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Abstract

Some learning is difficult to capture using
selected-response items and is better revealed
through tasks involving writing and other rich
behavior. Automated scoring of such work
products has proven difficult, and typical scor-
ing methods do not support principled degree-
of-belief quantification for individual scores or
evidence accumulation across tasks. We inves-
tigate whether generative models can be used
to quantify the evidence provided by student
writing. In particular, we use conditional token
likelihoods produced by LLMs to score stu-
dent answers in the SciEntsBank dataset. We
find that, for predicting expert labels, zero-shot
likelihood-based methods provide scores with
accuracy comparable to, and calibration much
better than, LLM ‘judges’. Well-calibrated
scores support response-level and student-level
uncertainty quantification, enabling more trust-
worthy, useful, and interpretable automated
scoring.

1 Introduction

In educational assessment, scoring processes often
reduce rich cognitive and behavioral outputs to a
single value: a half-page of mathematical notation
might be coded as ‘incorrect’, or an explanation of
a scientific phenomenon reduced to a 4/5. Scores
summarize the adherence of a final work product to
a reference or rubric but rarely record the scorer’s
uncertainty about whether the assigned score is
correct. In effect, scores are treated as outputs of
an infallible classifier.

A score should reflect a claim about a student’s
performance on a particular task (Mislevy et al.,
2003; DeCarlo et al., 2011), and should express
the degree of evidence that the observed behavior
supplies for the claim. To achieve this, we need a
scoring mechanism that produces a probability dis-
tribution over claims, rather than categorical labels.
Well-calibrated probabilities support evidence ac-
cumulation, determinations of required assessment

lengths, and decisions about which responses war-
rant human review. Because probabilities reflect
small accumulations of evidence that categorical la-
bels mask, computing them incrementally can even
indicate which components of a student’s response
provide evidence for a claim, a critical signal for
interpretability and bias analysis.

In this paper, we evaluate and compare the per-
formance of three scoring methods powered by
large language models (LLMs) on responses in the
SciEntsBank dataset. We evaluate scoring perfor-
mance along three axes: accuracy at reproducing
human labels, prediction calibration, and predic-
tion interpretability. While classification accuracy
is important, the main focus of our analysis is con-
fidence calibration. A well-calibrated scorer is one
whose confidence in its score is an accurate mea-
sure of the probability that the score is correct.
While typical LLM-powered scoring methods use
LLMs to generate text labels for scores, we show
that two methods that leverage LLLM token likeli-
hoods achieve much better calibration than a judge
approach while maintaining similar accuracy.

2 Background

In recent work, we argued that because LLMs
and other generative methods compute conditional
likelihoods natively, they may be able to operate
as measurement equations for student-produced
text (Christie et al., 2026). If so, student skills and
abilities may be directly inferable from rich, natu-
ralistic behavior using probabilistic machinery. In
the proposed approach, a student’s attribute is repre-
sented in natural language as a prompt component
Y, with various attribute values (say, ‘proficient’
versus ‘not proficient’) encoded as Y7, ...,Y,. An
LLM M is used to compute, for each attribute
value, the likelihood of the student output X given
the item description D:

pm(X | Y, D) foralli=1,...,n
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From these values, a posterior distribution over the
mutually exclusive attribute values Y7, ...,Y,, can
be computed. This method draws on an approach
called the noisy channel model (henceforth chan-
nel; Min et al., 2022), and has been explored for
text classification but had not previously been ap-
plied to educational measurement. The method is
named after a formalism in information theory in
which a message is transmitted over a noisy chan-
nel and observed by the receiver, who is tasked
with inferring the most likely source message.

In a similar approach, the LLM likelihood model
can be used to compute the conditional probabili-
ties of a label directly, namely,

pm(Y; | X,D)foralli=1,...,n

which are then normalized. Following Min et al.
(2022), we refer to this as the ‘direct’ method. Like
the channel method, the direct method derives a
posterior over labels from LLLM token probabilities.

In the common ‘LLM-as-a-judge’ paradigm
(henceforth ‘judge’; Gu et al., 2026), a model is
prompted with a rubric and a student-written text
and asked to generate a score or label. While
this approach can produce strong classification re-
sults (e.g., Naismith et al., 2023), scores are not ac-
companied by principled estimates of score uncer-
tainty. Several methods for deriving confidence es-
timates from LLM judgments have been proposed,
including simply asking the LLM to state its confi-
dence alongside its score (Tian et al., 2023). These
uncertainty estimates are themselves generated text
rather than readouts of the model’s conditional like-
lihoods; they reflect a model’s self-reported belief,
which may not be consistent with its underlying
probabilities.

Automated scoring methods can be broadly cat-
egorized as supervised (informed by many exam-
ples) or zero-shot. Supervised scoring methods can
achieve high accuracy by training specialized mod-
els (e.g., Kaya and Cicekli, 2024) or fine-tuning
LLMs (Karim et al., 2025). While the literature
reporting calibration is limited, some supervised
approaches also achieve strong calibration (Kapoor
et al., 2024; Lade et al., 2026). Despite this, we
focus on zero-shot scoring methods for two rea-
sons. First, supervised methods require substan-
tial expert-labeled training data, which is often
costly or unavailable. Second, we envision a fu-
ture in which students can flexibly choose how to
demonstrate their learning, and downstream scor-

ing and measurement are adaptable enough to pro-
duce valid and reliable inferences regardless. We
view the current work as a step toward that future.

3 Data

We evaluate channel, direct, and judge methods on
the SciEntsBank dataset (Dzikovska et al., 2013),
which consists of 3rd—6th grade student responses
to short-answer science questions. We limit analy-
sis to the “unseen answers” (test_ua) portion of
the dataset, which has 540 responses. The human-
annotated ground truth differentiates among types
of incorrect answers. Following the 2-way classi-
fication task (Dzikovska et al., 2013), we map the
five labels to correct-versus-incorrect, turning the
problem into a binary classification task.

4 Methods

Consider an item description D, a student’s answer
to it X, and labels Y and Y7 indicating whether
the student’s answer is judged correct or incorrect,
respectively. D may include other context, such as
a reference answer or a scoring rubric, depending
on the data. In our experiments, D is composed
of the item question, the reference answer, and
brief descriptions of the two labels. We wish to
compute the posterior probabilities of the labels
given the student’s answer: p(Y; | X, D). We use
three different methods to elicit these score prob-
abilities from an LLM and compare the resulting
predictions to human labels. Our experiments fo-
cus on small and mid-sized open-weight LLMs
as base models; the judge can alternatively use a
closed-weight model, so we include a comparison
to OpenAl’s GPT models for reference.

4.1 Score elicitation approaches

Of our three score elicitation approaches, the two
likelihood-based methods require an LLM to pro-
duce the probability of each possible next token
(e.g., a word or word piece), given the preceding
text, rather than generate new text. We denote these
next-token probabilities by pj, for a model M.
The probability assigned by M to a longer text
made of tokens ¢y to ¢, denoted pj(t< ), is the
product of the probabilities assigned to each consec-
utive token, conditioned on all preceding tokens:

N
pu(t<n) = pu(to) [ [ par(ts | t<jo1)
j=1
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Property Judge Direct Channel
Native per-token evidence X X v
Immune to surface-form competition X X v
Runs over closed (API-only) models v X X
Supports “thinking” models v X X

Table 1: Qualitative comparison of the three uncertainty-aware LLM-based scoring methods we study. v'/x indicate

whether a method provides the property.

Access to next-token probabilities typically re-
quires an open-weight LLM, since most closed-
model APIs do not expose next-token probabilities
for all tokens.

Direct method: In the direct method, we pre-
pare a text that includes the item description D and
student answer X. We use the LLM to compute
pm(Yi | X, D) fori € {C, I} and normalize the
values, treating the result as the posterior distribu-
tion over labels. Some scaffolding is required to
make the text read like natural language for the
LLM; an abbreviated example prompt is:

A student was asked "How can one re-
duce the current in a circuit?" The stu-
dent’s answer was "by increasing the re-
sistance”. The student’s answer is

The LLM M is queried for the probabilities that
the next token in this text is ‘correct’ or ‘incorrect’.

To mitigate the bias whereby an LLM may fa-
vor one label or the other regardless of the stu-
dent’s answer, we apply the content-free calibra-
tion from Zhao et al. (2021). In particular, we apply
this calibration question-by-question, by using a
prompt that includes the question and the reference
answer, and that replaces the student answer with
the string [REDACTED]; see Zhao et al. (2021) for
details.

Noisy channel model: In the noisy channel
model, the order of the student answer and label is
inverted. The prepared prompt includes D and Y;,
and we compute the probability pys(X | Y;, D).
As noted above, this is structurally similar to a psy-
chometric measurement equation. We compute the
posterior probability using Bayes’ theorem:

pm(X Yy, D) p(Yi | D)

p(Yi| X,D) =

Here p(Y; | D) is the prior over answer correct-
ness, which we set to be uniform. The abbreviated
example prompt for the channel method is:

>jeqrcypu(X | Y;, D)p(Y; | D)

A student was asked "How can one re-
duce the current in a circuit?" The stu-
dent’s answer was correct. The student’s
answer was

and we use M to compute the conditional likeli-
hood of the continuation ‘by increasing the resis-
tance’. The procedure is repeated by replacing
‘correct’ with ‘incorrect’ in the prompt, and the two
likelihoods are normalized.

LLM-as-a-judge: The LLM-as-a-judge (judge)
method prompts an LLM for both a label and a
verbalized confidence rather than using likelihood
readouts directly. With the same abbreviated exam-
ple as above, the prompt is:

A student was asked "How can one re-
duce the current in a circuit?" The stu-
dent’s answer was "by increasing the re-
sistance". Is the student’s answer cor-
rect or incorrect? Answer with JSON:
"label": "<correct or incorrect>", "con-
fidence": <probability between 0.0 and

1.0 that the label is correct>.

Note that the judge method should be used with
an instruction-tuned LLM, whereas the direct and
channel methods work best without instruction fine-
tuning; in our experiments, the judge uses each
model’s instruction-tuned variant while the chan-
nel and direct methods use the corresponding base
model.

4.2 Method affordances

Method affordances are summarized in Table 1.
The channel method natively provides per-token
evidence, since it accumulates its score probabili-
ties by computing and comparing the conditional
likelihoods of each subsequent student-written to-
ken. Similar per-token results can be obtained for
the direct and judge methods using prompts where
only a partial student answer is shown (see Figure
4). However, this requires rerunning the scoring
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Scoring methods on 2-way SciEntsBank (test_ua, n = 540)

Accuracy (higher is better) ECE (lower is better)
Qwen3.5-9B (think) - |"ance lideal
Qwen3.5-4B (think)
Qwen3.5-9B (no think) ! u A o A
Qwen3.5 X [ ;
Qwen3.5-4B (no think) - | u A LA
Qwen3.5-2B (no think) - | ] A 1 A B
Qwen3.5-0.8B (no think) - | ] V'Y | A »
Llama—3.2 Llama-3.2-38 - |c1an¢e A lideal A
ama—3. 1 1
Llama-3.2-1B A i A ]
gpt=5.5 (think) - 1chance lideal
OpenAl gpt-5.5 (no think) - | [
P gpt-40 | l
gpt-4o0—mini |
0.5 0.6 0.7 0.8 0.0 0.1 0.2 0.3 0.4 0.5

Judge A Direct M Channel

Figure 1: Scoring methods on 2-way SciEntsBank (test_ua split, n = 540), evaluated with various models. On
the left accuracy, on the right 10-bin Expected Calibration Error (ECE). The direct method uses the content-free
calibration correction (Zhao et al., 2021). Results typically improve with model size for all methods, and accuracies
are broadly similar across them when using the same base LLM. Calibration error, however, is far larger for the
LLM-as-judge’s self-reported confidence than with the LLM-likelihood-based approaches. The frontier-model judge
with GPT-5.5 is superior in accuracy, though still behind the direct method and the channel method with Qwen3.5-9B
in calibration error. Our closed-model judge results are broadly in line with those reported by others (Kortemeyer,
2024).

for every token in the answer, whereas the channel =~ more than the scoring method. The small, open

method captures this information in one pass. models we evaluated are competitive with GPT-40
The channel method is also the only method im-  in accuracy but are outperformed by GPT-5.5.
mune to surface-form competition, a known issue To measure calibration of confidence esti-

in which probability mass is split across multiple mates, we use Expected Calibration Error (ECE;
surface forms of the same label, diluting the signal.  Naeini et al., 2015; Guo et al., 2017), defined as
Methods for mitigating it exist (Holtzman et al., Zi{:_ol % lacc(By) — conf(By)|, where the pre-
2021), but are imperfect and complicate implemen-  djctions from the method have been split into K
tation. equal-width confidence bins By, over [0, 1] based
Both channel and direct methods require open-  on the probability assigned to the top-scoring la-
weight models, so the judge is the only option when  bel, and acc(B}) and conf(B},) are the average
only closed-weight models are available. accuracy and confidence within that bin. We use
Finally, LLMs that use thinking traces can, in K = 10 bins. As shown on the right in Figure 1,
principle, be used with the direct and channel meth-  in size-matched comparisons, the channel and di-
ods, but are a more natural fit for LLM-as-a-judge.  rect methods exhibit better-calibrated probability
We have not found a way to insert thinking traces  estimates than LLM-as-a-judge.
into the channel and direct methods without biasing

X ] The reliability plots in Figure 2 provide more
their confidence estimates.

detail about prediction calibration for each method,
using the Qwen3.5-9B model. The channel method
uses the full range of possible confidences and

Score-prediction results for SciEntsBank are shown ~ demonstrates good calibration: when the model
in Figure 1.1 All three scoring methods exhibit ~ says it is 60% sure of its answer, it is correct ap-
comparable accuracy for size-matched models, Proximately 60% of the time. The direct method
with the channel method performing slightly worse ~ 1is similar, if slightly worse. In contrast, the judge

than the other two. The base LLM affects accuracy ~ uses only a few stereotypical confidence ratings
(e.g., 95% and 100%) and is systematically over-

5 Results

. 'Source .code .for resu}ts is at confident.
github.com/RenaissancePhilanthropy/Calibrated-LLM- ]
scoring-AIME-2026. Figure 3 shows coverage and accuracy when
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Channel, Qwen3.5-9B-Base
1.00
n =540 n =540
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Empirical fraction correct
o
(42
o
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Predicted P(correct)

Judge, Qwen3.5-9B (no think)

Direct, Qwen3.5-9B-Base

n =540
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Figure 2: Top: Predicted probability that a student answer is correct versus how often the answer actually was
correct. Each sample contributes one point at its predicted P (correct); the curve is a Gaussian-smoothed (o = 0.05)
empirical frequency of the gold label being correct, with a bootstrapped 95% confidence band, and the dotted
diagonal marks perfect calibration. Bottom: The same data, showing its distribution along the predicted P (correct).

varying a confidence threshold for each of the scor-
ing methods on SciEntsBank, again using Qwen3.5-
9B. To produce this plot, for each method we filter
to keep only predictions where the model’s confi-
dence is above a chosen threshold. We compute the
accuracy within this high-confidence subset and
the fraction of all predictions it contains (cover-
age). We then vary the confidence threshold from
0 to 1, and Figure 3 reports, for each required accu-
racy level, the largest coverage achievable at that
accuracy. In practice, a user may choose to trust
high-confidence model predictions and route low-
confidence scores to a human scorer. While direct
and judge methods have roughly equivalent overall
accuracy, the better-calibrated direct method allows
responses to be ranked by trustworthiness, support-
ing downstream decisions about when and whether
to rely on model outputs.

We explore score interpretability by investigat-
ing whether the resulting score can be attributed
to specific tokens in the student answers. While a
comprehensive analysis is beyond the scope of this
work (and an appropriate human-labeled dataset is
unavailable for SciEntsBank), we use example item
responses as case studies. In Figure 4, we compute
the per-token evidence and resulting posterior prob-
ability distribution for two question/response pairs.
In the channel method, the log-likelihood ratio af-
ter token 5 (equal to the posterior log-odds under a
uniform prior) is computed directly over the prefix

Coverage at a required accuracy

=
[=}
s}

= Channel
Judge
— Direct

o
Y]
al

0.50

o
N
a1

]

0.75 0.80 0.85 0.90 0.95 1.00
Required accuracy on auto—graded subset

Fraction auto—gradable (coverage)
2
o

Figure 3: Selective prediction on 2-way SciEntsBank;
predictions are from Qwen3.5-9B. For each required
accuracy level (horizontal axis), the curve shows the
largest fraction of responses that can be auto-scored
while meeting that accuracy on the auto-scored subset
(vertical axis).

X1,

X1 1Yo, D
LLR = log <pM( 1.5 | Yo, )>

pym(X1..5 | Yr, D)

For the direct and judge methods, classifications
are made using repeated evaluations of partial (pre-
fix) student responses with the remainder redacted,
following the content-free prompt of Zhao et al.
(2021). To illustrate, in the first direct-method ex-
ample, the following prompt would be used to score
a partial response:

A student was asked "How can one
reduce the current in a circuit?" The
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Token-level interpretability:
channel (native) vs direct and judge (prefix-reveal)

Q: One function of the bess beetle's elytra is protection.
What is another function?
Ref: The elytra are used to make sounds.

1.0

_.=*:_Channel
- Direct
Judge

510 B
(5]
=00 st _-_—-- |y |
[a] . - |
58 = |
o N
O R R T
& AR ©

Q: What will happen to the motor if the light bulb burns out?
Ref: The motor will continue to run (still has a pathway

to the D-cell).
1.0
k3]
IS -e- Channel
505~ = Direct
k<X Judge
o —
0.0
©
S 00 - - e S
5318 L
<
(@)
5 0.0 —— - P S T O
% .10 ™ 'I- +
a--20
1.0
oA |
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Figure 4: Token-by-token scoring with Qwen3.5-9B
on two SciEntsBank question/response pairs. For each
example, the top plot overlays each method’s cumula-
tive probability that the student answer is correct as the
answer is revealed token by token; the dotted line is the
0.5 decision boundary. The three bar plots show each
token’s log-likelihood-ratio contribution (the change in
cumulative LLR), i.e., whether it pushed that method’s
verdict toward correct (up) or incorrect (down).

student’s answer was "by increasing
[REDACTED]". The student’s answer
is

Both the channel and direct methods show grad-
ual accumulation of evidence throughout the course
of the student text, and words with strong proba-
bility changes are intuitively indicative of student
answer correctness. In contrast, the judge method
collects evidence in bursts, a phenomenon that re-
flects the coarse, clustered confidence values re-
vealed in Figure 2.

6 Discussion

When used in educational assessment, automated
scoring is one step in a process of producing valid
and reliable estimates of student learning. While
most scoring encodes adherence to a rubric, we
argue that scores should encode the degree of ev-
idence regarding a claim about a student’s perfor-
mance. Probabilistic scoring provides the mathe-
matical mechanism to represent variation in evi-
dence across student responses and even through-
out the course of a single response. Moreover,
probabilistic scoring places uncertainty directly in
the scoring model of an evidence-centered design
framework (Mislevy et al., 2003), allowing that un-
certainty to be used directly or propagated to other
inferences (e.g., those about the student).

We evaluated three zero-shot methods for scor-
ing student writing using LLMs. While the meth-
ods showed roughly comparable accuracy across
size-matched models, likelihood-based methods
produced predictions with consistently superior cal-
ibration compared to judges’ self-reported confi-
dence. Accuracy and calibration typically improve
with model size. While the current study is lim-
ited to 2-way classification, other work (Christie
et al., 2026, and our preliminary experiments) sug-
gests that these findings likely extend to multi-class
settings.

The methods considered here are zero-shot: they
require no training data, making them flexible meth-
ods for use in assessing performance in novel tasks.
However, where human-labeled examples are avail-
able, we recommend training a BERT-based clas-
sifier or fine-tuning an LLLM and using either the
channel or direct methods. These methods often
produce substantially better accuracy than zero-
shot approaches (Ferreira Mello et al., 2025), and
in our preliminary experiments we also observed
better ECE.

While the LLM judges we evaluated did not
provide good uncertainty estimates, this is likely
a property of the current generation of LLMs
rather than an unavoidable limitation. Recent work
demonstrates that penalizing overconfidence dur-
ing post-training leads to better-calibrated LLM-
produced judgments (Damani et al., 2025).

6.1 Limitations

All of the methods we compared are sensitive to
prompt wording. Prompt sensitivity suggests a dif-
ficult optimization problem, in which tweaking or
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rephrasing prompts may improve scoring perfor-
mance. Automated prompt optimization is pos-
sible (Romera-Paredes et al., 2024; Wang et al.,
2026), but is beyond the scope of this paper. The
choice of bias-correction method also has a dra-
matic impact on the performance of the direct
method. We report the strongest variant, but con-
sidered others (Zhao et al., 2021; Fei et al., 2023;
Zhou et al., 2024); because this choice was made
by comparing variants on the same evaluation set,
the direct method’s reported calibration may be
slightly optimistic.

While we believe that the current work provides
a useful case study, we caution readers against over-
generalizing the results. We compared against only
a single confidence-elicitation method for LLM
judges; others are also available (Farquhar et al.,
2024) and may perform differently. We also omit-
ted any comparison to scoring from fine-tuned mod-
els or other supervised methods. Early experiments
indicated that supervised approaches were substan-
tially better on both accuracy and calibration. The
current study evaluates scoring methods on a single
dataset, in a single subject area. A much broader
analysis is needed to establish the utility of the
channel or direct methods for operational settings.
Similarly, the number of models compared was
small: a more thorough evaluation could include
comparisons with larger open-weight models, as
well as closed-weight foundation models from dif-
ferent model families.

Finally, while LLM likelihoods provide well-
calibrated scores, our investigations also revealed
a fundamental limitation: LLM likelihoods score
typicality rather than correctness. In other words,
a response scores highly because it meets the ex-
pectations of the prompted LLM, not because it is
factually or logically correct. While this is an ac-
ceptable or even desirable property for some tasks,
it makes likelihood-based scoring an unacceptable
method for others. It also indicates a potential
source of bias: surface-level dialect or stylistic
features underrepresented in a model’s training
data may unduly affect the scoring process, a phe-
nomenon previously observed when using LLM
judges (Ocumpaugh et al., 2025). This challenge is
shared by supervised methods, but would neverthe-
less need to be detected and addressed prior to use
with students.

7 Conclusion

Educators and assessors are charged with evaluat-
ing student learning against established standards
such as the Common Core or state-specific varia-
tions (National Governors Association Center for
Best Practices and Council of Chief State School
Officers, 2010; New York State Education Depart-
ment, 2017). While selected-response items are a
common mechanism for such measurements, stu-
dents should be able to demonstrate learning in
ecologically valid ways, for example through per-
formance tasks or authentic, motivating projects.

Generative models offer the assessment com-
munity an opportunity to build scoring and mea-
surement processes that accumulate evidence for
proficiency claims from diverse student behavior.
A successful method would produce scores flexi-
bly, against multiple claims, from observations of
complex student behavior. This would enable dy-
namic, personalized assessments, while preserving
validity and reliability. We suggest that the condi-
tional likelihoods intrinsic to generative modeling
provide an underutilized and promising avenue for
producing probabilistic judgments about student
learning and warrant additional investigation and
validation.
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