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If an LLM says something is 
“likely,” how much should we 
actually trust that number?

Problem Statement



Estimate a trustworthy probability under partial information:
• LLMs often output the same probability for different conditions, causing 

ties and unreliable downstream decisions

Problem Statement



Probabilities are needed for:
• Optimization under constraints (e.g., choose k locations under budget)
• Evidence strength comparison (avoid frequent ties)
• Uncertainty-aware actions (when to ask follow-up questions)

Why Probability



Current LLMs are not ideal for probability estimation because:
• Numerical probabilities can be inaccurate / overconfident
• The estimation process is often not interpretable or controllable

• LLMs can generate relevant factors + coarse probabilities
• But cannot produce coherent calibrated probabilities directly

Goal of this paper: 
• Infer better probabilities and expose an interpretable process

Motivation: Why current LLMs fall short



Direct inference in LLMs
• Chain-of-Thought prompting: produces reasoning + verbalized probabilities, 

but does not enforce calibration/coherence 
• Self-consistency: sampling multiple CoT paths improves reasoning stability
Confidence / calibration elicitation
• Just ask for calibration: prompting strategies for calibrated confidence scores
• Can LLMs express their uncertainty? empirical study of confidence elicitation
Probabilistic reasoning with language
• Uncertain Natural Language Inference: extracting uncertainty/probability in 

NLI settings
• ThinkSum: probabilistic reasoning over sets using LLMs
• From word models to world models: NL → probabilistic “world model” 

representations

Prior Works



When context is incomplete, inference marginalizes over unobserved “complete 
states” 

•     : full assignment of factor values
• This turns the problem into modeling                      and estimating

Background: Marginalization



Factorize:

• makes inference computable
• introduces a modeling assumption (correlated factors can be challenging)

Background: Tractability via Conditional Independence



BIRD = Bayesian Inference 
from Abduction and 
Deduction
• Abduction: generate a 

comprehensive factor 
set, then learn Bayesian 
parameters

• Deduction: map specific 
conditions to factor 
values via entailment, 
then infer

Method Overview



Given a scenario 𝑆, LLM generates:

1. Additional Sentence Sampling
• Generating sentences 

describing situations which 
would increase the likelihood 
of an outcome.

• Alternative Exploration
• Parametric Knowledge
• Scenario Contextualization

Method: Abductive Factor generation



Given a scenario 𝑆, LLM generates:

2. Factor Summarization
• Summarizing sampled sentences 

into discrete factors with 
corresponding potential values

• Feature Extraction
• Discrete Variables
• JSON Formatting

Method: Abductive Factor generation



Given a scenario 𝑆, LLM generates:

3. Factor Filtering & Validation
• Assessing how each factor value 

affects the decision to eliminate 
irrelevant signals

• Outcome Support Classification
• Pruning
• Neutral Intermediate Space

Method: Abductive Factor generation



Avoids exponential CPT growth by using logarithmic opinion pooling instead of 
a full joint conditional probability table:

• Logarithmic Opinion Pool: Instead of a full joint CPT, BIRD uses one learnable 
parameter                         per factoper value

Then:
• Combinatorial Sampling: BIRD samples full assignments                   from the 

product space
• Approximation Formula: It computes an approximated 𝑃 estimated(𝑂𝑖∣𝑓) by 

aggregating factor-level parameters via the derived log-opinion-pool formula 
(not a learned joint CPT)

Method: Parameterize P(O | f) via Bayesian Approximation



No ground-truth probabilities for 
 Use LLM coarse estimates as a supervision signal:

● Verbalized Supervision: BIRD queries LLMs for coarse probability scores 
on sampled complete information instances.

● Constrained Optimization: Parameters are optimized by minimizing the 
MSE Loss between            and 

● Directional Consistency: A Margin Ranking Loss ensures the trained 
individual probabilities preserve the original support direction of the 
factors.

High-level benefit: Aligns LLM probability behavior with Bayesian constraints 
and gives better error tolerance

Method: CPT Optimization via Coarse LLM Probabilities



At inference time, each context 𝐶 is mapped to some factor values 𝑓𝑗 via 
entailment
• LLM Entailment: Each context 𝐶 (Scenario S + Condition U) is mapped to 

specific factor values 𝑓𝑗 via an entailment classification
• Observed Factors: Factors directly implied by the context receive a 

high-confidence assignment
• Unobserved Factors: Factors not mentioned in the context are marginalized 

out under a uniform prior over their possible values
• Context Sensitivity:                    becomes highly sensitive to nuances because 

different conditions U activate different sets of factor values

Method: Deduction via Context-to-Factor Mapping



Bridging the gap between partial observations and accurate probability 
estimation:
• Handling Incomplete Information: In real-world scenarios, a condition often 

only triggers a subset of factors
• Neutrality Principle: For any unobserved factor       , BIRD assumes an equal 

probability for all its possible values $f_{j to remain unbiased
• Marginalization Formula: The final outcome probability is the weighted sum 

of probabilities across the entire information space

• Contextual Nuance: By summing over all possibilities, the model captures 
fine-grained differences that direct LLM prompting typically misses

Method: Bayesian Marginalization Logic



• Every probability is traceable to specific natural-language factors, providing a 
transparent "audit trail" for the decision

• By grounding inference in neutral intermediate factors, the framework filters 
out spurious correlations and inductive biases

Method: Final Inference & Trustworthy Outcomes



Two evaluation views:

• Intrinsic: probability alignment with human preferences

• Extrinsic: decision-making accuracy using predicted probabilities

• Paper headline: BIRD probabilities are more reliable and aligns with human 

preference judgments on ~30% more instances compared to direct LLM 

probabilities

Evaluation



Benchmarking BIRD across diverse reasoning and planning domains:
• Base Models: Llama-2-70B and Llama-3.1-70B Instruct versions
• Core Datasets: 

• COMMON2SENSE: General commonsense reasoning (216 scenarios, 3,822 
instances)

• PLASMA: Procedural planning and counterfactual reasoning (279 scenarios, 
1,395 instances)

• TODAY: Complex temporal reasoning, identified as the most challenging 
benchmark

• Human Gold Standard: 350 instances annotated via Amazon Mechanical Turk with 
rigorous quality control

• Training Hyperparameters: Learning rate of 1e-02, 20 epochs, and a batch size of 4

Experimental Setup



• Setup: Given scenario S, find two conditions supporting O1 over O2 (making 
O1 the chosen outcome). 

• Goal: Find which of the two conditions better supports O1 over O2 by 
predicting conditional probabilities P(Oi|Ci)

• Rather than having two contexts which support different outcomes, this 
requires a much more fine-grained probability estimation.

• Ablations:
• 1/2 Assumption: Instead of learning P(Oi|f), set P(Oi|f) = 1 if all factors support Oi or are 

neutral, else 0
• 1/n Assumption: Set P(Oi|f) to the fraction of factors which support Oi.
• Fixed Init: Coarsely assign P(Oi|f) by directing LLM to guess which outcome is more 

supported by f.

Intrinsic Experimental Setup



Testing BIRD’s ability to 
distinguish subtle probability 
nuances (C1 vs. C2):
• BIRD (optimized) reaches 

~0.59 Average F1 (Llama2 and 
Llama3.1).

• Baseline Gap: Vanilla and CoT 
methods show weak 
discrimination when predicting 
separate conditions

• Ablations (1/2, 1/n, fixed init) 
underperform optimized 
learning, supporting the CPT 
fitting step

Intrinsic Results: Human Preference Alignment



Decision rule: pick argmax{𝑃(𝑂1|𝐶),𝑃(𝑂2|𝐶)}
• BIRD probabilities are accurate enough for direct decision-making.
• With Llama-3.1, BIRD outperforms CoT baseline across the listed benchmarks.
• Gains are strongest on the most challenging dataset (TODAY), where CoT tends to fail 

more.

Extrinsic: Decision making



BIRD as a "Probability Teacher" for model distillation
• Soft Labels: Continuous probabilities provide richer training signals than binary 

hard labels
• Distillation Gain: Fine-tuning T5-large with BIRD probabilities improves 

cross-domain average by 1.3%
• Generalization: Superior performance across temporal and planning tasks

Extrinsic: Soft Supervision Application



• Direct LLM probabilities can be unreliable; ties make planning fail.
• BIRD: LLM factorization + Bayesian inference → more discriminative, 

interpretable probabilities.
• Improvements show up in intrinsic preference alignment and decision tasks.

 Takeaways
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