part of the AI stack. Our work
emphasizes the importance of designing experiments
and training in tandem, to scale up models and accel-
erate learning.
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Code demonstrating LeaVS is available at https://github.com/jurabio/leavs-demo.

A Evaluation Details

A.1 Accuracy Approximation

To approximate the accuracy Ap[tθ], let (x̃1, 1), ..., (x̃ñ, 1), yñ+1, ..., yÑ denote heldout data, and draw samples
x′
1, ..., x

′
M ∼ p(x). We obtain,

Ap[tθ] =p(y = 1)E[tθ(X)|Y = 1] + Ep[1− tθ(X)]− p(y = 1)Ep[1− tθ(X)|Y = 1] (17)

≈(
1

Ñ

Ñ∑
i=1

ỹi)
1

ñ

ñ∑
i=1

tθ(x̃i) +
1

M

M∑
j=1

(1− tθ(x
′
i))− (

1

Ñ

Ñ∑
i=1

ỹi)
1

ñ

ñ∑
i=1

(1− tθ(x̃i)) (18)

Precision and Recall We can apply the same strategy as used for accuracy to approximate the precision and
recall, along with other standard measures of classifier performance. The precision admits the decomposition

Ep[Y tθ(X)]

Ep[tθ(X)]
=

p(y = 1)E[tθ(X)|Y = 1]

Ep[tθ(X)]
(19)

The numerator can be estimated as for accuracy; the denominator can be estimated using samples from p(x).
The recall is the same, but with a different denominator,

Ep[Y tθ(X)]

p(y = 1)
. (20)

We can estimate the denominator using y-only data, as for accuracy.

A.2 Calibration Approximation

We form an estimate of the histogrammed ECE,

ecep[pθ] ≈
K∑

k=1

p(pθ(y = 1|X) ∈ Φk)d (Ep[Y | pθ(y = 1|X) ∈ Φk],Ep[pθ(y = 1|X) | pθ(y = 1|X) ∈ Φk]) (21)

Let (x̃1, 1), ..., (x̃ñ, 1), yñ+1, ..., yÑ denote heldout data, and draw samples x′
1, ..., x

′
M ∼ p(x). We obtain,

p(pθ(y = 1 | X) ∈ Φk) ≈
1

M

M∑
j=1

I(pθ(y = 1 | x′
j) ∈ Φk) (22)

Ep[Y | pθ(y = 1 | X) ∈ Φk] =
Ep[Y I(pθ(y = 1 | X) ∈ Φk)]

Ep[I(pθ(y = 1 | X) ∈ Φk)]
(23)

≈

(
1
Ñ

∑Ñ
i=1 ỹi

)
1
ñ

∑ñ
i=1 I(pθ(y = 1 | x̃i) ∈ Φk)

1
M

∑M
j=1 I(pθ(y = 1 | x′

j) ∈ Φk)
(24)

Ep[pθ(y = 1 | X) | pθ(y = 1 | X) ∈ Φk] =
Ep[pθ(y = 1 | X)I(pθ(y = 1 | X) ∈ Φk)]

Ep[I(pθ(y = 1 | X) ∈ Φk)]
(25)

≈
1
M

∑M
j=1 pθ(y = 1 | x′

j)I(pθ(y = 1 | x′
i) ∈ Φk)

1
M

∑M
j=1 I(pθ(y = 1 | x′

j) ∈ Φk)
(26)

https://github.com/jurabio/leavs-demo
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B Proofs

B.1 Proof of Proposition 1 and Theorem 1

We assume the distribution p(x) has support over all possible values of x, i.e. we will only be able to learn
p(y | x) for x that can actually occur.

Assumption 3 (Full support). p(x) > 0 for all x ∈ X .

Our results build on the observation that we can nonparametrically identify p(y | x) from p(x) (the library
distribution), p(x | y = 1) (the distribution of positive examples) and p(y = 1) (the activity/hit rate).

Lemma 1 (Nonparametric identification). Let Assumption 3 hold. Given p(x), p(x | y = 1) and p(y = 1), we
can compute p(y | x).

Proof.

p(y = 1 | x) = p(x | y = 1)p(y = 1)

p(x)
(27)

To prove Proposition 1 and Theorem 1, we make use of the average log likelihood of the model,

Lq,n(θ) ≜
1

n

nq∑
i=1

log pθ(y = 1 | xi) +
1

n

n∑
i=nq+1

log pθ(y = 0 | xi). (28)

By the strong law of large numbers, Lq,n(θ) converges pointwise a.s. to the expected log likelihood as n → ∞,

Lq(θ) ≜ qEp(x|y=1)[log pθ(y = 1 | X)] + (1− q)Ep(x|y=0)[log pθ(y = 0 | X)] (29)

= Ep(x|y)pq(y)[log pθ(Y | X)], (30)

where pq(y) is defined as the Bernoulli distribution with parameter q.

Our key intermediate result is that the expected log likelihood of the model under the data distribution is
maximized at θ0, for any q.

Proposition 5 (θ0 is optimal). Let Assumption 1, Assumption 2 and Assumption 3 hold. Then for all q ∈ [0, 1],
Lq(θ) is maximized at θ0.

Proof. Let pθ(x | y) ∝ pθ(y | x)p(x) denote the conditional distribution of y under the model and the true x
distribution. We have

argmax
θ∈Θ

Lq(θ) = argmax
θ∈Θ

Ep(x|y)pq(y)[log pθ(Y | X) + log p(X)] (31)

= argmax
θ∈Θ

Ep(x|y)pq(y)[log pθ(X | Y ) + log p(Y )] (32)

= argmax
θ∈Θ

Ep(x|y)pq(y)[log pθ(X | Y )] (33)

= argmin
θ∈Θ

qKL(p(x | y = 1)∥pθ(x | y = 1)) + (1− q)KL(p(x | y = 0)∥pθ(x | y = 0)) (34)

where in the first line we use the fact that p(x) does not depend on θ, for the second line we use the chain rule
for conditional entropy, for the third line we use Assumption 2.

When q > 0, the minimum of the first term in Equation (34) is reached when pθ(x | y = 1) = p(x | y = 1).
This occurs if and only if pθ(y | x) = p(y | x), by Equation (27), since p(x) > 0 for all x and pθ(y) = p(y)
(Assumption 2). So, since the model is well specified (Assumption 1) θ0 must be a minimizer of the first
term in Equation (34). The same argument holds for the second term of Equation (34), so θ0 must minimize
Equation (34) overall. When q = 0, the same argument holds with y = 0 switched for y = 1.
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For this result to translate into posterior consistency and asymptotic normality, we must place regularity condi-
tions on the model’s parameterization. We use the conditions of Theorem 3.2 in Miller [2021], which provides a
version of the Bernstein-von Mises theorem (BvM) which handles settings where the model’s distribution does
not match the data distribution, as is the case here.

Assumption 4 (Bernstein-von Mises assumptions). Let Θ ⊆ Rd. Assume the prior p(θ) is continuous at θ0
and π(θ0) > 0. Let E ⊆ Θ be a convex bounded open set that contains θ0. Assume Ln,q(θ) has continuous third

derivatives on E. Assume −∇2
θLq(θ0) is positive definite. Assume the set {

(∑d
i,j,k=1

(
∂Ln,q

∂θi∂θj∂θk
(θ)

)2 )1/2
: θ ∈

E,n ∈ N} is bounded. Assume that either (a) Lq(θ) < Lq(θ0) for all θ ∈ K\{θ0} and lim supn supθ∈Θ\K Ln,q(θ) <
Lq(θ0) for a compact K ⊆ E with θ0 in the interior of K or (b) −Ln,q(θ) is convex for each n and ∇L(θ0) = 0.

Crucially, the reason Assumption 4 can be satisfied here is because of Proposition 5, that is, θ0 is a maximizer of
the expected log likelihood, and hence we have ∇L(θ0) = 0 and −∇2

θLq(θ0) positive definite. With Assumption 4
in place, Proposition 1 and Theorem 1 follow from Theorem 3.2 in Miller [2021].

B.2 Proof of Proposition 2

If we do not have the constraint of Assumption 2, the learned model will reflect the shifted distribution
p(x | y)pq(y) rather than the target distribution p(x, y). We assume first that the model includes this shifted

distribution. Let pq(x) =
∑1

y=0 p(x | y)pq(y) and pq(y | x) = p(x | y)pq(y)/pq(x) denote the marginal and
conditional under the shifted distribution.

Assumption 5 (Specified under shifts). Assume there exists a θ̃ ∈ Θ such that pθ̃(y | x) = pq(y | x) for all x, y.

For this assumption to hold at q ̸= p(y = 1), Assumption 2 must be violated, since
∫
pq(y = 1 | x)p(x)dx =

pq(y = 1) = q. This means, moreover, that pθ̃(y | x) ̸= p(y | x). On the other hand, when q = p(y = 1),

Assumption 5 coincides with Assumption 1, and we can set θ̃ = θ0.

Now, the expected likelihood is maximized at pq(y | x).

Proposition 6 (θ̃ is optimal). Let Assumption 5 and Assumption 3 hold. Then Lq(θ) is maximized at θ̃.

Proof. We have,

argmax
θ∈Θ

Lq(θ) = argmax
θ∈Θ

Ep(x|y)pq(y)[log pθ(Y | X)] (35)

= argmin
θ∈Θ

Epq(x)[KL(pq(Y | X)∥pθ(Y | X))] (36)

The KL divergence is minimized whenever pq(Y | X) = pθ(Y | X).

Now, assume the model is sufficiently regular around θ̃.

Assumption 6 (BvM assumptions). Assumption 4 holds with θ0 replaced by θ̃.

As before, this assumption can only be satisfied because of Proposition 6. Then, Proposition 2 follows from
Theorem 3.2 in Miller [2021].

B.3 Proof of Proposition 3

Proof. Using the formula for the entropy of a Gaussian, we can see

argmin
q∈[0,1]

H(N (0, H−1
q )) = argmax

q∈[0,1]

detHq (37)

We now have

Hq =− qEp(x|y=1)[∇2
θ log pθ(y = 1 | X)|θ0 ]− (1− q)Ep(x|y=0)[∇2

θ log pθ(y = 0 | X)|θ0 ] (38)

=qI1 + (1− q)p(S0 | y = 0)I0 (39)
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where in the second line we have used that p(x | y = 1) = p(x | S0, y = 1) by Equation (8). This implies H1 = I1
so we have,

Hq = H1 + (1− q)(p(S0 | y = 0)I0 − I1). (40)

Recall some properties of the determinant: det(A+B) ≥ detA+ detB, and det aB = ad detB for scalar a. We
obtain,

detH1 ≥ detHq + (1− q)d det(I1 − p(S0 | y = 0)I0) (41)

≥ detHq + (1− q)d det(I1 −
η

1− η
I0) + (1− q)d

(
η

1− η
− p(S0 | y = 0)

)d

det I0 (42)

Now we have,

p(S0 | y = 0) =
p(S0, y = 0)

p(y = 0)
=

ηp(y = 0 | S0)

1− η + ηp(y = 0 | S0)
≤ η

1− η
. (43)

where we have used Equation (8) for the second equality, and 0 ≤ p(y = 0 | S0) ≤ 1 for the inequality. Since I0
is positive definite by assumption, we have

detH1 ≥ detHq + (1− q)d det(I1 −
η

1− η
I0) (44)

Applying the assumption on the second term, we find that for any 0 ≤ q < 1,

detH1 > detHq. (45)

Note I0 and I1 do not depend on η, as they condition on S0. So, since I1 and I0 are positive definite, there
always exists η sufficiently small such that det(I1 − η

1−ηI0) > 0.

An interesting feature of this result is the optimal choice of q exhibits a threshold effect as a function of η.
Naively, one may hypothesize that the optimal q converges to 1 as η converges to 0. But the result here is
stronger: for sufficiently small η, the optimal choice of q becomes exactly 1. This means that if we expect the
optimal region to be small, we should collect only positive examples.

B.4 Back-of-the-envelope information gain

We can compute the information gain as the difference in Shannon entropy of the asymptotic posterior distribu-
tion, when setting q = 1 versus q = p(y = 1) (or, equivalently, drawing samples i.i.d. from p(x, y)):

H(N (0, n−1H−1
q ))−H(N (0, n−1H−1

1 )) (46)

Plugging in Equation (39), and using I ≜ I0 = I1 under our back-of-the-envelope assumptions, we have

=
1

2
log det I − 1

2
log det[qI + (1− q)p(S0 | y = 0)I] (47)

= −d

2
log(q + (1− q)p(S | y = 0)) (48)

Applying Equation (43), the information gain is at least

≥ −d

2
log(q + (1− q)

η

1− η
) (49)

Plugging in the back-of-the-envelope assumption q = p(y = 1) = η/2, we have

= −d

2
log q − d

2
log(1 + 2

1− q

1− 2q
) (50)

≥ −d

2
log 3q. (51)
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We can compare this information gain from increasing the sample size from n to cn,

H(N (0, n−1H−1
q ))−H(N (0, (cn)−1H−1

q )) =
1

2
log[(cn)d]− 1

2
log[nd] (52)

=
d

2
log c (53)

So, back-of-the envelope, collecting positive examples provides at least as much information as increasing the
sample size from n to n

3p(y=1) .

B.5 Proof of Proposition 4

Proof. To prove Proposition 4, we show that θϵ minimizes the expected log likelihood of the model. Let pϵ(x, y) =
pϵ(x)p(y | x) denote the joint distribution of the data, and let pθ(x, y) = p(x)p(y | x) denote the joint distribution
of the model. Under Assumption 2, the true hit rate is known, so pϵ(y = 1) =

∫
pθ(y = 1 | x)p(x)dx =

∫
p(y =

1 | x)pϵ(x)dx. Following Section B.1 the expected log likelihood is,

argmax
θ∈Θ

Lq(θ) = argmax
θ∈Θ

Epϵ(x|y)pq(y)[log pθ(y | x)] (54)

= argmax
θ∈Θ

Epϵ(x|y)pq(y)[log pθ(y | x) + log p(x)] (55)

= argmax
θ∈Θ

Epϵ(x|y)pq(y)[log pθ(x | y) + log pϵ(y)] (56)

= argmax
θ∈Θ

Epϵ(x|y)pq(y)[log pθ(x | y)] (57)

= argmin
θ∈Θ

qkl(pϵ(x | y = 1)∥pθ(x | y = 1)) + (1− q)kl(pϵ(x | y = 0)∥pθ(x | y = 0)) (58)

When q = 1, the minimum of zero is reached when pθ(x | y = 1) = pϵ(x | y = 1), implying

pθ(y = 1 | x)p(x)
pϵ(y = 1)

=
p(y = 1 | x)pϵ(x)

pϵ(y = 1)
(59)

pθ(y = 1 | x) = pϵ(x)

p(x)
p(y = 1 | x). (60)

Plugging in Equation (8), and using the fact that x′ /∈ S0,

pθ(y = 1 | x) =

{
(1− ϵ)hθ0(x) x ∈ S0

0 x /∈ S0

= (1− ϵ)p(y | x) (61)

We can confirm that this satisfies
∫
pθ(y = 1 | x)p(x)dx = pϵ(y = 1) =

∫
p(y = 1 | x)pϵ(x)dx = (1− ϵ)

∫
p(y =

1 | x)p(x)dx. So θϵ minimizes the expected log likelihood. The conclusion follows from Theorem 3.2 in Miller
[2021], as in Section B.1 but with θϵ replacing θ0.

Note the result holds even when ϵ < 0, corresponding to the situation where a sequence drops out of the library,
e.g. during a cloning or transformation step. However, the result does not necessarily hold for LeaVS when
q < 1, since in the second term of Equation (58),

pϵ(x | y = 0) ∝ p(y = 0 | x)pϵ(x) =

{
(1− ϵ)p(x)(1− hθ0(x)) x ∈ S0

(1− ϵ)p(x) + ϵδx′(x) x /∈ S0,
(62)

which, unlike pϵ(x | y = 1), is not independent of the location of the distortion, x′. This re-emphasizes the value
of setting q = 1.

Another source of misspecification of p(x) is when multiple sequences are delivered to the same cell, due to high
multiplicity of infection. We characterize this situation in Weinstein et al. [2025].
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B.6 Robustness to p(y)

We examine robustness if the y-only data is unreliable. As with distortions of p(x), LeaVS learns the true model
up to a factor that is constant in x.

Proposition 7 (Robustness to ϵ contamination of p(y)). Assume the true marginal of the data is pϵ(y = 1) =
p(y = 1) + ϵ, but the model assumes the marginal p(y = 1) in Assumption 2. Assume there exists a θϵ such that

pθϵ(y | x) = 1

1 + ϵ
p(y=1)

p(y | x). (63)

Then, under Assumption 3 and Assumption 4, p(θ | Dn,q) → δθϵ a.s. as n → ∞, for q = 1.

Proof. We show that θϵ minimizes the expected log likelihood of the model. The model assumes
∫
pθ(y = 1 |

x)p(x)dx = p(y = 1) whereas the actual data satisfies
∫
p(y = 1 | x)p(x)dx = pϵ(y = 1). Following Section B.5,

we have for q = 1,

argmax
θ∈Θ

Lq(θ) = argmin
θ∈Θ

kl(pϵ(x | y = 1)∥pθ(x | y = 1)). (64)

This gives a solution at,

pθ(y = 1 | x)p(x)
p(y = 1)

=
p(y = 1 | x)p(x)

pϵ(y = 1)
(65)

pθ(y = 1 | x) = p(y = 1)

pϵ(y = 1)
p(y = 1 | x). (66)

We confirm this has the specified marginal:
∫
pθ(y = 1 | x)p(x)dx =

∫ p(y=1)
pϵ(y=1)p(y = 1 | x)p(x)dx = p(y = 1).

The result follows as in Section B.5.

B.7 Extension to richer measurements

We generalize to a setting where y is not binary, but instead is in a more general space Y ⊆ Rk, following the
setup in Section 3.4. We generalize the sparse activity model (Equation (8)) to an exponential family form.

Assumption 7 (Exponential family sparse activity). The conditional distribution of y takes the form,

pθ(y | x) =

{
ν(y) exp [hθ(x) · T (y)−A(hθ(x))] x ∈ Sθ

δ0⃗(y) x /∈ Sθ,
(67)

for Sθ ⊆ X and 0⃗ the zero vector in Rk. Here the exponential family has natural parameter hθ(x), sufficient
statistic T (y), and log partition function A(hθ(x)). We assume 0⃗ /∈ O.

Since we can take Sθ = X , this function class covers any distribution that is conditionally an exponential family
distribution. The inactive level 0⃗ is some arbitrary point outside the hit region O. We assume the model is
well-specified (Assumption 1), so there is a true S0 ≜ Sθ0 and h0(x) ≜ hθ0(x).

B.7.1 Identification

To establish identification, we require that there is sufficient information about the distribution p(y | x) within
the observed region O ⊆ Y.

Assumption 8 (Rich hit region). Assume there exist ỹ1, . . . , ỹC ∈ O such that (a) p(ỹc | x) > 0 for all x ∈ S0

and c ∈ {1, . . . , C}, and (b) the square matrix T̃ with rows (T (ỹc), 1) is invertible.

For example, consider the case where y ∈ Z2
+, the distribution p(y | x) is independently Poisson in both

dimensions and the hit region is O = {y : y1 + y2 > 0}. For the two-dimensional Poisson, the sufficient statistic
is T (y) = (y1, y2), so we can take ỹ1 = (1, 0), ỹ2 = (0, 1), and ỹ3 = (1, 1) to obtain an invertible T̃ . More broadly,
Assumption 8 admits the common biological setting where O = {y :

∑
j yj > τ} and the outcome distribution is

Poisson, Gaussian or negative Binomial.

We can now establish identification.
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Lemma 2 (Nonparametric identification). Assume p(y | x) satisfies Assumption 7 and Assumption 8, and let
Assumption 3 hold. Given p(x), p(x, y | y ∈ O) and p(y ∈ O), we can compute p(y | x).

Proof. We first identify S0. From Assumption 3 we can compute for all x ∈ X ,

p(y ∈ O | x) = p(x | y ∈ O)p(y ∈ O)

p(x)
. (68)

From Assumption 8a, p(y ∈ O | x) > 0 for x ∈ S0, and from Assumption 7, p(y ∈ O | x) = 0 for x /∈ S0. So S0

is identified, as is p(y | x) for x /∈ S0.

It remains to identify p(y | x) for x ∈ S0. We can compute for x ∈ S0 and y ∈ O,

p(y | x) = p(x, y | y ∈ O)p(y ∈ O)

p(x)
. (69)

From this, we can identify the distribution p(y | x) over all y using Assumption 8, as follows. Let L̃ denote the
length C vector with entries log[p(ỹc | x)/ν(ỹc)], and note these values are finite by Assumption 8a. Rewrite the
exponential family description, p(ỹ | x) = ν(ỹ) exp[h0(x) · T (ỹ)−A(h0(x))], to obtain the linear equation,

L̃ = T̃ ·
(

h0(x)
−A(h0(x)))

)
(70)

From Assumption 8b, we can solve to find h0(x) = (T̃−1L̃)1:C−1. Since the parameter of the exponential family,
h0(x), is identified, the distribution p(y | x) is identified.

B.7.2 Asymptotic consistency

We next establish asymptotic consistency. As before, we assume based on the the large N limit of the LeaVS
objective that the hit rate is known.

Assumption 9 (Known hit rate). ∫
pθ(y ∈ O | x)p(x) = p(y ∈ O) (71)

After setting q, we observe,

(X1, Y1), . . . , (Xnq, Ynq)
iid∼ p(x, y | y ∈ O) (72)

(Xnq+1, Ynq+1), . . . , (Xn, Yn)
iid∼ p(x, y | y /∈ O), (73)

and we are interested in the posterior,

p(θ | Dn,q) ∝ p(θ)

n∏
i=1

pθ(yi | xi), (74)

under the constraint of Assumption 9. We show the posterior is asymptotically consistent under different q.
Note the conditions for consistency under q = 1 are weaker than those for more general q.

Proposition 8 (Consistent under any q). Assume the model (Assumption 7) is well-specified (Assumption 1),
the hit rate is known (Assumption 9), p(x) has full support (Assumption 3) and the prior and likelihood are
well-behaved (Assumption 4). If the hit region is rich (Assumption 8), we have p(θ | Dn,q) → δθ0 a.s. as n → ∞,

for q = 1. If, in addition, the complement of the hit region is rich, such that Assumption 8 holds with Oc ≜ Y \O
in place of O, then p(θ | Dn,q) → δθ0 a.s. as n → ∞, for any q ∈ [0, 1].

Proof. The average log likelihood of the data is

Lq,n(θ) ≜
1

n

n∑
i=1

log pθ(yi | xi). (75)
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By the strong law of large numbers, this function converges pointwise a.s. to the expected log likelihood

Lq(θ) ≜ qEp(x,y|y∈O)[log pθ(Y | X)] + (1− q)Ep(x,y|y/∈O)[log pθ(Y | X)] (76)

= Ep(x,y|z)pq(z)[log pθ(Y | X)] (77)

where z is an indicator variable for y ∈ O and pq(z) is the Bernoulli distribution with parameter q.

We next show the expected log likelihood is maximized at θ0.

argmax
θ∈Θ

Lq(θ) = argmax
θ∈Θ

Ep(x,y|z)pq(z)[log pθ(Y | X) + log p(X)] (78)

= argmax
θ∈Θ

Ep(x,y|z)pq(z)[log pθ(X,Y | Z) + log p(Z)] (79)

= argmax
θ∈Θ

Ep(x,y|z)pq(z)[log pθ(X,Y | Z)] (80)

= argmax
θ∈Θ

qEp(x,y|y∈O)[log pθ(X,Y | y ∈ O)] + (1− q)Ep(x,y|y/∈O)[log pθ(X,Y | y /∈ O)] (81)

= argmin
θ∈Θ

qkl(p(x, y | y ∈ O)∥pθ(x, y | y ∈ O)) + (1− q)kl(p(x, y | y /∈ O)∥pθ(x, y | y /∈ O)) (82)

where in the first line we use that p(x) does not depend on θ, the second line is the chain rule, and the third
line uses Assumption 9 which implies pθ(y ∈ O) = p(y ∈ O) is independent of θ.

When q = 1 only the first term appears. Its minimum is reached when p(x, y | y ∈ O) = pθ(x, y | y ∈ O), which
by Lemma 2 implies pθ(y | x) = p(y | x). By Assumption 1, this occurs at θ = θ0.

When q < 1, the second term of Equation (82) appears, which is minimized at p(x, y | y /∈ O) = pθ(x, y | y /∈ O).
We can apply the same argument as in the proof Lemma 2 to show that p(y | x) is identified. Briefly, exchanging
O with Oc in Equation (68), S0 is identified from the fact that p(y ∈ Oc | x) < 1 for x ∈ S0 and p(y ∈ Oc | x) = 1
for x /∈ S0. Then, exchanging O with Oc in Equation (69), we can identify p(y | x) within x ∈ S0 by the same
exponential family argument. So the minimizer is again obtained at θ = θ0.

We conclude that Lq(θ) is minimized at θ0. The conclusion then follows from Theorem 3.2 in [Miller, 2021].

B.7.3 Efficiency

We next characterize efficiency. Under the conditions of Proposition 8, the Bernstein-von Mises theorem applies
(Theorem 3.2 in [Miller, 2021]), with the information matrix

Hq = −Ep(x,y|z)pq(z)[∇
2
θ log pθ(Y | X)|θ=θ0 ] (83)

where again we use p(x, y | z) as shorthand for p(x, y | I(y ∈ O) = z), i.e. z is an indicator variable for whether
or not y ∈ O.

As in the binary y case, we find that when activity is sparse, i.e. η is small, then the asymptotic posterior entropy
is minimized at q = 1. So, we maximize information gain by just collecting samples with y ∈ O.

Proposition 9. Define

Iz ≜ −Ep(x,y|S0,z)[∇
2
θ log pθ(Y | X)|θ=θ0 ]. (84)

Then Proposition 3 holds with Hq defined as in Equation (83).

Proof. The proof is essentially the same as that of Proposition 3 (Section B.3). We have

Hq = −qEp(x,y|y∈O)[∇2
θ log pθ(Y | X)|θ=θ0 ]−(1−q)Ep(x,y|y/∈O)[∇2

θ log pθ(Y | X)|θ=θ0 ] = qI1+(1−q)p(S0 | y /∈ O)I0.
(85)

Following the same logic as in Equation (43), using the sparse activity model (Assumption 7), we have p(S0 |
y /∈ O) ≤ η/(1 − η). Then, using the same logic as in the proof of Proposition 3, we find that detH1 > detHq

for 0 ≤ q < 1 when Equation (15) holds. The conclusion follows.
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B.7.4 Model evaluation

We suggest a two stage procedure for checking a model pθ(y | x).

First, evaluate pθ(y ∈ O | x). This is a classifier, and so can be evaluated using the tools in Section 3.3, using
both the (x, y) pair data and the z data.

Second, evaluate pθ(y | x, y ∈ O). This requires checking the model’s fit just on the collected (x, y) pairs, setting
aside the z data. Here we can apply tools for evaluating regression models, e.g. we can compute an R2 on
held-out (x, y) pairs, look at a Q-Q plot of the residuals, or apply a full nonparametric goodness-of-fit test.

The procedure is valid because if both checks pass, the model must match p(y | x), at least asymptotically. In
particular, if pθ(y ∈ O | x) = p(y ∈ O | x) for x ∈ X , and if pθ(y | x, y ∈ O) = p(y | x, y ∈ O) for x ∈ X and
y ∈ O, then we have the correct p(y | x) for x ∈ X and y ∈ O. This implies that pθ(y | x) = p(y | x) for all
y ∈ Y under Assumption 8, using the identification argument in Lemma 2.

B.8 Learning from x-only data

In this section we describe a general method to combine data sampled from p(x) and an approximate model to
estimate

∫
pθ(y | x)p(x)dx when p(x) is unknown. The method bottoms out in approximating the integral with

a mix of samples from the model and samples from the data. The tradeoff is determined by how much data is
available, and the scientist’s prior beliefs about how much to trust the model.

We consider the posterior mean of the marginal likelihood of y = 1 under the model,

p(x) ∼ DirichletProcess(pmodel(x), α) (86)

x′
1, . . . , x

′
M

iid∼ p(x) (87)

By conjugacy, the posterior over p(x) is DP( α
α+M pmodel(x)+

M
α+M p̂M (x), α+M) where p̂M (x) = 1

M

∑M
i=1 δx′

i
(x)

is the empirical distribution of the data [Teh, 2010]. We can compute the posterior mean of the marginal
likelihood as

E[
∫

pθ(y | x)p(x)dx | x′
1:M ] =

∫
pθ(y | x)E[p(x) | x′

1:M ]dx (88)

=

∫
pθ(y | x)

(
α

α+M
pmodel(x) +

M

α+M
p̂M (x)

)
dx (89)

where we have used the fact that the marginal likelihood is a linear functional of p(x), and plugged in the posterior
mean of the Dirichlet process. We can approximate this integral by Monte Carlo, drawing a fraction α

α+M of
the samples from the model and the rest from the sequencing data. With no data, we just use samples from the
model, and we recover the standard LeaVS approach. As data accumulates, the posterior will concentrate at the
true value of p(x), and the approximation will correspondingly be dominated by the contribution of the data.

C Empirical Results

C.1 Models and training

In all three datasets, we used a shallow single-layer CNN with a kernel size of 5, stride 1, 32 channels, and a
16-dimensional initial embedding for the individual amino acids. Where possible (in the synthetic results and
the large-scale demonstration on antibodies) we used a batch size of 128 positive examples; for the TCR dataset,
due to low n, we used a batch size of 16 positive examples. For the LeaVS marginal likelihood correction we
draw M = 19× batch-size samples from p(x), i.e. M = 2,432 for the synthetic and antibody demonstrations,
and M = 304 for the TCR dataset. The models were trained for 1000 epochs on a single NVIDIA H100
GPU (about 6 minutes per dataset). For the large-scale demonstration on antibodies, we additionally trained a
transformer-based model: encoder-only, depth 8, attention dimension 16, 16 eight-dimensional attention heads.
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Figure S1: Accuracy on synthetic data (Figure 2a) with y-axis extended to zero.

C.2 Synthetic data

In the synthetic data setting, we set p(x) to be a variational synthesis model of antibody CDRH3 amino acid
sequences [Weinstein et al., 2026]. We set p(y | x) so that y depends on the presence of specific amino acid
sequences at specific positions. Namely, p(y | x) is defined as follows: given a sequence x, we set its ’base
strength’ s(x) to 1. Then, we check for the presence of the following substrings: (i) "P" or "C" at position 3
(zero-indexed), (ii) "N" or "C" at position 5, and (iii) "PC" or "SS" starting at position 6. The presence of each
substring increases the strength s(x) by a multiplier of 10. We then add noise by sampling the final c(x) value

from a negative binomial distribution with a mean of s(x) and variance s(x) + s(x)2

ϕ (where ϕ = 2.28), and set

y = I[c(x) > 30] — so that a sequence is required to have at least two of the substrings for its expected label
to be positive, but some of the sequences that only have a single pattern may be labeled positive as well due
to added stochasticity. In this setting p(y = 1) = 0.015. This process, including the choice of ϕ, was designed
based on the experimental conditions in the antibody demonstration. We used n = 2000 observed sequences for
training, with q ranging from 0 to 1 with a step of 0.05, with an additional q = p(y = 1). For testing, we used a
set of 400,000 sequences sampled from p(x). For evaluating the estimated accuracy and calibration, we split this
set into halves, and used only the positive examples from one half to represent our observed set, while the other
half represented the unlabeled set (the library). We used 10 equal-sized bins for evaluation of the the estimated
calibration error.

We repeated the simulations with non-binarized y, by instead setting y = c(x). We define a hit as y ∈ O =
{y : y > 30}. We replace the logit output of the model with a negative binomial distribution. We compute
p(y /∈ O | x) in closed form to obtain the marginal likelihood. To compute precision and recall for a non-binary
outcome (Figure S3), we use a sliding threshold: we replace Y with I(Y > τ) in Section A.1, where τ is the same
threshold as for the predictor, tθ(x) = I(Eθ[Y | x] > τ).

To explore higher values of p(y = 1), we simulated data as follows. Let p̃(x) denote the distribution over
peptides defined by first sampling the length uniformly 10 ≤ l ≤ 30, then sampling each position independently
from the uniform distribution over the 20 amino acids. Let s(x) be an indicator for whether x has any of the
following 3-mers: "ACD", "KLM", "QRS", "FGH", "VWY". For a given value of p(y = 1) (0.25 or 0.5 in practice)
we set p(x, y) = p̃(x | s(x) = y)p(y). We draw samples from p̃(x | s(x) = y) by rejection sampling. We use
n = 100 observed sequences for training and 10,000 for the test set. For these particular experiments we trained
a single-layer CNN with 60 filters, a kernel size of 3, and global max pooling. We use a batch size of 20 observed
sequences, and draw M = 320 samples from p(x) to estimate the LeaVS marginal likelihood.

C.3 Experimental TCR data

For the experimental data setting, we used a dataset of T cell receptors (TCRs) from human CD8+ T cells,
screened for binding against multiple targets, publicly available at https://www.10xgenomics.com/datasets/
cd-8-plus-t-cells-of-healthy-donor-1-1-standard-3-0-2 [Genomics, 2019]. We focused on a single tar-
get – the influenza antigen. In this dataset, we have measurements of (x, y) for each example but we do not have
control over p(x), as the sequences come from a human patient. Instead, we split the dataset into halves and
used the empirical distribution of one half as an approximation of p(x) (note this strategy would also be feasible
in practice, since sequencing TCRs is substantially easier than obtaining TCR-binding activity measurements).
We used the other half of the complete dataset to generate smaller datasets with varying values of q. Note that

https://www.10xgenomics.com/datasets/cd-8-plus-t-cells-of-healthy-donor-1-1-standard-3-0-2
https://www.10xgenomics.com/datasets/cd-8-plus-t-cells-of-healthy-donor-1-1-standard-3-0-2
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Figure S2: Evaluation estimates using heldout positives-only data, on the synthetic data.
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Figure S3: Area under the precision recall curve on synthetic data, training on counts rather than a binarized
value (as in Figure 2).

because we must subsample a full dataset and p(y) = 0.034, n is relatively small, which increases variability.
In total, there were 400 positive cells, 10% (40 positive cells) of the full dataset is reserved for the heldout set,
which leaves 360 cells. The full training set was split in halves (without stratifying by label) as described above
— which left us with n = 170 positive cells in the training set.

C.4 Large-scale demonstration

For the large-scale demonstration, we used an experimental dataset of 9000 observed antibody CDRH3 sequences,
paired with integer-valued binding measurements against 9 antigens – these sequences are the outcome of a
high-throughput screen of a variational synthesis library of antibody CDRH3 amino acid sequences [Weinstein
et al., 2026]. Each observed sequences is positive against at least one of the targets. We used 10% of the data
for the heldout set, and we used the corresponding variational synthesis model as p(x). We use a negative
binomial likelihood in pθ(y | x). To compute precision and recall for a non-binary outcome Y , we use a sliding
threshold: we replace Y with I(Y > τ) in Section A.1, where τ is the same threshold as for the predictor,
tθ(x) = I(pθ(y = 1 | x) > τ).
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Figure S4: Evaluation estimates using heldout positives-only data, on the experimentally measured TCR data.
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Figure S5: Predicting binding of TCR mimicking scFv CAR therapeutic candidates to MAGE-A4, a challenging
oncology target. Here we plot the precision recall curve using sequenced samples from the variational synthesis
library as samples from p(x), rather than samples from the computational library model as in Figure 4a. The
AUC is 0.07.
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(a) Precision-recall. AUC: 0.10.
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(b) Predictive scores on library
sequences (blue) versus heldout positive
examples (red).
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(c) Precision-recall using sequenced
x in place of computational samples
from the synthesis model. AUC:
0.14.

Figure S6: Predicting binding of TCR mimicking scFv CAR therapeutic candidates to MAGE-A4, a challenging
oncology target. Here we use a CNN-based architecture, rather than a transformer as in Figure 4.
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