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Abstract

Large language models (LLMs) have demon-
strated strong performance in a wide-range of
language tasks without requiring task-specific
fine-tuning. However, they remain prone to
hallucinations and inconsistencies, and often
struggle with complex reasoning, in part due
to the limitations of autoregressive generation.
We propose to address some of these issues,
particularly for structured prediction, by com-
bining LLMs with combinatorial inference to
marry the predictive power of LLMs with the
structural consistency provided by inference
methods. We perform exhaustive experiments
in an effort to understand which prompting
strategies can best estimate confidence values
for downstream symbolic inference, and find
that, independent of prompting strategy, incor-
porating symbolic inference yields more con-
sistent and accurate predictions than prompting
alone. Finally, we show that calibration and
fine-tuning with structured learning objectives
further increases performance on challenging
tasks, highlighting that structured learning re-
mains valuable in the era of LLMs.

1 Introduction

Prompting large language models (LLMs) has been
shown to be an effective methodology for a variety
of natural language processing (NLP) tasks (Lou
et al., 2024). Through pre-training on massive-
scale text corpora, general-purpose LLMs acquire
extensive world knowledge that can be applied
across tasks without specialized training (Brown
et al., 2020; Wei et al., 2022b). This makes it possi-
ble to generate answers to a broad set of questions
or instructions by conditioning the generation on
a textual input prompt. As a result, prompting
provides us with a flexible and adaptable frame-
work for addressing new problems, where good
performance can often be achieved simply by de-
signing appropriate prompts and curating a handful
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of input-output demonstrations. However, regard-
less of the prompting strategy used, these models
remain limited by their training objectives (Radford
and Narasimhan, 2018; Wei et al., 2022a; Ouyang
et al., 2022), which often lead to hallucinations and
struggles with more complex reasoning tasks (Ji
et al., 2023; McCoy et al., 2024). One such area
where these limitations become apparent is that of
structured prediction.

We use the term structured prediction to describe
any machine learning task that consists of predict-
ing several individual but related components as
part of some structured object (Baklr et al., 2007).
These tasks are widely common in NLP, where we
are often interested in parsing text into complex
linguistic structures (Mann and Thompson, 1988;
Lascarides and Asher, 2007; Palmer et al., 2010;
Kamath and Das, 2019) or aligning language with
structured knowledge (Mao et al., 2019; Pacheco
and Goldwasser, 2021). Most previous work ap-
plying LLMs to structured prediction tasks treats
each individual component of the structure as an
independent prompting task (Roy et al., 2022) or
prompts the model to produce the entire structure
all at once as a sequence of tokens (Ettinger et al.,
2023). However, because these strategies are solely
relying on auto-regressive generation for predict-
ing structures, they do not have a way to strictly
enforce that the predicted structure is a valid one.

Recently, Mehta et al. (2024) proposed a frame-
work for explicitly modeling dependencies by
combining traditional inference algorithms with
prompt-based predictions. Their approach first
scores local candidate substructures by prompting
LLMs and then finds the best global output via
constrained optimization. They tested their frame-
work on semantic role labeling and co-reference
resolution, and showed that enforcing consistency
improves performance over unconstrained predic-
tion while guaranteeing structurally valid outputs.
While these results show the relevance and poten-
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tial of constrained inference for prompt-based struc-
tured prediction, it is not clear how we should de-
rive these scores from prompt-based inferences. In
their work, Mehta et al. (2024) simply take the raw
likelihoods of generating particular responses and
directly plug them into the maximum a posteriori
(MAP) inference process.

Traditional structured inference algorithms rely
on weighting certainty scores for the different can-
didate substructures and finding the best global
assignment that satisfies the structural constraints
of the problem. Historically, trained ad hoc models
generated label scores, which would correspond
to the locally or globally normalized likelihood
of the candidate label based on a learned condi-
tional distribution P(Y|X) (Lafferty et al., 2001;
Collins, 2002; Chang et al., 2012; Pacheco and
Goldwasser, 2021). Unlike trained discriminative
classifiers, prompt-based approaches do not learn
a conditional distribution for the specific task, but
rather estimate the probability of generating a token
in a vocabulary given the sequence of tokens pro-
vided in the prompt (Xie et al., 2022). This makes
deriving certainty scores for prompt-based predic-
tions very challenging. Given the wide range of ap-
proaches for certainty estimation (Kadavath et al.,
2022; Xiong et al., 2024) and calibration (Jiang
et al., 2021; Tian et al., 2023) in LLMs, it is hard
to determine which -if any- of them would be ap-
propriate for structured inference algorithms. This
is especially relevant given that many of these tech-
niques have struggled to align confidence scores
with actual accuracy and reliably predict failure
cases (Xiong et al., 2024).

In this paper, we are interested in systematically
exploring and comparing different ways to score
candidate substructures for prompt-based predic-
tion, as well as exploring learning mechanisms to
align LLMs with structured objectives. To this end,
we present an exhaustive study of different ways
to combine the predictive power of LLMs with
structured inference to enforce the structural con-
sistency of LLM predictions. Specifically, our goal
is to answer the following research questions.

1. What is the most effective way to estimate
confidence scores for individual output com-
ponents from LLMs for use in combinatorial
inference?

2. What is the best way to fine-tune LLMs for
structured prediction tasks?

We evaluated all explored methods on two chal-
lenging discourse-level structured prediction tasks:
morality framing and coreference resolution, and
show that inference helps performance, regardless
of the strategy used to extract confidence scores.
Of the confidence estimation strategies we explore,
formulating the prompt as a true/false question per-
forms the best. Additionally, we show that fine-
tuning models using the global structured predic-
tion objective leads to improved performance over
fine-tuning on the individual local decisions. All
the code needed to reproduce our experiments is
available to the community!.

2 Related Work

We survey related work along three directions; deep
structured prediction, structured prediction with
LLMs, and confidence scoring and recalibration
with LLMs.

2.1 Deep structured prediction

There is a lot of previous work combining neural
models with symbolic inference for structured pre-
diction tasks. Neural networks globally normalized
using structured inference have been successfully
applied to sentence-level NLP tasks such as named
entity recognition and dependency parsing (Chen
and Manning, 2014; Weiss et al., 2015; Ma and
Hovy, 2016; Lample et al., 2016; Kiperwasser and
Goldberg, 2016; Malaviya et al., 2018).

When dealing with tasks that go beyond
sentence-level dependencies, most prior work com-
bines the output scores of independently trained
classifiers using inference (Beltagy et al., 2014;
Ning et al., 2018; Pryor et al., 2023; Leto et al.,
2024) while others create ad hoc joint learning ap-
proaches for their particular tasks (Han et al., 2019;
Widmoser et al., 2021).

Our work most closely resembles Pacheco
and Goldwasser (2021), who propose a general
framework for combining deep learning models
with structured inference. However, rather than
fine-tuning custom neural networks, we leverage
general-purpose generative LLMs and few-shot
prompting strategies.

2.2 Structured prediction with LLMs

How best to use generative LL.Ms for structured
prediction tasks is still a largely unexplored area.

1https://github.com/mappauk/
prompt-based-structured-inference
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Most previous work either prompts the model to
make predictions on local components without any
enforcement of structural constraints (Roy et al.,
2022) or prompts the model to predict the entire
structure at once (Ettinger et al., 2023). Along
these lines, Liu et al. (2022) propose an approach
that models structures as sequences of actions in an
autoregressive manner, without incurring any loss.

The closest work to our proposed method is
(Mehta et al., 2024), who also combine few-shot
prompting with combinatorial inference. However,
they do not explore different LLM confidence es-
timation or calibration methods. Additionally, we
explore learning strategies using global structured
prediction objectives for prompt-based prediction,
which to the best of our knowledge has not been
explored before.

2.3 Confidence/uncertainty scoring and
recalibration with LLMs

There is a considerable amount of research sur-
rounding confidence estimation in LLMs. Geng
et al. (2024) provide a survey of common confi-
dence estimation strategies, considering both white-
box methods that leverage internal model layers
and/or token probabilities, as well as black-box
methods that rely only on generated text.

For white-box methods, Kadavath et al. (2022)
show that when prompts are formulated as true or
false questions or multiple choice questions, the
generated token probabilities themselves can be a
well-calibrated form of confidence estimation.

For black-box methods, Manakul et al. (2023) es-
timate confidence values by sampling a number of
generations and use the consistency and variability
between generations as a proxy of confidence.

Alternatively, there is a large body of work on
how to prompt and/or train models to estimate their
own confidence level using numerical scales (Lin
et al., 2022; Xiong et al., 2024; Liu et al., 2024).

3 Prompt-based Structured Prediction

We outline a general framework for modeling any
structured prediction task via prompting. To do this,
we define each problem as an LLM-based factor
graph U with potentials v; € ¥ over all possible
structures Y. Each decision ¢; € W is scored using
a decoder-only LLM instance p with parameters 6.

Let p(x;, y;; @) be the score for the potential 1);
resulting from the prompting of an LLM p parame-
terized by 6. In this way, we can find the optimal

structure ¥y € Y by performing MAP inference as:

argmax 3 plai, i)
yeY e )

s.t. c(xeyye) Ve el

where C'is the set of structural constraints defined
by the factor graph ¥, and x., y. correspond to the
inputs and variables relevant to the constraints.

Following a long tradition on structured predic-
tion for NLP, we use Integer Linear Programming
(ILP) to calculate arg max. Given that every MAP
inference problem with discrete variables can be
represented as a linear objective, ILP provides us
with the utmost flexibility to represent any struc-
tured prediction problem (Roth and Yih, 2005). In
addition, all Boolean functions can be compiled
into a set of linear inequalities to be used as con-
straints in the ILP formulation (Srikumar and Roth,
2023). Importantly, we note that this framework
allows ILP to be replaced by any appropriate infer-
ence algorithm for a given task, including tractable
linear programming relaxations such as AD? (Mar-
tins et al., 2015). Our general-purpose ILP formu-
lation is modeled after prior work (Pacheco and
Goldwasser, 2021), with specific implementation
details outlined in Appendix A.

4 Strategies for Scoring Sub-structures

The scores to be used with inference are obtained
by prompting an LLM. However, it is unclear how
best to extract probability values for classification
tasks using LLM prompts (Geng et al., 2024). Un-
like a classifier explicitly trained to predict output
probabilities, an LLM provides a probability distri-
bution over all the tokens in it’s vocabulary. Addi-
tionally, for many proprietary models, we do not
even have access to the generated token probabili-
ties, requiring a confidence estimation strategy that
works using only the plain text generations. We
experiment with an exhaustive list of confidence
estimation methods proposed in the literature. Fol-
lowing Geng et al. (2024), we divide these methods
into white-box and black-box confidence estima-
tion strategies.

4.1 White-Box Methods

We experiment with several white-box confidence
estimation methods, which we describe as requir-
ing access to the token probability values for each
prompt input and generation.
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4.1.1 True/False Token Prediction

Inspired by results showing that LLMs are fairly
well calibrated for true/false and multiple choice
questions (Kadavath et al., 2022), we format the
task as a true/false question and compute confi-
dence estimation values based on the probability
that the LLM generates the true token as p(y =
True|x).

In the multiclass case, the confidence value is
computed by normalizing the probability of y being
true for a particular class c over the sum of the true
token probabilities for all classes as:

p(y = True|x.)
C
S p(y = Truela.,)

2

4.1.2 Multiple Choice

This strategy formulates the problem as a question-
answering (QA) task with the possible labels given
as multiple choice options. The score for a given
text and label is then the probability of generat-
ing the token of the corresponding multiple choice
option o as p(y = o|x).

4.1.3 Generative Classification

Instead of the standard QA format used by the
True/False and Multiple Choice methods, where
the model is asked to predict the label given some
text to classify, we can flip the problem formula-
tion on its head and provide the label as the in-
put prompt and estimate the label likelihood based
on the probability of the model to generate the
example text. This approach has been shown to
improve worst-case performance and reduce out-
put variance (Kumar et al., 2024). Following prior
work, we formulate the input prompt as "{natural
language label description} {text to be
classified}”. We then compute the score for a
particular label using the following equation:

1 m n
oo ZZp(fEﬂyﬂl-wjfl) 3)
i

Where y; represents one of m versions of the la-
bel description and z = =z;...x, represents the
text to be classified. Multiple versions of the lan-
guage descriptions are used to reduce variance. The
score calculated from Equation 3 is then normal-
ized over all possible labels to extract a final confi-
dence value.

4.2 Black-box Methods

For many proprietary models, the token probabili-
ties for the input prompt and / or the generations are
not publicly available. For these models, the meth-
ods covered in Section 4.1 are not viable options.
Therefore, we also explore several confidence es-
timation options that can be performed given only
the plain-text generations of the LLM.

4.2.1 Generation Sampling

This strategy uses consistency as a proxy for con-
fidence by computing a score based on sampling
generations, relying on the inherent randomness
of these models. The model is prompted n times
to classify the text into one of the possible labels
L = li,ls,....0y, giving us a set of n genera-
tions G = g1, 92, -..-gn. The number of genera-
tions that match a particular label [/; is given by

G, = {9 € G|gi = 1;}. The score for label /; is
|Gy, |

n

then calculated as

4.2.2 Verbalized Confidence

This method prompts the model to estimate its
own confidence level in the answer. We use
the prompting method proposed by Xiong et al.
(2024), where the model is given the text to be
classified and one of the possible classes, and
asked to estimate its confidence level in the answer
on a scale of 0-100. We use the following prompt
format:

Question: {q}

Possible Answer: {a}

Q: How likely is the above answer to be
correct? Do not elaborate on your answer
or provide any explanation, answer only
with the confidence value in the following
format:

Confidence: [the probability of answer
label to be correct (0-100), not the one
you think correct, please only include the
numerical number in the range of 0-100]

This prompt is executed several times, and the
final confidence value is given as the average confi-
dence value elicited over all generations.

5 Learning

Sections 3 and 4 describe a process to combine
few-shot prompting strategies using pre-trained
language models and combinatorial inference for
structured prediction tasks. However, in the process
described so far, there is no learning taking place,
and we are solely relying on the world knowledge
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contained in the parametric space. In this section,
we describe several fine-tuning strategies for the
structured prediction task.

5.1 Few-Shot Score Calibration

For this strategy, we train a logistic regression layer
on top of the LLM scores to better calibrate them
for the structured prediction task. The parameters
of the LLM remain frozen and only the weights
of the logistic regression layer are tuned. A sepa-
rate logistic regression model ¢, is used for each
prompting strategy p within the structured predic-
tion problem. We experiment with two mechanisms
to train these regression models.

The first, which we refer to as Local Calibration
involves tuning each logistic regression model sep-
arately for their respective sub-problem tasks using
the cross-entropy loss function:

c
L = —log Z y; log(¥:) “4)

7

Where y; = ¢,(w) is the output of the logistic
regression model for the strategy p, that takes as
input the confidence scores w, extracted using one
of the LLM prompting strategies in Section 4.

Alternatively, we jointly train all models ¢, us-
ing the structured hinge loss (Daumé 111, 2017). To
compute this loss, we perform structured inference
as formulated in Section 3. However, instead of
using the raw confidence scores w from the LLM,
we use the corresponding output of the logistic re-
gression layer s; = ¢(w);. The structured hinge
loss can then be formulated as follows:

L =max< 0, Z Sili — Z SiYi )

Yi€Y Yi€yY

Where ¢ € Y is the current result of inference and
y € Y corresponds to the gold structure. We refer
to this mechanism as Global Calibration.

5.2 Local Fine Tuning

Supervised LLM fine-tuning has proven to be an
effective method to improve LLM prompting per-
formance for a specific task (Zhang et al., 2026).
For this strategy, we fine-tune an LLM on the same
prompts discussed in Section 4 using the standard
loss for the next token prediction:

T
L=— Zlog(p(ytlx; Y1, Y2, --Yi—1))  (6)

t=1
Fine-tuning is performed for each of the local
components of the structured prediction problem.
After fine-tuning the LLM, inference is performed
by extracting confidence values using the same

prompting strategy as used for fine-tuning.

5.3 Global Fine-tuning

For this strategy, we use the same loss formula-
tion as in the global calibration method described
above. However, rather than freezing the LLM pa-
rameters, we backpropagate the structured hinge
loss (Equation 5) into the LLM itself. Before global
fine-tuning, we use local fine-tuning to hot-start the
model parameters.

6 Evaluation

We evaluated our framework on two complex
discourse-level tasks; morality framing and coref-
erence resolution. For coreference, we use the
GENIA Coreference biomedical dataset (Su et al.,
2008) and the CoNLL 2012 OntoNotes dataset
(Pradhan et al., 2012). For morality framing, we
use the dataset released by Roy et al. (2021). All
datasets considered consist exclusively of English
language text.

6.1 Morality Framing in Political Tweets

This task focuses on identifying the moral attitudes
that are expressed in tweets made by members
of the United States Congress (Roy et al., 2021).
There are two aspects to the task; the first is
identifying which of the five moral foundations
(Care/Harm, Fairness/Cheating, Loyalty/Betrayal,
Authority/Subversion, and Purity/Degradation) are
being expressed in the tweet (Haidt and Joseph,
2004; Haidt and Graham, 2007). The other aspect
of the task is to identify the moral role that the
entities mentioned in the tweet are playing. As
an example, consider the following tweet that
expresses the moral foundation Care/Harm:

This common-sense bill will reduce unnec-
essary and duplicative burdens on health
care providers and patients in need of home
health services

The entity "common-sense bill" expresses
the role of enmtity providing care, "health care
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Method Shots Micro F1 Macro F1 Constraint Violations
MF Role MF Role C1 C2
Few-shot ICL (Roy et al., 2022) 5 0.436 n/a n/a n/a n/a n/a
True/False 5 0.498 0444 0466 0.378 1195 102
+ constr 0.517 0452 0.521 0.408 O 0
Multiple Choice 2 0.457 0348 0.447 0273 1133 234
+ constr 0.530 0386 0.512 0.321 O 0
Generation Sampling 5 0.389 0.387 0419 0.276 1241 128
+ constr 0.456 0.388 0.447 0.317 O 0
Verbalized Confidence 0 0416 0261 0418 0.180 1275 312
+ constr 0.435 0322 0437 0274 O 0
Generative Classification 0 0410 0274 0426 0.211 1072 338
+ constr 0.498 0.295 0483 0245 O 0

Table 1: Results for the Morality Frames task (Roy et al., 2021) for each of the five confidence elicitation methods
(Section 4), both with and without combinatorial inference. We present results only for best number of shots (0,2,5).

Model Micro F1 Macro F1

MF Role MF Role
GPT-J-6B Few Shot (Roy et al., 2022) n/a n/a 0.436 n/a
Supervised Deep Structured Pred. (Roy et al., 2021) n/a n/a 0.723 0.592
Llama-8B Few Shot All In One 0.415 0.374 0.456 0.357
Llama-70B Few Shot All In One 0.519 0.478 0.506 0.401
GPT-5 Few Shot All in One 0.616 0.625 0.577 0.535
Pre-trained few-shot baseline 0.459 +0.01 0.345+0.009 0.452+0.023 0.281 +0.038
Pre-trained few-shot baseline (+ constr) 0.529 +£0.007 0.388+£0.014 0.511+£0.013 0.318 £0.015
Pre-trained Local Calibration 0.522 £0.017 0.478 £0.006 0.450+£0.031 0.360 = 0.040
Pre-trained Local Calibration (+ constr) 0.649 £ 0.006 0.562 £0.023 0.589 £0.019 0.453 £0.035
Pre-trained Global Calibration 0.660 +0.024  0.594 +0.031 0.638 +£0.034 0.512 +£0.052
Local Fine-tuned baseline 0.710 £0.013  0.691 £0.024 0.681 £0.018 0.595 £0.021
Local Fine-tuned baseline (+ constr) 0.754 £0.005 0.731£0.013 0.720+£0.008 0.656 £ 0.015
Local Fine-tuned + Local Calibration 0.724 £0.019  0.700 £0.025 0.695 +£0.032 0.610 = 0.020
Local Fine-tuned + Local Calibration (+ constr) 0.759 £0.009 0.727 £0.013 0.722+0.028 0.652 +0.019
Local Fine-tuned + Global Calibration 0.758 £0.005 0.725+0.008 0.722 £0.020 0.658 +0.026
Global Fine Tuning 0.764 + 0.009 0.732 +0.011 0.731 £0.023  0.662 +0.018

Table 2: Results on the Morality Frames dataset (Roy et al., 2021) after fine-tuning the LL.Ms. The multiple choice
strategy for confidence estimation is used for all methods.

providers and patients" express the role of target
of care/harm and "duplicative burdens" express
the role of entity causing harm. We define prompt
templates for both the moral role classification
and moral foundation identification subproblems.
Specific details on the prompt templates used can
be found in Appendix B. After prompting, we
perform inference to find the best global label
assignments across both subproblems, subject to:

Constraint 1: The predicted role of an en-
tity in a tweet must align with the moral
foundation predicted for the tweet.
Constraint 2: No two entities within the
same tweet can be assigned the same role.

Experimental Settings We experiment with
Llama-3.1-8B-Instruct (Dubey et al., 2024) and
Mistral-7B-Instruct-v0.2 (Jiang et al., 2023) as our

base models. For fine-tuning experiments, we use
LoRA (Hu et al., 2022) in combination with the
Llama-3.1-8B-Instruct model. Details of our hy-
perparameter selection and hardware used can be
found in Appendices C and I, respectively. We
evaluated performance by reporting macro and mi-
cro F1 scores for both moral foundation and role
prediction. All results are averaged over five folds.

Results The results of the few-shot prompting
methods are shown in Table 1. We experiment with
0, 2, and 5 shots for each method except for the
generative classification and verbalized confidence
methods, which are zero-shot methods. Table 1
only contains the best result for each method using
the Llama model, as it outperformed the mistral
model in all strategies. The full results for both
models can be found in Appendix D. Overall, we
see that inference (+ constr) improves performance
compared to few-shot prompting alone, regardless
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Figure 1: Morality Framing results for each training strategy over varying amounts of training data

Model Macro F1 Violations

MF Role C1 C2

True/False - Llama-8B 0466 0.378 1195 102
+ constr 0.517 0408 0 0
True/False - Llama-70B 0446 0.318 1113 50
+ constr 0491 0404 O 0
Multiple Choice - Llama-8B 0.447 0.273 1133 234
+ constr 0.512 0.321 O 0
Multiple Choice - Llama-70B 0.407 0.288 767 124
+ constr 0423 0323 0 0
Generation Sampling - Llama-8B  0.419 0.276 1241 128
+ constr 0.447 0317 0 0
Generation Sampling - Llama-70B  0.454 0.361 1092 83
+ constr 0494 0399 0 0
Generation Sampling - GPT-5 0.563 0456 735 82
+ constr 0.567 0473 0 0

Table 3: Results on the Morality Frames dataset (Roy
et al., 2021) with varying model sizes.

of the confidence estimation strategy used. The
best results are achieved when using the true/false
method for extracting confidence scores; this holds
both before and after inference. However, the mul-
tiple choice method is comparable to true/false for
the moral foundation subproblem. Furthermore,
our results outperform previous prompting work
on the same task (Roy et al., 2022).

Table 2 shows the results of our different calibra-
tion and fine-tuning strategies (Section 5). We use
the multiple choice confidence estimation strategy
for all fine-tuned models. Despite slightly worse
performance than the True/False method, it re-
quires much fewer prompts per instance, allowing
for larger batch sizes during training, which are re-
quired when fine-tuning using the global structured
objective (Equation 5). Similarly to the few-shot
results, we find that adding inference helps perfor-
mance regardless of the learning strategy. We no-
tice that calibrating scores using logistic regression
performs best when using Global Calibration. This
finding holds true regardless of whether we use a
pre-trained or fine-tuned LLM. However, the ad-

vantage of global calibration is much clearer in the
pre-trained case. Unsurprisingly, local fine-tuning
of the LLM leads to large performance gains over
the few-shot version of the model.

The best performing model uses the global fine-
tuning method on top of the locally fine-tuned
model, outperforming the previous state-of-the-art
in this task (Roy et al., 2021), which uses a classi-
cal deep structured prediction approach. We also
compare our systems to different LLMs of varying
size that attempt to predict the entire structure all at
once with verbalized versions of our constraints in
the prompt (Few Shot All In One). We find that the
all-in-one prediction is an effective method that, at
least in the case of Llama-70B and GPT-5, outper-
forms our baseline 8B models that use structured
inference to enforce constraints. However, these
all-in-one methods are outperformed by global cali-
bration methods and are significantly outperformed
by global fine tuning.

Table 3 displays the results of varying model
sizes used to obtain priors for inference. We show
results for the two best performing white-box meth-
ods (True/False and Multiple Choice) and the best
performing black-box method (Generation Sam-
pling). For each method, we show results for the
Llama 8B and 70B models, and for the generation
sampling method, we also experiment with the us-
age of GPT-5. We see that regardless of model
size, the use of structured inference on top of the
local predictions results in improved performance.
Somewhat surprisingly, we notice that the 70B ver-
sion of the Llama model actually performs slightly
worse than the 8B model for the Multiple Choice
and True/False methods. We suspect that the rea-
son for this is that the additional parameters are
likely encoding the ability to follow instructions
for more complex tasks and, therefore, do not lead
to increased performance on focused true/false or
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Authority/Subversion

Rep. Greg Walden meets with C.O. veterans in Bend to
discuss issues with [health care program|p,oviding care tO
help [rural Vets}bozngil()ya,]

Rep. Greg Walden meets with C.O. veterans in Bend to
discuss issues with [health care program|providing care tO
help [rural vets]iarget_care

Figure 2: Predictions before (top) and after (bottom)
structured inference.

multiple-choice question-answering tasks.

Finally, Figure 1 shows the effects of varying
amounts of training data. For the most part, the
same strategies emerge as the top performers in
both the low-data and high-data regimes. We notice
that with very low amounts of training data (1%),
all methods that fine-tune the parameter space have
a larger advantage. Finally, we note that when
imposing constraints (either during learning or pre-
diction), the models converge with as little as 20%
of the training data.

Error Analysis We find that some strategies are
more biased than others towards certain moral foun-
dations (see confusion matrices in Appendix E). In
particular, verbalized confidence and generation
sampling show a particular bias towards the au-
thority/subversion class. In addition, we are able
to find concrete evidence of structured inference
correcting wrong local predictions. Consider the
example shown in Figure 2, where we were able
to align the predictions to be consistent with each
other. That is, making sure that the moral roles
assigned to entities are consistent with the over-
all moral foundation and that each entity plays a
distinct role.

6.2 Coreference Resolution

Co-reference resolution is the task of identifying
whether or not two mentions of an entity within a
piece of text refer to the same entity . We break the
task down into a series of subproblems, where we
prompt the LLM to determine whether two entity
mentions within a document are coreferent or not.
Prompt template details can be found in Appendix
F. We define one custom hard constraint enforcing
the transitivity of coreferent entity pairs as:

Constraint 1: If entities A and B are coref-
erent and entities B and C are coreferent,

Method Shots F1 Viol.
Macaw-3B (+ constr) Mehta et al. (2024) 0 0.522 0
True/False - Mistral 5 0.815 15212
+ constr 0.820 0
Multiple Choice - Llama 5 0.801 24928
+ constr 0.830 0
Generation Sampling - Llama 5 0.834 15086
+ constr 0.842 0
Verbalized Confidence - Mistral 0.506 25872
0
+ constr 0.512 0
Generative Classification - Mistral 0.397 47794
0
+ constr 0371 0

Table 4: Co-reference results for the OntoNotes dataset
(Pradhan et al., 2012) across all five prompting strategies

Method Shots F1 Viol.
Flan-T5 (+ constr) Mehta et al. (2024) 0 0.654 0
True/False - Mistral 5 0.799 29808
+ constr 0.823 0
Multiple Choice - Mistral 5 0.721 72303
+ constr 0.759 0
Generation Sampling - Mistral 5 0.747 48570
+ constr 0.781 0
Verbalized Confidence - Mistral 0 0.599 123272
+ constr 0.577 0
Generative Classification - Llama 0 0.357 364712
+ constr 0.305 0

Table 5: Co-reference results for the GENIA dataset (Su
et al., 2008) across all five prompting strategies.

then entities A and C must be coreferent.

Experimental Settings We experiment with
Llama-3.1-8B-Instruct (Dubey et al., 2024) and
Mistral-7B-Instruct-v0.2 (Jiang et al., 2023) as our
base models. For fine-tuning experiments, we use
LoRA (Hu et al., 2022) in combination with the
Mistral-7B-Instruct-v0.2 model. Details of our hy-
perparameter selection and hardware use can be
found in Appendices H and I, respectively. We eval-
uated performance by reporting macro F1 scores.

Results Few-shot results for OntoNotes and GE-
NIA are shown in Tables 4 and 5, respectively. We
experiment with both Llama and Mistral instruct
models and use 0 and 5 shots for all methods except
for the zero-shot methods (verbalized confidence
and generative classification). We report only the
best model and the best number of shots for each
strategy. The full results can be found in Appendix
G. We see that for all methods, except for the zero-
shot ones, inference improves on the baseline re-
sults. We suspect that this is because the baseline
model performance is so poor in these cases that
the application of the transitivity constraint is in-
effective. We find that the True/False, Multiple
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Method Macro F1
Fine-tuned Constrained Macaw-3B Mehta et al. (2024) 0.916
Pre-trained few-shot baseline 0.721
Pre-trained few-shot baseline (+ constr) 0.759
Pre-trained Local Calibration 0.771
Pre-trained Local Calibration (+ constr) 0.800
Pre-trained Global Calibration 0.805
Local Fine-tuned baseline 0.883
Local Fine-tuned baseline (+ constr) 0.887
Local Fine-tuned + Local Calibration 0.882
Local Fine-tuned + Local Calibration (+ constr) 0.891
Local Fine-tuned + Global Calibration 0.881
Global Fine Tuning 0.890

Table 6: Fine-tuning results on the GENIA coreference
task (Su et al., 2008). The multiple choice confidence
elicitation strategy is used for all models.

Choice, and Generation Sampling strategies have
comparable performance for both datasets.

We test our fine-tuning strategies on the GENIA
dataset and again leverage the multiple choice strat-
egy for its balance of performance and efficiency.
The results are shown in Table 6. Similarly to
the morality framing task, we note that structured
inference improves performance in all scenarios.
However, in the fine-tuned case, it is less helpful as
performance on the task is already very high.

6.3 Computational Cost Experiments

Tables 7 and 8 show the results of experiments
measuring the computational efficiency of differ-
ent methods when predicting a single structure for
each task. We note that regardless of task, the Ver-
balized Confidence and Generative Classification
methods are by far the most computationally ex-
pensive methods as they require multiple prompts
for every candidate of a particular sub-task. This
effect is even greater in the morality frames task
when compared to coreference, as coreference only
has two possible classes for a single subproblem,
while morality frames has 16 possible moral roles
for each entity and five possible moral foundations.
Multiple choice is the least expensive method as
it requires only a single prompt for each subprob-
lem and is not affected by the number of classes
associated with a particular subproblem. We also
note that the cost of symbolic inference on top of
prompting is negligible, even in the case of the most
efficient prompting strategy (multiple choice).

As for the computational cost of training, the
best supervised fine tuned coreference model took
13 hours and 37 minutes to train, and the best su-
pervised fine tuned morality frames model took 5
hours and 7 minutes to train all five folds.

Method Prompt Time (s)
True/False 12.15

Multiple Choice 1.72

Generation Sampling 12.03

Verbalized Confidence 179.42
Generative Classification 274.44

Table 7: Computational cost experiment results on the
Morality Frames task (Roy et al., 2021). We measure
the amount of time it takes to predict the moral frame of
a tweet and the moral roles of three entities mentioned in
the tweet. Regardless of strategy we find that inference
adds on average 0.11 seconds.

Method Prompt Time (s)
True/False 25.11

Multiple Choice 12.42

Generation Sampling 120.96
Verbalized Confidence 535.20
Generative Classification 321.14

Table 8: Computational cost experiment results on the
GENIA coreference task (Su et al., 2008). We measure
the amount of time it takes to predict coreference for all
pairs of entities within a document using each strategy
(154). Regardless of strategy we find that inference adds
on average 3.03 seconds.

7 Conclusion

We show that structured inference is a useful tool
for structured prediction tasks with LLMs, leading
to consistent gains in performance over prompt-
ing alone. This holds true regardless of what
strategy we use to extract confidence values from
LLMs, although structuring the prompt as a true
or false question works the best. Furthermore, we
show that calibrating LLMs based on global struc-
tured prediction objectives can further boost per-
formance. This finding holds true both for pre-
trained models and models fine-tuned on the task.
In the future, we want to explore porting the lessons
learned here into multi-agent workflows, where
inter-dependencies are observed, but sub-tasks are
open-ended and supervision is not readily avail-
able.

Limitations

We are limited on the size of the model that we can
use for our fine-tuning experimentation. We report
results on 7B and 8B parameter models for Mis-
tral and Llama, but are unable to experiment with
70B+ parameter versions of these models when
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fine-tuning due to computational resource limita-
tions. However, we experiment with larger parame-
ter models for our pretrained, few-shot experiments
(Llama-70B and GPT-5).

Lastly, we chose two representative tasks; the
Morality Frames task, which provides a difficult
relational reasoning task, and coreference resolu-
tion, which is a more traditional NLP task. While
we believe that the evidence provided is sufficient
to support our claims, future work could expand
this task selection to provide greater evidence of
generalization of these methods.

Ethical Considerations

To the best of our knowledge, we did not violate the
ACL code of ethics during the course of our work.
We use existing, public datasets for evaluation and
report model hyperparamaters and hardware details,
as well as details of our prompting strategies to
allow for the reproduction of our experiments. In
addition, the code used to run our experiments has
been made publicly available to the community.
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A ILP Formulation

We formulate the ILP objective as follows:

argmaxZijk “ Djk 7
VpeP ik

Here, each p € P corresponds to a particular
prompting strategy, and each pjj, is a binary vari-
able that represents whether a particular answer &
to an instance j is true. Each wjy, is the probability
that the corresponding py, is true. The weight itself
is obtained by prompting an LLM using the prompt-
ing strategy p and extracting a confidence value,
using one of the strategies discussed in Section 4.

To support the use of different prompting strate-
gies to score the same decisions, we introduce vari-
ables d;. These variables are not used in the ob-
jective function directly, but are used in defining
constraints. Similarly to previous work (Zhang
et al., 2016; Pacheco and Goldwasser, 2021), we
define a set of standard constraints that can be used
in different structured prediction tasks.

Multi-class constraints For multiclass problems,
only one variable can be activated among all possi-
ble variables for a multi-class decision on a partic-
ular instance decision.

Y dp=1 ®)
k

Decision constraints It could be that, for a par-
ticular decision, we prompt an LLM in multiple
different ways and/or with different contextual in-
formation. In order to obtain a single answer given
multiple estimations, we need to constrain the as-
signment of the variables associated with that de-
cision. We define a constraint to ensure that if a
decision variable d;, is activated, at least one of its
outcome variables must be activated.

P
Cljk < ijk (9)
p

Where P is the set of all prompting strategies. Con-
versely, the activation of any of the outcome vari-
ables associated with a given decision variable en-
sures the activation of that decision variable.

p
djx > [ pi (10)
P

Hard constraints We can define hard constraints
to infuse domain knowledge. These constraints
can be modeled in the form of “if-then” style rules.
For example, let di2 coret be a variable that repre-
sents whether entities e; and ey are co-referent. We
can ensure a transitivity constraint of the form if
d12,coref and d23,coref then d13,coref as:

(11

Note that this generalizes for any horn clause d; A
do A ... Nd, = dj, as:

d12,coref + d23,c0ref -1< d13,c0ref

Y di—(n—1)<dy (12)
i=1
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B Morality Frames Prompt Details

We split the Morality Frames structured prediction
task into two subproblems. The prompt details for
each of our prompting strategies when applied to
the moral foundation classification subproblem can
be found in Tables 9 and 10. The prompt details
for the moral role classification subproblem can be
found in Tables 11 and 12. For each subproblem
we actually prompt in two different ways. In the
first template we provide just the tweet itself as the
[Tweet Context]. In the second template we pro-
vide the tweet, the political ideology of the tweet
author, and the topic of the tweet as the [Tweet Con-
text]. Additionally, for all strategies we provide the
definitions of the associated moral foundations and
roles.

C Morality Frames Hyperparameter
Details

For all strategies in the few shot case we use
a topk of 5 and a temperature of 0.5. For the
generation sampling and verbalized confidence
strategies, we sample 10 generations per each
instance of a subproblem. For the generative
classification method we use 10 different variations
of a generation description as found in Tables 13
and 14.

For all fine-tuning strategies, we tune our hyper-
paramaters based on the average performance on
the dev split over five fold cross validation. For
the logistic regression models using the pre-trained
LLM model scores as input, we use a learning rate
of 0.01 and batch size of 32 for both the locally
and globally calibrated models. For the fine-tuned
LLM model scores, our regression models use a
learning rate of 0.001 and batch size of 64 when
locally calibrated and a learning rate of 0.01 and
batch size of 16 when globally calibrated. For the
supervised fine tuning of the LLM itself, we use
LoRA (Hu et al., 2022) with a rank and alpha value
of 512, a batch size of 2, gradient accumulation
steps of 16 and a learning rate of 2E-05. For the
structured calibration we continue tuning the same
LoRA weights with a batch size of 4, gradient accu-
mulation steps of 16, and a learning rate of 2E-06.

D Extended Morality Frames Results

Tables 15 and 16 show the full results for the llama
and mistral models across all five prompting strate-

gies (Section 4) on the Morality Frames structured
prediction task (Roy et al., 2021).

E Error Analysis

Confusion matrices for the moral framing task can
be seen in Figure 3.

F Coref Prompt Details

Tables 17 and 18 display the prompt templates used
in the coreference tasks for the white box (Sec-
tion 4.1) and black box (Section 4.2) prompting
strategies respectively. Each strategy relies on the
sentences that contain each entity mention being
compared ([sentl], [sent2]) and the entity mentions
themselves ([entity1], [entity2]). Additionally, the
generation description strategy uses one of the vari-
ations in Table 19 as generation instructions.

G Extended Coref Results

Tables 20 and 21 show the full results for the llama
and mistral models across all five prompting strate-
gies (Section 4) on the GENIA coreference dataset
(Su et al., 2008). Tables 22 and 23 show the full
results on the OntoNotes coreference dataset (Prad-
han et al., 2012).

H Coreference Hyperparameter Details

For all strategies in the few shot case for both the
GENIA and OntoNotes coreference datasets we
use a topk of 5 and a temperature of 0.5. For the
generation sampling and verbalized confidence
strategies, we sample 10 generations per each
instance of a subproblem. For the generative classi-
fication method, we use 10 different variations of a
generation description as found in Table 19.

For all fine-tuning strategies on the GENIA
dataset we use the dev set for hyperparamater se-
lection and report results on the test set. We use the
same train/test split as Mehta et al. (2024). For the
logistic regression models used on the pre-trained
LLM scores, we use a learning rate of 0.001 and
batch size of 32 for the locally calibrated models
and a learning rate of 0.01 and batching done at the
document level for the globally calibrated models.
For the regression models trained on the fine-tuned
scores, we use a learning rate of 0.01 and document
batching for both locally and globally calibrated
models. As with the Morality Frames task, we use
LoRA for LLM fine-tuning with a rank and alpha
of 512. For the supervised fine tuned model, we
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Figure 3: Confusion matrices for the morality frames task

use a batch size of 2, gradient accumulation steps
of 16, and a learning rate of 2E-6. For global fine
tuning, we continue tuning the same LoRA weights
with a learning rate of 1E-6, a batch size of 8, and
gradient accumulation steps of 32.

I Hardware Details

We use a 40GB partition of an H100 GPU for all
of the 7-8B pretrained model experiments and use
a full 80GB H100 for training and inference exper-
iments with the larger models. Regardless of GPU
size, all experiments utilize 8 CPUs and 32GB of
CPU RAM.
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Prompting Strategy

Prompt Format

True/False

Consider the task of identifying the moral foundation present in a tweet from a
U.S congress member. The five moral foundations and their corresponding
definitions are given below:

[Moral Frame Definitions]
Given the moral foundations, their definitions, and the task of identifying
the foundation present in a tweet, answer the following true/false question

regarding whether a specific moral foundation is present in a tweet.

[Tweet Context]
Q. "The moral foundation expressed in the tweet is [label]." - true or false? A.

Multiple Choice

Consider the task of identifying the moral foundation present in a tweet from a
U.S congress member. The five moral foundations and their corresponding
definitions are given below:

[Moral Frame Definitions]

Given the moral foundations, their definitions, and the task of identifying the
foundation present in a tweet, answer the following multiple choice questions
regarding whether a specific moral foundation is present in a tweet. Answer
only with the letter corresponding to the correct answer.

[Tweet Context]

Q. What moral foundation is being expressed in the given tweet?
Choices:

(A) CARE/HARM

(B) FAIRNESS/CHEATING

(C) AUTHORITY/SUBVERSION

(D) PURITY/DEGRADATION

(E) LOYALTY/BETRAYAL

Generative Classification

Consider the task of generating a tweet made by a U.S congress member given
a description of the moral foundation that is being expressed in the tweet. The
five moral foundations and their corresponding definitions are given below:

[Moral Frame Definitions]

Given the moral foundations and their definitions, generate a tweet given a
description of the tweet.

Generate a tweet based on the following description:

Generation description: [Generation Description]

Tweet: [Tweet]

Table 9: Prompt templates for the moral foundation classification subproblem for each of the white-box strategies
(Section 4.1). [Generation Description] refers to one of the generation descriptions found in Table 13.[label] is
one of the five moral foundations (Care/Harm, Fairness/Cheating, Loyalty/Betrayal, Authority/Subversion, and

Purity/Degradation).
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Prompting Strategy Prompt Format

Generation Sampling Consider the task of identifying the moral foundation present in a tweet from a
U.S congress member. The five moral foundations and their corresponding
definitions are given below:

[Moral Frame Definitions]

Given the moral foundations and their definitions, identify the foundation
present in the given tweet. Only answer with the correct moral foundation and
do not provide any justification or explanation.

[Tweet Context]

Q. What moral foundation is being expressed in the given tweet?

Verbalized Confidence Consider the task of identifying the moral foundation present in a tweet. The
five moral foundations and their corresponding definitions are given below:

[Moral Frame Definitions]

Given the moral foundations and their definitions and the task of identifying the
foundation present in a tweet. Estimate the probability that the specified moral
foundation is expressed in the tweet. Please answer with the following format:
“Confidence: [the probability of answer [label] to be correct (0-100), not the
one you think correct, please only include the numerical number in the range of
0-100]”

Question: What is the moral foundation present in the following tweet: [Tweet
Context]?

Possible Answer: [label]

Q: How likely is the above answer to be correct? Do not elaborate on your
answer or provide any explantion, answer only with the confidence value in the
following format:

“Confidence: [the probability of answer [label] to be correct (0-100), not the
one you think correct, please only include the numerical number in the range of
0-100]”

Table 10: Prompt templates for the moral foundation classification subproblem for each of the black-box strategies
(Section 4.2). [label] is one of the five moral foundations (Care/Harm, Fairness/Cheating, Loyalty/Betrayal,
Authority/Subversion, and Purity/Degradation).
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Prompting Strategy Prompt Format

True/False Consider the task of identifying the moral role of an entity present in a tweet
from a U.S congress member. Definitions for the five moral foundations and
their associated roles are given below:

[Moral Frame/Role Definitions]

Given the possible moral roles, the definitions of their associated moral founda-
tions, and the task of identifying the moral role of an entity in a tweet, answer
the following true/false question regarding whether an entity is expressing a
particular moral role in a tweet.

[Tweet Context]
Q. "The moral role of "[Entity]" expressed in the tweet is [label]." - true or
false? A.

Multiple Choice Consider the task of identifying the moral role of an entity present in a tweet

from a U.S congress member. Definitions for the five moral foundations and
their associated roles are given below:

[Moral Frame/Role Definitions]

Given the possible moral roles, the definitions of their associated moral
foundations, and the task of identifying the moral role of an entity in a tweet,
answer the following multiple choice question regarding whether an entity
is expressing a particular moral role in a tweet. Answer only with the letter
corresponding to the correct answer.

[Tweet Context]

Q. What is the moral role of "[Entity]" expressed in the given tweet?
(A) Target of care/harm

(B) Entity causing harm

(C) Entity providing care

(D) Target of fairness/cheating

(E) Entity ensuring fairness

Generative Classification | Consider the task of generating a tweet made by a U.S congress member
given a description of the moral role being expressed by an entity in the tweet.
Definitions for the five moral foundations and their associated moral roles are
given below:

[Moral Frame/Role Definitions]

Given the possible moral roles and the definitions of their associated moral
foundations, generate a tweet about a given entity expressing a particular moral
role.

Generate a tweet based on the following description:

Generation description: [Generation Description]

Tweet: [Tweet]

Table 11: Prompt templates for the moral role identification subproblem for each of the white-box strategies
(Section 4.1). [Generation Description] refers to one of the generation descriptions found in Table 14.[label] is
one of the sixteen possible moral roles (Target of care/harm, Entity causing harm, Entity providing care, Target
of fairness/cheating, Entity ensuring fairness, Entity doing cheating, Target of loyalty/betrayal, Entity being loyal,
Entity doing betrayal, Justified authority, Justified authority over, Failing authority, Failing authority over, Target of
purity/degradation, Entity preserving purity, Entity causing degradation).
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Prompting Strategy

Prompt Format

Generation Sampling

Consider the task of identifying the moral role of an entity present in a tweet
from a U.S congress member. Definitions for the five moral foundations and
their associated roles are given below:

[Moral Frame/Role Definitions]

Given the possible moral roles and the definitions of their associated moral
foundations, identify the moral role of an entity in a tweet. Only answer with
the correct moral role for the entity and do not provide any justification or
explanation.

[Tweet Context]

Q. What is the moral role of "[Entity]" expressed in the given tweet?

Verbalized Confidence

Consider the task of identifying the moral role of an entity present in a tweet.
Definitions for the five moral foundations and their associated roles are given
below:

[Moral Frame/Role Definitions]

Given the possible moral roles, the definitions of their associated moral
foundations, and the task of identifying the moral role of an entity in a tweet.
Please answer with the following format:

“Confidence: [the probability of answer [label] to be correct (0-100), not the
one you think correct, please only include the numerical number in the range of
0-1001”

Question: What is the moral role of the entity "[Entity]" expressed in the
following tweet: [Tweet Context]?

Possible Answer: [label]

Q: How likely is the above answer to be correct? Do not elaborate on your
answer or provide any explantion, answer only with the confidence value in the
following format:

“Confidence: [the probability of answer [label] to be correct (0-100), not the
one you think correct, please only include the numerical number in the range of
0-1001”

Table 12: Prompt templates for the moral role identification subproblem for each of the back-box strategies (Section
4.2). [label] is one of the sixteen possible moral roles (Target of care/harm, Entity causing harm, Entity providing
care, Target of fairness/cheating, Entity ensuring fairness, Entity doing cheating, Target of loyalty/betrayal, Entity
being loyal, Entity doing betrayal, Justified authority, Justified authority over, Failing authority, Failing authority
over, Target of purity/degradation, Entity preserving purity, Entity causing degradation).
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Generation Description

"This tweet expresses the moral foundation [Moral Foundation] which is defined as: [Moral Foundation
Definition]"

"This tweet reflects the moral foundation [Moral Foundation], which is defined as: [Moral Foundation
Definition]"

"The tweet showcases the moral foundation [Moral Foundation], described as: [Moral Foundation
Definition]"

"In this tweet, the moral foundation [Moral Foundation] is expressed, defined as: [Moral Foundation
Definition]"

"This tweet highlights the moral foundation [Moral Foundation], which means: [Moral Foundation
Definition]"

"The moral foundation [Moral Foundation] is conveyed in this tweet, defined as: [Moral Foundation
Definition]"

"This tweet demonstrates the moral foundation [Moral Foundation], described as: [Moral Foundation
Definition]"

"In this tweet, the author expresses the moral foundation [Moral Foundation], which is defined as: [Moral
Foundation Definition]"

"This tweet communicates the moral foundation [Moral Foundation], described as: [Moral Foundation
Definition]"

"This tweet conveys the moral foundation [Moral Foundation], defined as: [Moral Foundation Definition]"

Table 13: Generation descriptions used for the generative classification strategy on the morality foundation
classification subproblem. As with Kumar et al. (2024), we generated these variations using ChatGPT with the
following prompt: Write 10 paraphrases of this sentence as a Python list. “This tweet expresses the moral foundation
[Moral Foundation] which is defined as [Moral Foundation Definition].”

Generation Description

"In this tweet, the entity [Entity] displays the moral role [Moral Role], defined as: [Moral Role Definition]"
"This tweet shows the entity [Entity] exhibiting the moral role [Moral Role], which is defined as: [Moral
Role Definition]"

"The entity [Entity] in this tweet demonstrates the moral role [Moral Role], described as: [Moral Role
Definition]"

"In this tweet, [Entity] reflects the moral role [Moral Role], which is defined as: [Moral Role Definition]"
"[Entity] in this tweet exemplifies the moral role [Moral Role], defined as: [Moral Role Definition]"
"This tweet portrays the entity [Entity] as embodying the moral role [Moral Role], described as: [Moral
Role Definition]"

"The entity [Entity] in this tweet illustrates the moral role [Moral Role], which is defined as: [Moral Role
Definition]"

"[Entity] shows the moral role [Moral Role] in this tweet, defined as: [Moral Role Definition]"

"In this tweet, [Entity] reveals the moral role [Moral Role], defined as: [Moral Role Definition]"

"This tweet features [Entity] expressing the moral role [Moral Role], which is defined as: [Moral Role
Definition]"

Table 14: Generation descriptions used for the generative classification strategy on the morality role identification
subproblem. As with Kumar et al. (2024), we generated these variations using ChatGPT with the following prompt:
Write 10 paraphrases of this sentence as a Python list. “This entity [Entity] in this tweet exhibits the moral role
[Moral Role] defined as [Moral Role Definition].
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Method Shots Micro F1 Macro F1 Constraint Violations
MF Role MF Role C1 C2

True/False 0 0.369 0.347 0401 0.247 1079 330
+ constr 0.429 0.362 0437 0.293 0O 0
Multiple Choice 0 0.403 0.291 0374 0.184 830 501
+ constr 0445 0332 0412 0.231 O 0
Generation Sampling 0 0.326 0.363 0.317 0.239 981 172
+ constr 0.371 0.351 0.331 0.263 O 0
Verbalized Confidence 0 0416 0.261 0418 0.180 1275 312
+ constr 0435 0.322 0437 0274 0 0
Generative Classification 0 0410 0.274 0426 0.211 1072 338
+ constr 0498 0.295 0483 0.245 O 0
True/False ) 0.448 0.386 0422 0313 1053 215
+ constr 0486 0.391 0467 0346 O 0
Multiple Choice ) 0.457 0.348 0447 0.273 1133 234
+ constr 0.530 0.386 0.512 0321 O 0
Generation Sampling ) 0461 0.354 0.492 0.271 1113 155
+ constr 0.451 0.357 0475 0324 0 0
True/False 5 0.498 0444 0466 0.378 1195 102
+ constr 0.517 0452 0.521 0408 O 0
Multiple Choice 5 0451 0319 0454 0219 1254 219
+ constr 0.528 0.361 0.516 0.277 O 0
Generation Sampling 5 0.389 0.387 0419 0.276 1241 128
+ constr 0456 0.388 0.447 0317 0 0

Table 15: Full Results for the Morality Frames task (Roy et al., 2021) using Llama-3.1-8B-Instruct for each of the
five confidence elicitation methods (Section 4), both with and without combinatorial inference.
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Method Shots Micro F1 Macro F1 Constraint Violations
MF Role MF Role C1 C2

True/False 0 0.352 0350 0.274 0.213 974 459
+ constr 0.457 0.353 0352 0.206 O 0
Multiple Choice 0 0.407 0.290 0.207 0.154 645 400
+ constr 0415 0386 0.251 0.145 O 0
Generation Sampling 0 0.347 0.329 0.214 0.195 1133 306
+ constr 0.382 0.262 0.351 0.192 0 0
Verbalized Confidence 0 0412 0.238 0.239 0.136 617 547
+ constr 0.430 0.267 0.248 0.132 0 0
Generative Classification 0 0.374 0.189 0.333 0.140 1307 346
+ constr 0415 0.217 0365 0.183 0 0
True/False ) 0.444 0427 0317 0306 1332 197
+ constr 0.528 0.436 0495 0.358 O 0
Multiple Choice ) 0.453 0317 0433 0201 1159 213
+ constr 0491 0.367 0452 0252 0 0
Generation Sampling ) 0.401 0.354 0.388 0.233 1348 158
+ constr 0.440 0.333 0417 0252 0 0
True/False 5 0.500 0.464 0483 0.354 1214 151
+ constr 0.536 0426 0513 0377 O 0
Multiple Choice 5 0458 0332 0433 0.224 1109 228
+ constr 0498 0.384 0426 0.246 O 0
Generation Sampling 5 0.357 0.368 0.386 0.214 1464 180
+ constr 0412 0346 0.376 0230 O 0

Table 16: Full Results for the Morality Frames task (Roy et al., 2021) using Mistral-7B-Instruct-v0.2 for each of the
five confidence elicitation methods (Section 4), both with and without combinatorial inference.
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Prompting Strategy Prompt Format

True/False Consider the task of coreference resolution, where the goal is to identify
whether or not two different entity mentions refer to the same underlying
entity. Given two entity mentions and their representative sentences, answer the
following true/false question regarding whether the two entity mentions refer to
the same entity.

Entity 1: [entity]]

Sentence 1: [sent]]

Entity 2: [entity2]

Sentence 2: [sent2]

Q. "The entity "[entity1]" mentioned in Sentence 1 and the entity "[entity2]"
mentioned in Sentence 2 are [label] entities." - true or false? A.

Multiple Choice Consider the task of coreference resolution, where the goal is to identify
whether or not two different entity mentions refer to the same underlying
entity. Given two entity mentions and their representative sentences, answer
the following multiple choice question regarding whether or not the two entity
mentions are coreferent or not. Answer only with the letter corresponding to
the correct answer.

Entity 1: [entity]]

Sentence 1: [sent]]

Entity 2: [entity2]

Sentence 2: [sent2]

Q. What is the relationship between the entity "[entityl]" mentioned in Sentence
1 and "[entity2]" mentioned in Sentence 2?

(A) Coreferent

(B) Distinct

Generative Classification | Consider the task of coreference resolution. Given two entities mentions that
are either coreferent or distinct, generate two sentences each containing one of
the entity mentions.

Generate two sentences based on the following description:

Generation Description: [Generation Description]
Sentence 1: [sentl]
Sentence 2: [sent2]

Table 17: Coreference prompt templates for each of the white-box prompting strategies (Section 4.1). The
[Generation Description] variable refers to one of the generation descriptions in Table 19. [label] is either ‘coreferent’
or ‘distinct’.
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Prompting Strategy Prompt Format

Generation Sampling Consider the task of coreference resolution, where the goal is to identify
whether or not two different entity mentions refer to the same underlying entity.
Given two entity mentions and their representative sentences, identify whether
the entity mentions are coreferent or distinct. Answer only with "coreferent” or
"distinct" and do not provide any justification or explanation.

Entity 1: [entity]]

Sentence 1: [sentl]

Entity 2: [entity2]

Sentence 2: [sent2]

Q. What is the relationship between the entity "[entity1]" mentioned in Sentence
1 and "[entity2]" mentioned in Sentence 2? Answer only with "coreferent" or
"distinct" and do not provide any justification or explanation.

Verbalized Confidence Consider the task of coreference resolution, where the goal is to identify
whether or not two different entity mentions refer to the same underlying entity.
Given two entity mentions and their representative sentences, identify whether
the entity mentions are coreferent or distinct. Please answer with the following
format: “Confidence: [the probability that the two entity mentions are [label]
(0-100), please only include the numerical number in the range of 0-100]”
Entity 1: [entityl]

Sentence 1: [sentl]

Entity 2: [entity2]

Sentence 2: [sent2]

Q: How likely is it that the two entitiy mentions are [label]. Do not elaborate
on your answer or provide any explantion, answer only with the confidence
value in the following format:

“Confidence: [the probability that the two entity mentions are [label] (0-100),
please only include the numerical number in the range of 0-100]”

Table 18: Coreference prompt templates for each of the black-box prompting strategies (Section 4.2). [label] is
either ‘coreferent’ or ‘distinct’.
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Generation Description

"The entity mention ’[entityl]” in the first sentence and the entity mention of ’[entity2]’ in the second
sentence are [label]"

"The mention of ’[entity1]” in sentence one and ’[entity2]” in sentence two are considered [label]."
"’[entity1]” from the first sentence and ’[entity2]  from the second sentence are labeled as [label]."

"In the first sentence, *[entity1]” is mentioned, and in the second sentence, ’[entity2]’ is mentioned —
these are [label]."

"The entities ’[entity1]” and ’[entity2]’, from the first and second sentences respectively, are [label]."
"We determine that *[entity1]” in sentence one and ’[entity2]’ in sentence two are [label]."

"There is a mention of ’[entity1]’ in the first sentence and of ’[entity2]’ in the second; they are [label]."
"According to the sentence context, ’[entity1]’ and ’[entity2] are identified as [label]."

"It is determined that the entity ’[entity1]’ in the first sentence and ’[entity2]’ in the second sentence are
[label]."

"In the first sentence, the mention of ’[entityl]’, and in the second, the mention of ’[entity2]’, are
considered [label]."

Table 19: Generation descriptions used for the generative classification strategy (Section 4.1.3). As with Kumar
et al. (2024), we generated these variations using ChatGPT with the following prompt: Write 10 paraphrases of this
sentence as a Python list. “The entity mention [entity1] in the first sentence and the entity mention of [entity2] in
the second sentence are [label]."
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Method Shots F1 Viol.

Method Shots F1 Viol.
True/False N 0695 106502 True/False 0 0.763 21264
+ constr 0.758 0 + constr 0.774 0
Multiple Choice 0.427 345664 Multiple Choice 0 0476 53008
0
+ constr 0420 0 + constr 0455 0
Generation Sampling 0.566 249450 Generation Sampling 0 0.661 51524
+ constr 0 0598 0 + constr 0.657 0O
Verbalized Confidence 0321 338178 Verbalized Confidence 0423 44480
+ constr 0 0269 0 + constr 0291 O
Generative Classification 0.357 364712 Generative Classification 0 0.315 27062
+ constr O 0305 O + constr 0272 O
True/False 0.731 89982 True/False 0.753 36884
5 5
+ constr 0.797 0 + constr 0777 O
Multiple Choice 5 0.665 131086 Multiple Choice 5 0.801 24928
+ constr 0719 0 + constr 0.830 O
Generation Sampling 5 0.750 55980 Generation Sampling 5 0.834 15086
+ constr 0.779 0 + constr 0842 O

Table 20: Full Co-reference results for the GENIA Table 22: Full Co-reference results for the OntoNotes
dataset (Su et al., 2008) using Llama-3.1-8B-Instruct dataset (Pradhan et al., 2012) using Llama-3.1-8B-

across all five prompting strategies (Section 4). Instruct across all five prompting strategies (Section
4).
Method Shots F1 Viol. Method Shots F1 Viol.
True/False 0 0.772 42054 True/False 0 0.747 9540
+ constr 0.795 0 + constr 0729 0
Multiple Choice 0 0.600 163160 Multiple Choice 0 0.648 42444
+ constr 0592 0 + constr 0.627 0
Generation Sampling 0 0.658 128512 Generation Sampling 0 0.709 32312
+ constr 0.686 0 + constr 0.702 0
Verbalized Confidence 0599 123272 Verbalized Confidence 0.506 25872
+ constr 0577 0 + constr 0 0.512 0
Generative Classification 0 0.219 259610 Generative Classification 0.397 47794
+ constr 0.150 0 + constr 0 0371 0
True/False 5 0.799 29808 True/False 0.815 15212
+ Cf’nStr ' 0.823 0 + constr > 0.820 0
Multiple Choice s 0721 72303 Multiple Choice 0.741 32712
+ cons'tr i 0759 0 + constr > 0.748 0
Generation Sampling 5 0.747 48570 Generation Sampling 0.792 21858
+ constr 0.781 0 5
+ constr 0.799 0

Table 21: Full Co-reference results for the GENIA
dataset (Su et al., 2008) using Mistral-7B-Instruct-v0.2
across all five prompting strategies (Section 4).

Table 23: Full Co-reference results for the OntoNotes
dataset (Pradhan et al., 2012) using Mistral-7B-Instruct-
v0.2 across all five prompting strategies (Section 4).
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