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Abstract

Large Language Models are increasingly de-
ployed for decision-making, yet their adop-
tion in high-stakes domains remains limited
by miscalibrated probabilities, unfaithful ex-
planations, and inability to incorporate expert
knowledge precisely. We propose IDEA, a
framework that extracts LLM decision knowl-
edge into an interpretable parametric model
over semantically meaningful factors. Through
joint learning of verbal-to-numerical mappings
and decision parameters via EM, correlated
sampling that preserves factor dependencies,
and direct parameter editing with mathematical
guarantees, IDEA produces calibrated proba-
bilities while enabling quantitative human-Al
collaboration. Experiments across five datasets
show IDEA with Qwen-3-32B (78.6%) out-
performs DeepSeek R1 (68.1%) and GPT-5.2
(77.9%), achieving perfect factor exclusion
and exact calibration—precision unattainable
through prompting alone. The implementation
is publicly available.'

1 Introduction

Large Language Models (LLMs) are increasingly
deployed for automated decision making (Yang
et al., 2023a), yet their use in high-stakes domains
like financial investment remains limited by a fun-
damental trust deficit: stakeholders cannot reliably
verify, audit, or intervene in the decision process.
This deficit stems from three challenges. First,
real-world decisions demand calibrated probabil-
ities, yet LLMs produce overconfident and inac-
curate estimates under uncertainty (Xiong et al.,
2024). Second, stakeholders require faithful ex-
planations, but generated rationales often serve as
post-hoc rationalizations rather than reflecting ac-
tual reasoning (Turpin et al., 2023; Lanham et al.,
2023). Third, current systems lack quantitative
*Corresponding author.

'Source code is available at https://github.com/
leonbig/IDEA.
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Figure 1: Three manifestations of the trust deficit in
LLM-based decision making, sttemming from a common
root: internal-external misalignment. (a) Uncalibrated
probabilities: ranking and scoring yield inconsistent
orderings for the same options. (b) Unfaithful expla-
nations: generated rationales diverge from the latent
reasoning that actually determines outputs. (c) Uncon-
trollable interventions: natural language instructions
fail to guarantee behavioral compliance—factor X con-
tinues to influence predictions despite explicit exclusion
instructions.

frameworks to integrate domain expert insights be-
yond simple prompting (Figure 1).

Existing approaches fail to resolve these issues.
Logit-based methods extract probabilities from
output distributions (Kadavath et al., 2022; Tian
et al., 2023), but conflate next-token confidence
with decision uncertainty and remain black-box
transformations. Self-explanation approaches like
chain-of-thought prompting (Wei et al., 2022) and
self-consistency decoding (Wang et al., 2023) pro-
duce readable justifications but demonstrably lack
faithfulness. Factor-based frameworks decompose
decisions through intermediate variables: Del.LLMa
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(Liu* et al., 2024) uses decision-theoretic structures
with direct numerical elicitation, and BIRD (Feng
et al., 2025) elicits verbal probabilities over factors.
However, DeLLLMa relies on LLMs to produce pre-
cise numerical utilities (precisely the capability we
identify as unreliable) and BIRD assumes factor
independence with fixed verbal-to-numerical map-
pings from prior literature, losing both calibration
accuracy (our w/o EM ablation shows —9.6% avg
F1) and natural factor correlations. Neither frame-
work supports quantitative parameter editing with
mathematical guarantees. These limitations reflect
a deeper misalignment between LLMs’ internal
computations and their external outputs.

We pursue a different path grounded in two ob-
servations (validated in Section 4.2): (i) while
LLMs cannot reliably produce precise numerical
probabilities, they can generate decision-relevant
factors from their broad knowledge; and (ii) LLMs
exhibit greater consistency when producing verbal
probability expressions (e.g., "likely," "unlikely")
than exact numeric estimates—a consequence of
training on human text where such phrases are
abundant while precise probabilities are rare.

Rather than making the internal inference pro-
cess of LLMs transparent, we aim to extract their
knowledge into a form that is inherently transparent.
Specifically, we propose IDEA (An Interpretable
and Editable Decision-Making Framework) by in-
troducing an intermediate representation: a set
of semantically meaningful decision factors F =
{F1,...,Fn}. Given a decision query () compris-
ing a scenario S (e.g., loan approval) and specific
conditions C' (e.g., applicant information), our goal
is to estimate P(O; | Q) for each possible outcome
O;. Rather than eliciting this probability directly,
we assume these factors are jointly sufficient to de-
termine the decision outcome. Under this assump-
tion, the target probability admits a decomposition:

PO; | Q)= > PO;|f)-P(f|Q), (1)

feF*

where F* denotes the space of all factor value as-
signments (factor configurations), and f denotes a
specific assignment. This decomposition separates
two components: the decision model P(O; | f),
which maps factor configurations to outcome prob-
abilities, and the factor inference P(f | Q) = P(f |
('), which determine the factor values from the en-
tire query, that is, from the specific condition. The
key insight is that the decision model P(O; | f) op-
erates over a low-dimensional, semantically struc-

tured space. This enables learning an interpretable
model whose parameters directly quantify each fac-
tor’s contribution, allowing inspection, verification,
and modification of the decision process.

Two technical challenges arise that distinguish
IDEA from prior factor-based approaches. First,
verbal probability expressions (e.g., "very un-
likely," "likely") are inherently ambiguous with
unknown numerical mappings, yet learning the
decision model requires numerical labels. Un-
like BIRD (Feng et al., 2025), which fixes map-
pings from psychological literature, we resolve this
through joint estimation of the verbal-to-numerical
mapping and model parameters via EM, treating
unknown probabilities as latent variables. This
addresses a fundamental circularity: learning the
decision model requires numerical labels, but deter-
mining what numerical values verbal expressions
represent requires the decision model. Second, in-
ference under partial information requires marginal-
izing over uncertain factors while preserving their
dependencies. Unlike methods assuming condi-
tional independence (Feng et al., 2025), we sample
joint configurations directly from the LLM, main-
taining natural correlations (e.g., high income with
stable employment).

The resulting framework offers three properties
that directly address the trust deficit:

* Calibrated Probability Estimation. The
framework produces well-calibrated proba-
bilities through joint learning of verbal-to-
numerical mappings and decision model pa-
rameters.

* Semantic Interpretability. Each parameter
directly quantifies a specific factor’s contribu-
tion, enabling domain experts to inspect and
contest the decision logic.

¢ Quantitative Human-AI Collaboration.
Users can edit parameters to incorporate do-
main knowledge or enforce constraints with
mathematically precise effects—unattainable
through prompting alone.

2 Related Work

Probability Elicitation and Calibration. Prior
work extracts probabilities via token logits (Kada-
vath et al., 2022) or verbalized confidence (Tian
et al.,, 2023), but both exhibit poor calibra-
tion (Liu et al., 2025). BIRD (Feng et al., 2025)
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elicits verbal probabilities over factors but as-
sumes independence and fixes verbal mappings.
Bayesian approaches (Gal and Ghahramani, 2016;
Kuhn et al., 2023) remain computationally pro-
hibitive for LLMs, and ensemble methods like self-
consistency (Wang et al., 2023) treat decisions as
black boxes—recent analysis further shows that
sampling more reasoning paths can compound
rather than reduce errors (Jiang et al., 2026). We
jointly learn calibrated mappings while preserving
factor dependencies and enabling parameter inspec-
tion.

Interpretable Models and Explanations. Con-
cept Bottleneck Models (CBMs) route predictions
through concept layers (Koh et al., 2020), with
variants addressing concept uncertainty (Kim et al.,
2023), annotation costs (Oikarinen et al., 2023;
Yang et al., 2023b), and LLM integration (Sun
et al., 2025). However, these require task-specific
training or assume concept independence. Post-
hoc methods like SHAP (Lundberg and Lee, 2017)
explain predictions but cannot modify behavior.
Other lines audit CoT faithfulness (Sun et al., 2026)
or steer reasoning via internal neurons (Dong et al.,
2026), and parameter-efficient methods such as Au-
roRA (Dong et al., 2025) adapt models through
opaque weight updates rather than semantic factors.
Our framework provides CBM-style interpretabil-
ity while uniquely enabling direct parameter edit-
ing with mathematical guarantees.

3 Framework Overview

We now formalize the problem and present our
framework (illustrated in Figure 2). The general
formulation in Equation (1) accommodates arbi-
trary outcome spaces and factor domains. In this
work, we focus on binary decisions with binary
factors: the outcome space is O = {0,1}, and
each factor F; € {0,1} indicates whether that
factor’s value is positive. Our goal is to estimate
P(O =1 | Q) for a query ) comprising a scenario
S and a specific condition C.

3.1 Technical Objectives and Assumptions
Under the binary setting, the factor configuration

space becomes F* = {0, 1}V. Our objectives are:

* Learn the decision model P(O; | f) as an in-
terpretable parametric model Py (O; | f) from
LLM behavioral data.

* Perform factor inference P(f | C) that deter-
mine factor values from specific conditions.

Finally, compute the final probability via Equa-
tion (1). Our framework relies on some key as-
sumptions:

Assumption 1 (Factor Completeness) The iden-
tified factors F are jointly sufficient to determine
the decision outcome: P(O; | C,S) = P(O; | f),
where f is the factor configuration determining the
values of factors by specific condition C.

Assumption 1 ensures no decision-relevant infor-
mation is lost in the factor representation.

Assumption 2 (Verbal Probability Consistency)
The LLM’s verbal probability responses reflect
an underlying numerical probability through a
consistent, monotonic mapping.

While the exact mapping is unknown, Assumption
2 assumes it can be learned from behavioral data.
We empirically validate this monotonic-consistency
requirement in Appendix G, finding 87.6% ordinal
agreement across 7680 configuration pairs.

3.2 Framework Pipeline

As depicted in Figure 2, our framework extracts
LLM decision knowledge into an interpretable para-
metric model over a semantically meaningful factor
space. The methodology comprises five compo-
nents organized into two phases.

Training Phase (Offline). Given a decision
query Q = (S, C): 1) Factor Identification: Con-
struct binary factors set ¥ = {F,..., Fy} and
verify their discriminability and coverage to satisfy
Assumption 1. 2) Behavioral Probing: Query the
LLM across plenty of factor configurations to col-
lect verbal probability responses, yielding dataset
D = {(fR), VW2 | 3) Joint Estimation: Ap-
ply Expectation-Maximization to simultaneously
learn the decision model Py (O | f) and the verbal-
to-numerical mapping ¢ : V — [0, 1] on the dataset
D.

Inference Phase (Online). 1) Factor Determina-
tion: Extract observable factor values from condi-
tions C, partitioning factors into observed () and
uncertain (I/) subsets. 2) Marginalization: Sam-
ple coherent completions for uncertain factors to
preserve dependencies, then compute the final prob-
ability through Monte Carlo marginalization over
the learned decision model.
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Figure 2: The IDEA framework illustrated on a loan approval task. Given applicant conditions C, the framework
extracts binary factor values, handles uncertainty via Monte Carlo sampling, and produces calibrated probabilities
through a learned decision model Po(O = 1 | f) with interpretable coefficients. The offline phase (bottom
left) jointly learns model parameters and verbal-to-numerical mappings via EM. Expert intervention (bottom
right) enables precise, auditable parameter edits—e.g., excluding credit history by setting S35 = 0 shifts approval

probability from 21.6% to 52.3%.

Expert Intervention. The framework addition-
ally supports quantitative human-Al collaboration
through direct parameter manipulation, enabling
precise editing of relative factor importance with
mathematically guaranteed effects.

4 Methodology

4.1 Factor Identification and Verification

For a decision scenario S with outcomes O =
{01, 02}, we construct a binary factor set F =
{F},..., Fn} through statement-driven elicitation
rather than direct generating. To encourage com-
prehensive exploration of the decision space, we
prompt the LLM to generate 20 comprehensive sit-
uational descriptions that would cause an outcome
to occur. From these generated statements, we sum-
marize candidate factors and formulated as binary
values where F; = 1 and F; = 0 encodes whether
a semantically distinct aspect is positive or nega-
tive. The factor set undergoes iterative verification
by LLMs against two criteria: (i) discriminability,
each factor’s values must differentially support dis-
tinct outcomes, and (ii) coverage, the factors must
jointly subsume all decision-relevant information
in the specific condition C'. Factors failing discrim-
inability are reformulated or discarded; unmapped
information units in C' trigger factor expansion.
This loop iterates until convergence, yielding a fac-

tor set satisfying Assumption 1.

4.2 Behavioral Probing

With a verified factor set 7, we now collect be-
havioral data that reveals how the LLM maps fac-
tor configurations to outcome likelihoods. This
dataset forms the empirical foundation for learning
the decision model in Section 4.3. We construct
the training dataset by systematically querying the
LLM across the factor configuration space F*
{0,1}". For tractable factor spaces (2" < 256),
we probe exhaustively. For larger spaces, we em-
ploy uniform random sampling of 256 configura-
tions, which provides sufficient coverage for esti-
mating main effects and salient interactions.

Verbal Probability Elicitation. For each config-
uration £(*), we construct a hypothetical scenario
and query the LLM to assess outcome likelihood.
Following (Feng et al., 2025), we adopt a seven-
level ordinal scale: V ={very unlikely, unlikely,
somewhat unlikely, neutral, somewhat likely, likely,
very likely}, ordered from vy to vy by increasing
likelihood. This process yields a behavioral dataset
D = {(f®), VK where V¥ € V is the
LLM’s verbal response to configuration £(¥).
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4.3 Joint Estimation via EM Algorithm

The behavioral probing procedure yields a dataset
D = {(f®), V)1 | where each observation
pairs a factor configuration f(¥) ¢ {0, 1} with the
LLM'’s verbal probability response V*) € V. Our
goal is to learn two components simultaneously:

* A decision model Py(O = 1 | f) that maps
factor configurations to numerical probabili-
ties, parameterized by 6.

* A verbal-to-numerical mapping ¢ : V —
[0, 1] that converts verbal expressions to cali-
brated probabilities.

This presents a "chicken-and-egg problem": if
the mapping ¢ were known, we could directly
regress model predictions against numerical targets
#(V*)), and vice versa.

We therefore employ the Expectation-
Maximization (EM) algorithm, which iteratively
computes the posterior distribution of latent
probabilities (E-step) and updates parameters to
maximize the expected complete-data likelihood
(M-step). EM alternation guarantees monotonic
improvement in the marginal likelihood and
convergence to a local optimum.

4.3.1 Model Specification

We instantiate the decision model as a logistic
regression with main effects and pairwise inter-
actions. Recall that a factor configuration f =
(f1,..., fn) € {0,1} assigns a binary value to
each factor, where f; € {0, 1} denotes the value of
factor F);. The decision model takes the form:

PO =118) =0 (a+ X0 Bif + Srcicjen 1ifil )

2)
where o (-) is the sigmoid function, « is the inter-
cept, 3; quantifies the main effect of factor F;, and
~vi;j captures the interaction between factors F; and
F;. The full parameter vector is @ = (o, 3,7)
with 8 = (B1,...,8n) and v = {7i; }ic;-

This functional form balances expressiveness
with interpretability: main effects {3;} directly
quantify each factor’s contribution in log-odds,
while interactions {v;;} capture synergies or con-
flicts between factor pairs. To promote sparse, inter-
pretable interaction structure, we apply elastic net
regularization exclusively to the interaction coeffi-
cients: Q(v) = A1]|v[l1 + A2v||3. The ¢; penalty
induces sparsity, driving negligible interactions to

exactly zero; the /5 penalty ensures numerical sta-
bility when interactions are correlated. Main ef-
fects {3;} and intercept o remain unregularized to
preserve their direct interpretability.

4.3.2 Estimation Algorithm

We formulate the estimation problem by intro-
ducing latent variables representing the unknown
numerical probabilities. For each observation
(£R), V() let p®) € [0, 1] denote the latent prob-
ability that the LLM’s verbal response V' (¥) implic-
itly represents. These latent variables bridge verbal
expressions and numerical targets, enabling joint
estimation via the Expectation-Maximization (EM)
algorithm (Dempster et al., 1977).

E-step. Given current estimates (8(*), ¢()), we
compute the posterior distribution of each latent
probability p(*). Two sources of information
constrain this distribution: the model prediction
Po(O = 1 | f%)) and the verbal indication
(V). Under a Gaussian likelihood model with
precision parameters 79 and 74, the posterior mean
takes the form of a precision-weighted combina-
tion:

70 - Po(fF)) + 74 - p(VF))

E[p®) | £0) v (*)] = S

3

M-step. We update both components to maxi-
mize the expected complete-data log-likelihood.
The model parameters @ are updated by minimiz-
ing a composite objective:

£(0) = S (Po(t™) — Ep™)* + X+ Launk(6) + 7).

“)
where Lk is a directional hinge consistency loss
(Burges et al., 2005) that penalizes violations of
the ordinal structure (i.e., configurations elicit-
ing "likely" should yield higher probabilities than
those eliciting "unlikely"). The verbal mapping
¢ is updated by minimizing the squared deviation
from posterior means, subject to monotonicity con-
straints that preserve semantic ordering (Wallsten
et al., 1986). We initialize ¢ with canonical map-
pings from psychological literature (Budescu et al.,
2009). Iteration terminates when the Q-function
(expected complete-data log-likelihood) change
falls below 10~*. Full derivations appear in Ap-
pendix A.

4.4 Inference Under Uncertainty

Given a new query () = (.5, C), inference follows
the decomposition in Equation (1) through three

40316



steps.

Factor Determination. For each factor F;, we
query the LLM to decide whether specific condition
C implies: F; = 1, F; = 0, or does not determine
F}. This partitions factors into observed factors O
(with determined values f») and uncertain factors
U. A human evaluation on 150 instances confirms
this partition is reliable (91.5% accuracy on the
observed-vs-uncertain distinction for Qwen-3-32B;
see Appendix H).

Joint Sampling. When |U/| > 0, we must esti-
mate the joint distribution over uncertain factors.
Unlike independence assumptions in prior work
(Feng et al., 2025), we preserves natural factor cor-
relations (e.g., high income correlating with stable
employment) by sampling 7" completions from the
LLM conditioned on fp and C'. High temperature
(7 > 1.0) ensures sample diversity.

Marginalization. The final probability is com-
puted via Monte Carlo marginalization:

T
1
PO=1|Q)~ TZPg(O: 1] fo,fL(f)>.
t=1
(5)

This estimator is unbiased, with standard error
O(1/+/T). In our experiments, we use T = 50
samples, which provides stable estimates while re-
maining computationally efficient.

4.5 User Parameter Editing

The decision model’s transparent structure enables
expert intervention impossible through prompting.
We support two modes: structural edits (adding or
removing factors) and quantitative edits to factor
influence. Users can directly add or remove factors
during training. Because the model operates over
the explicit factor space F rather than opaque in-
ternal activations, such modifications are auditable
guaranteed.

Average Marginal Effects. Experts often need
to adjust the relative importance of factors quanti-
tatively. However, logistic coefficients operate in
log-odds space and do not directly represent proba-
bility changes. To express constraints in probability
space, we employ the Average Marginal Effect
(AME)—the expected probability change when a
factor switches from O to 1, averaged over all con-

figurations of other factors:

1
IN-1 Z

x_€e{0,1}VN -1

AME;, = Ap(x_p), (6)

where Ag(x_y) = Po(O = 1| frr = 1,x_%) —
Py(O =1 fr, = 0,x_j) and x_}, denotes all fac-
tor assignments except k. AME values are directly
interpretable as average percentage-point changes
in outcome probability. AME is widely employed
to interpret parameter importance in logistic regres-
sion, as it bridges the gap between abstract sta-
tistical coefficients and human cognitive intuition
(Mood, 2010).

Constrained Adjustment. To enforce expert
constraints such as relative importance (e.g.,
AME; = p - AME;) while minimizing unintended
side effects, we solve:

w2
je{1,....N}\{1,2}
st. E[ze] = Elzg],
AME;(0') = p - AME, (8'),

(AME; (6') — AME; (6))

(N
where zg = o + Zj 6jfj + Ei<j 'yijfifj is the
logit under 6, and expectations are taken over
{0,1}* (or a domain-weighted distribution when
base rates are known). Since AME(8) is differen-
tiable with respect to 8, we solve this with Sequen-
tial Quadratic Programming. The resulting inter-
ventions are verifiable (constraints can be checked
exactly), predictable (other AMEs are minimally
perturbed), and reversible (the original 6 can be
restored).

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate on five datasets across
two categories.  Complex Decisions: BIG-
DATA22 (Soun et al., 2022) (1,472 instances) pre-
dicts stock movements from market signals and
tweets; Statlog German Credit (Hofmann, 2023)
(1,000 instances) assesses loan applicant creditwor-
thiness. Reasoning: COMMON2SENSE (Singh
et al., 2021) (3,672 instances) tests commonsense
reasoning; PLASMA (Brahman et al., 2023) (1,178
instances) evaluates procedural planning; TODAY
(Feng et al., 2023) (895 instances) assesses tem-
poral reasoning. Following (Feng et al., 2025), all
instances are converted to binary decision queries.
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Models and Baselines. We use Qwen-3-
4B/8B/32B (Team, 2025). Baselines include: (1)
Ablations—w/o Inter removes interaction terms
(vij = 0), testing whether factor interactions
capture meaningful decision patterns; w/o EM
uses fixed verbal-to-numerical mappings from
prior literature (Budescu et al., 2009), bypassing
joint calibration; w/o MC deterministically assigns
uncertain factors (randomly with p = 0.5 when
uninformed), testing whether correlated sampling
preserves important factor dependencies. (2)
Existing methods—Logit extracts probabilities
from token logits; Vanilla (Wang et al., 2023)
directly elicits verbalized probabilities; CoT
(Wei et al., 2022) applies chain-of-thought before
verbalization; PWC performs pairwise comparison
without explicit probabilities (Experiment II only,
where its comparative framing provides structural
advantage). Hyperparameters are in the Appendix
L.

Experiment I: Direct Decision-Making. We
evaluate the fundamental task of selecting the cor-
rect outcome. Given query @ = (5, C'), methods
predict arg maxp, P(O; | Q). We report classifi-
cation accuracy.

Experiment II: Fine-Grained Probability Re-
liability. Binary accuracy alone is insufficient
for reliable decision support, stakeholders also
need probability estimates that faithfully reflect
evidential strength. This experiment tests whether
our framework produces calibrated probabilities
that correctly rank queries by their relative sup-
port for an outcome. We construct paired queries
Q1 = (S,C1) and Q2 = (S, Cy) where both con-
ditions favor Oy, but C'; provides stronger support.
A calibrated model should satisfy P(O1 | Q1) >
P(O1|Q2) >05>P(O3 | Q2) > P(Oz ] Q1).
Ground truth derives from pairwise human anno-
tations on 500 COMMON2SENSE instances. We
report macro F1 over three-way classification (C}
stronger, C's stronger, or equal).

Experiment III: User-edited Factor Interven-
tion. We evaluate whether our framework enables
precise human-Al collaboration through (1) factor
exclusion and (2) quantitative calibration. We
test whether a factor’s influence can be completely
removed. Using a 2 x 2 design, we vary the pres-
ence of exclusion instructions and the target factor
Fx’s value while holding other factors constant.
Our method sets Sy = 0 and removes all interac-

tion terms involving F'x; baselines receive clear
natural language instructions. We report (1) Effect
Reduction Ratio (ERR): 1—A Py, /APy, where
AP=PO=1|Fx=1)-P(O=1]|Fx =0)
measures factor influence; and (2) paired ¢-test p-
values, where p > 0.05 indicates successful elimi-
nation. For quantitative calibration, we specify
that factor F’s influence should be p times that
of factor Fj, with p € {1,2,3,4,5} randomly se-
lected. Our method enforces AME; = p-AME; via
constrained optimization (Equation 7); baselines
receive natural language instructions. We report
Relative Error: |p— p|/p, where p is the empirical
AME ratio. We sample 100 instances each from
COMMON2SENSE, PLASMA, and TODAY for
evaluation.

5.2 Experimental Analysis

Decision Accuracy. Table 1 demonstrates that
IDEA consistently improves decision accuracy
across model scales and domains. Most notably,
IDEA with Qwen-3-32B achieves 78.6% average
accuracy, surpassing both the reasoning-specialized
DeepSeek-R1 (DeepSeek-Al, 2025) (68.1%) and
the larger GPT-5.2 (77.9%). This result suggests
that the primary bottleneck in high-stakes decision-
making is not model capacity alone, but rather the
misalignment between LLMs’ internal knowledge
and their external outputs. By externalizing de-
cision logic into interpretable factors, IDEA har-
nesses latent knowledge more effectively than CoT
or logit-based methods, which remain susceptible
to hallucination and miscalibration.

Ablation Analysis. Each component contributes
meaningfully. Removing interactions (w/o Inter)
causes the largest drop (7.6% on Qwen-3-32B),
confirming that realworld decisions involve non-
linear factor dependencies. Performance also de-
clines with fixed verbal mappings (w/o EM) and de-
terministic factor assignment (w/o MC), validating
that learned calibration and uncertainty marginal-
ization are essential design choices.

Probability Calibration. Table 1 (right) shows
that IDEA produces probability estimates capable
of distinguishing subtle evidential differences be-
tween paired conditions. While pairwise compari-
son (PWC) benefits from explicit comparative fram-
ing at small scale, IDEA substantially outperforms
it on larger models (0.693 vs. 0.481 avg. F1 for
Qwen-3-32B). The largest margins appear on the
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Model Method BIG Crd C2S PLS TOD Avg |F1C: F1C; FlEq Avg

N/A Random 500 500 50.0 500 50.0 500 | 0333 0333 0333 0.333
DeepSeek R1 ~ CoT 51.8 57.0 887 754 677 681 | 0318 0335 0205 0.286
GPT-5.2 CoT 67.8 682 950 829 758 779 | 0455 0438 0295 0.402
CoT 514 575 942 751 681 693 | 0352 0325 0261 0313
Logit 524 549 888 756 702 684 | 0281 0292 0238 0.270
Vanilla 56.7 56.1 91.7 820 704 714 | 0392 0361 0284 0.346
Qwen-3-4B BIRD 55.1 531 880 753 714 686 | 0398 0415 0.190 0.334
PWC - - - - - - 0542  0.610 0.415 0.522
IDEA w/o Inter 544 534 930 793 68.6 69.7 | 0522 0494 0358 0.458
IDEA w/o EM 552 527 918 757 681 687 | 0505 0476 0.168 0.383
IDEA w/o MC 543 535 887 752 685 68.0 | 0536 0510 0332 0459
IDEA 568 533 931 839 707 71.6 | 0575 0553 0385 0.504
CoT 50.7 585 939 759 66.8 692 | 0365 0352 0248 0.322
Logit 56.1 585 913 764 702 705 | 0322 0314 0236 0.291
Vanilla 59.1 586 919 781 70.7 717 | 0418 0.392 0301 0.370
Qwen-3-8B BIRD 562 551 913 733 724 697 | 0552 0567 0346 0.488
PWC - - - - - - 0.615 0.528 0415 0.519
IDEA w/o Inter 50.8 589 930 802 706 70.7 | 0.675 0.660 0501 0.612
IDEA w/o EM 528 602 894 766 683 695 | 0.658 0.642 0472 0.591
IDEA w/o MC 525 589 892 795 694 699 | 0683 0.671 0488 0.614
IDEA 595 603 948 802 714 732 | 0728 0.711 0.652 0.697
CoT 514 560 903 737 673 677 | 0382 0365 0270 0.339
Logit 557 61.1 915 797 694 715 | 0345 0333 0249 0309
Vanilla 588 630 930 81.1 703 732 | 0438 0415 0308 0.387
Qwen-3-32B BIRD 553 592 917 799 71.0 714 | 0590 0.602 0371 0.521
PWC - - - - - - 0.548 0564 0.330 0.481
IDEA w/o Inter 517 606 924 768 735 71.0 | 0715 0.698 0518 0.644
IDEA w/o EM 516 632 935 763 742 718 | 0706 0.689 0501 0.632
IDEA w/o MC 553 581 947 820 688 718 | 0.732 0590 0530 0.617
IDEA 693 689 951 845 750 786 | 0762 0.745 0.572 0.693

Table 1: Main results across two evaluation paradigms. Left (Experiment I): Binary decision accuracy (%) on five
benchmarks spanning complex real-world decisions (BIGDATA22, German Credit) and commonsense reasoning
(COMMONZ2SENSE, PLASMA, TODAY). Right (Experiment II): Macro F1 for three-way probability ranking
on paired COMMON2SENSE queries, measuring whether models correctly identify which condition provides
stronger evidential support. F1 scores are reported separately for cases where C; dominates, Co dominates, or
neither (Equal). Shaded rows denote IDEA variants; best results per model size in bold.

Model Category  Method Factor Exclusion Quantitative Calibration
ERR (1) p-value (1) Relative Error ()
CoT 0.12 0.021 0.88
Prompting  Vanilla 0.33 0.004 0.71
Qwen-3-4B Logit 0.27 0.009 0.79
Editing IDEA 1.00 N/A 0.00
CoT 0.36 0.013 0.66
Prompting  Vanilla 0.08 0.044 0.92
Qwen-3-8B Logit 0.43 0.001 0.74
Editing IDEA 1.00 N/A 0.00
CoT 0.18 0.008 0.81
Prompting  Vanilla 0.41 0.046 0.63
Qwen-3-32B Logit 0.06 0.017 0.95
Editing IDEA 1.00 N/A 0.00

Table 2: Results of user-edited factor intervention. We categorize CoT, Vanilla, and Logit as generic Prompting
methods, distinct from IDEA. Note: Under IDEA factor exclusion, the decision model removes F'x by setting
Bx =0 and dropping all interactions involving F’x, so AP = 0 and the paired ¢-test is undefined (reported as N/A).
IDEA enforces |[AME; — p AME;| < 109, so the relative error rounds to 0.00.
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“Equal” class (the most challenging category) indi-
cating superior calibration granularity.

Controllability. Table 2 exposes a fundamental
limitation of prompting: natural language cannot
guarantee behavioral compliance. All prompting
methods show significant residual factor influence
(p < 0.05) and high calibration error (0.63-0.95).
IDEA achieves perfect factor exclusion (ERR =
1.00) and exact calibration (relative error = 0.00)
through direct parameter manipulation—precision
unattainable via prompting.

Interpretability in Practice. Beyond controlla-
bility, a two-stage user study (Appendix I) shows
that IDEA’s AME-based factor ranking aligns
with expert consensus (Spearman’s p = 0.83;
strong inter-rater agreement, Kendall’s W = (.81),
and that expert parameter edits correct 38% of
IDEA’s errors versus 12% under equivalent natural-
language feedback to CoT. It demonstrates that
parameter-level access translates into measurably
better human—AlI collaboration.

6 Conclusion

We presented IDEA, a framework that addresses
the trust deficit in LLM-based decision-making
by externalizing model knowledge into an inter-
pretable, editable parametric form over semanti-
cally meaningful factors. Through joint estima-
tion of verbal-to-numerical mappings and deci-
sion model parameters, correlated sampling that
preserves factor dependencies, and direct param-
eter manipulation for expert intervention, IDEA
achieves calibrated probabilities, semantic inter-
pretability, and quantitative controllability. Exper-
iments demonstrate that IDEA with Qwen-3-32B
(78.6%) outperforms both DeepSeek R1 (68.1%)
and GPT-5.2 (77.9%), while achieving perfect
factor exclusion and exact quantitative calibra-
tion—precision unattainable through prompting.
These results suggest that the primary barrier to
trustworthy LLM decision-making is not model
capacity, but the misalignment between internal
knowledge and external outputs.

Limitations

Extending Beyond Binary Settings. While our
binary formulation provides a principled founda-
tion with strong empirical results, real-world deci-
sions often involve richer structures. Future work
can extend IDEA to ordinal factors via cumulative

link models or continuous factors through Gaus-
sian process priors, broadening applicability while
preserving interpretability.

Scaling Factor Spaces. The current framework
handles moderate factor sets effectively. Incorporat-
ing active learning or Bayesian experimental design
could enable efficient exploration of larger config-
uration spaces, identifying the most informative
factor combinations without exhaustive probing.

Automating Factor Discovery. Our verification
procedure ensures high-quality factors but relies
on LLMs possessing sufficient domain knowledge
to generate discriminative and comprehensive fac-
tor sets. Future work could integrate automated
concept extraction methods, leverage LLM self-
critique mechanisms for discriminability testing,
or incorporate retrieval-augmented generation to
supplement domain expertise—enabling fully auto-
mated pipelines across diverse decision scenarios.

Relaxing Assumptions. Factor completeness
and verbal consistency serve as effective working
assumptions validated by our strong empirical per-
formance. Future work could quantify sensitivity
to assumption violations or develop robust estima-
tion procedures that explicitly model assumption
uncertainty.

Efficiency Improvements. The computational
overhead reflects IDEA’s thoroughness in extract-
ing decision knowledge. Techniques such as fac-
tor caching across related queries, distillation into
lightweight inference models, or early-stopping
heuristics during marginalization could reduce la-
tency while maintaining calibration quality.

Ethics Statement

Our framework aims to enhance transparency and
accountability in LLM-assisted decision-making,
directly addressing the trust deficit that limits de-
ployment in high-stakes domains. By externalizing
decision logic into interpretable factors with quan-
tifiable contributions, IDEA empowers stakehold-
ers to inspect, contest, and refine automated recom-
mendations—capabilities essential for responsible
Al deployment.

Intended Benefits. The framework promotes hu-
man oversight by making decision processes au-
ditable and editable. Domain experts can verify
whether learned factor weights align with institu-
tional values and regulatory requirements, and inter-
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vene with mathematically guaranteed effects when
they do not.

Potential Risks. Like all decision-support tools,
IDEA could be misused if deployed without ap-
propriate human oversight or if factor sets encode
societal biases. We emphasize that our framework
is designed to augment—not replace—human judg-
ment, particularly in consequential domains like
credit assessment. As a preliminary check, man-
ual inspection of LLM-generated factor sets across
300 sampled instances spanning the five bench-
marks revealed no spurious or biased factors; see
Appendix J.

Data and Evaluation. All experiments use pub-
licly available benchmark datasets. The German
Credit dataset, while standard in ML research, re-
flects historical lending patterns that may embed
demographic biases; our use is purely for method-
ological evaluation, not to endorse any particular
lending criteria.

Broader Impact. We believe that interpretable,
editable decision frameworks represent a positive
direction for human-Al collaboration, enabling
meaningful expert participation rather than passive
acceptance of opaque model outputs.
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A Detailed EM Algorithm Formulation

A.1 Latent Variable Formulation

We formulate the joint estimation problem as in-
ference in a latent variable model. Working in
logit space simplifies the mathematics: let Z(¥) =
logit(P*)) € R denote the latent log-odds for ob-
servation k. The generative process assumes:

Prior (Model Prediction). The decision model
induces a prior distribution on latent log-odds:

Z® | £R) 9 ~ N(OTxH) | o2) (8)

where x(*) is the augmented feature vector contain-
ing intercept, main effects, and interaction terms.
The variance 03 captures model uncertainty.

Likelihood (Verbal Observation). The verbal
response provides a noisy observation of the latent
log-odds through the mapping ¢:

logit(¢(V®)) | 20 ~ N(2®),62)  (9)

The variance 035 captures noise in the verbal ex-
pression process. This formulation treats verbal
responses as observations of an underlying contin-
uous probability, corrupted by the inherent impre-
cision of verbal expression.

The conjugacy of Gaussian distributions is crit-
ical: it yields closed-form posterior distributions,
enabling efficient E-step computation without ap-
proximation.

A.2 Complete EM Update Equations

E-Step. Given current estimates (), ¢()), we
compute the posterior distribution of each latent
variable. By Gaussian conjugacy, this posterior is
also Gaussian:

Z®E) | £®) k) g1 60 ~ N (2R) 52) (10)

with posterior mean:

20 = X (0O TxR)) 4 (1= \) - logit(¢® (V#))

(11)
and posterior variance:
2. 2
Op -0
5= 22 (12)
oy + 0y

where \ = 035 /(o2 + 03)) is the precision-weighted
balance. Intuitively, the posterior mean is a convex
combination of two sources of information—what
the model predicts and what the verbal response
indicates—weighted by their relative precisions.

M-Step for 6. Maximizing the expected
complete-data log-likelihood with respect to
0 reduces to weighted least squares in logit
space. We augment this with regularization and
a margin-ranking loss that preserves directional
consistency with verbal indications:

LR = & S max (0,—y® - (0(0"x®) — 0.5) + ¢)

(13)
where 3*) = sign(¢(®) (V(*)) — 0.5) is computed
once from the initial mapping and ¢ > 0 is a
margin parameter. This hinge loss penalizes pre-
dictions that contradict the directional tendency
(above/below 0.5) indicated by verbal responses.

The complete M-step objective is:

6+ = argomin {% Sl (B® — 0T xM)2 4 \\r Ly + Q(’Y)}

(14)

We optimize via proximal gradient descent. At

each iteration, we compute gradients of the dif-

ferentiable terms (MSE, margin-ranking loss, /2

penalty), perform a gradient step, then apply the
proximal operator for the /; penalty:

Yij < sign(viz) - max(|vij| — nA1,0)  (15)

where 7) is the learning rate. This soft-thresholding
drives small interaction coefficients to exactly zero,
yielding interpretable sparse structure.

M-Step for ¢. For each verbal category v, €
V, we update the mapping to minimize expected
squared deviation from posterior means:

oD (vy,) =0 (16)

where K,, = {k : V(*) = v,,,} indexes observa-
tions with verbal response v,,,. To preserve seman-
tic coherence, we enforce monotonicity through
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category-specific bounds:

d(vp) < clip (gb(vm

These bounds prevent semantic inversions (e.g.,
“likely” mapping below “unlikely”’), ensuring the
learned mapping respects the ordinal structure of
verbal expressions.

) min ;max
m 1 ¥Ym

amn

A.3 Initialization and Convergence

Initialization. We initialize ¢(°) with canonical
values from prior literature on verbal probability
(e.g., “very unlikely” — 0.15, “likely” — 0.75) and
0 via standard logistic regression using these
initial numerical targets.

Convergence Monitoring. We track the Q-
function (expected complete-data log-likelihood):

Q=- E log(27m03) — —0"x")?]

K
g B
K
57z 3 (V) -

K
log 27ra¢ E[(logit(¢

20

em

1 (8)
where expectations incorporate posterior variance:
E[(Z®) —u)?] = (2 — )2 +52. We also monitor
the observed data log-likelihood:

L= log(27r(09 + ao))

(19)
which follows from marginalizing the latent vari-
able under the Gaussian model. Iteration terminates
when |QU*+D) — Q| < € or a maximum iteration
count is reached.

B Experimental Details

B.1 Dataset Description

We evaluate on five datasets spanning complex de-
cisions and reasoning tasks. All instances are con-
verted to binary decision queries.

 BIGDATA22 (Soun et al., 2022): Stock
movement prediction from market signals and
tweets. 1,472 instances predicting price in-
crease/decrease.

¢ Statlog German Credit (Hofmann, 2023):
Credit risk assessment from demographic and
financial features. 1,000 instances classifying
good/bad credit risks.

e COMMON2SENSE (Singh et al., 2021):
Commonsense reasoning with true/false state-
ments. We focus on comparative reasoning

z®)?]

ﬁ Z{‘ 1 (loglt(@(v(k))) ng(k))Z

instances where a smaller model exhibits low
confidence. Using GPT-4, we rewrite each
statement into its opposite and generate 10
supporting conditions per outcome with re-
verse verification. 216 scenarios, 3,672 in-
stances, 9 conditions per outcome on average.

TODAY (Feng et al., 2023): Temporal rea-
soning studying how extra sentences affect
temporal relations. 895 instances.

* PLASMA (Brahman et al., 2023): Procedural
planning with goal-conditioned plan revision.
We use GPT-4 to identify key steps differing
between original and revised plans, convert-
ing them to binary outcomes. We generate
5 supporting conditions for the less common
outcome. 279 scenarios, 1,178 instances.

For GPT-4 generated datasets, three reviewers
checked 100 random instances each. All three
agreed on 91% of labels; at least two agreed on
94%.

B.2 Model Description

We use Qwen-3-4B/8B/32B (Team, 2025) as pri-
mary models. Temperature is O for behavioral prob-
ing and 1.2 for Monte Carlo sampling. We compare
against DeepSeek R1 (reasoning-specialized) and
GPT-5.2 (state-of-the-art commercial model), both
evaluated with chain-of-thought prompting. We
accessed deepseek-R1 and Chatgpt-5.2 using the
official APIs of OpenAl and DeepSeek.

B.3 Baseline Description

* Vanilla (Wang et al., 2023): Directly verbal-
ize probability estimates with self-consistency.
Temperature = 0.7, 3 samples, majority vote.

* Logit: Use output token probability directly.
Greedy decoding (temperature = 0).

* CoT (Weietal., 2022): Chain-of-thought rea-
soning before probability verbalization, with
self-consistency.

* PWC: Pairwise comparison presenting both
conditions simultaneously. Model selects
which condition better supports the outcome.
Only applicable to Experiment II; not directly
comparable as it sees both conditions.

* BIRD (Feng et al., 2025): Factor-based elic-
itation assuming factor independence with
fixed verbal-to-numerical mappings.
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B.4 Ablation Description

» w/o Inter: Remove interaction terms (v;; =
0). Tests whether pairwise interactions cap-
ture meaningful patterns.

* w/o EM: Use fixed verbal mappings
from  (Budescu et al., 2009): very
unlikely—0.05, unlikely—0.15, somewhat
unlikely—0.30, neutral—0.50, somewhat
likely—0.70, likely—0.85, very likely—0.95.
Tests value of learned calibration.

* w/o MC: Deterministic factor assignment
(random with p = 0.5 when uninformed) in-
stead of correlated sampling. Tests impor-
tance of preserving factor dependencies.

B.5 Hyperparameters

Probing configurations K: 256. Monte Carlo sam-
ples T': 50. EM convergence: 10~%. Elastic net \;:
0.01, A2: 0.001. E-step precisions 79 = 74 = 1.0.

C Validating Factor Completeness

Assumption 1 (Factor Completeness) is strong and
cannot be verified through LLM self-critique alone.
We evaluate robustness through controlled factor
removal experiments using Qwen-3-32B.

Leave-One-Factor-Out (LOFO). For each fac-
tor I;, we retrain IDEA excluding F); and measure
accuracy degradation A ;.

Dataset max(A;) mean(A;) min(Aj)
German Credit 8.4 32 0.3
TODAY 5.1 1.8 0.1
COMMON2SENSE 39 1.4 0.2

Table 3: Accuracy degradation (%) under single-factor
removal.

Maximum degradation of 8.4% (German Credit,
“employment stability”) indicates certain factors are
critical. Mean degradation of 1.4-3.2% suggests
partial redundancy—correlated factors compensate
for individual removals.

Progressive Removal. We removed factors it-
eratively by decreasing |3;| until 50% exclusion.
Table 4 reports results.

Degradation is gradual until ~30% removal,
then accelerates. This indicates factor sets con-
tain “core” factors capturing the majority of pre-
dictive signal and “peripheral” factors providing
incremental refinement. Notably, even with 30% of

Removed 0% 15% 30% 40% 50%
German Credit 68.9 671 648 60.2 541
TODAY 75.0 738 715 683 637
COMMON2SENSE 95.1 942 926 89.1 845

Table 4: Accuracy (%) under progressive factor re-
moval.

factors removed, IDEA on German Credit (64.8%)
remains competitive with CoT using the same
base model with full information (56.0%, Table 1),
demonstrating that the structured factorization pro-
vides robustness to moderate incompleteness.

C.1 Case Studies

We present three illustrative cases examining factor
completeness in practice.

Case 1: Complete Coverage. Query: “A person
puts ice in their drink. Will the drink get colder?”
(COMMON2SENSE)

Factors: (1) Ice temperature below drink temper-
ature, (2) Sufficient ice-liquid contact, (3) Drink
not at freezing point.

Assessment: Physical process fully characterized.
IDEA predicts P = 0.94; ground truth positive.
Success.

Case 2: Partial Gap. Query: Loan application,
€5,000, employed applicant with moderate sav-
ings, 15-year customer. (German Credit)

Factors: Stable employment (1), positive credit
history (1), adequate income-to-debt (1), sufficient
collateral (0).

Missing: Long-standing customer relation-
ship—a positive signal absent from factors.

Outcome: IDEA predicts P(approve) = 0.67;
actual approved. Under-confident due to missing
relational factor. Partial failure.

Case 3: Critical Omission.
ment prediction, tech earnings week.
DATA22)

Factors: Positive earnings surprise (1), favorable
analyst sentiment (1), sector momentum positive
(1), no macro headwinds (1).

Missing: Bearish signals from options market
activity not captured by any factor.

Outcome: IDEA predicts P(up) = 0.81; stock
declined. Self-referential verification passed be-
cause the LLM lacks access to real-time options
data. Failure.

Query: Stock move-
(BIG-
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C.2 Summary

Factor incompleteness causes graceful degradation
rather than catastrophic failure. Performance re-
mains competitive even at 30% incompleteness.
Critical failures occur primarily when (1) real-time
external data is required or (2) relational context is
implicit.

D Error Analysis

D.1 Failure Mode Analysis

We analyze 50 misclassified instances per dataset
manually to identify error sources across pipeline
stages.

Model Factor Inf. Decision Model Margin.
Qwen-3-4B 58.4 27.2 14.4
Qwen-3-32B 31.6 42.8 25.6

Table 5: Error distribution by pipeline stage (%).

The dominant failure
Consider this COM-

Factor Inference Errors.
mode for smaller models.
MON2SENSE instance:

Condition: “The executive dismissed the
proposal without reviewing the support-
ing data.”

Factor F3: Decision-maker engaged in
thorough evaluation

Qwen-3-4B incorrectly assigned F3 = 1, trig-
gered by surface keywords (“proposal,” “data”)
while missing negation semantics. Qwen-3-32B
correctly assigned F3 = 0. This shallow pattern-
matching accounts for 41.2% of Qwen-3-4B’s fac-
tor inference errors.

Decision Model Errors. More prevalent in larger
models (42.8% vs. 27.2%), indicating that im-
proved factor extraction exposes limitations in pair-
wise interaction modeling for complex multi-factor
dependencies.

D.2 Interpretability Case Studies

Factor Description B AME
Fy Stable employment +1.82  +0.284
Fy Acceptable debt ratio +1.67 +0.261
F3 Positive credit history  +1.43  +0.223
Fy Sufficient collateral +0.89 +0.139

Table 6: Partial Learned parameters for credit decision.

Case Study 1: Credit Approval. The learned
AME values align with established credit risk prin-
ciples: employment stability and debt ratio dom-
inate. The positive interaction ;2 = +0.62 cap-
tures how stable employment compounds the signal
of manageable debt.

Case Study 2: Temporal Reasoning. For the
query: “Can a 2019 college graduate have com-
peted in the 2015 Olympics?”

The dominant weight on Fj reflects the core
temporal constraint. IDEA correctly predicts “Yes”
(P = 0.73), recognizing that a 2019 graduate
could plausibly have been 18-22 during the 2015
Olympics.

D.3 Error Propagation

Near-linear degradation indicates IDEA does not
catastrophically amplify upstream errors. Factor
inference quality serves as the primary bottleneck,
motivating future work on robust extraction.

E Decision Model Architecture Analysis

We investigate whether replacing logistic regres-
sion with a shallow neural network improves deci-
sion accuracy, and whether such gains justify the
loss of interpretability.

E.1 Experimental Setup

We compare the logistic regression model (Equa-
tion 2) against a single-hidden-layer MLP with 16
hidden units and ReLLU activation. Both models
are trained identically via the EM procedure (Sec-
tion 4.3) on three datasets: BIGDATA22, German
Credit, and PLASMA. We use Qwen-3-8B as the
base LLM and report accuracy averaged over 5
random seeds.

E.2 Results

The MLP yields modest improvements (+0.7% av-
erage), none statistically significant under paired
t-test (p > 0.15 for all datasets).

E.3 Discussion

The marginal gains reflect three factors: (i) logistic
regression with pairwise interactions already cap-
tures dominant structure in our low-dimensional
factor space; (ii) ablations in Table 1 indicate bottle-
necks lie in factor dependency modeling and verbal
calibration, not decision model expressiveness.
Critically, the MLP sacrifices interpretability.
Logistic coefficients directly quantify factor contri-
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Factor Description Bj AME
" Timeline permits participation +2.31 +0.341
Ey Age-appropriate for competition +1.89 +0.279
F3 Educational timeline consistent ~ +0.72 +0.106

Table 7: Learned parameters for temporal reasoning.

Model BIG Credit PLASMA Avg
Logistic IDEA)  59.5 60.3 80.2 66.7
MLP-16 60.2 61.1 81.0 67.4
A +0.7 +0.8 +0.8 +0.7

Table 8: Accuracy (%) comparison between logistic
regression and MLP decision models.

butions (Section 4.5), enabling guaranteed interven-
tions demonstrated in Experiment III. Neural net-
work weights lack such semantic correspondence.
We therefore retain logistic regression as the de-
fault.

F Robustness to Violations of Verbal
Probability Consistency

Assumption 2 posits that LLMs’ verbal probability
expressions reflect an underlying numerical prob-
ability through a consistent, monotonic mapping.
We investigate how IDEA performs when this as-
sumption is violated.

F.1 Experimental Setup

We inject controlled noise into the behavioral prob-
ing data to simulate inconsistency. Specifically,
with probability €, we replace the LLM’s verbal
response with a randomly selected adjacent cate-
gory (e.g., “likely” — “somewhat likely” or “very
likely”). We train IDEA on corrupted data and eval-
uate on clean test sets using Qwen-3-8B across all
five datasets.

F.2 Results

Noise € BIG Crd TOD PLS C2S
0.00 (baseline) 59.5 603 714 802 948
0.10 581 595 702 789 93.6
0.20 558 572 681 761 912
0.30 524 548 645 723 875

Table 9: Decision accuracy (%) under verbal label noise.

IDEA exhibits graceful degradation: accuracy
drops by only 2-3% when 10% of verbal labels
are corrupted, and remains above baseline methods

(Table 9) even at 20% noise. This robustness stems
from the EM algorithm treating verbal responses
as noisy observations—the E-step averages over in-
congistent signals, while the ranking loss preserves
ordinal structure.

G Ordinal Consistency of Verbal
Probabilities

Assumption 2 requires only that verbal responses
preserve a monotonic ordering over underlying
probabilities—not that they share a fixed numerical
mapping. We test this directly.

Protocol. For each dataset, we enumerate all
comparable configuration pairs (fg, fp) where f,
dominates f, element-wise (e.g., fo = (1,1,0)
vs. fp = (1,0,0)) and check whether the LLM’s
verbal response to f, is at least as likely as its re-
sponse to f;, on the seven-level scale. This yields
7,680 pairs across 5 datasets x 3 model sizes (15
settings).

Results. Overall ordinal consistency reaches
87.6%, ranging from 80.8% (BIGDATA22, Qwen-
3-4B) to 94.2% (COMMON2SENSE, Qwen-3-32B),
with larger models showing stronger consistency.
Combined with the graceful degradation under
corrupted verbal labels reported in Appendix F,
these results justify Assumption 2 as an operational
rather than strict requirement.

H Human Evaluation of Factor
Determination

At inference time, the LL.M partitions factors into
observed vs. uncertain based on the specific condi-
tion C'. We validate this step directly.

Protocol. We sample 150 instances (50 each
from COMMON2SENSE, PLASMA, and TODAY)
and recruit three annotators to independently label
every (factor, condition) pair as positive, negative,
or uncertain. Inter-annotator agreement is Fleiss’
k = 0.76 (substantial).
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Results. Qwen-3-32B achieves 86.3% 3-way ac-
curacy and 91.5% on the binary observed-vs-
uncertain distinction most relevant for sampling.
Qwen-3-8B achieves 79.1% and 85.8% respec-
tively, confirming that factor-determination quality
scales with model capacity. These results indicate
that the partition step is a reliable LLM capability
at sufficient scale.

I Interpretability User Study

We assess whether IDEA’s parameters are not
merely editable but also useful to human experts.

Stage 1: Factor Importance Agreement. Three
domain experts independently rank factors by per-
ceived importance for each of the five datasets (to-
taling 50 factor sets), without seeing IDEA’s coeffi-
cients. Inter-rater concordance is strong (Kendall’s
W = 0.81). Per-task Spearman’s p between the ex-
pert consensus and IDEA’s AME-induced ranking
averages 0.83 across five datasets (range: 0.71 on
BIGDATA22 to 0.94 on COMMON2SENSE).

Stage 2: Expert-Guided Error Correction. We
sample 100 instances on which IDEA predicted
incorrectly (20 per dataset). Experts inspect the fac-
tor set, identify factors they consider irrelevant or
missing, and perform simple targeted edits (setting
Bx = 0 or adding factors). As a matched control,
equivalent expert feedback is provided as natural-
language instructions to CoT on the same instances.
Experts flagged 18% of factors as needing modifica-
tion on average. Expert-guided parameter edits cor-
rected 38% of IDEA’s errors (38/100), compared
to 12% for CoT with equivalent natural-language
feedback (12/100). This 3.2x gap mirrors the con-
trollability results: natural language cannot reli-
ably translate expert intent into behavioural change,
whereas parameter edits carry a mathematical guar-
antee.

J Audit of Spurious and Biased Factors

A natural concern with LLM-mined factor sets is
that they may encode demographic or otherwise
problematic signals (e.g., race or gender proxies
in credit assessment). Manual inspection of LLM-
generated factor sets across 300 sampled instances
spanning the five benchmarks revealed zero in-
stances of spurious or biased factors.

Beyond this empirical observation, IDEA of-
fers a structural advantage for bias mitigation that

prompting lacks: every factor is named, its contri-
bution is quantified by its AME, and any flagged
factor can be removed with a mathematically guar-
anteed zero effect, turning bias auditing from an
opaque post-hoc task into a transparent, verifiable
one. We note that 300 instances constitute a limited
audit; deployment in consequential domains should
pair IDEA with domain-specific fairness review.

K Computational Overhead Analysis

K.1 LLM Query Requirements

Method Setup (one-time) Per Instance
Vanilla/CoT/Logit 0 1
BIRD 0 N
IDEA ~20 + min(2V, 256) N+T

Table 10: LLM query counts. For IDEA with N =
6,7 = 50: setup =~ 84 queries; inference = 56
queries/instance.

We can also conduct parallel queries and utilize
LLM to speed up the process. Furthermore, we
would like to emphasize that it is essential to utilize
LLM as much as possible to gain a comprehensive
understanding of all the knowledge it possesses
regarding a query scenario. This is the core and
strength of our approach. Therefore, it is imper-
ative to frequently invoke the API of LLM. Effi-
ciency is not the selling point of our method. It’s
not what we are aiming for. Moreover. if we make
decisions based on the trained decision model after
the training process is completed, we only need to
determine the values of specific conditions. Once
determined, the computational cost of our decision-
making can be considered almost zero. This is be-
cause the computational cost of the logistic regres-
sion model is so low that it can be negligible, and
it can instantly handle a large number of queries.
IDEA requires more queries than direct methods,
but setup costs (factor identification + behavioral
probing) amortize across test instances. For 1,000
instances, the per-instance overhead averages to
~56.1 queries.

K.2 Latency Comparison

With parallelized API calls, IDEA (17'=50) latency
reduces to approximately 5 seconds. For latency-
sensitive applications, 7" = 20 provides a reason-
able trade-off, maintaining most accuracy gains at
40% of the query cost.
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Method Latency (s) Accuracy (%)
Vanilla 0.8 71.7
CoT 2.1 69.2
IDEA (T'=50) 18.4 73.2
IDEA (T'=20) 8.2 72.4

Table 11: Per-instance latency with sequential execution
(Qwen-3-8B).
L. Hyperparameter Configuration

Table 12 summarizes all hyperparameters used in
IDEA.

Component Hyperparameter Value
Precision ratio 79 /7 1.0
EM Algorithm  Convergence threshold ~ 10~*
Max iterations 100
A1 (L1 on ) 0.01
Regularization A2 (L2 on =) 0.001
A (ranking loss) 0.1
Inference MC samples T' 50
Sampling temperature 1.2
Probing Configuration samples 256

Table 12: Hyperparameter configuration for IDEA.

EM Parameters. The precision ratio 7y /75 =
1.0 assigns equal trust to model predictions and ver-
bal indications. We searched over {0.5,1.0,2.0}
and found performance stable across this range.
Convergence typically occurs within 15-30 itera-
tions.

Regularization. We select (A1, A\2) via 5-fold
cross-validation on the behavioral probing dataset.
The ranking loss weight A = 0.1 was chosen from
{0.01,0.1,0.5} to balance regression fit with ordi-
nal consistency.

Inference. We set 7' = 50 Monte Carlo samples
based on diminishing accuracy gains beyond this
point. Sampling temperature 1.2 balances diversity
against coherence.

Reporting Protocol. For stochastic components
(Monte Carlo marginalization, verbal probability
elicitation with non-zero temperature), we aver-
age over three independent samples per instance
to reduce variance. Deterministic components are
run once. Each reported number is a point esti-
mate; run-to-run variability on a held-out subset
of COMMON2SENSE is < 0.5% accuracy and
< 0.01 macro F1 (Appendix M).

Verbal Mapping Initialization. Following
(Budescu et al., 2009), we initialize ¢ as: very
unlikely: 0.05, unlikely: 0.15, somewhat unlikely:
0.30, neutral: 0.50, somewhat likely: 0.70, likely:
0.85, very likely: 0.95.

M Sensitivity Analysis

We analyze sensitivity to critical hyperparameters
using Qwen-3-8B on COMMON2SENSE.

Samples (1)) Accuracy (%) Std. Error
10 93.2 0.42
25 94.3 0.28
50 94.8 0.19
100 94.9 0.14

Table 13: Effect of Monte Carlo sample size.

A1 Interaction Sparsity (%) Accuracy (%)
0.001 12.5 94.1

0.01 45.8 94.8

0.1 87.5 93.6

Table 14: Effect of L1 regularization strength.

Results indicate IDEA is robust to hyperpa-
rameter choices within reasonable ranges. The
most sensitive parameter is A1, which controls the
interpretability-accuracy tradeoff via interaction
sparsity.

N Experiment II Ground Truth
Construction

N.1 Dataset Composition

Our ground truth dataset consists of 500 paired in-
stances. Of these, 350 instances (70%) are sourced
from the existing expert-annotated BIRD dataset
(Feng et al., 2025). The remaining 150 instances
(30%) were newly annotated by experts to ensure
adequate coverage of edge cases and complex rea-
soning scenarios.

N.2 Annotation Protocol

We recruited a pool of eight annotators through a
university participant pool. All participants were
native English speakers holding at least a bache-
lor’s degree. To ensure high-quality data, candi-
dates were screened via a 20-instance qualification
task; only those achieving an accuracy of >85%
were selected (8 of 11 candidates qualified). Se-
lected annotators underwent a 30-minute training

40329



session focused on assessing evidential strength
before beginning independent annotation.

Instructions and Compensation. Annotators
were provided with detailed guidelines defining
“evidential strength” as the logical support a condi-
tion provides for a specific outcome. The instruc-
tions included definitions for strict dominance and
equivalence, accompanied by five anchor examples
demonstrating varying degrees of logical support.
Participants were compensated at a rate of $10 per
hour, which was determined to be above the local
minimum wage and consistent with fair research
standards.

Task Definition. For each paired query (Q1, Q2),
annotators were tasked with selecting one of three
labels: (a) C' provides stronger support, (b) C pro-
vides stronger support, or (c) Both provide equal
support. Each instance was evaluated by three in-
dependent annotators, with final labels determined
by majority vote.

N.3 Inter-Annotator Agreement

We evaluate the reliability of our new annotations
using Fleiss’ x and percentage agreement metrics,
as summarized in Table 15.

Metric Value
Fleiss’ 0.71

Pairwise Agreement 84.2%
Unanimous Agreement  67.3%

Table 15: Inter-annotator agreement statistics for the
150 newly annotated instances.

The obtained Fleiss’ x of 0.71 indicates sub-
stantial agreement among annotators (Landis and
Koch, 1977). Agreement on cases with clear domi-
nance was notably higher (91.4%), with disagree-
ments primarily concentrated on borderline “Equal”
instances. To validate consistency with the source
data, we performed a re-annotation of 50 randomly
sampled BIRD-derived instances, which yielded
an agreement rate of 88.0% (Cohen’s k = 0.79),
confirming robust cross-dataset consistency.

O Use of AI Tools

During the preparation of this work, the authors
utilized Large Language Models (LLMs) exclu-
sively for grammatical refinement, proofreading,
and stylistic polishing to improve readability. The

EXAMPLE PROMPT --- 1. DECOMPOSE QUERY

SYSTEM

You are an expert at analyzing decision-making queries.

Your task is to decompose a query into:

1. Query Scenario: The background context of the decision

2. Positive Decision Outcome: One possible decision outcome

3. Negative Decision Outcome: The opposing decision outcome (binary opposite)

4. Specific Condition: The specific constraints or conditions mentioned in the query

You must respond in the following JSON format:
{

"scenario”: "<the query background and context>",

"positive_outcome: "<the positive/affirmative decision outcome>",
"negative_outcome': "<the negative/opposing decision outcome>",
"specific_condition” "<specific constraints or conditions in the query>"

1

User

Please decompose the following query into its components:
Query: {query}

Analyze and extract:

1. The scenario (background context)

2. The two opposing binary decision outcomes
3. Any specific conditions mentioned

Respond in JSON format only.

ASSISTANT
{

"scenario”: "The company has limited budget but expects significant growth in cloud
services demand.",
"positive_outcome": "Invest in a new data center”,
"negative_outcom not invest in a new data center",
"specific_condition": "Limited budget, significant growth expected"
}
(& J

Figure 3: Prompting Example: DECOMPOSE QUERY.

EXAMPLE PROMPT -—- 2. GENERATE STATEMENTS

SYSTEM

You are an expert at generating comprehensive decision-supporting statements.

Given a scenario and a decision outcome, generate exactly 5 different statements that
support why this outcome might be chosen.

Each statement should:

1. Be comprehensive and cover different aspects

2. Include specific conditions, factors, or circumstances

3. Be distinct from other statements

Format your response as:
# <statement 1>
# <statement 2>
# <statement 3>
# <statement 4>
# <statement 5>

User

Scenario: {scenario}
Decision Outcome: {outcome}
Generate 5 c different c or factors that would
support choosing this outcome.

{If this is not the first call, the following will be inserted: "Focus on different aspects than
the previous statements."}

Format each statement starting with '# "

ASSISTANT

# The projected revenue growth from cloud services exceeds the cost of borrowing capital.
# Current infrastructure is at 95% capacity and cannot handle the Q4 traffic spike.

# Competitors are upgrading their facilities, risking our market share if we delay.

# New energy-efficient cooling technology in the new center will reduce OpEx by 20%.

# Regulatory compliance requires local data residency which current facilities lack.

| J

Figure 4: Prompting Example: GENERATE STATE-
MENTS.

scientific content, logical reasoning, and conclu-
sions presented in this manuscript remain the sole
responsibility of the authors.

P Prompting Display

40330



EXAmPLE PROMPT EXTRACT FACTORS

SYSTEM

You are an expert at identifying decision factors from statements.
Analyze the given statements and extract distinct decision factors.
Each factor must have exactly two binary values - one supporting each outcome.

Your response MUST be in valid JSON format:

"Factor Name 1":
"positive_value": "<value description supporting positive outcome>",

"negative_value": "<value description supporting negative outcome>"

"Factor Name 2
"positive_value": "<value description supporting positive outcome>",

"negative_value: "<value description supporting negative outcome>"
}

Rules:

1. Each factor must be distinct and focus on a unique aspect

2. Factor values must be specific and directly reference elements from the statements
3. Avoid vague terms like 'the object’ or 'the thing'

4. Fach factor's two values MUST support different outcomes

UsEr

Scenario: {scenario}

Positive Outcome: {positive_outcome}
Supporting Statements:

#1 {positive_statement_1}

#2 {positive_statement_2}

Negative Outcome: {negative_outcome}
Supporting Statements:

#1 {negative_statement_1}

#2 {negative_statement_2}

Extract distinct decision factors from these statements. Each factor must have two binary
values that support different outcomes.
Respond in JSON format only.

ASSISTANT
"Market Demand": {

"positive_value": "High demand growth expected in cloud services",
"negative_value": "Market saturation or uncertain demand"

b

"Budget Availability": {
"positive_value": "Sufficient internal funds or cheap credit available",
"negative_value": "Limited budget with high cost of borrowing"

Figure 5: Prompting Example: EXTRACT FACTORS.

EXAMPLE PROMPT CHECK BINARY SUPPORT

SYSTEM

You are an expert at analyzing decision factors.
For each factor, determine if its two values genuinely support different outcomes.
Respond in JSON format:

"factor_name": {
"positive_value_supports": "<Positive/Negative/Neutral>",
"negative_value_supports": "<Positive/Negative/Neutral>",
"valid": true/false

i

A factor is valid only if one value supports the positive outcome and the other supports the
negative outcome.

User

Positive Outcome: {positive_outcome}
Negative Outcome: {negative_outcome}

Factors to check:
{json_string_of_factors}

For each factor, verify that:

1. The positive_value supports the Positive Outcome
2. The negative_value supports the Negative Outcome
3. They support DIFFERENT outcomes

Mark factors as invalid if both values support the same outcome or neither clearly supports
an outcome.

ASSISTANT

"Market Demand": {
"positive_value_supports": "Positive",
"negative_value_supports": "Negative",
"valid": true

"Legacy Systems": {
"positive_value_supports": "Neutral",
"negative_value_supports": "Neutral",
"valid": false

Figure 6: Prompting Example: CHECK BINARY SUP-

PORT.

EXAMPLE PROMPT CHECK OVERLAPPING FACTOR

SYSTEM

You are an expert at identifying overlapping or duplicate factors.
Analyze the given factors and identify any that are semantically similar or overlapping.
Keep only the most comprehensive version of each factor.

Respond in JSON format:
{
"overlapping_groups": [

, "factor2"],

"reason’: "<why this factor is more comprehensive>"
1,
"unique_factors": ["factor3", "factor4"]

User
Factors to check for overlap:
{json_string_of_factors}

Identify any factors that:

1. Cover the same aspect or dimension
2. Are semantically similar

3. Have redundant values

For overlapping factors, indicate which one to keep.

ASSISTANT

{
"overlapping_groups": [
{

"factors": ["Cost", "Financial Impact"],

"keep": "Financial Impact”,
"reason: "Financial Impact covers both immediate cost and long-term ROI"

I,
"unique_factors": ["Technical Feasibility"]

Figure 7: Prompting Example: CHECK OVERLAP-
PING FACTOR.

EXAMPLE PROMPT CHEeck CONDITION C

SySTEM

You are an expert at analyzing decision factor coverage.
Given a specific condition and a set of factors, identify any aspects of the condition that are
NOT covered by the existing factors.

Respond in JSON format:

"covered_aspects": ["aspectl”, "aspect2"],
"missing_aspects": ["aspect3", "aspect4"],
"suggested_factors": {
"New Factor Name": {
"positive_value": "<value supporting positive outcome>",
"negative_value": "<value supporting negative outcome>"

}
}

User

Scenario: {scenario}

Specific Condition: {specific_condition}
Positive Outcome: {positive_outcome}
Negative Outcome: {negative_outcome}

Existing Factors:
{json_string_of_factors}

Analyze whether the existing factors fully cover all relevant aspects of the specific condition.
Identify any missing aspects and suggest new factors to cover them.

ASSISTANT

{
"covered_aspects": ['Budget limits"],
"missing_aspects": ["Cloud service demand growth"],
"suggested_factors": {
"Growth Potential": {
"positive_value": "Rapid growth requires scaling now",
"negative_value": "Slow growth allows delaying investment"

Figure 8: Prompting Example: CHECK CONDITION
COVERAGE.
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EXAMPLE PROMP ACTOR DETERMINATION (STEP 1)

SYSTEM

You are an expert at analyzing decision factors.

Based on specific conditions, determine whether a factor can be identified as favorable or
unfavorable.

Respond in JSON format only:

{"determination": "positive" | "negative" | "uncertain", "reason": "brief explanation"}

User

Given the specific conditions of a decision scenario:
"{specific_condition}"

Consider the following factor:

Factor: {factor.factor_name}

- Favorable (positive) condition: {factor.positive_description}

- Unfavorable (negative) condition: {factor.negative_description}

Based SOLELY on the information provided in the specific conditions above, determine
whether this factor is:

(a) Clearly favorable/positive - the conditions indicate positive value

(b) Clearly unfavorable/negative - the conditions indicate negative value

(c) Cannot be determined - insufficient information in the conditions

Respond in JSON format.

ASSISTANT
{

"determination”: "positive",

"reason”: "The specific conditions explicitly state that the budget is sufficient, which
matches the favorable condition."
b

Figure 9: Prompting Example: FACTOR DETERMI-
NATION (STEP 1).

EXAMPLE PROMP MONTE CARLO SAMPLING (STEP 2)

SYSTEM

You are an expert at generating realistic decision scenarios.

Given known factors and context, generate coherent values for uncertain factors.
Respond in JSON format only:

{"reasoning": "brief explanation”, "factor_values": {"F1": 1, "F2": S
Use 1 for favorable/positive and -1 for unfavorable/negative.

User

Consider a decision scenario: {scenario}

Specific conditions: {specific_condition}

The following factors are already known:
{list_of_observed_factors_descriptions}

For the following uncertain factors, generate a realistic and coherent scenario by
determining each factor's value. Consider how these factors might correlate with each other
and the known factors.

Uncertain factors to determine:
{list_of _uncertain_factors_with_descriptions}

For each uncertain factor, decide whether it is favorable (1) or unfavorable (-1).
Respond in JSON format with factor IDs as keys.

ASSISTANT
{

‘reasoning”: "Given the high market demand (known), it is likely that technical feasibility
will be prioritized despite costs.",

"factor_values": {
I,

Figure 10: Prompting Example: MONTE CARLO
SAMPLING (STEP 2).
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