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Problem Formulation

• Target to learn about:  

• Can refine beliefs in  by making queries  and 
receiving responses  

• Multiple queries  allow for 
adaptation where each  is chosen given a 
history 

θ
θ x

y
x1, x2, …, xT

xt
ht := (xi, yi)i=1:t
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• We choose queries to maximise the expected 
information gain over possible data 
 
 

• The EIG is fully defined by a joint generative 
model  — we derive this from the LLM 
 

p(θ, y; x)

EIGθ(x) = H[p(θ)] − 𝔼p(y;x) [H[p(θ |y; x)]]

6

= H[p(y; x)] − 𝔼p(θ) [H[p(y |θ; x)]]

Large information gainSmall information gain

p(θ)
p(θ |Data(ξ))
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EIG is Not Predictive Entropy!

BED-LLM: Intelligent Information Gathering with Large Language Models and Bayesian
Experimental Design

Deepro Choudhury 1 SineadWilliamson 2 Adam Golinski 2 Ning Miao 1 3 Freddie Bickford Smith 1 Michael Kirchhof 2 Yizhe Zhang 2 Tom Rainforth 1

1University of Oxford 2Apple 3CUHK

Abstract

We indtroduce BED-LLM, a method for enabling LLMs to adaptively gather information using
sequential Bayesian experimental design (BED). At each turn, BED-LLM selects queries that max-
imize expected information gain (EIG), formulated through a probabilistic model induced by the
LLM. Key innovations include a tailored EIG estimator, history-consistent filtering beyond in-
context conditioning, and a targeted strategy for generating candidate queries. Across bench-
marks such as the 20–Questions game and active preference elicitation, BED-LLM achieves sub-
stantial improvements over direct prompting and strong adaptive baselines.

Information Gathering Formalized

LLM starts with incomplete knowledge of a target ◊.
It can refine beliefs by making queries x œ X and observing responses y œ Y .
Queries are chosen sequentially based on history:

ht = {(xi, yi)}t
i=1,

For clarity, we focus on queries as explicit questions to the user, but the same framework
applies to other external interactions (e.g., document retrieval, API calls).

Bayesian Experimental Design

Take a quantity ◊ we want to learn about.

Goal: Select the next query x to maximize information about the unknown target ◊.
Principle: Choose x that maximizes the Expected Information Gain (EIG) i.e., the reduction in
uncertainty about ◊ expected from observing y.
Intuition: A good query is one whose possible answers most effectively split the current
hypotheses.

BED-LLM

1. Generate Candidate Questions: Propose a candidate set ofM diverse, multiple-choice
questions, X cand, by appropriate sampling of the LLM based on the current conversational
context.

2. Compute EIG Estimator: For each candidate question xt œ X cand, estimate EIG◊(x).
3. Select and Ask Optimal Question: Choose the question xt œ X cand that yields the highest
estimated EIG. Pose xt to the user, observe response yt, and update the history,
ht = (ht≠1, (xt, yt)).

4. Construct updated joint using the new history and return to Step 1 (unless a termination
criterion like maximum number of questions has been achieved).

EIG Is Not Predictive Entropy

Figure 1. Predictive entropy vs. EIG in a film-preferences elicitation task. Left: very high predictive entropy (answer
is completely unknown) but EIG = 0 because the answer provides no insight into the user’s film preferences. Right:
both predictive entropy and EIG are high as the answer is uncertain, but different answers would lead to markedly
different posterior updates, making it informative for learning film preferences.

Estimating EIG for each Question

Sample Then Filter

1. Sample: Prompt the LLM to generate a list of candidate hypotheses {◊(1), . . . , ◊(K)} from
its prior distribution.

2. Filter: Remove hypotheses inconsistent with the dialogue history ht (e.g., those that
contradict previous answers).

3. Merge: Combine surviving hypotheses with those retained from earlier turns to form the
updated hypothesis set �t.

4. Belief state: Define pf (◊; ht) as the empirical (uniform) distribution over the filtered set �t.

Then calculate the EIG using the LLM’s Logits.

BED-LLM Leads to Substantial Gains in 20 Questions

Table 1. Success rate (%) for 20–Questions at the end of the game. Best result in bold.

Success Rate (%) ø

Dataset Model Naive QA Entropy BED-LLM

Animals

Qwen2.5-72B 45±5.0 85±3.6 94±2.4

Mistral-Large 33±4.7 83±3.8 95±2.2

GPT-4o-mini 44±5.0 79±4.1 88±3.3

GPT-4o 45±5.0 88±3.3 93±2.6

Llama-3.3-70B 40±4.9 68±4.7 79±4.1

Celebrities

Qwen2.5-72B 32±4.7 59±4.9 84±3.7

Mistral-Large 14±3.5 68±4.9 91±3.7

GPT-4o-mini 30±4.6 53±5.0 72±4.5

GPT-4o 45±5.0 64±4.8 86±3.5

Llama-3.3-70B 33±4.7 46±5.0 55±5.0

Things

Qwen2.5-72B 32±4.7 51±5.0 62±4.9

Mistral-Large 23±4.2 43±5.0 55±5.0

GPT-4o-mini 26±4.4 37±4.9 49±5.0

GPT-4o 34±4.8 49±5.0 64±4.8

Llama-3.3-70B 34±4.8 48±5.0 54±5.0

Experiments
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Figure 2. Success Rates Per Turn for 20 Questions
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(a) Q: Qwen2.5-72B. A: GPT-4o-mini.
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(b) Q: GPT-4o-mini. A: Qwen2.5-72B.

Figure 3. Active Preference Elicitation: Average Film Ratings of 10 films recommended after each question,
across 200 user personas.

Paper
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1. Generate diverse set of candidate queries 
2. Estimate EIG for each 
3. Select query with largest estimate 
4. Update joint model with new query—response 

pair and return to Step 1

8

BED-LLM
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20 Questions with BED-LLM

Generate candidate questions: 
CQ1 - Was this person born in Antarctica? 
CQ2 - Was this person born in the 19th 
century? 
CQ3 - Is this person European? 
CQ4 - Is this person an artist? 
CQ5 - Does this person prefer thrash 
metal or death metal?

Sample  given history 
Barack Obama, Steve Irwin, Frederik 
X, Banksy, Elvis Presley, Bill Gates, 
David Hasselhoff, Stephen Hawking, 
Rafael Nadal, David Beckham, …

θ

History: Q1 - Was this person born in the 20th century?     A1 - Yes 
        Q2 - Is this person male?                                     A2 - Yes

Estimate EIG for CQs using  samples 
CQ1 EIG = 0.0000001 
CQ2 EIG = 0 
CQ3 EIG = 0.8 
CQ4 EIG = 0.15 
CQ2 EIG = 0.01

θ Pick best and evaluate 
Q3 - Is this person European? 
A3 - No
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BED-LLM Joint

• We directly use the LLM’s distribution for the 
likelihood, but separately derive the prior 
 

 

•  uses a combination of in context learning 
and rejection sampling to derive beliefs

p(θ, yt+1; xt+1, ht) = pf(θ; ht)pLLM(yt+1; [θ, xt+1])

pf(θ; ht)
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Problems with pLLM(θ; ht)

ICL typically fails to 
properly account for 
the history
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Problems with pLLM(θ; ht)
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Under review as a conference paper at ICLR 2026

Is this person known for their contributions to science?

No.

Is this person known for their contributions to the arts?

Yes.

{"Vincent van Gogh": 93,

"Georgia O Keeffe": 10,

"Frida Kahlo": 37,

"Salvador Dali": 44,

"August Wilson": 8,

"Auguste Rodin": 8}

Figure 8: An example of the sample distribution generated using the prompt in Figure 7, conditioned on the
two question/answer pairs at the top of this figure. At this stage of the game, we independently sample 200
hypotheses from the LLM and record their frequencies. Note that the distribution exhibits strong mode collapse,
with most of the mass highly concentrated on just a few answers, which negatively impacts the performance of
the data–estimation method. This summary is for diagnostic purposes: Algorithm 1 operates on the probabilities
of individual samples and never instantiates such an aggregated summary.

You are a zoologist. Please generate a list of 100 living animal

species with very high taxonomic diversity, including diversity in

phyla, classes, orders, and families. Present each animal on a

different line.

Figure 9: Prompt for Animals dataset generation.

27

The LLM beliefs tend to be over-collapsed to a 
small number of possibilities



BED-LLM 
Tom Rainforth

Ra
in

M
L

13

Definition of pf(θ; ht)

• Initially draw samples  from  with 
tricks to improve diversity (careful prompting, 
co-sample, high temperature) 

• Discard duplicates 
• Check samples against the history using 

 for  and reject 
incompatible ones

̂θ pLLM(θ; ht)

pLLM(yi; [ ̂θ, xi]) i = 1,…, t
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Published as a conference paper at ICLR 2026

Success Rate (%)
Model Prompt-Only Split CoT BED-LLM Entropy Data–Est. ICL Beliefs Impl. Max.

A
ni

m
al

s

GPT-4o-mini 44±5.0 78±4.2 55±5.0 88±3.3 79±4.1 64±4.8 18±3.9 47±5.0

GPT-4o 45±5.0 83±3.8 62±4.9 93±2.6 88±3.3 70±4.6 25±4.4 70±4.6

Llama-3.1-8B 8±2.7 49±5.0 19±3.9 63±4.9 54±5.0 38±4.9 25±4.4 16±3.7

Llama-3.3-70B 40±4.9 65±4.8 40±4.9 79±4.1 68±4.7 40±4.9 33±4.7 54±5.0

Mistral-Large 33±4.7 85±3.6 35±4.8 95±2.2 83±3.8 83±3.8 53±5.0 53±5.0

Qwen2.5-72B 45±5.0 87±3.4 51±5.0 95±2.2 85±3.6 68±4.7 46±5.0 61±4.9

C
el

eb
rit

ie
s

GPT-4o-mini 30±4.6 53±5.0 42±5.0 72±4.5 55±5.0 32±4.7 16±3.7 31±4.7

GPT-4o 45±5.0 63±4.9 63±4.9 86±3.5 64±4.8 55±5.0 52±5.0 50±5.0

Llama-3.1-8B 10±3.0 35±4.8 16±3.7 58±5.0 36±4.8 19±3.9 24±4.3 19±3.9

Llama-3.3-70B 33±4.7 43±5.0 36±4.8 55±5.0 46±5.0 26±4.4 27±4.5 37±4.9

Mistral-Large 19±4.0 63±4.9 42±5.0 91±2.9 68±4.7 66±4.8 31±4.7 36±4.8

Qwen2.5-72B 32±4.7 56±5.0 48±5.0 84±3.7 59±4.9 34±4.8 26±4.4 39±4.9

Th
in

gs

GPT-4o-mini 26±4.4 38±4.9 33±4.7 49±5.0 37±4.9 26±4.4 19±4.0 25±4.4

GPT-4o 34±4.8 40±4.9 49±5.0 64±4.8 49±5.0 26±4.4 19±3.9 42±5.0

Llama-3.1-8B 10±3.0 12±3.3 10±3.0 26±4.4 15±3.6 9±2.9 11±3.1 10±3.0

Llama-3.3-70B 34±4.8 46±5.0 35±4.8 55±5.0 48±5.0 19±3.9 15±3.6 34±4.8

Mistral-Large 26±4.4 51±5.0 29±4.6 58±5.0 52±5.0 46±5.0 19±3.9 30±4.6

Qwen2.5-72B 32±4.7 51±5.0 46±5.0 62±4.9 51±5.0 39±4.9 24±4.3 40±4.9

Table 1: Success rate (%) for 20 Questions at the end of the game. Best result in bold. ± numbers show
the standard error of the mean estimated using

p
p(1� p)/(n� 1) where p is the success percentage

and n is the number of datapoints. This estimator is positively biased and thus conservative.

Method Joint model Objective Belief updates
BED-LLM Prior–likelihood Full EIG (Eq. 3) Filtered (pf )

Prompt-Only None (implicit LLM) None (implicit LLM) Raw ICL (pLLM)
Split Deterministic likelihood Pred. entropy Filtered (pf )

Entropy Prior–likelihood Pred. entropy Filtered (pf )
Data–Estimation Data–estimation Full EIG Filtered (pf )
ICL Beliefs Prior–likelihood Full EIG Raw ICL (pLLM)
Implicit Max. Prior–likelihood LLM judgment Filtered (pf )

Table 2: Summary of how each method relates to BED-LLM’s three core algorithmic components.
Each ablation (bottom section) modifies exactly one component of BED-LLM, highlighted in grey .

prior–likelihood joint model for a data–estimation pairing (see App. D), testing the importance of
BED-LLM measuring uncertainty in y space instead of ✓ space (see §3). ICL Beliefs omits our
filtering procedure in the belief extraction (see §3.1), just using the, often incoherent, raw in-context
beliefs pLLM(✓;ht�1) instead of pf (✓;ht�1). Finally, Implicit Maximization replaces explicit EIG
estimation with LLM judgment, drawing on the Tree of Thoughts (ToT; Yao et al., 2023a) intuition
of reasoning over hypothetical futures: the model is presented with the same candidate questions
as BED-LLM, but is simply prompted to internally reason and select the question it judges most
informative, providing a lightweight alternative to explicit EIG estimation.

In Tab. 1 we see that BED-LLM comfortably outperforms all alternative approaches. Notably, Entropy
provides the strongest alternative, with performance slightly better than Split. The fact that Entropy
performs much more similarly to Split than BED-LLM shows that the use of a non-deterministic
likelihood is beneficial predominantly in allowing us to target a proper EIG, rather than due to
changes in the marginal predictive entropy itself. The improvement of Implicit Maximization over
Prompt-only is also notable, given how cheap it is to run (see Tab. 3 for run time information).

Prior–likelihood outperforms data–estimation Our analysis in §4 is validated by our results:
BED-LLM’s prior-likelihood approach substantially outperforms Data–Estimation. Data–Estimation
still outperforms Prompt-Only, but interestingly it performs worse than Entropy, highlighting the
importance of estimating uncertainty in the y space instead of ✓ space here. These findings reinforce
our claim that the choice of joint-model factorization is a critical algorithmic decision.

9
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Film Recommendations

BED-LLM: Intelligent Information Gathering with Large Language Models and Bayesian
Experimental Design

Deepro Choudhury 1 SineadWilliamson 2 Adam Golinski 2 Ning Miao 1 3 Freddie Bickford Smith 1 Michael Kirchhof 2 Yizhe Zhang 2 Tom Rainforth 1

1University of Oxford 2Apple 3CUHK

Abstract

We indtroduce BED-LLM, a method for enabling LLMs to adaptively gather information using
sequential Bayesian experimental design (BED). At each turn, BED-LLM selects queries that max-
imize expected information gain (EIG), formulated through a probabilistic model induced by the
LLM. Key innovations include a tailored EIG estimator, history-consistent filtering beyond in-
context conditioning, and a targeted strategy for generating candidate queries. Across bench-
marks such as the 20–Questions game and active preference elicitation, BED-LLM achieves sub-
stantial improvements over direct prompting and strong adaptive baselines.

Information Gathering Formalized

LLM starts with incomplete knowledge of a target ◊.
It can refine beliefs by making queries x œ X and observing responses y œ Y .
Queries are chosen sequentially based on history:

ht = {(xi, yi)}t
i=1,

For clarity, we focus on queries as explicit questions to the user, but the same framework
applies to other external interactions (e.g., document retrieval, API calls).

Bayesian Experimental Design

Take a quantity ◊ we want to learn about.

Goal: Select the next query x to maximize information about the unknown target ◊.
Principle: Choose x that maximizes the Expected Information Gain (EIG) i.e., the reduction in
uncertainty about ◊ expected from observing y.
Intuition: A good query is one whose possible answers most effectively split the current
hypotheses.

BED-LLM

1. Generate Candidate Questions: Propose a candidate set ofM diverse, multiple-choice
questions, X cand, by appropriate sampling of the LLM based on the current conversational
context.

2. Compute EIG Estimator: For each candidate question xt œ X cand, estimate EIG◊(x).
3. Select and Ask Optimal Question: Choose the question xt œ X cand that yields the highest
estimated EIG. Pose xt to the user, observe response yt, and update the history,
ht = (ht≠1, (xt, yt)).

4. Construct updated joint using the new history and return to Step 1 (unless a termination
criterion like maximum number of questions has been achieved).

EIG Is Not Predictive Entropy

Figure 1. Predictive entropy vs. EIG in a film-preferences elicitation task. Left: very high predictive entropy (answer
is completely unknown) but EIG = 0 because the answer provides no insight into the user’s film preferences. Right:
both predictive entropy and EIG are high as the answer is uncertain, but different answers would lead to markedly
different posterior updates, making it informative for learning film preferences.

Estimating EIG for each Question

Sample Then Filter

1. Sample: Prompt the LLM to generate a list of candidate hypotheses {◊(1), . . . , ◊(K)} from
its prior distribution.

2. Filter: Remove hypotheses inconsistent with the dialogue history ht (e.g., those that
contradict previous answers).

3. Merge: Combine surviving hypotheses with those retained from earlier turns to form the
updated hypothesis set �t.

4. Belief state: Define pf (◊; ht) as the empirical (uniform) distribution over the filtered set �t.

Then calculate the EIG using the LLM’s Logits.

BED-LLM Leads to Substantial Gains in 20 Questions

Table 1. Success rate (%) for 20–Questions at the end of the game. Best result in bold.

Success Rate (%) ø

Dataset Model Naive QA Entropy BED-LLM

Animals

Qwen2.5-72B 45±5.0 85±3.6 94±2.4

Mistral-Large 33±4.7 83±3.8 95±2.2

GPT-4o-mini 44±5.0 79±4.1 88±3.3

GPT-4o 45±5.0 88±3.3 93±2.6

Llama-3.3-70B 40±4.9 68±4.7 79±4.1

Celebrities

Qwen2.5-72B 32±4.7 59±4.9 84±3.7

Mistral-Large 14±3.5 68±4.9 91±3.7

GPT-4o-mini 30±4.6 53±5.0 72±4.5

GPT-4o 45±5.0 64±4.8 86±3.5

Llama-3.3-70B 33±4.7 46±5.0 55±5.0

Things

Qwen2.5-72B 32±4.7 51±5.0 62±4.9

Mistral-Large 23±4.2 43±5.0 55±5.0

GPT-4o-mini 26±4.4 37±4.9 49±5.0

GPT-4o 34±4.8 49±5.0 64±4.8

Llama-3.3-70B 34±4.8 48±5.0 54±5.0
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Figure 2. Success Rates Per Turn for 20 Questions
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Figure 3. Active Preference Elicitation: Average Film Ratings of 10 films recommended after each question,
across 200 user personas.
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Example  sample: 

This film buff loves watching fast-paced, action-
packed thrillers with complex characters, clever 
plot twists, and a sense of tension or suspense, 
often featuring a sense of excitement or 
adrenaline. They appreciate witty dialogue, 
memorable villains, and thrilling stunts, but 
dislike predictable plotlines, poorly developed 
heroes, and lack of originality or creativity. 
They prefer mainstream films with a moderate 
runtime and are not fond of subtitles or overly 
complex storytelling.
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Figure 2: Mean rating across 10 film recommendations: mean ± standard error across 200 users.

Rejection sampling and explicit EIG maximization are key We also see the importance of two
other aspects of BED-LLM. First, how we produce our beliefs over ✓ matters: deriving beliefs using
simple in-context learning, as in ICL Beliefs, lead to massive performance drops. Second, while
BED-LLM’s routines for sampling candidate questions and hypotheses are crucial, they alone are not
sufficient: passing the samples to an LLM and prompting it to select the highest-EIG question, as in
Implicit Maximization, works much less well than using the samples to explicitly maximize EIG.

BED-LLM is robust to questioner–answerer mismatch Our results in Fig. 1 demonstrate that the
benefit of BED-LLM persists even under model misspecification. This is important for applicability
to real-world users, whose responses will follow a different distribution than the questioner LLM.

6.2 PREFERENCE ELICITATION

Unlike 20 Questions, in which ✓ is a concrete entity and most reasonable questions have clear answers,
many real-world information-gathering tasks involve more abstract targets and less predictable data
generation. A key example is learning user preferences, where it may be difficult to explicitly define
a concrete closed set of possible ✓, and it is also challenging for the LLM to develop appropriate
uncertainty estimates. To study such a scenario, we evaluate BED-LLM on inferring users’ film
preferences. Here the target we are trying to gather information about is somewhat abstract, and we
have some flexibility in how we define ✓ in our joint model. Our chosen setup is to define ✓ to be
a user profile, namely a paragraph of text describing the user’s film preferences, with our answerer
model prompted to emulate a user with a given profile; see App. G for full details. We consider 200
different user profiles as the ground truth ✓

⇤, but as with 20 Questions this set is never given to the
questioner. Because Split is not applicable as a baseline here (a deterministic likelihood assumption
is clearly unreasonable), we benchmark with the similar Entropy approach instead. We also note that
data–estimation setup is completely unviable here as well because of the large ✓ space.

At each turn t 2 (0, 1, . . . , 5) we use the question-answer history as context for generating a list of
ten film recommendations. This list is then rated in its fit to the user profile using an LLM-as-judge
setup (Trivedi et al., 2024; Zhu et al., 2025). Specifically, the answerer scores each film on a scale of
1 to 5 (in 0.5 increments), based on how well the film aligns with ✓

⇤; this score is output together
with a brief justification to increase reliability. The films’ scores are not included in ht�1.

Our results in Fig. 2 show that, while Naive is often a strong baseline in this preference-elicitation
scenario, BED-LLM is still able to provide a boost over both Naive and Entropy, producing higher-
rated film recommendations. BED-LLM’s benefit is most clear in scenarios where the questioner
belongs to a different model class to the answerer: here Naive’s performance is much less convincing.

7 CONCLUSION

In this work, we have shown how to effectively apply the framework of sequential Bayesian experimen-
tal design (BED) to the problem of interactive information gathering with LLMs. Specifically, we have
introduced BED-LLM, which provides a specific, information–theoretic, sequential BED approach
that makes a variety of carefully justified design choices in the joint-model factorization, belief updat-
ing, and EIG estimation. Particularly central to BED-LLM is the prior–likelihood pairing with filtering
of hypotheses for consistency with the history. BED-LLM is notably the first work that uses both this
prior–likelihood pairing without making a deterministic likelihood assumption that causes the EIG to
simply to just marginal predictive entropy. Together, these innovations lead to substantial performance
improvements compared to previous approaches. The results thus confirm that principled EIG–driven
strategies can yield substantial gains for interactive, multi-turn, information gathering problems.
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other aspects of BED-LLM. First, how we produce our beliefs over ✓ matters: deriving beliefs using
simple in-context learning, as in ICL Beliefs, lead to massive performance drops. Second, while
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sufficient: passing the samples to an LLM and prompting it to select the highest-EIG question, as in
Implicit Maximization, works much less well than using the samples to explicitly maximize EIG.
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benefit of BED-LLM persists even under model misspecification. This is important for applicability
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Unlike 20 Questions, in which ✓ is a concrete entity and most reasonable questions have clear answers,
many real-world information-gathering tasks involve more abstract targets and less predictable data
generation. A key example is learning user preferences, where it may be difficult to explicitly define
a concrete closed set of possible ✓, and it is also challenging for the LLM to develop appropriate
uncertainty estimates. To study such a scenario, we evaluate BED-LLM on inferring users’ film
preferences. Here the target we are trying to gather information about is somewhat abstract, and we
have some flexibility in how we define ✓ in our joint model. Our chosen setup is to define ✓ to be
a user profile, namely a paragraph of text describing the user’s film preferences, with our answerer
model prompted to emulate a user with a given profile; see App. G for full details. We consider 200
different user profiles as the ground truth ✓

⇤, but as with 20 Questions this set is never given to the
questioner. Because Split is not applicable as a baseline here (a deterministic likelihood assumption
is clearly unreasonable), we benchmark with the similar Entropy approach instead. We also note that
data–estimation setup is completely unviable here as well because of the large ✓ space.

At each turn t 2 (0, 1, . . . , 5) we use the question-answer history as context for generating a list of
ten film recommendations. This list is then rated in its fit to the user profile using an LLM-as-judge
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1 to 5 (in 0.5 increments), based on how well the film aligns with ✓
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with a brief justification to increase reliability. The films’ scores are not included in ht�1.

Our results in Fig. 2 show that, while Naive is often a strong baseline in this preference-elicitation
scenario, BED-LLM is still able to provide a boost over both Naive and Entropy, producing higher-
rated film recommendations. BED-LLM’s benefit is most clear in scenarios where the questioner
belongs to a different model class to the answerer: here Naive’s performance is much less convincing.
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In this work, we have shown how to effectively apply the framework of sequential Bayesian experimen-
tal design (BED) to the problem of interactive information gathering with LLMs. Specifically, we have
introduced BED-LLM, which provides a specific, information–theoretic, sequential BED approach
that makes a variety of carefully justified design choices in the joint-model factorization, belief updat-
ing, and EIG estimation. Particularly central to BED-LLM is the prior–likelihood pairing with filtering
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Rejection sampling and explicit EIG maximization are key We also see the importance of two
other aspects of BED-LLM. First, how we produce our beliefs over ✓ matters: deriving beliefs using
simple in-context learning, as in ICL Beliefs, lead to massive performance drops. Second, while
BED-LLM’s routines for sampling candidate questions and hypotheses are crucial, they alone are not
sufficient: passing the samples to an LLM and prompting it to select the highest-EIG question, as in
Implicit Maximization, works much less well than using the samples to explicitly maximize EIG.

BED-LLM is robust to questioner–answerer mismatch Our results in Fig. 1 demonstrate that the
benefit of BED-LLM persists even under model misspecification. This is important for applicability
to real-world users, whose responses will follow a different distribution than the questioner LLM.
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Unlike 20 Questions, in which ✓ is a concrete entity and most reasonable questions have clear answers,
many real-world information-gathering tasks involve more abstract targets and less predictable data
generation. A key example is learning user preferences, where it may be difficult to explicitly define
a concrete closed set of possible ✓, and it is also challenging for the LLM to develop appropriate
uncertainty estimates. To study such a scenario, we evaluate BED-LLM on inferring users’ film
preferences. Here the target we are trying to gather information about is somewhat abstract, and we
have some flexibility in how we define ✓ in our joint model. Our chosen setup is to define ✓ to be
a user profile, namely a paragraph of text describing the user’s film preferences, with our answerer
model prompted to emulate a user with a given profile; see App. G for full details. We consider 200
different user profiles as the ground truth ✓

⇤, but as with 20 Questions this set is never given to the
questioner. Because Split is not applicable as a baseline here (a deterministic likelihood assumption
is clearly unreasonable), we benchmark with the similar Entropy approach instead. We also note that
data–estimation setup is completely unviable here as well because of the large ✓ space.

At each turn t 2 (0, 1, . . . , 5) we use the question-answer history as context for generating a list of
ten film recommendations. This list is then rated in its fit to the user profile using an LLM-as-judge
setup (Trivedi et al., 2024; Zhu et al., 2025). Specifically, the answerer scores each film on a scale of
1 to 5 (in 0.5 increments), based on how well the film aligns with ✓

⇤; this score is output together
with a brief justification to increase reliability. The films’ scores are not included in ht�1.

Our results in Fig. 2 show that, while Naive is often a strong baseline in this preference-elicitation
scenario, BED-LLM is still able to provide a boost over both Naive and Entropy, producing higher-
rated film recommendations. BED-LLM’s benefit is most clear in scenarios where the questioner
belongs to a different model class to the answerer: here Naive’s performance is much less convincing.
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In this work, we have shown how to effectively apply the framework of sequential Bayesian experimen-
tal design (BED) to the problem of interactive information gathering with LLMs. Specifically, we have
introduced BED-LLM, which provides a specific, information–theoretic, sequential BED approach
that makes a variety of carefully justified design choices in the joint-model factorization, belief updat-
ing, and EIG estimation. Particularly central to BED-LLM is the prior–likelihood pairing with filtering
of hypotheses for consistency with the history. BED-LLM is notably the first work that uses both this
prior–likelihood pairing without making a deterministic likelihood assumption that causes the EIG to
simply to just marginal predictive entropy. Together, these innovations lead to substantial performance
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strategies can yield substantial gains for interactive, multi-turn, information gathering problems.
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Abstract

We indtroduce BED-LLM, a method for enabling LLMs to adaptively gather information using
sequential Bayesian experimental design (BED). At each turn, BED-LLM selects queries that max-
imize expected information gain (EIG), formulated through a probabilistic model induced by the
LLM. Key innovations include a tailored EIG estimator, history-consistent filtering beyond in-
context conditioning, and a targeted strategy for generating candidate queries. Across bench-
marks such as the 20–Questions game and active preference elicitation, BED-LLM achieves sub-
stantial improvements over direct prompting and strong adaptive baselines.

Information Gathering Formalized

LLM starts with incomplete knowledge of a target ◊.
It can refine beliefs by making queries x œ X and observing responses y œ Y .
Queries are chosen sequentially based on history:

ht = {(xi, yi)}t
i=1,

For clarity, we focus on queries as explicit questions to the user, but the same framework
applies to other external interactions (e.g., document retrieval, API calls).

Bayesian Experimental Design

Take a quantity ◊ we want to learn about.

Goal: Select the next query x to maximize information about the unknown target ◊.
Principle: Choose x that maximizes the Expected Information Gain (EIG) i.e., the reduction in
uncertainty about ◊ expected from observing y.
Intuition: A good query is one whose possible answers most effectively split the current
hypotheses.

BED-LLM

1. Generate Candidate Questions: Propose a candidate set ofM diverse, multiple-choice
questions, X cand, by appropriate sampling of the LLM based on the current conversational
context.

2. Compute EIG Estimator: For each candidate question xt œ X cand, estimate EIG◊(x).
3. Select and Ask Optimal Question: Choose the question xt œ X cand that yields the highest
estimated EIG. Pose xt to the user, observe response yt, and update the history,
ht = (ht≠1, (xt, yt)).

4. Construct updated joint using the new history and return to Step 1 (unless a termination
criterion like maximum number of questions has been achieved).

EIG Is Not Predictive Entropy

Figure 1. Predictive entropy vs. EIG in a film-preferences elicitation task. Left: very high predictive entropy (answer
is completely unknown) but EIG = 0 because the answer provides no insight into the user’s film preferences. Right:
both predictive entropy and EIG are high as the answer is uncertain, but different answers would lead to markedly
different posterior updates, making it informative for learning film preferences.

Estimating EIG for each Question

Sample Then Filter

1. Sample: Prompt the LLM to generate a list of candidate hypotheses {◊(1), . . . , ◊(K)} from
its prior distribution.

2. Filter: Remove hypotheses inconsistent with the dialogue history ht (e.g., those that
contradict previous answers).

3. Merge: Combine surviving hypotheses with those retained from earlier turns to form the
updated hypothesis set �t.

4. Belief state: Define pf (◊; ht) as the empirical (uniform) distribution over the filtered set �t.

Then calculate the EIG using the LLM’s Logits.

BED-LLM Leads to Substantial Gains in 20 Questions

Table 1. Success rate (%) for 20–Questions at the end of the game. Best result in bold.

Success Rate (%) ø

Dataset Model Naive QA Entropy BED-LLM

Animals

Qwen2.5-72B 45±5.0 85±3.6 94±2.4

Mistral-Large 33±4.7 83±3.8 95±2.2

GPT-4o-mini 44±5.0 79±4.1 88±3.3

GPT-4o 45±5.0 88±3.3 93±2.6

Llama-3.3-70B 40±4.9 68±4.7 79±4.1

Celebrities

Qwen2.5-72B 32±4.7 59±4.9 84±3.7

Mistral-Large 14±3.5 68±4.9 91±3.7

GPT-4o-mini 30±4.6 53±5.0 72±4.5

GPT-4o 45±5.0 64±4.8 86±3.5

Llama-3.3-70B 33±4.7 46±5.0 55±5.0

Things

Qwen2.5-72B 32±4.7 51±5.0 62±4.9

Mistral-Large 23±4.2 43±5.0 55±5.0

GPT-4o-mini 26±4.4 37±4.9 49±5.0

GPT-4o 34±4.8 49±5.0 64±4.8

Llama-3.3-70B 34±4.8 48±5.0 54±5.0
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Figure 2. Success Rates Per Turn for 20 Questions
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Figure 3. Active Preference Elicitation: Average Film Ratings of 10 films recommended after each question,
across 200 user personas.
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Figure 2: Mean rating across 10 film recommendations: mean ± standard error across 200 users.

Rejection sampling and explicit EIG maximization are key We also see the importance of two
other aspects of BED-LLM. First, how we produce our beliefs over ✓ matters: deriving beliefs using
simple in-context learning, as in ICL Beliefs, lead to massive performance drops. Second, while
BED-LLM’s routines for sampling candidate questions and hypotheses are crucial, they alone are not
sufficient: passing the samples to an LLM and prompting it to select the highest-EIG question, as in
Implicit Maximization, works much less well than using the samples to explicitly maximize EIG.

BED-LLM is robust to questioner–answerer mismatch Our results in Fig. 1 demonstrate that the
benefit of BED-LLM persists even under model misspecification. This is important for applicability
to real-world users, whose responses will follow a different distribution than the questioner LLM.

6.2 PREFERENCE ELICITATION

Unlike 20 Questions, in which ✓ is a concrete entity and most reasonable questions have clear answers,
many real-world information-gathering tasks involve more abstract targets and less predictable data
generation. A key example is learning user preferences, where it may be difficult to explicitly define
a concrete closed set of possible ✓, and it is also challenging for the LLM to develop appropriate
uncertainty estimates. To study such a scenario, we evaluate BED-LLM on inferring users’ film
preferences. Here the target we are trying to gather information about is somewhat abstract, and we
have some flexibility in how we define ✓ in our joint model. Our chosen setup is to define ✓ to be
a user profile, namely a paragraph of text describing the user’s film preferences, with our answerer
model prompted to emulate a user with a given profile; see App. G for full details. We consider 200
different user profiles as the ground truth ✓

⇤, but as with 20 Questions this set is never given to the
questioner. Because Split is not applicable as a baseline here (a deterministic likelihood assumption
is clearly unreasonable), we benchmark with the similar Entropy approach instead. We also note that
data–estimation setup is completely unviable here as well because of the large ✓ space.

At each turn t 2 (0, 1, . . . , 5) we use the question-answer history as context for generating a list of
ten film recommendations. This list is then rated in its fit to the user profile using an LLM-as-judge
setup (Trivedi et al., 2024; Zhu et al., 2025). Specifically, the answerer scores each film on a scale of
1 to 5 (in 0.5 increments), based on how well the film aligns with ✓

⇤; this score is output together
with a brief justification to increase reliability. The films’ scores are not included in ht�1.

Our results in Fig. 2 show that, while Naive is often a strong baseline in this preference-elicitation
scenario, BED-LLM is still able to provide a boost over both Naive and Entropy, producing higher-
rated film recommendations. BED-LLM’s benefit is most clear in scenarios where the questioner
belongs to a different model class to the answerer: here Naive’s performance is much less convincing.

7 CONCLUSION

In this work, we have shown how to effectively apply the framework of sequential Bayesian experimen-
tal design (BED) to the problem of interactive information gathering with LLMs. Specifically, we have
introduced BED-LLM, which provides a specific, information–theoretic, sequential BED approach
that makes a variety of carefully justified design choices in the joint-model factorization, belief updat-
ing, and EIG estimation. Particularly central to BED-LLM is the prior–likelihood pairing with filtering
of hypotheses for consistency with the history. BED-LLM is notably the first work that uses both this
prior–likelihood pairing without making a deterministic likelihood assumption that causes the EIG to
simply to just marginal predictive entropy. Together, these innovations lead to substantial performance
improvements compared to previous approaches. The results thus confirm that principled EIG–driven
strategies can yield substantial gains for interactive, multi-turn, information gathering problems.
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Rejection sampling and explicit EIG maximization are key We also see the importance of two
other aspects of BED-LLM. First, how we produce our beliefs over ✓ matters: deriving beliefs using
simple in-context learning, as in ICL Beliefs, lead to massive performance drops. Second, while
BED-LLM’s routines for sampling candidate questions and hypotheses are crucial, they alone are not
sufficient: passing the samples to an LLM and prompting it to select the highest-EIG question, as in
Implicit Maximization, works much less well than using the samples to explicitly maximize EIG.

BED-LLM is robust to questioner–answerer mismatch Our results in Fig. 1 demonstrate that the
benefit of BED-LLM persists even under model misspecification. This is important for applicability
to real-world users, whose responses will follow a different distribution than the questioner LLM.

6.2 PREFERENCE ELICITATION

Unlike 20 Questions, in which ✓ is a concrete entity and most reasonable questions have clear answers,
many real-world information-gathering tasks involve more abstract targets and less predictable data
generation. A key example is learning user preferences, where it may be difficult to explicitly define
a concrete closed set of possible ✓, and it is also challenging for the LLM to develop appropriate
uncertainty estimates. To study such a scenario, we evaluate BED-LLM on inferring users’ film
preferences. Here the target we are trying to gather information about is somewhat abstract, and we
have some flexibility in how we define ✓ in our joint model. Our chosen setup is to define ✓ to be
a user profile, namely a paragraph of text describing the user’s film preferences, with our answerer
model prompted to emulate a user with a given profile; see App. G for full details. We consider 200
different user profiles as the ground truth ✓

⇤, but as with 20 Questions this set is never given to the
questioner. Because Split is not applicable as a baseline here (a deterministic likelihood assumption
is clearly unreasonable), we benchmark with the similar Entropy approach instead. We also note that
data–estimation setup is completely unviable here as well because of the large ✓ space.

At each turn t 2 (0, 1, . . . , 5) we use the question-answer history as context for generating a list of
ten film recommendations. This list is then rated in its fit to the user profile using an LLM-as-judge
setup (Trivedi et al., 2024; Zhu et al., 2025). Specifically, the answerer scores each film on a scale of
1 to 5 (in 0.5 increments), based on how well the film aligns with ✓

⇤; this score is output together
with a brief justification to increase reliability. The films’ scores are not included in ht�1.

Our results in Fig. 2 show that, while Naive is often a strong baseline in this preference-elicitation
scenario, BED-LLM is still able to provide a boost over both Naive and Entropy, producing higher-
rated film recommendations. BED-LLM’s benefit is most clear in scenarios where the questioner
belongs to a different model class to the answerer: here Naive’s performance is much less convincing.
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In this work, we have shown how to effectively apply the framework of sequential Bayesian experimen-
tal design (BED) to the problem of interactive information gathering with LLMs. Specifically, we have
introduced BED-LLM, which provides a specific, information–theoretic, sequential BED approach
that makes a variety of carefully justified design choices in the joint-model factorization, belief updat-
ing, and EIG estimation. Particularly central to BED-LLM is the prior–likelihood pairing with filtering
of hypotheses for consistency with the history. BED-LLM is notably the first work that uses both this
prior–likelihood pairing without making a deterministic likelihood assumption that causes the EIG to
simply to just marginal predictive entropy. Together, these innovations lead to substantial performance
improvements compared to previous approaches. The results thus confirm that principled EIG–driven
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9

432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

0 5
Turn t

3.5

4.0

4.5

M
ea
n
R
at
in
g

GPT-4o-mini

0 5
Turn t

3.5

4.0

GPT-4o

0 5
Turn t

4.0

4.5

Llama-3.3-70B

0 5
Turn t

3.5

4.0

Qwen2.5-72B

0 5
Turn t

4.0

4.5

Q: GPT-4o-mini
A: Qwen2.5-72B

0 5
Turn t

3.5

4.0

Q: Qwen2.5-72B
A: GPT-4o-mini

Naive BED-LLM Entropy
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Rejection sampling and explicit EIG maximization are key We also see the importance of two
other aspects of BED-LLM. First, how we produce our beliefs over ✓ matters: deriving beliefs using
simple in-context learning, as in ICL Beliefs, lead to massive performance drops. Second, while
BED-LLM’s routines for sampling candidate questions and hypotheses are crucial, they alone are not
sufficient: passing the samples to an LLM and prompting it to select the highest-EIG question, as in
Implicit Maximization, works much less well than using the samples to explicitly maximize EIG.

BED-LLM is robust to questioner–answerer mismatch Our results in Fig. 1 demonstrate that the
benefit of BED-LLM persists even under model misspecification. This is important for applicability
to real-world users, whose responses will follow a different distribution than the questioner LLM.

6.2 PREFERENCE ELICITATION

Unlike 20 Questions, in which ✓ is a concrete entity and most reasonable questions have clear answers,
many real-world information-gathering tasks involve more abstract targets and less predictable data
generation. A key example is learning user preferences, where it may be difficult to explicitly define
a concrete closed set of possible ✓, and it is also challenging for the LLM to develop appropriate
uncertainty estimates. To study such a scenario, we evaluate BED-LLM on inferring users’ film
preferences. Here the target we are trying to gather information about is somewhat abstract, and we
have some flexibility in how we define ✓ in our joint model. Our chosen setup is to define ✓ to be
a user profile, namely a paragraph of text describing the user’s film preferences, with our answerer
model prompted to emulate a user with a given profile; see App. G for full details. We consider 200
different user profiles as the ground truth ✓

⇤, but as with 20 Questions this set is never given to the
questioner. Because Split is not applicable as a baseline here (a deterministic likelihood assumption
is clearly unreasonable), we benchmark with the similar Entropy approach instead. We also note that
data–estimation setup is completely unviable here as well because of the large ✓ space.

At each turn t 2 (0, 1, . . . , 5) we use the question-answer history as context for generating a list of
ten film recommendations. This list is then rated in its fit to the user profile using an LLM-as-judge
setup (Trivedi et al., 2024; Zhu et al., 2025). Specifically, the answerer scores each film on a scale of
1 to 5 (in 0.5 increments), based on how well the film aligns with ✓

⇤; this score is output together
with a brief justification to increase reliability. The films’ scores are not included in ht�1.

Our results in Fig. 2 show that, while Naive is often a strong baseline in this preference-elicitation
scenario, BED-LLM is still able to provide a boost over both Naive and Entropy, producing higher-
rated film recommendations. BED-LLM’s benefit is most clear in scenarios where the questioner
belongs to a different model class to the answerer: here Naive’s performance is much less convincing.

7 CONCLUSION

In this work, we have shown how to effectively apply the framework of sequential Bayesian experimen-
tal design (BED) to the problem of interactive information gathering with LLMs. Specifically, we have
introduced BED-LLM, which provides a specific, information–theoretic, sequential BED approach
that makes a variety of carefully justified design choices in the joint-model factorization, belief updat-
ing, and EIG estimation. Particularly central to BED-LLM is the prior–likelihood pairing with filtering
of hypotheses for consistency with the history. BED-LLM is notably the first work that uses both this
prior–likelihood pairing without making a deterministic likelihood assumption that causes the EIG to
simply to just marginal predictive entropy. Together, these innovations lead to substantial performance
improvements compared to previous approaches. The results thus confirm that principled EIG–driven
strategies can yield substantial gains for interactive, multi-turn, information gathering problems.
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Rejection sampling and explicit EIG maximization are key We also see how we produce our
beliefs over ✓ matters: deriving beliefs using simple in-context learning, as in ICL Beliefs, lead to
massive performance drops. Further, while BED-LLM’s routines for sampling candidate questions
and hypotheses are crucial, they alone are not sufficient: passing the samples to an LLM and
prompting it to select the highest-EIG question, as in Implicit Maximization, works much less well.

BED-LLM is robust to questioner–answerer mismatch Our results in Fig. 2 demonstrate that the
benefit of BED-LLM persists even under model misspecification. This is important for applicability
to real-world users, whose responses will follow a different distribution than the questioner LLM.

6.2 PREFERENCE ELICITATION

Unlike 20 Questions, in which ✓ is a concrete entity and most reasonable questions have clear answers,
many real-world information-gathering tasks involve more abstract targets and less predictable data
generation. A key example is learning user preferences, where it may be difficult to explicitly define
a concrete closed set of possible ✓, or for the LLM to develop appropriate uncertainty estimates. To
study such a scenario, we evaluate BED-LLM on inferring users’ film preferences. Here the target
✓ is somewhat abstract, and we have more flexibility in how we define it in our joint model. Our
chosen setup is to define ✓ to be a user profile, namely a paragraph of text describing the user’s
film tastes with our answerer model prompted to emulate a user with a given profile; see App. I
for full details. We consider 200 ground-truth profiles, {✓⇤i }200i=1, which, as with 20 Questions, are
never revealed to the questioner. Because Split is not applicable as a baseline here (a deterministic
likelihood assumption is clearly unreasonable), we benchmark with the similar Entropy approach
instead. We also note that data–estimation setup is completely unviable here due to the large ✓ space.

At each turn, t 2 (0, 1, . . . , 5), the questioner uses ht�1 to generate ten film recommendations. This
list is then rated in its fit to the user profile using an LLM-as-judge setup (Trivedi et al., 2024; Zhu
et al., 2025). Specifically, the answerer scores each film on a scale of 1 to 5 (in 0.5 increments), based
on how well the film aligns with ✓⇤; this score is output together with a brief justification to increase
reliability. The films’ scores are not included in ht�1.

Our results in Fig. 3 show that, while Prompt-Only seems to be a stronger baseline in this
preference-elicitation scenario than for 20 Questions, BED-LLM is still able to provide a boost over
both it and Entropy, producing higher-rated film recommendations. BED-LLM’s benefit is most
clear in scenarios where the questioner belongs to a different model class to the answerer.

7 CONCLUSION

In this work, we have shown how to effectively apply the framework of sequential Bayesian experimen-
tal design (BED) to the problem of interactive information gathering with LLMs. Specifically, we have
introduced BED-LLM, which provides a specific, information-theoretic, sequential BED approach
that makes a variety of carefully justified design choices in the joint-model factorization, belief updat-
ing, and EIG estimation. Particularly central to BED-LLM is the prior–likelihood pairing with filtering
of hypotheses for consistency with the history. BED-LLM is notably the first work that uses both this
prior–likelihood pairing without making a deterministic likelihood assumption that causes the EIG to
simply to just marginal predictive entropy. Together, these innovations lead to substantial performance
improvements compared to previous approaches. The results thus confirm that principled EIG-driven
strategies can yield substantial gains for interactive, multi-turn information gathering problems.
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Rejection sampling and explicit EIG maximization are key We also see how we produce our
beliefs over ✓ matters: deriving beliefs using simple in-context learning, as in ICL Beliefs, lead to
massive performance drops. Further, while BED-LLM’s routines for sampling candidate questions
and hypotheses are crucial, they alone are not sufficient: passing the samples to an LLM and
prompting it to select the highest-EIG question, as in Implicit Maximization, works much less well.

BED-LLM is robust to questioner–answerer mismatch Our results in Fig. 2 demonstrate that the
benefit of BED-LLM persists even under model misspecification. This is important for applicability
to real-world users, whose responses will follow a different distribution than the questioner LLM.

6.2 PREFERENCE ELICITATION

Unlike 20 Questions, in which ✓ is a concrete entity and most reasonable questions have clear answers,
many real-world information-gathering tasks involve more abstract targets and less predictable data
generation. A key example is learning user preferences, where it may be difficult to explicitly define
a concrete closed set of possible ✓, or for the LLM to develop appropriate uncertainty estimates. To
study such a scenario, we evaluate BED-LLM on inferring users’ film preferences. Here the target
✓ is somewhat abstract, and we have more flexibility in how we define it in our joint model. Our
chosen setup is to define ✓ to be a user profile, namely a paragraph of text describing the user’s
film tastes with our answerer model prompted to emulate a user with a given profile; see App. I
for full details. We consider 200 ground-truth profiles, {✓⇤i }200i=1, which, as with 20 Questions, are
never revealed to the questioner. Because Split is not applicable as a baseline here (a deterministic
likelihood assumption is clearly unreasonable), we benchmark with the similar Entropy approach
instead. We also note that data–estimation setup is completely unviable here due to the large ✓ space.

At each turn, t 2 (0, 1, . . . , 5), the questioner uses ht�1 to generate ten film recommendations. This
list is then rated in its fit to the user profile using an LLM-as-judge setup (Trivedi et al., 2024; Zhu
et al., 2025). Specifically, the answerer scores each film on a scale of 1 to 5 (in 0.5 increments), based
on how well the film aligns with ✓⇤; this score is output together with a brief justification to increase
reliability. The films’ scores are not included in ht�1.

Our results in Fig. 3 show that, while Prompt-Only seems to be a stronger baseline in this
preference-elicitation scenario than for 20 Questions, BED-LLM is still able to provide a boost over
both it and Entropy, producing higher-rated film recommendations. BED-LLM’s benefit is most
clear in scenarios where the questioner belongs to a different model class to the answerer.

7 CONCLUSION

In this work, we have shown how to effectively apply the framework of sequential Bayesian experimen-
tal design (BED) to the problem of interactive information gathering with LLMs. Specifically, we have
introduced BED-LLM, which provides a specific, information-theoretic, sequential BED approach
that makes a variety of carefully justified design choices in the joint-model factorization, belief updat-
ing, and EIG estimation. Particularly central to BED-LLM is the prior–likelihood pairing with filtering
of hypotheses for consistency with the history. BED-LLM is notably the first work that uses both this
prior–likelihood pairing without making a deterministic likelihood assumption that causes the EIG to
simply to just marginal predictive entropy. Together, these innovations lead to substantial performance
improvements compared to previous approaches. The results thus confirm that principled EIG-driven
strategies can yield substantial gains for interactive, multi-turn information gathering problems.
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Joint Model Options

• Lots of ways we can derive a joint model from the LLM 
• Most critical decision is between two distribution 

pairings: 

– Prior-likelihood:  

– Data-estimation:  

• Each term can be taken direct from the LLM, derived 
from this, or set to something completely different  

• LLM in context distributions are not coherent, so these 
will induce different joints!

p(θ; ht)p(yt+1 |θ; xt+1, ht)
p(yt+1; xt+1, ht)p(θ |yt+1; xt+1, ht)
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Which Pairing?
• We can easily deviate from the LLM distributions for 

 or  

• We only need to samples 
• But we need to directly evaluate entropies for 

 or  

– This depends on full distribution and it is harder to 
deviate from the LLM distribution 

• Choose the pairing where this entropy is a more 
meaningful measure of uncertainty 

• Simple Prior-Likelihood 

• Simple Data-Estimation

p(θ; ht) p(yt+1; xt+1, ht)

p(yt+1 |θ; xt+1, ht) p(θ |yt+1; xt+1, ht)

y →
θ →
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3.2 ESTIMATING EIG FOR EACH QUESTION

We can estimate the EIG for a given question xt+1 using the following Rao-Blackwellized estimator
of Equation 3, independently introduced by Gal et al (2017) and Rainforth (2017):

EIG✓(xt+1;ht) ⇡
1

N

NX

n=1

X

yt+12Y
pLLM(yt+1; [✓

(n), xt+1]) log pLLM(yt+1; [✓
(n), xt+1])

�
X

yt+12Y
p̂(yt+1; [ht, xt+1]) log p̂(yt+1; [ht, xt+1]),

(5)

where p̂(yt+1; [ht, xt+1]) :=
1
N

PN
n=1 pLLM(yt+1; [✓(n), xt+1]) and ✓(n) ⇠ pf (✓;ht) (see Sec-

tion 3.3). While this estimator is biased for finite N ,3 it is still a singly intractable estimator
that converges as N ! 1 at the standard Monte Carlo rate O(1/

p
N) (Rainforth et al, 2018). Note

that the samples ✓(n) do not need to be independent for this to hold, provided that they can be shown
to satisfy some appropriate form of ergodicity or decaying correlation (see, e.g., Billingsley (2013)).

Note that when constructing this estimator, one should directly utilize the LLM’s logits (whenever
this is possible) to calculate the pLLM(yt+1; [✓(n), xt+1]) terms. By the Rao-Blackwell theorem (Rao
et al, 1945), this will always produce lower variance estimators than purely sample–based estimators,
like those employed in Hu et al (2024) and Kobalczyk et al (2025).

3.2.1 EIG cannot BE WELL APPROXIMATED USING PREDICTIVE ENTROPY

Previous attempts to apply BED to the LLM setting with a prior–likelihood based model
have all, either explicitly or implicitly, assumed that the expected likelihood entropy,
Ep(✓;ht)[H[p(yt+1|✓;xt+1, ht)]], is constant over designs (Kobalczyk et al, 2025; Mazzaccara et al,
2024; Cooper et al, 2025); for BED-LLM this would equate to ignoring the first line of the estimator
in Equation 5. Under this assumption, the EIG breaks down to simply the marginal predictive entropy,
H[Ep(✓;ht)[p(yt+1|✓;xt+1, ht)]]. Therefore, approaches that make this assumption are no longer
information–based, and are instead making decisions simply based on predictive uncertainty.

This is problematic as, in practice, this expected conditional uncertainty will vary between questions.
For example, if ✓ =“dog”, then the response to the question “Is it an animal?” should be close to
deterministic, but the expected response to the question “Does it have black fur?” clearly is not. In
general, Ep(✓;ht)[H[p(yt+1|✓;xt+1, ht)]] measures how easily the question can be answered once ✓
is known, and intuitively this will not be constant across questions for the vast majority of problems.

This variability in the expected entropy of the likelihood can be crucial in determining good questions
and omitting it provides no meaningful computational saving (as the same LLM evaluations are used
for the top and bottom lines of Equation 5, doing the full estimate of the EIG requires no additional
LLM calls to be made). We, therefore, strongly advocate against making this assumption: including
the expected entropy of the likelihood is essential in avoiding questions that are irrelevant, ambiguous,
unclear, or simply unhelpful in our quest to learn about ✓. This recommendation will be strongly
backed up by our experiments, where we will see that approximating the EIG with the marginal
predictive entropy significantly degrades performance of the sequential BED approach. A further
example of how predictive entropy can be detrimental is given in Figure 1.

One might instead be tempted to replace p̂(yt+1; [ht, xt+1]) with pLLM(yt+1; [ht, xt+1]) in the EIG
estimation, as the two essentially offer alternative predictive distributions for the outcome. We also
advise against this though, noting that it again provides no meaningful computational benefits (unless
one also assumes a deterministic likelihood, but this would then mean we no longer consider ✓ at all).
A key reason for avoiding this substitution is that it would mean we are no longer estimating a true
EIG: the inconsistency between the likelihood and the marginal data distribution means there is no
longer a joint model where we are minimising our expected uncertainty in ✓. We also find that the
LLM process of sampling ✓ from pf (✓;ht) followed by y from pLLM (yt+1; [✓, xt+1]) tends to give
a better uncertainty over responses than sampling y directly from pLLM(yt+1; [ht, xt+1]).

3In general it is not possible to derive unbiased estimates for the EIG without using MLMC approaches (Goda
et al, 2022) that significantly increase the cost-normalized variance.
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tion 3.3). While this estimator is biased for finite N ,3 it is still a singly intractable estimator
that converges as N ! 1 at the standard Monte Carlo rate O(1/
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N) (Rainforth et al, 2018). Note

that the samples ✓(n) do not need to be independent for this to hold, provided that they can be shown
to satisfy some appropriate form of ergodicity or decaying correlation (see, e.g., Billingsley (2013)).

Note that when constructing this estimator, one should directly utilize the LLM’s logits (whenever
this is possible) to calculate the pLLM(yt+1; [✓(n), xt+1]) terms. By the Rao-Blackwell theorem (Rao
et al, 1945), this will always produce lower variance estimators than purely sample–based estimators,
like those employed in Hu et al (2024) and Kobalczyk et al (2025).

3.2.1 EIG cannot BE WELL APPROXIMATED USING PREDICTIVE ENTROPY

Previous attempts to apply BED to the LLM setting with a prior–likelihood based model
have all, either explicitly or implicitly, assumed that the expected likelihood entropy,
Ep(✓;ht)[H[p(yt+1|✓;xt+1, ht)]], is constant over designs (Kobalczyk et al, 2025; Mazzaccara et al,
2024; Cooper et al, 2025); for BED-LLM this would equate to ignoring the first line of the estimator
in Equation 5. Under this assumption, the EIG breaks down to simply the marginal predictive entropy,
H[Ep(✓;ht)[p(yt+1|✓;xt+1, ht)]]. Therefore, approaches that make this assumption are no longer
information–based, and are instead making decisions simply based on predictive uncertainty.

This is problematic as, in practice, this expected conditional uncertainty will vary between questions.
For example, if ✓ =“dog”, then the response to the question “Is it an animal?” should be close to
deterministic, but the expected response to the question “Does it have black fur?” clearly is not. In
general, Ep(✓;ht)[H[p(yt+1|✓;xt+1, ht)]] measures how easily the question can be answered once ✓
is known, and intuitively this will not be constant across questions for the vast majority of problems.

This variability in the expected entropy of the likelihood can be crucial in determining good questions
and omitting it provides no meaningful computational saving (as the same LLM evaluations are used
for the top and bottom lines of Equation 5, doing the full estimate of the EIG requires no additional
LLM calls to be made). We, therefore, strongly advocate against making this assumption: including
the expected entropy of the likelihood is essential in avoiding questions that are irrelevant, ambiguous,
unclear, or simply unhelpful in our quest to learn about ✓. This recommendation will be strongly
backed up by our experiments, where we will see that approximating the EIG with the marginal
predictive entropy significantly degrades performance of the sequential BED approach. A further
example of how predictive entropy can be detrimental is given in Figure 1.

One might instead be tempted to replace p̂(yt+1; [ht, xt+1]) with pLLM(yt+1; [ht, xt+1]) in the EIG
estimation, as the two essentially offer alternative predictive distributions for the outcome. We also
advise against this though, noting that it again provides no meaningful computational benefits (unless
one also assumes a deterministic likelihood, but this would then mean we no longer consider ✓ at all).
A key reason for avoiding this substitution is that it would mean we are no longer estimating a true
EIG: the inconsistency between the likelihood and the marginal data distribution means there is no
longer a joint model where we are minimising our expected uncertainty in ✓. We also find that the
LLM process of sampling ✓ from pf (✓;ht) followed by y from pLLM (yt+1; [✓, xt+1]) tends to give
a better uncertainty over responses than sampling y directly from pLLM(yt+1; [ht, xt+1]).

3In general it is not possible to derive unbiased estimates for the EIG without using MLMC approaches (Goda
et al, 2022) that significantly increase the cost-normalized variance.
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• Two options: 

– Direct generation using  

– Conditional generation on set of  samples 
using  

• Latter works well for discrete, easily divisible 
hypothesis spaces, but can overfit in more 
complex scenarios.

pLLM(xt+1; ht)
θ

pLLM(xt+1; ht, ̂θ1, ̂θ2, …, ̂θN)
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Candidate Question Generation
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Baselines

• Naive QA: prompt the LLM to choose its own 
next question with history in context 

• Predictive Entropy: choose question with 
maximal predictive entropy, as done by Cooper 
et al 2025, Kobalcyzk et al 2025, Mazzaccara et 
al 2024:
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successful traces. Mazzaccara et al (2024) do indirectly incorporate uncertainty: they use predictive
entropy to identify informative questions, and then either fine-tune on the highest-entropy question,
or perform DPO comparing the highest-entropy question with a lower-entropy question. We do not
address fine-tuning in this work, focusing instead on exploring the correct way to formulate BED
using LLMs.

As discussed in Section 4, a key challenge in adapting BED to the LLM setting is in aligning the
expected information gain with the actual uncertainties extracted from the LLM after updating. Handa
et al (2024) take a different approach to this problem by using the LLM to generate features for an
external conventional Bayesian joint model (in their case, a linear Bradley Terry model), rather than
deriving their joint model more directly from the LLM itself. This can be a good choice when we
already have a well-specified Bayesian model form for the problem at hand; however, this may be
challenging in arbitrarily large and complex hypothesis spaces. In particular, their specific method is
not applicable more widely beyond the preference learning context they consider.

6 EXPERIMENTS

We now empirically evaluate our proposed BED-LLM method, compare it against relevant baselines,
and analyze its properties through targeted ablation studies. We consider two interactive question–
answering scenarios that test different types of sequential information acquisition: 1) 20–Questions:
a deductive reasoning game requiring identification of a hidden target entity through binary (Yes/No)
queries, and 2) Active Preference Elicitation: a task in which the goal is to infer a latent user
preference vector via multiple–choice questions.

To evaluate the different questioner methods (i.e., BED-LLM and our baselines), we further need
some form of answerer that represents the user or external environment we are trying to learn about.
Due to the complications of evaluating with real human participants, we instead conduct our tests
with a simulated user based on a separate LLM instance that has been given a ground truth target
✓⇤ (corresponding to the hidden target entity for 20–Questions and a user profile for the active
preference elicitation). Note that this answerer LLM does not itself perform any learning—it does
not keep previous question–response pairs in context. While we consider both deriving the questioner
and answerer from the same LLM and from different LLMs, we emphasize that they are always
using separate LLM instances with different prompts and contexts, thus no information is transferred
between them except in the questions and responses themselves.

We compare BED-LLM against two baselines:

a) Entropy: selecting questions using the maximum predictive entropy, as done in Kobalczyk et al
(2025), Mazzaccara et al (2024), and Cooper et al (2025). For fairness and to ensure a strong baseline,
we keep the entropy setup as close to BED-LLM as possible (including prompts, candidate question
generation, and our joint model construction with hypothesis filtering), varying only in replacing the
EIG estimator with an estimator of the marginal predictive entropy,

Entropy✓(xt+1) = �
X

yt+12Y
p̂(yt+1; [ht, xt+1]) log p̂(yt+1; [ht, xt+1]). (7)

We construct an estimator for Equation 7 analogously to Equation 5. We also note here that our
version of the Entropy baseline produces noticeably stronger performance on the 20–Questions
problem than Kobalczyk et al (2025) report for their own “EIG” approach, demonstrating it efficacy.5

b) Naive QA: we prompt the questioner LLM to directly produce an informative next question without
explicit hypothesis generation, EIG computation, or filtering. The question is obtained by drawing a

5Though Kobalczyk et al (2025) describe their approach as targeting the EIG, the estimator they use (given
by their Algorithm 1) actually equates to a sample-based estimator of the marginal predictive entropy instead
and is thus comparable with our Entropy baseline. As they do not provide code specifically for the 20–questions
experiments or explicit results on their approaches’ success rate, we were unable to provide direct comparisons
against their exact setup. However, we believe that it is still clear from the results they do present that their
approach is performing worse than the Entropy baseline we do consider. First, the reported ranks they give
indicate they are not beating the naive LLM approach with the same regularity as Entropy does. Second, in their
rebuttal on OpenReview they explain that they only report ranks and not success rate because “only very few

runs would result in a non-zero accuracy”, whereas we see that our Entropy baseline is regularly successful.
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Answerer

• To conduct experiments we need to evaluate 
with some sort of answerer 

• We use a separate LLM that has hidden access 
to the true  (it does not keep previous 
question response pairs in context)
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An updated model  
incorporating data history  defines a new EIG:

p(θ, yt+1; xt+1, ht)
ht

27

Updated Model => New EIG

EIGθ(xt+1) = H[p(θ; ht)] − 𝔼p(yt+1;xt+1,ht) [H[p(θ |yt+1; xt+1, ht)]]
= H[p(yt+1; xt+1, ht)] − 𝔼p(θ;ht) [H[p(yt+1 |θ; xt+1, ht)]]



BED-LLM 
Tom Rainforth

Ra
in

M
L

28

Applications

• Clarifying user intent 
• Interactive multi-turn conversations 
• Automated surveys 
• Recommender systems 
• Tutoring systems 
• AI scientists 
• Assisted code generation 
• Understanding existing LLM’s capabilities 
• …


