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Abstract
Human-machine complementarity is important
when neither the algorithm nor the human yield
dominant performance across all instances in
a given domain. Most research on algorith-
mic decision-making solely centers on the algo-
rithm’s performance, while recent work that ex-
plores human-machine collaboration has framed
the decision-making problems as classification
tasks. In this paper, we first propose and then de-
velop a solution for a novel human-machine collab-
oration problem in a bandit feedback setting. Our
solution aims to exploit the human-machine com-
plementarity to maximize decision rewards. We
then extend our approach to settings with multi-
ple human decision makers. We demonstrate the
effectiveness of our proposed methods using both
synthetic and real human responses, and find that
our methods outperform both the algorithm and the
human when they each make decisions on their
own. We also show how personalized routing in the
presence of multiple human decision-makers can
further improve the human-machine team perfor-
mance.

1 Introduction
Supervised learning and algorithmic decision-making have
shown promising results when solving some tasks tradition-
ally performed by humans [Chen et al., 2018; Swaminathan
and Joachims, 2015a]. Yet, most of these works focus on im-
proving algorithm performance, and do not consider optimiz-
ing human-machine team performance [Bansal et al., 2020].
Human-machine complementarity is particularly promising
when neither the state-of-the-art algorithm nor the human
yield dominant performance across all instances in a given
domain; there are thus opportunities in such settings to de-
velop methods for human-machine collaboration that ex-
ploit human-machine complementarity [Wilder et al., 2020;
Madras et al., 2018; Wang and Saar-Tsechansky, 2020].

In this paper, we first propose and then develop a solu-
tion for a novel human-machine team complementarity under
batch learning from bandit feedback (BLBF) [Swaminathan
and Joachims, 2015a]. We consider decision-making tasks

involving judgment of alternative course of actions to select
the choices leading to the best outcomes, and where available
historical data reflect a human decision-maker’s past choices
and the corresponding outcomes. To our knowledge, this is
the first paper to propose and develop a human-algorithm hy-
brid solution for this problem.

Recent work on human-machine teams has considered the
task of learning to defer [Madras et al., 2018], also framed
as learning to complement humans [Wilder et al., 2020]. We
study this problem in the context of bandit feedback, where
rewards and outcomes depend on the action taken. This re-
quires estimating alternative course of actions and selecting
the actions leading to the highest expected reward. Examples
of such tasks include designing the most effective personal-
ized treatment for a patient [Xu et al., 2016] or determining
prices that maximize profit in revenue management [Bertsi-
mas and Kallus, 2016]. Furthermore, because in many set-
tings algorithms are meant to assist and improve decisions
that humans have been responsible for in the past, learning is
based on historical decisions made by human decision mak-
ers, with bandit feedback. Thus, differently from the typical
setup assumed in supervised learning, outcomes are only ob-
served for actions taken in the past; for example, rearrest can
only be observed if a prisoner is released [Ensign et al., 2018],
and evidence of child maltreatment may only be found if an
investigation is opened [De-Arteaga et al., 2018]. We pro-
pose a human-machine hybrid that can be trained on histori-
cal decisions with bandit feedback to exploit human-machine
complementarity in decision performance, with the goal of
producing decisions of higher reward. We refer to this prob-
lem as Human-AI BLBF (HAI-BLBF).

Our goal of developing human-machine collaboration for
this decision task is different in important ways from the tra-
ditional task of BLBF. Work on learning from bandit data
typically assumes that historical decisions were made either
by humans or by an existing algorithm, and that the policy
learned will be the sole decision maker for future instances.
In HAI-BLBF, historical decisions are made exclusively by
humans, while future decisions will be made by the pro-
posed human-AI collaboration system. Figure 1 outlines the
human-machine collaboration framework we consider to ad-
dress the HAI-BLBF problem, where each decision instance is
routed to either the algorithm or the human decision maker,
so as to recommend the best action. Such system can be ad-
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Figure 1: Decision Making Process for Human-AI Collaboration

vantageous when neither the human nor the algorithm are su-
perior decision makers over the entire domain. To optimally
exploit the human-machine complementarity: (a) a predictive
algorithm must specialize in instances where it can indeed
achieve superior decisions to those made by the human, while
allowing the human to handle instances for which the human
is more likely to achieve better performance; (b) a routing
algorithm must correctly route decisions to the entity that is
most likely to yield the best outcome. In this paper, we make
the following contributions:

• We formulate a human-machine decision collaboration
problem for bandit feedback, HAI-BLBF, where histori-
cal data reflect human decisions and corresponding out-
comes, with the goal of exploiting the human-machine
complementarity to achieve maximum total reward.

• We propose a new counterfactual policy optimization
objective to train a decision-making algorithm on obser-
vational data with the goal of complementing the human.
At testing time, a routing algorithm assigns each deci-
sion instance to either a human or an algorithm decision-
maker. The algorithm is jointly trained to best exploit the
human’s decision-making abilities, while complement-
ing the human by optimizing the algorithmic decision-
maker to perform well on instances that are harder for
humans to achieve optimal choices.

• We also propose a personalized variant for settings with
multiple human decisions-makers, so as to also exploit
humans’ differential decision-making abilities.

• We empirically demonstrate the performance of the pro-
posed solutions for HAI-BLBF on multi-label datasets
converted to reflect decision and outcomes, and using
both synthetic and real human labels.

• We investigate the limitations of our proposed hybrid
team through ablation studies on model capacities, find-
ing that a stronger model capacity is likely to decrease
the reward improvement achieved by the hybrid system
relative to what can be achieved by the model alone.

2 Related Work
Human-AI Collaboration. Recent research on human-AI
collaboration shows that algorithms can outperform or help
humans achieve better classification accuracy [Madras et
al., 2018; Wilder et al., 2020]. Empirical work consider-
ing humans-in-the-loop has studied how algorithmic risk as-
sessment tools influence judges’ decisions [Stevenson and
Doleac, 2019], the impact of algorithmic risk assessment on
decision-making criteria [Green and Chen, 2020], and work-
ers’ ability to dismiss erroneous algorithmic recommenda-
tions in child maltreatment hotline screening [De-Arteaga

et al., 2020]. [Bansal et al., 2020] study the problem of
human-AI interaction and find that the best classifier is not
always the one that leads to the best human decisions when
the classifier is used as decision support. In this regard,
we note that our proposed system does not involve human-
machine interaction, and instead decisions are made by ei-
ther the human or the algorithm. The closest problems
to HAI-BFBL were considered in [Madras et al., 2018;
Wilder et al., 2020; Raghu et al., 2019; De et al., 2020;
Wang and Saar-Tsechansky, 2020], where the problem of
routing instances to an algorithm or a human was inves-
tigated. To allocate an instance to either the human or
the machine, [Madras et al., 2018; Raghu et al., 2019;
Wilder et al., 2020] considered the prediction uncertainty of
the algorithm and the human for that instance. [De et al.,
2020] studied human-machine collaboration for a regression
task, and [Wang and Saar-Tsechansky, 2020] consider jointly
augmenting humans’ accuracy and fairness. The core differ-
ence between these works and ours is that they considered
supervised learning tasks, whereas we focus on the problem
of selecting an optimal policy given bandit feedback, i.e., a
counterfactual policy optimization problem.

Counterfactual Policy Optimization. Counterfactual pol-
icy optimization has received a lot of attention in the ma-
chine learning community in recent years [Swaminathan and
Joachims, 2015a; Joachims et al., 2018]. Counterfactual Risk
Minimization (CRM), also known as off-policy learning or
batch learning from bandit feedback, typically utilizes inverse
propensity weighting (IPW) [Rosenbaum, 1987] to account
for the bias in the actions reflected in the data. [Swami-
nathan and Joachims, 2015a] introduces the CRM principle
with a variance regularization term derived from an empiri-
cal Bernstein bound for finite samples. In order to reduce the
variance of the IPW estimator, [Swaminathan and Joachims,
2015b] proposes a self-normalized estimator, while Bandit-
Net [Joachims et al., 2018] proposes an estimator that is easy
to optimize using stochatic gradient descent for deep nets.
In this paper, we extend the traditional CRM problem and
propose a method to incorporate human-algorithm decision
complementarity in the optimization; we show that human-
machine collaboration can further improve both the human
and algorithm’s performance, and that a joint optimization
and personalized routing may lead to a further improvement.
Our setup is also close to ensemble bandits [Pacchiano et al.,
2020] to identify the optimal bandit algorithm in an online
fashion and our goal is to learn the best hybrid system offline.

Personalizing for Diverse Worker Skills. Many super-
vised learning tasks require human labeling, which is often
imperfect [Huang et al., 2017; Yan et al., 2011]. Recent
research has begun to study label crowdsourcing with mul-
tiple noisy labelers and considered a variety of settings and
goals [Yan et al., 2011; Huang et al., 2017]. For exam-
ple, [Yan et al., 2011] proposed a probabilistic framework
to infer the label accuracies of workers and choose the most
accurate worker for annotation; [Huang et al., 2017] allo-
cated diverse workers with different costs and labeling ac-
curacies to cost-effectively acquire labels for classifier induc-
tion. All these works, however, consider the context of super-
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vised classification tasks, and human input is limited to label-
ing historical data for model training, rather than performing
decision-making at test time. Decision-theoretic active learn-
ing [Nguyen et al., 2015] also considers human-machine hy-
brid for crowd-labeling for classification. Our work focuses
on training models from bandit feedback, and considers that
humans can be asked to make decisions at testing/deployment
time, and thereby are integral to the human-machine decision-
making team.

3 Problem Statement
We use X to represent an abstract space and P(x) is a proba-
bility distribution on X . Each sample x = x1, . . . , xn ∈ Xn
is drawn independently from P(x). A is the discrete action
space from which a central agent can select an action for each
sample, immediately after which a reward r ∈ [0, 1] is re-
vealed to the agent. We assume rewards are revealed imme-
diately after action is taken and leave for future work settings
where rewards are revealed with a delay. For example, in pre-
cision medicine, X may represent a patient cohort, A refers
to all possible treatments for a disease, and r may refer to the
treatment effect. Similarly, for personalized pricing, X ,A, r
can represent customers, personalized discount rate, and rev-
enue generated, respectively. In this paper, we also assume
a human decision-maker incurs a cost C(xi) when making a
decision, reflecting the time, resources or compensations that
might be required for a human to solve the task.
Counterfactual Risk Minimization (CRM). Here we in-
troduce the CRM objective. We focus on an example of pre-
cision medicine to illustrate our problem. We use x ∈ Xn ∼
P(x) to denote a patient. Let A represent discrete treatment
options that a central agent can offer to patients. After offer-
ing treatment a ∈ A, the agent observes the response from
the patient r ∼ P(r|x, a), i.e., the treatment effect. Observa-
tional data is assumed to be generated by a randomized pol-
icy π0(·|x), which may be generated by some human decision
makers hi ∈ H. The goal is to maximize the expected reward
under a learned policy πθ(a|x):

Ex∼P(x),a∼πθ(a|x)r(x, a) (1)

We can optimize θ over the observational data using impor-
tance sampling [Swaminathan and Joachims, 2015a; Rosen-
baum, 1987], since

Ex∼P(x),a∼πθ(a|x)r(x, a) = Ex∼P(x),a∼π0(a|x)
πθ(a|x)
π0(a|x)

r(x, a)

(2)

thus we can optimize the objective on observed data by

max
θ

1

N

∑
i

ri
πθ(ai|xi)
π0(ai|xi)

(3)

If π0(a|x) is not known a priori, it is estimated by an addi-
tional classifier π̂0(a|x) trained on historical data. With ob-
servational data, the individualized treatment effect is not al-
ways identifiable. We use Rubin’s potential outcome frame-
work and assume consistency and strong ignorability which

is a sufficient condition for identifying ITE [Pearl, 2017].
Here we formally present the ignorability assumption [Rubin,
2005]:
Assumption 1 (Ignorability). LetA be action set, x is context
(feature), r(a)|x is observed reward for action a ∈ A given
context x, r(a) ⊥⊥ a|x, ∀a ∈ A.
In other words, we assume there are no unobserved con-
founders. Establishing if this condition is met generally can-
not be achieved purely based on data and requires some do-
main knowledge. Next we discuss the proposed collaboration
objective for the human-in-the-loop system, illustrated in Fig-
ure 1.
Collaboration Objective. Humans are imperfect decision-
makers, while models are often of limited capacity, mean-
ing that improving performance in some regions of the fea-
ture space sacrifices performance in others. This calls for
the question: Can a human-AI collaboration exploit possible
complementarities, producing better decisions and higher re-
wards by allocating tasks to either human decision-makers or
the algorithm? Assuming we have learnt an algorithm πθ(·|x)
from the observational data using equation 3, we can use an
additional routing algorithm dφ(h|x) to decide whether an in-
stance x should be assessed by a human decision maker or by
the algorithm, as shown in Figure 1. Since we have an ad-
ditional option to choose whether a human or an algorithm
should assess each instance, the hybrid system’s reward re-
lies on dφ(h|x). Thus, the task is to learn a policy dφ(h|x) by
maximizing the objective

max
φ

N∑
i=1

dφ(h|xi)(ri − C(xi)) +
(1− dφ(h|x))πθ(ai|xi)

π̂0(ai|xi)
ri

(4)

where C(x) is the additional cost a human decision-maker
will incur, such as time and resources required by experts.
Accounting for this cost may be especially useful in contexts
where human expertise are limited (e.g. medical specialists
during a pandemic), but the cost can also be set to zero in
contexts where the best decision is desired, irrespective of
the labor cost. For each instance xi, we have a probability
dφ(h|xi) to select a human decision maker or 1−dφ(h|xi) to
use the algorithm’s decision, the objective thus is a weighted
average of human and algorithm reward. We refer to the ob-
jective in Equation 4 as Two-Stage Collaboration (TS) since
the policy and the routing model are trained sequentially. We
are also interested in whether a joint optimization of both
models could further improve the human-machine collabo-
ration performance by optimizing Equation 4 with respect
to θ and φ jointly. Thus, instead of fixing θ first, and then
optimizing for φ, we jointly optimize dφ and πθ. Here we
use a simple example, shown in Figure 2, to illustrate how
the joint modeling procedure may outperform the two stage
baseline. A similar example for classification is proposed in
[Mozannar and Sontag, 2020], and here we show its connec-
tion to counterfactual policy optimization. Consider a setting
where compliance of the treatment is not perfect [Angrist et
al., 1996], and the treatment has a positive effect for all in-
stances. If the treatment and outcome are both binary, the
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Figure 2: Joint Learning versus Two Stage Procedure: Dashed line
represents the solution from joint learning (Green: Algorithm, Red:
Expert, Black: Router) and the blue solid line represents the fixed
algorithm solution from the two stage procedure.

policy optimization problem simply reduces to binary clas-
sification, since it is sufficient to identify which candidates
will comply with the treatment. Assume the feature space is
two dimensional, the model class is chosen to be hyperplanes,
compliers and non-compliers to the treatment are distributed
as shown in Figure 2, and experts use a non-linear decision
boundary to classify candidates. One may also assume ex-
perts have additional side information [Mozannar and Son-
tag, 2020] that is not accessible to the algorithm. However,
we do not make this assumption in this paper since it will
violate our assumption of ignorability. Dashed lines repre-
sents the solution from the joint learning approach (Green:
Algorithm, Red: Expert, Black: Router), which classifies all
candidates correctly. However, if we use a two stage pro-
cedure, and given the model class has limited capacity, we
can get an algorithm similar to the blue solid line, and fix it;
consequently, one possible solution for the routing model is a
hyperplane to the left of all points, assigning all tasks to the
(more costly) human, and yielding sub-optimal performance.
Personalization Objective. In the collaboration objective
we discussed above, we assume experts are homogeneous.
However, in practice, different experts often have different
expertise. For instance, one general physician may be more
effective in treating older patients with comorbidities, while
another may have greater expertise in treating younger adults.
Therefore a personalized routing model might further im-
prove the human-machine team performance. Instead of ran-
domly assigning an expert to assess an instance, the routing
algorithm can decide whether to refer the instance to an al-
gorithm or to a human, and more specifically, which human
decision-maker should be selected. One challenge of this
problem is that we typically do not have access to human de-
cision makers’ policy π0(p|x, hi). Thus, we model decision
makers’ policy with a supervised learning model conditioned
on expert identity hi and pre-train it on observational data to
approximate it. An alternative would be to train a separate
supervised learning model for each human decision maker.
Then we can train a HAI-BLBF algorithm by

max
θ,φ

N∑
i=1

(ri − Cj(xi))
dφ(hi|xi)
d̂0(hi|xi)

+ ri
dφ(⊥|x)π̂θ(ai|xi)

d̂0(hi|xi)π̂0(ai|xi, hi)
(5)

where ⊥ means algorithm is queried to make a decision, and
d̂0, π̂0 are the estimated historical expert assignment and be-
havior model, respectively. We assume the human decision
makers who produced the observational data are the same
ones to whom decisions will be assigned in the future. It is
possible, however, that new decision makers may enter the
system while others may leave, and we leave it for future
work. Here we also make the simplified assumption that as-
signment of human decision makers has no unobserved con-
founder and is the same as x. This assumption is frequently
met; for instance, assignment of judges to cases is often ran-
domized (in such cases d0 = 1/K, K is the total number
of human decision makers), and variables that influence non-
random assignments, such as type of insurance in healthcare,
are frequently contained in the data.

4 Experiments
In this section, we evaluate our proposed algorithms on both
synthetic and real data that represent human decision making
processes1. First, following the common practice for evalu-
ating BLBF methods [Swaminathan and Joachims, 2015a],
we convert multi-label supervised learning datasets to bandit
feedback by creating a logging policy. More specifically, each
instance x has a label y ∈ {0, 1}l where l is the number of
possible labels. After the logging policy selects an action i, a
reward yi is revealed as a bandit feedback (x, i, yi), i.e., , for
each data point, if the policy selects one of the correct labels
of that data point, it gets a reward of 1 and 0 otherwise. By
generating data this way, we have the full knowledge of coun-
terfactual outcomes for evaluation. We use both synthetic and
real human responses for evaluation.

The data statistics of the five datasets used in our experi-
ments are included in Appendix, and we discuss the detailed
setup below. For all of the main experiments, the model is a
three-layer neural network, the router model is another three-
layer neural network. We later explore the effect of the num-
ber of hidden neurons for the model. We use Adam [Kingma
and Ba, 2014] with learning rate of 0.001 for optimization
and both policy and router models are deterministic at testing
time. We use truncated importance sampling estimator and
set the truncation threshold as 10, and we select the base-
line in [Joachims et al., 2018] through a grid search over
[0, 0.2, 0.4, 0.6, 0.8] on the training data. The logging prob-
ability are estimated by an additional random forest model
trained on observational data. We note that while there are al-
ternatives to improve the logging probability estimation, this
is beyond the scope of this paper. We train each method
enough epochs until convergence.

Algorithms. We consider the following decision-making
setups in our experiment. For all baselines without person-
alization, human experts are queried randomly.

• Human: This baseline exclusively queries humans for
decisions in the test set.

1Code and Appendix is available at https://github.com/
ruijiang81/hai-blbf
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• Algorithm Only (AO): This baseline trains the algorithm
using Equation 3, and exclusively queries the algorithm
for decisions in the test set.

• Two Stage Collaboration (TS): The objective of the two
stage baseline is shown in Equation 4. The policy for
two stage is the same as AO; during test time, a routing
model decides whether to query the human or the algo-
rithm for a decision.

• Joint Collaboration (JC): The objective jointly optimizes
both the target policy and routing algorithm. Here, the
target policy is trained together with the routing model;
during test time, a routing model decides whether to
query the human or the algorithm for a decision.

• Joint Collaboration with Personalization (JCP): This al-
gorithm corresponds to the objective in Equation 5.
When jointly learning the target policy and routing
model, heterogeneous expertise are considered. At test-
ing time, the routing model has the option to assign the
new decision instance either to the algorithm or to one
of the different human decision makers.

Simulated Data. We show our experimental results for
simulated human decision models on two multi-label
datasets, Scene and TMC from LIBSVM repository [Elisseeff
and Weston, 2002; Boutell et al., 2004], which are used for
semantic scene and text classification. Since we do not have
the real human decisions on this dataset, we use two differ-
ent human behavior models (HBM) to evaluate our methods.
First, we fit black box models on different subsets of 30% of
the data with full (not partial) ground truth labels and use it
to generate simulated human decisions at both training and
testing time. Note that this HBM can exhibit different deci-
sion accuracies for different instances. We use random forest
(default implementation in scikit-learn package) as the black
box model. The second HBM is motivated by labeling noise,
where we assume each expert has an uniform decision noise
across all instances, such that for any given instance, the ex-
pert will make the correct decision with a probability ρ (yield-
ing a reward of 1), and an incorrect decision with a probabil-
ity 1 − ρ, resulting in zero reward. The human’s decision is
then drawn at random from this distribution. Note that this is
similar to classification noise, traditionally characterized by
confusion matrix. For our experiments, we simulate three ex-
perts, setting ρ as 0.6, 0.7, 0.8, for each expert respectively.
Thus, experts exhibit differential decision-making accuracies
and all have a much higher decision accuracy than random.
The implementation details of both HBMs are included in the
Appendix. Note that we assume a human decision maker be-
haves similarly across time and exhibits a good decision ac-
curacy for the task, which is reasonable in settings where hu-
man experts make decisions, such as judges and physicians.
Moreover, since human decision-makers do not interact with
the algorithm in the proposed collaboration system, the deci-
sions made by humans are likely to remain consistent before
and after deployment of the system. In each experiment, we
assume there are three experts present and the observational
data is generated by a random assignment of these experts,
which corresponds to settings such as the random assignment

Scene (Model) Scene (Noise) TMC (Model) TMC (Noise)
H 341.3±7.9 294.8±12.0 4919.5±16.2 3435.1±28.3
AO 376.3 ±9.3 358.1±7.8 5543.7±109.2 4438.1±131.5
TS 379.2±9.2 364.7±7.7 5642.9±92.2 4361.5±113.6
JC 423.3±5.2 391.9±8.4 5736.1±87.5 4513.6±87.9
JCP 425.4±4.2 408.3±7.5 5787.8±92.0 4935.1±94.3

Table 1: Reward on simulated dataset for different HBMs.

of judges to cases [Ensign et al., 2018]. At test time, the rout-
ing algorithm queries certain expert or algorithm based on
output probabilities randomly, then the decision-maker makes
an action, instead of a uniform random assignment over all
experts used in the collaboration objective. To create the ob-
servational data, given an expert’s probability for each deci-
sion (determined by either the black-box HBM or the decision
noise HBM), we sample the decision according to that prob-
ability. At testing time, the system chooses either to output
the human’s decision (using the black-box model to output
an action) with probability dφ, or otherwise the trained policy
is queried to offer a decision. For each decision, we observe
a reward of 1 or 0 according to the ground-truth label in the
original dataset, and we compare the total reward that each
system achieves on the test set. In the main results, we set the
human decision cost at C(x) = C = 0.3, and we later vary
this cost in the ablation studies. Each experiment is run over
ten repetitions and we report the average reward and standard
error in Table 1. As shown in Table 1, we find that when the
models are jointly optimized, the human-machine team per-
forms significantly better than the algorithm or human alone,
whereas the two stage method does not always offer a signif-
icant improvement. Interestingly, we further observe that the
human-machine team with personalized routing has a signifi-
cantly better performance over both the baselines of human or
algorithm alone, which confirms our intuition and the poten-
tial of human-AI collaboration with diverse human experts.

Real Data. We evaluate our approach with real human de-
cisions, using the data used in [Li et al., 2018] for Multi-
Label Learning (MLC) and a sentiment analysis dataset (Fo-
cus) [Rzhetsky et al., 2009] from crowd workers. The data
statistics are shown in Section B in Appendix. MLC has an-
notations from 18 workers, each annotating at least 70 im-
ages. On average, each worker annotated 267 ± 201 images,
and each image was annotated by 6.9 ± 2.3 workers. Be-
cause not all workers worked on the same instances, we can-
not query every worker for our personalization experiment;
hence, for MLC, we view all 18 workers as a group of work-
ers. Specifically, when querying from a human, a worker
is sampled at random from the workers who labeled this in-
stance to offer a decision. The action (decision) made by this
worker is sampled from the worker’s chosen label(s). For ex-
ample, if the drawn worker labeled an instance with true la-
bel {tree, beach} as {beach,sea}, a random decision of beach
might be sampled as an action, yielding a reward of 1.2 We set
the test set ratio as 15% and randomly sampled five training-
testing splits to validate our proposed algorithms. We train
each human-machine system on the generated observational

2We note that 5 instances in MLC had no annotation, and we
remove them from the dataset.
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Worder ID 1 2 3 4 5
Decision Accuracy 0.82 0.93 0.89 0.90 0.64

Table 2: Worker decision accuracy for the Focus dataset.

Data (cost) Human AO TS JC JCP
MLC (0.3) 53.8±3.6 66.5±1.1 77.1±0.7 79.2±1.0 —
Focus (0) 250.3 ±4.2 231.2±2.0 231.5±2.2 250.3±1.3 270.4±2.0
Focus (0.05) 235.3±4.2 231.2±2.0 231.3±2.0 237.5±1.8 257.3±1.9
Focus (0.1) 220.3±4.2 231.2±2.0 231.0±2.0 239.7±1.4 245.2±1.5
Focus (0.3) 160.3±4.2 231.2±2.0 231.2±2.0 230.33±1.8 229.8±1.4
Focus (0.5) 100.3±4.2 231.2±2.0 231.2±2.0 231.2±1.9 230.3 ±1.5

Table 3: Reward on real datasets with different expert costs.

data. A reward of 1 is produced when the decision is correct,
and the reward is 0 otherwise. Significance test results are
included in Appendix. Focus is a binary classification dataset
where each instance is labeled independently by five crowd
workers, allowing us to evaluate our personalization objective
using real human responses. We follow the same experiment
setup above to convert it into a decision-making dataset, and
set the test set size as 30%. The average decision accuracy of
five workers are shown in Table 2, and is calculated as the per-
centage of accurate decisions for all instances. Most workers
demonstrate good decision accuracies in the dataset, but the
Worker 5 has a relatively lower decision accuracy compared
to others, which aligns with our motivation for designing the
personalized routing objective. For the same cost of 0.3, we
notice that human experts have much lower reward than the
algorithm, and the human-machine team learns to only output
algorithm decisions, thus we set cost to a range of different
values from 0 to 0.5 in order to check how different costs will
affect each method. A cost of 0 can correspond to a high stake
domain where accuracy is the ultimate goal regardless of any
human expert cost. The reward generated by each baseline on
the test set is summarized in Table 3. Similar to the results on
the simulated data, we find the hybrid team outperforms the
baseline where an algorithm works alone, and the joint opti-
mization further improves over the two stage approach for a
lower cost. Interestingly, we also find that when the cost is
higher, the human-machine team will learn to only output al-
gorithm decisions and achieve the same performance as AO
baseline. These results further confirm the benefit of our pro-
posed approach with real datasets annotated by human work-
ers. We also find that in the Focus dataset, JCP allocates all
instances only to Workers 1-4, and none to Worker 5 across
repetitions, which shows the benefit of personalized routing.

Hybrid System Improvement. In this section, we con-
duct ablation studies to better understand the limitations and
how model selection affects the human-machine team perfor-
mance. We use our real dataset MLC from above to better
understand when human-machine collaboration will achieve
a greater improvement. Intuitively, if the algorithm alone can
achieve perfect performance, a human-machine team will not
improve performance with respect to the optimized objec-
tive. We fix the routing model’s architecture as before and
set the policy model to different number of neurons to rep-
resent different model capacities, since by universal approxi-
mation theorem, with a sufficiently large non-linear layer, we
can approximate any continuous function f [Bengio et al.,

# Hidden Units AO TS JC
2 66.5±1.1 77.1±0.7 79.2±1.0
2 (w/ ReLU) 66.9±1.2 75.9±1.6 77.7±1.3
8 77.7 ±1.0 86.3±0.7 86.4±0.9

Table 4: Rewards on different model capacity on MLC.

2017]. We run each experiment for 10 runs, also the number
of neurons is in a small range to avoid potential overfitting
since the dataset is not difficult to learn. The average rewards
across algorithms are reported in Table 4. We also add in
relu activation after linear layer as an alternative to increase
model capacity. When the model has limited capacity (2
units), we observe a greater benefit of using human-machine
team. When the model has a stronger capacity, we observe a
stronger performance in the AO baseline, and the joint opti-
mization and hybrid team’s improvement drops. This finding
confirms our intuition that the human-machine collaboration
helps to a lesser degree when the model has a strong capacity
and no overfitting happens.

5 Conclusion and Future Work
In this paper, we propose a novel collaborative objective for
human-machine collaboration and a personalized routing ob-
jective when there are multiple decision-makers present. Our
empirical evaluation validates the effectiveness and benefit of
our methods on both simulated and real human decisions.

There are many potential extensions to our proposed
human-machine collaboration system. First, experts might
perform better than algorithms when the underlying data dis-
tribution has shifted; the algorithm has no chance to learn
from it, while humans may generalize better for these cases.
Second, humans may have access to some additional fea-
tures that are not available to the algorithm; humans will per-
form better than the algorithm on such cases. How to model
the logging policy under such settings becomes challenging.
Moreover, here we assume that the historical data is generated
by human decision makers, and each instance is only decided
by one human decision maker. However, in practice, many
decision-making systems involve group deliberation, such as
panel discussions where multiple decision-makers make the
final decision. Hybrid human-AI decision making may also
become increasingly common. Making inferences from his-
torical data in such settings is more challenging and we leave
them for future work.
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