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Online Appendix — Collaborative Intelligence in Sequential Experiments: A
Human-in-the-Loop Framework for Drug Discovery

Appendix A.1: Notations

Table A.1.1 Notation Table

Notation Explanation Notation Explanation

V Set of constituents
that compose the molecule µ Predicted mean vector

X Molecule search space �mpxq P RK Model uncertainty
(epistemic uncertainty)

x P X Molecule sequence �dpxq P RK Data uncertainty
(aleatoric uncertainty)

z P R|Z| Real-number embedding of a molecule ⇡ Search policy

K P Z` Number of properties considered S⇡ P Z`
Number of target molecules

found under policy ⇡

ypxq P RK Vector of values for K properties St
⇡ P Z`

Number of target molecules
found under policy ⇡
in the first t rounds

Dptq
labeled,Dptq

unlabeled Labeled/Unlabeled dataset in round t B P Z` Search budget in each round

C✓
Bayesian neural network model
parameterized by parameters ✓ R P Z` Total number of experiment rounds

runpxq P R Uncertainty score rsepxq P R Search score

Appendix A.2: Evolutionary-Scale Deep Learning Transformer Language Model

To analyze peptide sequences, which are essentially unstructured letter sequences, we employ an approach that con-

verts them into structured representations. Specifically, we use the ESM2 model (Lin et al. 2023), a transformer-based

protein language model that effectively converts protein sequences from character formats into a structured latent

space.

The ESM2 model, trained on over 65 million existing peptide sequences, employs an attention mechanism and a

masking scheme (Figure A.2.1). This involves randomly masking an amino acid in a sequence and training the model

to predict the masked amino acid. The model optimization focuses on a masked language model objective, where the

loss function is defined as the negative log likelihood of correctly predicting the masked amino acid given the context

of the unmasked sequence:

LMLM “ Ex„XEM

ÿ

iPM
´ log p pxi | x{Mq , (A.2.1)

where xi is the true amino acid, M indicates the set of masked components, and x{M is the masked sequence.
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Figure A.2.1 Diagram of the ESM2 Transformer Architecture

Note. The ESM2 model is a transformer-based deep learning language model specialized in protein sequence analysis. It transforms

unstructured protein sequences into structured, real-number latent spaces. Utilizing an attention mechanism and a masking scheme,

ESM2 predicts masked amino acids within sequences, providing high-dimensional embeddings.

The model’s self-attention mechanism processes a sequence of vectors and computes interactions among all ele-

ments. It transforms an input sequence px1, . . . , xnq into an output sequence px1
1, . . . , x

1
nq. The attention mechanism is

based on scaled dot-product attention:

Attentionj “ �

ˆ
QjKT

j?
d

˙
Vj , (A.2.2)

where Qj (query), Kj (key), and Vj (value) are the j th linear transformations of the input sequence into matrices. The

attention scores, obtained from the outer product of Q and K, are scaled by the square root of the dimension of the

matrices d and transformed into a combination of the value sequence V through the softmax function �. The subscript

j P t1,2, ¨ ¨ ¨ ,Ru represents the attention score for one from R heads, which corresponds to one set of Q, K, and V

tuples.

The use of multi-headed self-attention enables diverse inter-position interaction patterns. This is achieved as the

concatenated output of multiple attention heads, represented by Multi-Attention “ pAttention1, . . . ,AttentionRq is

channeled into a subsequent feedforward layer, generating the latent representation of a sequence. The transformer

architecture, with approximately 15 billion parameters and incorporating rotary position embeddings, equips the model

with the ability to express these protein molecules.

In summary, we use the ESM2 model to encode peptide sequences x P X into z in a real-number embedding feature

space Z , where |Z| is the dimension of this space. This model ensures that the distance }zi ´ zj} between embeddings

of two peptides xi and xj is minimal for similar sequence patterns. The encoded peptide sequence z is thus represented

as a tuple of features pz1, z2, . . . , z|Z|q, serving as inputs for the Bayesian neural network models
 
C✓j

(k

j“1
.

Appendix A.3: Pseudocode for Human-in-the-loop Framework for Sequential Experiments

We present the pseudocode for our human-in-the-loop framework in Algorithm 1.
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Algorithm 1: Human-in-the-loop Framework for Sequential Experiments

Input: Initialize K Bayesian neural network models tC
✓p1q
i

u
K
i“1, Dp1q

unlabeled “
 
xu
j

(J

j“1
,

D
p1q
labeled “ H

for t P t1,2, ¨ ¨ ¨ ,Ru do
1: Estimate tµpxu

j q,�mpxu
j q,�dpxu

j qu by the algorithm tC
✓ptq
i

u
K
i“1;

2: Compute uncertainty scores runpxu
j q and search scores rsepxu

j q for all xu
j P D

ptq
unlabeled;

3: Recommend h molecules txptq
se,iu

h
i“1 with the highest search scores, and q molecules

txptq
un,iu

q
i“1 with the highest uncertainty scores;

4: Human experts examine the recommended molecules txptq
un,iu

q
i“1

î
txptq

se,iu
h
i“1 and

choose B molecules txptq
i u

B
i“1 for laboratory experiments, and obtain typtq

i u
B
i“1;

5: Update D
pt`1q
labeled “ D

ptq
labeled

î
tpxptq

i ,yptq
i qu

B
i“1,Dpt`1q

unlabeled “ D
ptq
unlabeledztxptq

i u
B
i“1, and update

✓ptq
i with D

pt`1q
labeled to obtain the improved algorithm tC

✓pt`1q
i

u
K
i“1.

end

Appendix A.4: Model Uncertainty and Data Uncertainty

Data uncertainty, also referred to as aleatoric uncertainty, characterizes the inherent variability within the data itself.

In regression problems, this uncertainty, denoted as �d,reg, can be inferred directly from the data. This is achieved

by adapting the model and loss function to predict a distribution over possible outcomes, rather than a single point

estimate. It is managed by adjusting the loss function to capture both the mean and standard deviation for each data

point, assuming that the noise follows a normal distribution. In this Bayesian framework, a model parameterized by ✓

estimates both the mean µ✓pxq and the standard deviation �✓pxq of the output distribution y.

The optimal parameters ✓˚ are determined by minimizing a loss function that accounts for both the prediction error

and the data uncertainty. This optimization can be expressed as:

✓˚ “ argmin
✓

1

N

Nÿ

i“1

1

2�2
✓ pxiq

}yi ´µ✓ pxiq}22 ` 1

2
log�2

✓ pxiq . (A.4.1)

Once the model is trained, the data uncertainty at a specific input x is given by the standard deviation of the output

estimate, as determined by the learned parameters ✓˚. This is mathematically represented as:

�d,regpxq “ �✓˚ pxq. (A.4.2)

Model uncertainty, also known as epistemic uncertainty, arises from limitations in the model itself. This can be

due to an incomplete sample, errors in the training procedure, or an inadequate model structure. In Bayesian neural

networks, model parameters, denoted by ✓ are treated as distributions rather than fixed point estimates. This allows the

use of the predictive distribution (4) to estimate model uncertainty. In regression tasks, consider ypmqpxq “ µ✓pmq pxq as

the predictive mean of the outcome for input x, given a sampled set of parameters ✓pmq. The empirical mean of these

predictions over M samples at input x is denoted by µpy|xq , calculated as: µpy|xq “ 1
M

∞M

m“1 y
pmqpxq. The model
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uncertainty at input x is then estimated by the standard deviation across the mean values from different sampled sets

of model parameters. This is expressed as:

�m,regpxq “
˜

1

M

Mÿ

m“1

`
ypmqpxq ´µpy|xq

˘2

¸1{2

. (A.4.3)

The differences between data and model uncertainties are illustrated in Figure A.4.1.

Figure A.4.1 Model Uncertainty and Data Uncertainty

Note. This figure illustrates the distinction between data uncertainty (aleatoric) and model uncertainty (epistemic) in both classifi-

cation and regression tasks. Data uncertainty is intrinsic to the data itself and is irremovable. In contrast, model uncertainty stems

from imperfections in the model, such as a lack of sufficient training data or an inadequate model structure, and can be mitigated

through enhancements to the algorithm or the training process.

Appendix A.5: User Interface and Evaluation Procedures

In a meeting, one of our coauthors briefs the human experts that they will be collaborating with an algorithm and

that they need to select B molecules from the algorithm’s recommendations. We explain that our model is a Bayesian

neural network and briefly outline its fundamentals. A detailed example dialogue between us and one human expert

is provided in Section A.5.1. Section A.5.2 presents the user interface (UI) we provide experts to select molecules.

Section A.5.3 provides technical details of the other human-in-the-loop baselines evaluated in this work.

A.5.1. Dialogue

In this section, we provide a detailed dialogue of how we communicated the key ideas of our design to the expert team.
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Author

Thank you for accepting our invitation to participate in the experiment. The goal of this experiment is to
identify molecules that could serve as promising drug candidates, meeting multiple property requirements. You
will be collaborating with an algorithm developed by our team to identify the most promising candidates. In
each round, the algorithm will present you with two lists of molecules: one based on the model’s predicted
likelihood of success, and another based on the model’s highest uncertainty. The first list focuses on molecules
that the model predicts are likely to perform well, while the second highlights molecules where the model is
uncertain. For each group, we will recommend you 50 molecules, and you can decide the final 50 molecules
out of the 100 provided by the models. Additionally, we will provide you with scores that represent the model’s
reasoning behind these recommendations, to assist you in making more informed decisions.

Expert

Does the model adjust its predictions as I provide feedback on the molecules I select?

Author

Yes. As we provide more data, the model learns and improves based on the results of the experiments. When
you make your final selections, the model uses this new data to refine its predictions for future rounds.

Expert

If I choose molecules with high uncertainty, does that mean I’m taking more risks? How do I balance that with
the more predictable molecules?

Author

Yes, there is some risk when selecting from the high-uncertainty list. However, the goal of including these
molecules is to explore areas where the model lacks sufficient data. By testing uncertain molecules, you help
the model improve its predictions for future rounds, potentially leading to better results and more promising
candidates. You are free to override the model’s suggestions based on your expertise.

Expert

If, based on my assessment, I am unable to identify a sufficient number of molecules for the final selection set,
how should I proceed?

Author

This is an important consideration. You may manually select promising candidates using the Select feature
in the provided interface. For consistent and optimal resource allocation, we recommend using the Select
Without Satisfaction option for those you think are not promising enough, which will be the substi-
tutes to fill your final set of molecules according to screening criteria. In rounds allowing manual additions,
you can add extra candidates based on your expertise. If a selected molecule isn’t in the dataset, you’ll be
shown 10 similar molecules from the ESM2 embedding space to choose from.
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Expert

OK, got it. Could you provide more details about the model?

Author

The model we are using is a Bayesian neural network (BNN) that predicts the likelihood of molecules being
promising candidates based on their various properties. It is continuously trained on experimental data, which
is updated with each round as you make selections. To represent the molecular properties effectively, we use
ESM2 before passing the data into the BNN.

Expert

Got it. Thank you.

Author

You’re welcome! We really appreciate your help with this experiment.

A.5.2. UI

The following Figure A.5.1 is the UI panel we provide for the experts to select molecules. On the left panel, a 3D struc-

ture and score table provide key details for the current molecule. Human experts evaluate each molecular candidate

based on their domain knowledge and provided scores. For each molecule, they can assign a status by clicking Select,

Drop, or Select without satisfaction, and then proceed to the next or previous entry. Labels beneath the scores indi-

cate the molecule’s origin (e.g., “Suggested from searching group”) and overall progress (e.g., “48th/100 molecules”).

On the right, five listboxes present unprocessed and processed molecules. The two left boxes—Searching Group and

Uncertainty Group—contain unclassified candidates; clicking any entry loads its structure and scores on the left. The

rightmost three—Selected, Dropped, and Selected without satisfaction—show molecules already assigned to each

category, with real-time counts in parentheses. Selecting a molecule from these “buckets” reloads it on the left for re-

decision, enabling flexible review and reclassification. At the end of each round, the human expert (and the algorithm)

can see the results of their selected molecules, indicating whether each molecule is the target.

A.5.3. Other Human-in-the-Loop Baselines

For the benchmark (MPO-HITL) based on Sundin et al. (2022), we adapt their multi-parameter optimization method-

ology to round-by-round sequential experimentation with human experts, as follows. In the initialization round (r “ 0),

we establish an initial multi-parameter optimization (MPO) scoring function using parameter estimates from human

experts ✓0 “ tpHIGH0,k,LOW0,kquK
k“1 for K molecular properties, where each property is transformed using a dou-

ble sigmoid function with unknown boundary parameters. Using this initial scoring function, we train a similar

REINVENT-type model (Blaschke et al. (2020)) with reinforcement learning approach for peptides, which is also

adopted in Sundin et al. (2022). With these initial MPO scores, we train the model for 100 epochs to select an ini-

tial batch of peptides based on similarity between generated molecules and the existing molecules in the molecule
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Figure A.5.1 Molecule selection panel

pool that forms the unlabeled molecule pool U . For each subsequent round r • 1, we employ an active learning

with uncertainty acquisition function to select 50 molecules from U for expert evaluation, where the human pro-

vides binary feedback y P t0,1u indicating molecular suitability. We model this feedback using the observation model

y|x „ BernoullipS✓pxqq, where S✓pxq “ ±K

k“1 �kpckpxq,✓kqwk represents the composite scoring function. Through

Bayesian inference, we update the posterior distribution pp✓|Drq over the desirability function parameters using the

accumulated feedback from all previous rounds, compute point estimates ✓̂r from the posterior expectation, and use

the adapted scoring function S✓̂r pxq to train a REINVENT-type model for 50 epochs to select a new molecule pool for

the next round. This iterative process continues for R rounds, where each round progressively refines the MPO objec-

tive through 50 molecular evaluations, creating a sequential learning framework that better captures expert preferences

through accumulated binary feedback.

For the benchmark (RNN-HITL) adopted from Nahal et al. (2024) in a round-to-round sequential manner, we

adapt their methodology for 50 rounds of experimentation with 50 molecules evaluated per round as follows. In the

initialization phase (r “ 0), like Nahal et al. (2024), we train an initial Random Forest property predictor f✓0 on a

warm-up dataset D0 “ tpxi, yiquN0
i“1, where yi “ f˚pxiq represents oracle ground truth values for the target property.

We initialize a pre-trained REINVENT RNN generator p 0
with weights  0 and establish a scoring function

spxq “
Kÿ

k“1

wk�kpf✓kpxqq (A.5.1)

incorporating the trained predictor with appropriate transformation functions �k.

For each subsequent round r P t1,2, . . . ,50u, we execute a sequential procedure beginning with the REINVENT

loop in Nahal et al. (2024), where we optimize the generator for Nsteps “ 250 iterations using policy gradient reinforce-

ment learning with loss

JpPq “ 1

P

Pÿ

p“1

rlog p 0
pxpq ´�spxpq ´ log p pxpqs2 (A.5.2)
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to select a candidate pool Ur “ txmuM
m“1 based on embedding similarity of the generated molecules and those of

high-scoring peptides stored in memory. Subsequently, the active learning loop applies acquisition strategies based

on the Expected Predictive Information Gain (EPIG) to select exactly 50 molecules Sr “ txtu50
t“1 from Ur, where the

Expected Predictive Information Gain criterion maximizes

EPIGpxq “ Ep˚px˚q rKL rppy, y˚|x,x˚q||ppy|xqppy˚|x˚qss (A.5.3)

over the top-k highest predicted molecules, with target input distribution

p˚px˚q “ �pf✓px˚qq∞
xPU top-k

r
�pf✓pxqq if x˚ P U

top-k
r . (A.5.4)

Following molecular selection in Nahal et al. (2024), we query the human expert’s estimation of fhumanpxtq “
f˚pxtq ` ✏ with assumption that ✏ „ N p0,�2

✏ q to obtain both binary labels ht and confidence scores ut P r0,1s for

each selected molecule, capturing the uncertainty inherent in human assessment. The Random Forest predictor is then

retrained using a weighted loss function

✓r “ argmin
✓

1

N0

N0ÿ

i“1

`pf✓pxiq, yiq ` 1

50

50ÿ

t“1

ut`pf✓pxtq, htq (A.5.5)

where confidence scores ut modulate the influence of new training instances, allowing the model to discount unreliable

expert feedback. Performance tracking involves computing the Mean Absolute Error

MAEr “ 1

|Mr|
ÿ

xPMr

|f✓r pxq ´ f˚pxq| (A.5.6)

between predicted and oracle scores for generated molecules, along with diversity metrics including Internal Diver-

sity IntDivpGq “ 1 ´ p

b
1

|G|
∞

m1,m2PG Tanimotopm1,m2qp, drug-likeness scores (QED), and synthetic accessibility

measures. This iterative process continues for exactly 50 rounds (R “ 50), where each round systematically evalu-

ates 50 molecules through expert feedback, progressively refining the property predictor’s generalization capability

and improving the alignment between predicted molecular properties and ground truth oracle evaluations, ultimately

generating 2,500 total molecular evaluations across the complete experimental sequence.

Appendix A.6: Delegation of Work

In this section, we assess the efficacy of various work delegation strategies. The collaboration between humans and

algorithms features two principal delegation methods: from humans to algorithms and from algorithms to humans

(Fügener et al. 2022). Our human-in-the-loop framework exemplifies algorithm-to-human delegation, where algo-

rithms perform preliminary screenings and then pass the responsibility for final decision-making to the humans. Con-

versely, in traditional algorithm-assisted drug discovery approaches, delegation flows from humans to algorithms;

humans select molecules for screening and depend on algorithmic predictions to identify the most promising candi-

dates. While this method benefits from initial human insight, it might limit the search space too early in the process,

potentially overlooking promising candidates that an algorithm might have identified in a broader scan.

We conduct an additional experiment where humans initially select 100 molecules, and then the algorithms are

tasked with choosing 50 out of these 100 molecules based on high prediction values. The results of this experiment are

depicted in Figure A.6.1. Our findings suggest that, within our context, delegation from algorithms to humans improves

performance by more than 50% compared to delegation from humans to algorithms. This substantial improvement

is largely attributable to the extensive search space inherent in drug discovery tasks, and very limited human knowl-

edge. Algorithms excel in initial screenings, while human experts adeptly integrate their private and domain-specific

knowledge with algorithmic recommendations, leading to more effective decision-making.
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Figure A.6.1 Delegation of Work

Note. This figure shows the cumulative recall rate for various work delegation strategies. Our findings suggest that delegation from

algorithms to humans improves performance by more than 50% compared to delegation from humans to algorithms.

Appendix A.7: Allowing Humans to Add Molecules

We further examine the behavior of experts with different levels of knowledge by analyzing their tendency to add

molecules beyond the recommendations and the “accuracy” of the molecules they add. In Table A.7.1, the first row

reports the average rejection rate (i.e., the rate at which experts override the recommended molecules) along with the

corresponding standard deviation for three groups of experts. Although the overall tendency to add molecules does not

differ significantly among the groups, the high-knowledge experts show a slightly higher rejection rate. The second

row reports the average “accuracy” of the recommended molecules, measured as the cosine similarity between the

embeddings of the human-recommended molecules and the closest target molecules, along with the corresponding

standard deviations. These results indicate that the high-knowledge experts achieve significantly higher accuracy in

their recommendations.

Table A.7.1 Behavior Patterns with Different Knowledge Level

High Medium Basic

Rejection rate
11.59% 11.07% 10.58%
(1.97%) (1.85%) (2.01%)

Accuracy
0.712 0.562 0.397

(0.082) (0.065) (0.087)
Note. This table displays the average rejection rate over 50 rounds and the “accu-

racy” of the added molecules for experts with different levels of knowledge. The
“accuracy” is measured as the cosine similarity between the embeddings of the
human-recommended molecules and the closest target molecules.

Appendix A.8: Human Preference Alignment

Currently, the model learns from the labeled data selected by experts in each round. However, the selection vs. non-

selection behavior (i.e., preferences) of human experts may offer valuable information, particularly during the early

phase, where any additional useful information can accelerate the learning process. In this section, we adopt the Direct
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Preference Optimization (DPO) framework (Rafailov et al. 2024), a method designed to train models based on human

preference data. This approach has demonstrated success in large language models and enables us to integrate fuzzy

information from human expert preferences.

In round t, we denote the recommended set as Cptq “ txptq
un,iuq

i“1 Y txptq
se,iuh

i“1, where xptq
un,i and xptq

se,i repre-

sent molecules recommended for exploration and exploitation, respectively, and the final selected subset as Sptq “
txptq

i uB
i“1. A key aspect is that rejected molecules CptqzSptq may still provide information about human preferences.

Specifically, molecules in Sptq are considered to be preferred by the expert, while those in CptqzSptq are deemed

non-preferred. These two sets represent contrasting examples of what the expert favors versus rejects, which can be

valuable for improving the model’s understanding of human preferences.

We construct a preference dataset P ptq of size |P ptq| “ |CptqzSptq|, which is set to 50 in our experiments. Following

a methodology similar to that in Laugel et al. (2018), we generate this dataset by pairing each molecule from the

discarded set, CptqzSptq, with its closest counterpart in the selected set, Sptq, based on cosine similarity. The dataset is

formally defined as:

P ptq “
"

pxs,xdq | xd P CptqzSptq, xs “ arg min
xPSptq

cospx,xdq
*

Each pair pxs,xdq P P ptq represents an implicit preference, where the expert is presumed to have favored xs over xd.

This preference data are subsequently used within the DPO framework to align the model with the expert’s implicit

judgments, even in the absence of explicit feedback.

During iteration t, the training objective for a Bayesian neural network parameterized by ✓, originally defined in

Equation A.4.1, is augmented with an auxiliary DPO-inspired loss term LDPO to incorporate human preference signals:

✓˚ “ argmin
✓

1

N

Nÿ

i“1

„
1

2�2
✓pxiq

}yi ´µ✓pxiq}22 ` 1

2
log�2

✓pxiq
⇢

`�DPOLDPOpP ptqq.

The auxiliary term LDPO operates on the preference dataset P ptq, which is constructed from the selected and discarded

sets, and is formulated as:

LDPOpP ptqq “ ´ 1

|P |
Pÿ

j“1

log� p� rµ✓ pxj,sq ´µ✓ pxj,dqsq

where �p¨q is the sigmoid function and µ✓p¨q denotes the predictive mean of the Bayesian neural network. The param-

eter � ° 0 is a temperature (or scaling) factor that controls the sharpness of the preference comparison: larger values

of � amplify differences between selected and discarded molecules, while smaller values make the model less sen-

sitive to such differences. This DPO-inspired loss guides the model to align with human preferences by encouraging

higher predicted scores for selected molecules pxj,sq over discarded ones pxj,dq. We also normalize the outputs of all

molecules recommended by the algorithm in each round so that E
x„Dptq

all
rµ✓ pxqs “ 0 before training the subsequent

model. This step, similar to the treatment in preference learning with DPO (Rafailov et al. 2024), helps reduce the

variance of training by preventing systematic drift in the network’s predictions.

The left figure of Figure A.8.1 presents the experimental results with DPO for different parameters �. While incor-

porating noisy labels via DPO does not result in improved final search outcomes, several key observations emerge.

First, DPO appears to accelerate the learning process in the early stages of training. This advantage arises because,

during initial learning stages where observational data is scarce, DPO leverages human-provided preferences to infer

and encode valuable (private) domain knowledge.
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However, as the experiment progresses, particularly in the middle phase, a decline in search efficiency is observed.

This decrease in performance may reflect a critical limitation: while human expertise provides initial guidance, over-

reliance on expert preferences risks reinforcing human cognition bias. As the model increasingly prioritizes molecules

aligned with human priors (which inherently reflect incomplete or constrained human knowledge), it may inadvertently

reinforce suboptimal patterns rather than discovering novel and/or unexpected candidates. Consequently, early gains

from expert alignment give way to exploration deficits in later stages, and the final discovery yield is lower than that

of our original design.

In the right figure of Figure A.8.1, we also present the dissatisfaction rates from the experts. The blue line corre-

sponds to our main design, and others are the dissatisfaction rate with DPO. The lower rejection rates of DPO suggest

that the algorithm is indeed providing molecules that align with the experts’ preferences.

We find that under different values of �, the final performance consistently shows some degree of degradation.

Larger � values tend to yield greater performance gains in the early 5 to 10 rounds, but result in more pronounced

degradation in the final round. This echoes our earlier statement that incorporating human preference at an early stage

can effectively warm-start the model, while in later rounds the model becomes more susceptible to absorbing human

biases, which reduces its long-term effectiveness.

Figure A.8.1 Training BNN with Direct Preference Optimization

Note. This figure presents the experimental results of training a Bayesian neural network with/without Direct Preference Optimiza-

tion (DPO). All the confidence intervals reported correspond to ˘2�.

Appendix A.9: Similarity Between Two Batches

We also assess the similarity and overlap between the two groups by calculating the Jaccard similarity between the

top-ranked molecules selected by run and rse across experimental rounds. The similarity exhibits a downward trend,

remaining between 5% and 10% overall. Three distinct phases appear as follows:

• Initial phase (Rounds 1–15): Higher similarity, with a mean of 7.3% (˘2.4%)
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• Middle phase (Rounds 16–40): A noticeable decline to 4.1% (˘1.7%)

• Final phase (Rounds 41–50): A slight recovery to 5.5% (˘1.5%)

This trajectory indicates a generally high divergence between the two groups of suggested molecules.

Appendix A.10: Robustness Checks and Extensions

A.10.1. Shared Embedding

In the current framework, the properties are modeled independently. However, we recognize that some properties

may be correlated, and learning them simultaneously could be another viable approach. In this section, we explore

a scenario where each Bayesian neural network shares the first two layers. Our findings indicate that the overall

performance remains unchanged. This can be explained by the fact that we use ESM2 as feature encoders before

passing the features to the BNN. Therefore, the ESM2 model effectively serves as the shared layers, which already

captures the necessary correlations between properties.

Figure A.10.1 Comparison with Shared Embeddings

Note. This figure illustrates the impact of sharing the first two layers in Bayesian neural networks to capture property correlations.

The results show no significant performance change, likely because the ESM2 model, used as a feature encoder, already captures the

necessary correlations between properties. Each experiment was repeated eight times with different participants, and the confidence

intervals reported correspond to ˘2�.

A.10.2. Other Performance Metrics

To document the changes in precision throughout the experiments, we separate the recall and precision metrics for the

candidate set C (identified by the algorithm) and the final set S (determined by human review).
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Our experimental setting has a predetermined number of recommended molecules from both human and algorithm

each round (|C| = 100 and |S| = 50 across all rounds). For example |S| represents a fixed and realistic batch size

determined by hardware capacity (e.g., high-throughput devices process exactly |S| molecules in a single round).

Underfilling a batch wastes unused capacity, and overfilling is impossible. Our setting is different from traditional

classification settings, hence, we first re-define the precision and recall for our setting at each round t.

The precision for each set at round t is defined as follows:

• For the human-selected set St:

precisiontpStq “ True Positivest
True Positivest ` False Positivest

“ Number of target molecules in St

|St|

• For the algorithm-recommended set Ct:

precisiontpCtq “ True Positivest
True Positivest ` False Positivest

“ Number of target molecules in Ct

|Ct|

The recall for each set at round t is defined as:

• For the human-selected set St:

recalltpStq “ True Positivest
True Positivest ` False Negativest

“ Number of target molecules in St

Remaining target molecules in D
ptq
unlabeled

• For the algorithm-recommended set Ct:

recalltpCtq “ True Positivest
True Positivest ` False Negativest

“ Number of target molecules in Ct

Remaining target molecules in D
ptq
unlabeled

We report the mean precision and recall for every 10-round bucket in Table A.10.1. For the comparison between the

C and S sets, note that the cardinality is |C| “ 100 “ 2|S|. This implies that when comparing the two, the precision

for Ct will generally be lower due to the doubled denominator—though it should be more than half, since S Ä C and

|C| “ 2|S|. The similar reasoning also applies to recall. Since S Ä C and the denominators are identical for a given

round, the recall of the algorithmic set C should be higher.

From the table, we observe that the human-selected set S exhibits relatively high precision in the early rounds (first

20 rounds), but this drops in later rounds. This trend is intuitive because, as the experiment progresses, the easily

identified target molecules are already selected; the remaining molecules in later stages are less familiar to human

experts’ existing knowledge, leading to a decrease in precision. Meanwhile, human recall remains relatively stable.

Furthermore, a notable observation is that the “extra target” count, measured by

precisionCt
ˆ |Ct| ´ precisionSt

ˆ |St|,

which represents the molecules recommended by the algorithm but not selected by humans, increases over time.

This indicates that the algorithm is improving and providing more precise recommendations beyond current human

knowledge, as also evidenced by the increasing recall of the C set compared to the relatively stable recall of the S set.

This also highlights the limitations of human knowledge and the need for a structured framework to enable reciprocal

learning between humans and algorithms. AI must not only learn from existing human expertise but also assist humans

in navigating scientific uncertainty, identifying promising new search directions, and challenging existing assumptions.
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Table A.10.1 Performance Metrics over Rounds

Rounds 1 „ 10 11 „ 20 21 „ 30 31 „ 40 41 „ 50

C S C S C S C S C S
Precision 2.19% 4.16% 2.42% 4.52% 2.31% 3.62% 1.65% 2.32% 1.72% 2.69%
Recall 1.60% 1.52% 1.98% 1.85% 2.20% 1.72% 2.33% 1.64% 2.49% 1.95%

A.10.3. Dynamic Adjustment

In this section, we allow dynamic adjustment of the number of molecules in the two recommendation lists provided by

the algorithm, namely q (high search score) and h (high uncertainty), across rounds. In the previous experiments, we

set both lists to 50 molecules each. However, it is important to examine the impact of recommending more uncertain

molecules at the beginning to quickly explore the search space and train a better model early on. Toward the end of the

planning horizon, exploration becomes less valuable as many experimental data are already acquired, and more effort

should be dedicated to identifying high-quality molecules.

To this end, we conduct an additional set of experiments to investigate both algorithmic adjustments and

performance-informed expert adjustment, of the ratio between q (high search score) and the total recommendation

number, denoted as searcht fi qt
ht`qt

. We set the total recommendation number to 100, meaning qt ` ht “ 100 for all

rounds t.

• Momentum-based Adjustment: Updates follow a momentum-based rule similar to Lee et al. (2020) and

Nguyen and Garnett (2023):

searcht`1 “ clip
`
0.2, 0.8, searcht `↵ ¨

`
prect ´ prec1:t´1

˘ ˘
,

where prect denotes the algorithm’s current precision and prec1:t´1 represents the historical average precision

up to round t ´ 1. Positive deviations, where prect ° prec1:t´1, lead to an increase in the algorithm’s search

budget, favoring exploration. This clipping ensures that the ratio does not become too extreme (e.g., searcht Ñ 0

or searcht Ñ 1), which helps to preserve the balance and stability of the search process.

• Selection-guided Adjustment: In this strategy, among the molecules selected in the previous round, we use nse
t

and nun
t to represent the number of molecules selected from either the search group or the uncertainty group,

respectively. Then the search ratio for the next round is adjusted according to the following formula: searcht`1 “
clip

´
0.2, 0.8, nse

t
nse
t `nun

t

¯
. The resulting ratio is clipped within the range r0.2,0.8s to maintain stability. The

rationale for this adjustment is that expert selection may capture additional signals differentiating the qualities

of the two groups.

• Linear Adjustment: This strategy gradually increases the collaboration ratio similar to Negoescu et al. (2011)

according to the following formula: searcht “ 0.2` 0.6pt´1q
T´1

, where T is the total number of rounds. This linear

schedule ensures a steady adjustment of the collaboration ratio but does not adapt based on the algorithm’s

performance nor the expert’s selections.

• Performance-informed Expert Adjustment: In this strategy, the human expert determines the search ratio

based on the performance from the experiments in each round.
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The results are presented in Figure A.10.2, revealing several insights into the dynamic adjustment strategies. First,

dynamically adjusting the search ratio leads to marginal improvements in search efficiency during the early stages,

although this comes at the cost of increased variability in the procedure. Despite this, statistical evaluation shows

no significant improvement in the final search outcomes. Second, performance gains seem to be partly driven by the

momentum effect in model accuracy, especially in initial rounds, suggesting that stability in the early stages facili-

tates incremental optimization. Finally, while Selection-guided Adjustment introduces more variability in the interim

results, they ultimately lead to superior final performance. This increased variability can be attributed to differences

in human expertise and personal preferences. Nevertheless, it offers a way of incorporating human knowledge and

additional context into the human-AI collaboration.

Figure A.10.2 Dynamics of Human-Algorithm Collaboration through Adaptive searcht Adjustment

Note. This figure illustrates the impact of dynamically adjusting the ratio of high-search-score and high-uncertainty recommenda-

tions. The results show that while early-stage adjustments improve search efficiency, they introduce variability without significantly

improving final outcomes. Expert-guided adjustments yield the best final performance, highlighting the value of expert decision-

making. Each experiment was repeated eight times with different participants, ensuring robustness, and the confidence intervals

reported correspond to ˘2� capturing approximately 95% of the variability in the results.

A.10.4. Impact of Human Knowledge Levels

We hypothesize that the level of human knowledge may also have an impact on the final performance. In this section,

we analyze the performance of our framework as the algorithm interacts with human experts who possess varying

levels of domain knowledge. We evaluate the performance in scenarios where the expert has high-level, medium-level,

and low-level domain knowledge about therapeutic peptides.
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Since evaluating the knowledge level in practice is challenging, we simulate the results. Specifically, we enlist a

volunteer with minimal domain knowledge to act as a human expert, thereby minimizing the impact of prior knowledge

on the experimental results. During the experiments, for each peptide molecule, we disclosed the true labels to the

participant with probabilities of p “ 25%,75%,100%, without informing them of the actual percentage. This approach

follows the work of Fügener et al. (2022), which suggests that humans might not be able to accurately judge their

abilities for difficult tasks. We repeated Task 1 from §6.1 20 times for each level of knowledge, maintaining all other

parameters identical to those in §6.2. We then compared the recall rate in experiments with varying levels of expert

domain knowledge and displayed the results in Figure A.10.3.

Figure A.10.3 Impact of Human Domain Knowledge

Note. The figure shows the cumulative recall rate for each round. Greater human expertise results in a higher recall rate and a

reduced standard deviation.

The findings from this figure reveal that enhanced knowledge contributes to superior performance, characterized by

a higher recall rate and a reduced standard deviation. Specifically, when 100% knowledge is disclosed, we can achieve

a 0.8 recall rate by the end of 50 rounds. We note that this recall rate is not 100% for two reasons. First, the volunteer is

unaware of the actual percentage of knowledge they receive. Second, our framework operates under a procedure where

algorithms recommend two lists of molecules, and the volunteer makes the final decision from these two lists. Their

ability is limited in that they cannot exclusively rely on this given knowledge but must collaborate with the algorithm

in adhering to our framework.

When 75% and 25% knowledge levels are disclosed, the final recall rates are around 0.6 and 0.3, respectively. It

is interesting to note that with 25% knowledge, the final recall rate of 0.3 is nearly the same as when the algorithm

alone makes the decision. The phenomenon of minimal or no improvement in the collaboration between human and

algorithm has also been observed (Lebovitz et al. 2021, Balakrishnan et al. 2022). It suggests that insufficient domain

knowledge might render human contributions ineffective or even detrimental. This aligns with prior research indicating

that under certain conditions, uninformed human intervention can introduce noise or bias and decrease the reliability

of algorithmic processes (Shin 2024, Fügener et al. 2021, 2022). This observation emphasizes the need for appro-

priate training of humans to maximize the potential of human-AI collaboration. It suggests that AI systems should

be designed with interfaces and feedback mechanisms that are intelligible to users with varying levels of expertise,

facilitating better integration of human judgment.
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Appendix A.11: Cold Start Evaluation

In this section, we evaluate the impact of human expertise in managing the cold-start scenario by comparing the

final search outcomes using the same model with and without a pretraining warm-up phase. The warm-up procedure

involves pretraining the model on samples from the left-out set of molecules (as detailed in §6.1). To isolate the warm-

up effect, we remove human input by applying a fixed rule to select the final set of molecules, choosing a total of

B “ 50 molecules per round. In the absence of human involvement, we assess two strategies for combining the groups:

• Evenly: The top 25 molecules selected from each of the exploit (high search score) and explore (high uncertainty

score) groups.

• Momentum: A momentum-based selection method as introduced in Online Appendix §A.10.3.

To evaluate the impact of the balance between positive and negative samples in the initial dataset on the final

outcome, we construct the warm-up training datasets using different combinations of positive and negative samples.

The second row of Table A.11.1 shows the number of positive and negative samples included in each warm-up phase.

For example, 41/41 indicates that 41 positive and 41 negative samples are included in the warm-up phase.

Table A.11.1 Final Hit Rates under Cold Start Evaluation

No Human Involvement Human-in-the-loop

No Warm-Up Target-based Property-based Ours

41{41 41{82 41{205 50{50 50{100 100{100

Evenly
1.39% 2.28% 2.45% 2.37% 1.89% 2.05% 2.19% 2.97%

(0.13%) (0.08%) (0.07%) (0.09%) (0.11%) (0.10%) (0.10%) (0.13%)

Momentum
1.35% 2.35% 2.59% 2.51% 2.07% 2.23% 2.44% 3.09%

(0.14%) (0.09%) (0.10%) (0.13%) (0.13%) (0.12%) (0.11%) (0.16%)

We also note that for a molecule to be considered a target molecule, it must meet all required properties. However, in

practice, very few molecules satisfy all of these criteria. In our approach, we model each property individually, allowing

the model to be trained effectively even without using only target molecules. Instead, we can include molecules that

meet a subset of the required properties, which increases the number of positive samples for training. To explore this,

we test two approaches: 1) Target-based: using only the target molecules; 2) Property-based: using molecules that

meet certain properties as positives, without requiring them to be full target molecules.

Experiments are conducted on Task 1 over 50 rounds, with 50 molecules selected in each round for laboratory

experiments. To evaluate the effectiveness of the warm-up strategy, we also provide baseline results obtained without

the warm-up phase, as well as results from our original approach where no warm-up is performed, and human experts

make the final decision. Table A.11.1 summarizes the final hit rates under various experimental conditions.

The results in the table show that the No Warm-Up approach yields the lowest hit rates, ranging from 1.39% for the

Evenly strategy to 1.35% for the Momentum strategy. Incorporating the Target-based warm-up strategy leads to the

most significant improvements, with the highest hit rate achieved using the Momentum strategy. The results are similar

for the Property-based warm-up approach, which also enhances performance, with hit rates ranging from 1.89% to
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2.44% across different configurations. However, this approach is slightly less effective than the Target-based strategy

because the Target-based approach provides true targets for the model to learn. In contrast, our proposed approach,

which incorporates human expert involvement, consistently outperforms all other methods. These findings suggest

that the incorporation of human expertise in-the-loop significantly boosts performance across various experimental

conditions. This is particularly valuable because, in real-world novel drug discovery (e.g., for a COVID-19 vaccine),

there is no labeled data for a target-based warm-up pre-training.

Appendix A.12: Additional Literature Review

In this section, we first provide a detailed comparison between active learning and our problem setting. We then discuss

additional related literature. We group the literature by topic, aiming to clarify similarities and gaps.

A.12.1. Active Learning

Our problem is different from active learning (AL) in the following three aspects: 1) Human Oracle vs. External Oracle

2) Objective Function 3) Who is in Control for Selecting Items to Query. We summarize these differences in Table

A.12.1.

Table A.12.1 Differences between our Problem Formulation and Active Learning

Human Oracle
vs.

External Oracle

Objective
Function

Who is in Control
for Selecting Items

Active Learning Human oracle Prediction accuracy Model control

Ours External oracle Reward (number of
discoveries) maximization Shared control

Human Oracle vs. External Oracle

In our problem formulation, human does not assign labels in the traditional active learning sense. In drug discovery,

labels are not provided by humans but generated through external lab tests. In comparison, in classic AL, the AL

algorithm selects unlabeled instances and an oracle provides labels on queried items. In AL, if “expert review” is

intended, it typically refers to a human serving as the oracle (i.e., providing those labels). However, this is not the

role humans play in our setting, and ground-truth labels in our setting come exclusively from an external laboratory

oracle. Even domain experts are not capable of annotating “hit vs. non-hit” by inspection. In our setting, humans and

the algorithm jointly decide which molecules to query.

Objective Function

Our setting and objective are fundamentally different from classic active learning. Classic active learning is designed

to improve predictive accuracy under a labeling budget, i.e., it queries as few labels as possible while maintaining

generalization performance. In other words, the utility being optimized is model accuracy, not immediate task reward.

In contrast, our objective function is to maximize the successful discoveries under a fixed budget, which aligns more

with multi-armed bandits and reinforcement learning literature (maximizing cumulative reward / minimizing regret)

than with AL’s generalization error.
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The following sentences explain why AL’s uncertainty sampling alone is misaligned with our goal. In AL, querying

ambiguous points near the current decision boundary is beneficial because the goal is to reduce model uncertainty

and prediction error. A queried example (even if turns out negative) does not incur immediate task-level loss (i.e., no

regret for “missing a hit”). Its value is informational for future accuracy gains. Our drug discovery setting differs: each

wet-lab query does carry task-level consequences since every non-hit query consumes scarce assay budget and directly

lowers the number of discoveries.

Who is in Control for Selecting Items to Query

The human-in-the-loop literature distinguishes control regimes by who chooses the queries: (i) Active Learning (model

control)—the AL algorithm selects items and the human acts as an oracle to label them; (ii) Interactive ML (shared con-

trol)—the system proposes and experts co-select the final batch and (iii) Machine Teaching (human control)—experts

prescribe what to teach/query and how. Bernard et al. (2017) also note that one of the intrinsic characteristics of AL

strategies is the model-driven way to identify meaningful instances for labeling. A drawback of this principle is that

users, with their ability to identify patterns very fast, have no influence on the candidate selection.

In contrast, our workflow falls into the shared control regime: the model proposes recommendations and human

experts select the final batch after applying domain knowledge and priorities (Mosqueira-Rey et al. 2023).

A.12.2. Additional Literature Review

Additional literature review by topic is as follows.

Selective Sampling / Active Learning

— In Orabona et al. (2011), the authors propose a framework on “selective sampling” that describes a learner

that may observe the true label only by querying for it. The goal in selective sampling is to trade off predic-

tive accuracy against number of queries. There is no human involvement nor human override mechanism.

— In Sekhari et al. (2023), the learner predicts an action at each step, and then decides whether to query an

expert for feedback. If it queries, it receives a noisy label/action from the expert and updates its model. If it

does not query, it gets no feedback. Goal: selective queries to noisy experts to reduce labeling.

— Attenberg and Provost (2010) introduce guided learning as an alternative to standard AL in highly imbal-

anced settings (e.g. finding rare objectionable content web pages for ad placement). The goal is to build text

classifiers under extreme class imbalance, which has higher generalization performance (AUC). Humans

are tasked to find examples by class and also serve as the oracle to provide labels.

— Cakmak and Thomaz (2011) formalize mixed-initiative active learning (MIAL) in the context of a human

teacher and a robot learner. It is purely human-driven training (where a human teacher chooses all training

examples).

— Suh et al. (2016) contrast three ways to train a classifier with interactive machine learning: computer-

initiated (active learning, AL), human-initiated (teacher chooses items), and mixed-initiative (both can

choose). The goal is classification performance. The human is the oracle providing labels and (in human-

initiated or mixed-initiative) choosing items to label. The optimal teacher explicitly assumes perfect knowl-

edge of the true concept f˚.
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— In Knowledge-Driven Active Learning (KAL) framework (Ciravegna et al. 2023), the domain experts

encode common-sense rules or domain knowledge as logical constraints. For example, in a medical task a

rule might be “if symptom A and B are present, disease X is unlikely.” These rules are not 100% reliable,

but they express general domain regularities. KAL then uses the model to find instances that violate these

expert-provided rules. Hence, the model fully controls query selection via rule-violation and human serves

as the oracle to provide labels for selected items. The objective is to improve model performance with fewer

labels.

Batch AL

— In Ghai et al. (2021), for each instance the model wants to learn from, it shows a local explanation of its

current prediction to the annotator, who then supplies feedback (label and/or guidance) informed by that

explanation. Ghai et al. (2021) argue that the interfaces to query human input are minimal in current AL

settings, and there is surprisingly little work that studied how people interact with AL algorithms.

— In DUALIST (Settles 2011), the model chooses which instances to surface (top-D most uncertain docu-

ments each round), and the human then selects within that slate—they click a class to label an item or hit

“X” to skip/remove a proposed document. Human can click “X” when a document is too ambiguous to

label confidently—the UI explicitly says “In cases of extreme ambiguity, users may ignore a document by

clicking the ‘X’ to remove it from the pool. Human is the annotator, and the rationale is to avoid providing

ambiguous labels.

— The framework in Bernard et al. (2017) is explicitly designed to study batch-labeling efficiency, and

their AL-multi condition lets the human pick several AL-suggested items and apply a single class in one

action—e.g., select a bunch of items that look like “1” and label them all at once. They chose this design to

measure speed gains from multi-instance labeling (vs. single-instance), i.e., reduce per-item overhead when

many items share the same label.

— In coactive learning (Shivaswamy and Joachims 2015), the algorithm presents its predictions and the anno-

tator (human) is only required to make corrections if necessary. Specifically, the learning algorithm observes

a context (e.g., the user’s search query) and presents a structured object (e.g. a ranked list of URLs). As

feedback the human user returns an improved object (e.g. reordered list of URLs). Notably, the user and

algorithm aim to jointly maximize the user’s own utility. However since the user is only boundedly rational,

he/she is assumed to only act approximately according to their own utility.

User-centered / visual-interactive active learning

— Bernard et al. (2018) formalize human selection heuristics into algorithmic “user strategies” built from

reusable building blocks and evaluate each user strategy against standard active learning algorithms. How-

ever, they do not introduce a way to combine user strategies with active learning algorithms. They explicitly

propose tighter coupling as an interesting future direction to combine the strengths of both. Meanwhile,

they do not have real human-in-the-loop, and explicitly note that formalized user strategies may not replace

real users selecting instances.

Learning to defer
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— In Madras et al. (2018), in the first-step, the algorithm can either predict (positive/negative) or say PASS.

If it predicts, the human decision maker will output the model’s prediction. However, if it says PASS, the

human decision maker makes its own prediction.

— Wilder et al. (2020) focus on settings where a machine takes on the tasks of deciding which instances

require human input. In a classification task, the machine learning model first sees the sample x and then

decides whether to pay a cost c to observe a human’s prediction.

— The goal of Mozannar et al. (2023) is to jointly learn a classifier with a rejector. The rejector decides,

for each data point, whether the classifier or the human should predict. The aim is for the classifier to

complement the human so that error rate of the human-AI team is smaller.

— Recent work extends this to multiple experts, calibration, conformal expert selection, and limited human

labels.

Learning to rank / Active preference-based learning

— Jamieson and Nowak (2011) examine the problem of ranking a collection of objects using pairwise com-

parisons (rankings of two objects).

— Ailon (2012) proposes an active ranking algorithm from pairwise preferences, where the algorithm proposes

a pair to query, and each query is literally “which of these two do you prefer?”—i.e., the expert picks one

item from the presented (size-2) subset.

— Biyik and Sadigh (2018) design a set of approximation algorithms for efficient batch active learning to learn

about humans’ preferences from comparison queries. The algorithm generates a batch of b pairwise queries

at once, and the human chooses which one they prefer within each pair.

Multi-armed / Contextual bandits

— While the settings and reward models are different from ours, some work has looked at human-algorithm

collaboration in bandit settings. Gao et al. (2021) learn from batched historical human data to develop a

routing algorithm that assigns each task to either an algorithm or a human, under bandit feedback. In Chan

et al. (2019), a robot assists a human in a bandit setting to maximize cumulative reward. The robot makes

the final decision that overrides the human’s recommendation. However, the robot only observes which

arms the human pulls but not the reward associated with each pull.

— Cascading / Combinatorial / Top-K contextual bandits. The algorithm selects and shows a list of K items,

and the human user scans and clicks one/few items from the slate. The feedback to the algorithm is the

user clicks. In this research paradigm, human user is selecting subset and meanwhile human is providing

rewards (i.e. clicks), and hence it is essentially human preference alignment.
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Fügener A, Grahl J, Gupta A, Ketter W (2021) Will humans-in-the-loop become borgs? Merits and pitfalls of working

with AI. Management Information Systems Quarterly (MISQ)-Vol 45.
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