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👉 Good data conveys relevant information 

👉 Information means reduced uncertainty



Figure 1: Overview of BED workflows. (a) Traditional BED, which iterates between optimizing
designs, running experiments, and updating the model via Bayesian inference. (b) Amortized BED,
which uses a policy network for rapid experimental design generation. (c) Our decision-aware
amortized BED integrates decision utility in training to facilitate downstream decision-making.

Traditional BED methods (Rainforth et al., 2018; Foster et al., 2019, 2020; Kleinegesse and Gutmann,
2020) do not take down-the-line decision-making tasks into account during the experimental design
phase. As a result, inference and decision-making processes are carried out separately, which is
suboptimal for decision-making in scenarios where experiments can be adaptively designed. Loss-
calibrated inference, which was originally introduced by Lacoste-Julien et al. (Lacoste-Julien
et al., 2011) for variational approximations in Bayesian inference, provides a concept that adjusts
the inference process to capture posterior regions critical for decision-making tasks. Rather than
focusing on parameter estimation, the idea is to directly maximize the expected downstream utility,
recognizing that accurate decision-making can proceed without exact knowledge of the posterior as
not all regions of the posterior contribute equally to the downstream task. Inspired by this concept,
we could consider integrating decision-making directly into the experimental design process to align
the proposed designs more closely with the ultimate decision-making task.

To pick the next optimal design, standard BED methods require estimating and optimizing the
expected information gain (EIG) over the design space, which can be extremely time-consuming.
This limitation has led to the development of amortized BED (Foster et al., 2021; Ivanova et al., 2021;
Blau et al., 2022, 2023), a policy-based method which leverages a neural network policy trained on
simulated experimental trajectories to quickly generate designs, as illustrated in Fig. 1(b). Given
an experiment history, these policy-based methods determine the next experimental design through
a single forward pass, significantly speeding up the design process. Another significant advantage
of amortized BED methods is their capacity to extract and utilize unstructured domain knowledge
embedded in historical data. Unlike traditional methods, which never reuse the information from past
data, amortized methods can integrate this knowledge to refine and improve design strategies for new
experiments. In our problem setting, the benefits of amortization are also valuable where decisions
must be made swiftly, such as when determining optimal treatment for patients in urgent settings.

In this paper, we propose an amortized decision-making-aware BED framework, see Fig. 1(c). We
identify two key aspects where previous amortized BED methods fall short when applied to down-
stream decision-making tasks. First, the training objective of the existing methods does not consider
downstream decision tasks. Therefore, we introduce the concept of Decision Utility Gain (DUG)
to guide experimental design to better align with the downstream objective. DUG is designed to
measure the improvement in the maximum expected utility derived from the new experiment. Second,
to obtain the optimal decision, we still need to explicitly approximate the predictive distribution of
the outcomes to estimate the utility. Current amortized methods learn this distribution only implicitly
and therefore do not fully amortize the decision-making process. To address this, we propose a novel
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Target info gain in predictions, not parameters, for better data acquisition

Prediction-oriented Bayesian active learning



Setting 

What label should we acquire next? 

We need a method for automatically identifying useful data
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Setting 

Lots of work focuses on “pool-based” active learning 

Active learning systems attempt to overcome the labeling bottleneck by asking
queries in the form of unlabeled instances to be labeled by an oracle (e.g., a human
annotator). In this way, the active learner aims to achieve high accuracy using
as few labeled instances as possible, thereby minimizing the cost of obtaining
labeled data. Active learning is well-motivated in many modern machine learning
problems where data may be abundant but labels are scarce or expensive to obtain.
Note that this kind of active learning is related in spirit, though not to be confused,
with the family of instructional techniques by the same name in the education
literature (Bonwell and Eison, 1991).

1.2 Active Learning Examples

machine learning
model

L
U

labeled
training set

unlabeled pool

oracle (e.g., human annotator)

learn a model

select queries

Figure 1: The pool-based active learning cycle.

There are several scenarios in which active learners may pose queries, and
there are also several different query strategies that have been used to decide which
instances are most informative. In this section, I present two illustrative examples
in the pool-based active learning setting (in which queries are selected from a
large pool of unlabeled instances U) using an uncertainty sampling query strategy
(which selects the instance in the pool about which the model is least certain how
to label). Sections 2 and 3 describe all the active learning scenarios and query
strategy frameworks in more detail.
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Problem 

BALD is widely used but often suboptimal 

It tends to prioritise data that has limited relevance to prediction
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Solution 

EPIG targets the predictions of interest 

This involves explicitly accounting for the input distribution
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Fundamentals 

We can use Bayesian experimental design to target info gain 

The framework: 
1. Identify a variable of interest 
2. Quantify uncertainty in that variable 
3. Seek to maximise info gain (= uncertainty reduction)

Low info gain High info gain

prior

posterior



Fundamentals 

BALD = expected info gain in the model parameters 

Quantify a reduction in parameter uncertainty: 

Reason about the unknown label: 

BALD = Bayesian active learning by disagreement
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Failure mode 

BALD tends to favour obscure data over relevant data 

It seeks parameter info without regard for the input distribution
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Failure mode 

BALD is a liability with big, diverse pools of data 

The greater the amount of irrelevant data, the worse BALD performs
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Failure mode 

We can acquire infinite useless info with BALD 

Context: Gaussian-process regression with  

Suppose we care about prediction on  

For input locations                               , where                 , we have
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Our method 

EPIG = expected info gain in the model’s predictions 

Quantify a reduction in predictive uncertainty: 

Reason about the unknown label and target input: 

EPIG = expected predictive information gain
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Intuition 

EPIG depends on the target input distribution
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Results on synthetic data 

EPIG works where BALD fails 

The pool here contains 100,000 unlabelled inputs
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Results on UCI data 

EPIG beats or matches BALD on standard datasets 
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Results on MNIST data 

EPIG beats or matches BALD on standard datasets 
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Since the 1990s, Bayesian active learning ≈ maximising BALD 

But BALD is suboptimal in prediction-oriented settings 

We revisit the 1950s framework that BALD is derived from 

EPIG, our proposal, serves as a drop-in replacement for BALD

CodePaperTwitter thread
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Problem 

How do we scale Bayesian active learning beyond MNIST? 

The standard recipe does not work on higher-dimensional inputs
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Solution 

Semi-supervised models are a strong basis for active learning 

We need a good model for prediction but also for data acquisition
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Fundamentals 

Bayesian active learning relies on decomposing uncertainty 

The decomposition into reducible vs irreducible depends on the model:
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Fundamentals 

Supervised models fail to capture info in unlabelled data 

Manually encoding insights from unlabelled data doesn’t scale

Active learning systems attempt to overcome the labeling bottleneck by asking
queries in the form of unlabeled instances to be labeled by an oracle (e.g., a human
annotator). In this way, the active learner aims to achieve high accuracy using
as few labeled instances as possible, thereby minimizing the cost of obtaining
labeled data. Active learning is well-motivated in many modern machine learning
problems where data may be abundant but labels are scarce or expensive to obtain.
Note that this kind of active learning is related in spirit, though not to be confused,
with the family of instructional techniques by the same name in the education
literature (Bonwell and Eison, 1991).

1.2 Active Learning Examples

machine learning
model

L
U

labeled
training set

unlabeled pool

oracle (e.g., human annotator)

learn a model

select queries

Figure 1: The pool-based active learning cycle.

There are several scenarios in which active learners may pose queries, and
there are also several different query strategies that have been used to decide which
instances are most informative. In this section, I present two illustrative examples
in the pool-based active learning setting (in which queries are selected from a
large pool of unlabeled instances U) using an uncertainty sampling query strategy
(which selects the instance in the pool about which the model is least certain how
to label). Sections 2 and 3 describe all the active learning scenarios and query
strategy frameworks in more detail.
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Failure mode 

Supervised Bayesian NNs can have pathological uncertainty 

A flexible model can make correct, confident predictions on unseen data 

In other words, its actual irreducible uncertainty is low (see N = 10,000) 

Yet at N = 10 it is pessimistic about how much uncertainty can be reduced
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Our method 

Simple combo: unsupervised pretraining + Bayesian AL 

Encoder captures info from unlabelled data, and is fixed and deterministic 

Prediction head captures label info, and is trainable and stochastic, giving 

Overall the model is semi-supervised, incorporating both forms of data

<latexit sha1_base64="ef6exOPT8TR2NsH49T6vkQiK2GY="></latexit>
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Our method 

Prediction-oriented data acquisition with EPIG is key 

Adapting a result from prior work, we prove that  

So EPIG is a “filtered” version of BALD that retains relevant info 

Complementary roles: 
1. Unsupervised pretraining provides breadth 
2. EPIG supports focused learning

<latexit sha1_base64="cGsasd7Tprgw07BjN8yasNFAlSc="></latexit>
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Results on standard data 

EPIG acquisition provides reliable gains while BALD does not 

Focusing on predictions is critical for beating random acquisition

Making Better Use of Unlabelled Data in Bayesian Active Learning
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Figure 1 Semi-supervised models produce much better predictions than fully supervised ones. At the same time, using
the right acquisition method is critical for e↵ective active learning. BALD, which targets direct reductions in parameter
uncertainty, does not consistently outperform random acquisition here; EPIG, a prediction-oriented alternative, does.

ing. The encoder (which we choose to keep fixed) al-
lows us to incorporate relevant information from the
unlabelled data into the model, and contains much of
the model’s processing power. The prediction head is
then a more lightweight component that captures la-
bel information and that, relative to the conventional
model setup, supports more faithful estimation of the
model’s reducible uncertainty by allowing cheaper and
more accurate updates as new data is acquired.

Our approach can give a notable performance boost
over the conventional alternative of using fully super-
vised models (see Figure 1). It also significantly re-
duces the computational cost of training and acquisi-
tion. This opens up new practical use cases, including
scaling up to high-dimensional input spaces and large
pools of unlabelled data.

Given its simplicity and benefits, why is this approach
not already the default in Bayesian active learning?
One explanation is an implicit assumption in past
work that acquisition methods can be studied in iso-
lation from considerations about the model. We sug-
gest this assumption is misguided: accounting for un-
labelled data has a fundamental e↵ect on what labels
should be acquired. Another explanation is a degree
of ambiguity in the literature about the benefit of ac-
tive learning, Bayesian or otherwise, when using semi-
supervised models (see Section 5). We show that using
the right acquisition method is key to the success of
semi-supervised Bayesian active learning. In particu-
lar we find that EPIG (Bickford Smith et al, 2023), a
prediction-oriented method, produces more consistent
gains over random acquisition than BALD (Houlsby
et al, 2011), a popular parameter-oriented method.

Our contribution is thus threefold. We explain why
the fully supervised models predominantly used in
Bayesian active learning can undermine data acqui-
sition. To address this we set out a framework for
using semi-supervised models instead. Finally we pro-
vide some clarity on how the field can move forward:
our results suggest it should embrace semi-supervised
models and carefully consider the interplay between

models and acquisition methods.

2 Background

We focus on learning a probabilistic predictive model,
p�(y|x), where x is an input and y is a label. We as-
sume there are some underlying stochastic model pa-
rameters, ✓ ⇠ p�(✓), defined such that

p�(y|x) = Ep�(✓)[p�(y|x, ✓)]
p�(y1, y2|x1, x2) = Ep�(✓)[p�(y1|x1, ✓)p�(y2|x2, ✓)] .

Active learning (Atlas et al, 1989; Settles, 2012) is
the process of training a model on data selected by an
algorithm. In the context of supervised learning the
algorithm decides which labels to acquire, commonly
over a series of steps. Each step, t, comprises three
substeps. First, the algorithm selects a query input,
xt, or a batch of inputs, often by optimising an acqui-
sition function. In pool-based active learning (Lewis &
Gale, 1994), the setting we focus on in this work, the
set of candidate inputs is a fixed pool, Dpool = {xi}Ni=1

.
Second, the algorithm obtains a label, yt, from the
true conditional label distribution, p(y|x = xt), and
adds (xt, yt) to the training dataset, Dtrain. Third,
the model, p�(y|x), is updated on Dtrain.

Bayesian experimental design (Chaloner &
Verdinelli, 1995; Lindley, 1956; Rainforth et al, 2024)
is a rigorous framework for identifying what data we
expect to yield the most information gain in a quantity
of interest,  . Given a joint distribution, p(y, |x), the
information gain in  due to new data, (x, y), is the
reduction in Shannon entropy in  that results from
updating on (x, y). For a given x the expected infor-
mation gain over possible realisations of y is

EIG (x) = Ep (y|x)[H[p( )]�H[p( |x, y)]]

where p (y|x) = Ep( )[p(y|x, )] is the marginal pre-
dictive distribution and p( |x, y) / p(y, |x) is the
posterior that results from a Bayesian update on (x, y).
This quantity can be recognised as I( ; y|x), the mu-
tual information between  and y given x.
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Figure 3 EPIG’s boost over random acquisition is relatively robust to the choice of encoder and prediction head in
semi-supervised models applied to MNIST data. BALD only convincingly beats random for two out of four configurations.

We focus on image classification, in line with much of
the literature on foundational active-learning method-
ology (see Section 5). Details about the datasets, mod-
els and active-learning setup we use are provided in
Appendix B. Code for reproducing our results is avail-
able at github.com/fbickfordsmith/epig.

6.1 Semi-supervised models outperform fully
supervised ones but BALD is unreliable

We first set out to understand the interplay between
semi-supervised models and BALD-based active learn-
ing, since past work leaves it unclear what to ex-
pect from the combination (see Section 5). Using the
MNIST (LeCun et al, 1998), dSprites (Matthey et al,
2017) and CIFAR-10 (Krizhevsky, 2009) datasets, we
evaluate BALD-based active learning with fully super-
vised and semi-supervised models.

We find that using a semi-supervised model instead of
a fully supervised one leads to better predictive per-
formance, but also that BALD does not reliably help
on top of this (see Figure 1). This finding is in line
with results from multiple past studies. A plausible
explanation is that, despite the model incorporating
information from unlabelled data and supporting bet-
ter uncertainty estimation, the type of uncertainty re-
duction that BALD targets causes irrelevant data to
be acquired. The results might thus indicate a need
for more targeted information-seeking.

6.2 EPIG produces a reliable boost over
both BALD and random acquisition

We now investigate whether acquiring data using
EPIG addresses the problems we encounter when using
BALD. Returning to the datasets and semi-supervised
models from before, we run active learning with EPIG.
Our results show EPIG convincingly outperforming
random acquisition in cases where BALD fails to (see
Figure 1). Referring to our discussion in Section 4,
we can understand this as a result of EPIG being
more specific in the information it favours, with the
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Figure 4 BALD and EPIG provide especially big gains
in predictive performance relative to random acquisition
when the pool of unlabelled data is not carefully curated.

pretrained encoder supporting e↵ective judgements of
similarity between inputs and thus helping to target
information relevant to downstream prediction.

EPIG’s advantage over BALD is also clear when we
investigate their sensitivity to changes in the semi-
supervised model. To do this we revisit MNIST with
changes to the encoder and prediction head. We see
in Figure 3 that BALD’s performance is even shakier
than the results in Figure 1 let on: it does not convinc-
ingly outperform random acquisition when we switch
from the SimCLR encoder to the VAE encoder. EPIG
shows greater robustness to changes in the model.

6.3 The semi-supervised approach works
with messy data and at scale

Having found compelling results on relatively well-
curated and small-scale datasets, we seek to evaluate
our approach in scenarios that capture aspects of work-
ing with messy data in practical applications. To this
end we first study “redundant” variants of MNIST and
CIFAR-10, in which the pool of unlabelled data con-
tains many more classes than the ones we want to dis-
criminate between (Bickford Smith et al, 2023).

The strong performance we see on Redundant MNIST
and Redundant CIFAR-10 (see Figure 4) has impor-
tant practical implications. Modern machine learning
often entails using messy pools of unlabelled data—for
example, huge collections of audio, images and text
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Figure 6 Semi-supervised Bayesian active learning per-
forms strongly on ImageNet data, with EPIG producing a
particularly notable boost over random acquisition.

(Ardila et al, 2020; Gemmeke et al, 2017; Mahajan
et al, 2018; Radford et al, 2021; Ra↵el et al, 2020; Sun
et al, 2017)—where many of the inputs have little rele-
vance to the task we are ultimately interested in. Our
framework provides a way to make the most of these
resources while overcoming the challenges they pose.
Through unsupervised pretraining we can capitalise
on the information encoded in unlabelled inputs, and
through EPIG-based data acquisition we can avoid the
trap of gathering labels for obscure inputs that have
limited relevance to the task of interest.

We next look into scaling up to higher-dimensional in-
put spaces. In particular we consider classifying Ima-
geNet images into eleven superclasses: bird, boat, car,
cat, dog, fruit, fungus, insect, monkey, truck and other
(Engstrom et al, 2019). For a better sense of con-
text, we evaluate six extra acquisition methods: en-
tropy maximisation (Settles & Craven, 2008), BADGE
(Ash et al, 2020), greedy k centres (Sener & Savarese,
2018), k means (Pourahmadi et al, 2021), ProbCover
(Yehuda et al, 2022) and TypiClust (Hacohen et al,
2022). As noted in Section 5, the last three of these
methods have been found to perform well in past work.
ProbCover is particularly strong: its performance on
ImageNet data is the best we are aware of.

Figure 6 shows our approach providing outstanding
performance here, to our knowledge the strongest yet
observed for Bayesian active learning. Even when com-

Dataset Time (sup.) Time (semi) Speedup Enc. time

MNIST 32 sec 17 sec 2⇥ 2 msec

dSprites 4 min 17 sec 16 sec 16⇥ 6 msec

CIFAR-10 42 min 14 sec 29 sec 89⇥ 75 msec

Table 1 Semi-supervised Bayesian active learning is
much faster than the conventional fully supervised ap-
proach, with the speedup increasing as we scale to harder
datasets and use more powerful encoders. We report the
mean duration of an active-learning step with EPIG ac-
quisition, and the speedup from using the semi-supervised
approach. To give an indication of encoder power, we re-
port the time taken to encode a batch of 256 inputs (mean
across seven runs on an Nvidia GeForce RTX 2080 Ti).

pared with state-of-the-art baselines, it provides a sub-
stantial boost in test accuracy. This demonstrates the
possibility of scaling up information-theoretic data ac-
quisition to challenging, high-dimensional inputs. No-
tably this is possible provided an appropriate model
and acquisition strategy are used: as before, our use
of EPIG is key in achieving such strong results. Under-
lying these gains is a notable di↵erence in class distri-
butions in the datasets acquired using random, BALD
and EPIG acquisition (see Figure 5).

6.4 Semi-supervised models allow much
faster Bayesian active learning

A key practical finding is how much faster Bayesian ac-
tive learning becomes when we use the semi-supervised
approach (see Table 1). This validates the argument
we presented in Section 4.2: unsupervised pretraining
gives us a powerful encoder that we can adapt to a
task of interest using a lightweight prediction head,
keeping the encoder fixed. This setup allows a drastic
speedup, which could unlock new practical use cases.

7 Conclusion

We have shown that the fully supervised models pre-
dominantly used in Bayesian active learning are prob-
lematic. In particular, by not accounting for the infor-
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Figure 6 Semi-supervised Bayesian active learning per-

forms strongly on ImageNet data, with EPIG producing a

particularly notable boost over random acquisition.

scale, which we believe had not successfully been
done before using BAL. We consider classification into
eleven superclasses: bird, boat, car, cat, dog, fruit,
fungus, insect, monkey, truck, and other (Engstrom
et al, 2019). For a better sense of context, we eval-
uate six extra (generally non-Bayesian) acquisition
methods: entropy maximisation (Settles & Craven,
2008), BADGE (Ash et al, 2020), full cover (Sener
& Savarese, 2018), k means (Pourahmadi et al, 2021),
ProbCover (Yehuda et al, 2022) and TypiClust (Ha-
cohen et al, 2022). The latter two have reported the
best previous empirical results for active learning on
ImageNet data that we are aware of.

Figure 6 shows that our approach provided outstand-
ing performance here; to our knowledge the strongest
yet observed for BAL. Even when compared with
state-of-the-art baselines, our proposed approach pro-
vides a substantial boost in test accuracy. This
thus demonstrably supports the scaling of information-
theoretic acquisition to challenging, high-dimensional
data, provided an appropriate model and acquisition
strategy are used; as before, that our use of EPIG is
essential in producing such strong results. Underlying
these gains is a notable di↵erence in class distribu-
tions in the datasets acquired using random, BALD
and EPIG acquisition (Figure 5).

6.4 Semi-supervised models allow much
faster Bayesian active learning

A key practical finding is how much faster BAL be-
comes when we use the semi-supervised approach (Ta-

Dataset Time (sup.) Time (semi) Speedup Enc. time

MNIST 32 sec 17 sec 2⇥ 2 msec
dSprites 4 min 17 sec 16 sec 16⇥ 6 msec
CIFAR-10 42 min 14 sec 29 sec 89⇥ 75 msec

Table 1 Semi-supervised Bayesian active learning is

much faster than the conventional fully supervised ap-

proach, with the speedup increasing as we scale to harder

datasets and use more powerful encoders. We report the

mean duration of an active-learning step with EPIG ac-

quisition, and the speedup from using the semi-supervised

approach. To give an indication of encoder power, we re-

port the time taken to encode a batch of 256 inputs (mean

across seven runs on an Nvidia GeForce RTX 2080).

ble 1). This validates the argument we presented in
Section 4.2: unsupervised pretraining gives us a pow-
erful encoder that we can adapt to a task of interest
using a lightweight prediction head, keeping the en-
coder fixed. This setup allows a drastic speedup, which
could unlock new practical use-cases for BAL.

7 Conclusions

We have shown that the fully supervised models pre-
dominantly used in BAL are problematic. In particu-
lar, by not accounting for the information present in
unlabelled data, they undermine the pursuit of useful
novel information. We have identified a simple semi-
supervised modelling framework as an appealing so-
lution. While previous work has seen mixed results
on the benefits of actively acquiring labels in semi-
supervised learning, we have shown that using EPIG,
a prediction-oriented acquisition function, can consis-
tently provide improvements over random acquisition.

Our findings suggest a crucial update for the field’s
focus as it moves forward. Work on BAL has largely
been disconnected from work on semi-supervised learn-
ing. This implicitly assumes that results from study-
ing fully supervised models cleanly translate to semi-
supervised models. We have shown this assumption
to be misguided. Obtaining useful methodological in-
sights requires studying the tools practitioners actu-
ally use, and few practitioners would neglect to make
good use of unlabelled data. Research on BAL should
therefore embrace a shift to semi-supervised models.
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