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Abstract

We examine how strategies for representing
student skill (@) affect IRT-3PL item-parameter
recovery from reconstructed item characteristic
curves. We compare natural-language descrip-
tors with signed decimal and scientific-notation
anchors across anchor counts and placements.
Our results show that dense numeric grids im-
prove recovery, while non-uniform placements
produce parameter-specific trade-offs, showing
that 6 representation matters.

1 Background

Collecting student responses for item field testing
can be costly. To address this issue, previous stud-
ies have suggested using predicted item parameters
to reduce calibration sample requirements (Ulitzsch
et al., 2025), or recovering item parameters directly
from neural text features or item metadata (Yancey
et al., 2024; Kapoor et al., 2025).

Recent work has instead used generative models
to predict response probabilities across student abil-
ity levels. Ormerod (2026) reframed item parame-
ter prediction as item characteristic curve (ICC)
reconstruction, predicting p(correct) at a set of
natural-language 6 anchors and deriving item pa-
rameters by fitting the IRT-2PL logistic function.
Scarlatos et al. (2025) used single-digit numeric
6 values to simulate open-ended responses and re-
cover a 1PL parameter. However, these studies
leave open how 6 should be represented, how many
anchors are needed, and whether ICC reconstruc-
tion extends to 3PL passage-based MCQs, where
recovery depends on slope (a), location (b), and
lower-asymptote (c) behavior.

2 Aims

This study extends LLM-based ICC reconstruction
to 3PL parameters (a, b, c) on high-stakes, passage-
based reading comprehension items, rather than
treating 6 representation as a fixed design choice.
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Specifically, we ask how IRT-3PL recovery perfor-
mance changes with:

* RQ1. 0 encoding types: Descriptor, Decimal,
or P10 notation.

e RQ2. Anchor counts: 7 to 35 # anchors.

* RQ3. Anchor placements: Uniform, normal-
quantile, or adaptive-local spacing.

3 Samples

The dataset contains 1,720 passage-based reading
MCQs from 43 high-stakes operational forms for
assessing high school students. Each form included
four passages and 40 items. Each passage was
about 700 words long and was linked to 10 items.
Reference IRT-3PL parameters were calibrated and
equated using operational responses. We used 5-
fold cross-validation grouped by form.

4 Methods

4.1 Training

We fine-tuned Qwen-3-1.7B with LoRA, using rank
16, a = 128, learning rate 5 x 1075, and weight
decay 0.03. The baseline followed Ormerod (2026)
and used 20 natural-language descriptors for 6.

Each input combined the passage, item stem,
options, and a # anchor in [—4,4]. Targets were
p(correct | #) values from the reference 3PL ICC.
The model output was the probability assigned to
the correct-answer option token, and the model was
trained with cross-entropy loss.

Training batches grouped multiple 6 anchors per
item and multiple items from the same passage, al-
lowing the model to observe within-item ICC vari-
ation and within-passage item structure. Prompt
caching reduced duplicate computation over the
system prompt, passage, and item text. In this
setup, the LLM acts as a curve estimator. It first
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predicts response probabilities, and item parame-
ters are recovered afterward from the reconstructed
ICC.

4.2 0 Encoding types

We compared three # encoding types. The Descrip-
tor baseline used 20 ability labels from Ormerod
(2026), ranging from “Critical” to “Exemplary,”
which are interpretable but difficult to expand while
preserving distinct meanings. Decimal encoding
used signed numeric strings, such as +2.35, to
leverage the model’s prior knowledge of num-
bers. P10 notation converted values into special
scientific-notation tokens for sign, digits, and ex-
ponent, such as 1.39— <+><1><3><9><E-2>, fol-
lowing Akhauri et al. (2025). This tested whether
explicit numeric tokenization offsets LLM weak-
nesses in handling continuous numbers (Golkar
et al., 2024). Unlike descriptors, both numeric
formats can add anchors mechanically without in-
venting new ability labels.

4.3 6 Counts

Following grid-size studies in IRT-3PL recov-
ery (Casabianca and Lewis, 2015), we tested 7, 14,
21, 28, and 35 ¢ anchors. This range compares the
descriptor-like budget of 20 anchors with denser
numeric grids.

4.4 0O Placements

The default placement used uniform spacing over
[—4, 4] with single-decimal-place # values.

At the 35-anchor setting, we also tested normal-
quantile spacing, with 33 anchors in [—1.89,1.89],
and adaptive-local spacing, with 14 training an-
chors near each item’s b plus 21 uniform anchors.
Held-out adaptive-local inference used the fixed
uniform grid. Both non-uniform settings used two-
decimal-place ¢ values. These conditions tested
whether allocating more anchors near the high-
density or high-slope regions of the ICC improves
recovery.

4.5 Parameter Recovery

For each item, predicted p(correct | 6) values
formed a reconstructed ICC. We fit the 3PL curve
by least-squares curve fitting:

n 1-c
1+ exp[—1.7a(0 — b)]

P(9) = ¢ (1)
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This yielded estimates of (a,b,c), which we
compared with the reference parameters using fold-
mean Pearson » and RMSE.

5 Results

Table 1 shows that the strongest models used nu-
meric anchors. However, no single 6 design dom-
inated every parameter. Advantages depended on
anchor count and placement.

5.1 Numeric § Encodings Are Comparable to
Language Descriptors (RQ1)

At comparable anchor counts of 20 and 21, Dec-
imal and P10 were mixed relative to the Descrip-
tor baseline. They were marginally better for a
by RMSE and for ¢ by Pearson r and RMSE, but
worse for b by Pearson  and RMSE (Table 1). This
pattern also appeared at 7 and 14 anchors. Decimal
usually outperformed P10, suggesting that using
familiar numeric strings was easier than learning
new notation tokens in this training setting.

5.2 More 6 Anchors Improve Overall
Parameter Recovery (RQ2)

The Descriptor baseline was stronger for b at lower
anchor counts, from 7 to 21 anchors, but numeric
encodings improved as the 6 grid became denser.
At 28 and 35 anchors, Decimal and P10 improved
recovery for nearly all 3PL parameters. Thus, nu-
meric # anchors may be less efficient per anchor
but easier to scale, which matters when ICC fidelity
depends on denser curve coverage.

5.3 Nonlinear 0 Placements with Trade-offs
(RQ3)

Normal-quantile placement improved a and b re-
covery but weakened c, consistent with concen-
trating anchors near § = 0 and leaving sparse tail
coverage. Adaptive-local placement improved only
a, indicating training-time local anchors did not
transfer consistently to uniform-grid inference. The
placement results suggest that central anchors help
slope and difficulty, while tail coverage remains
important for guessing.

6 Conclusions

In this study, we show that numeric 6 encodings
can match or exceed language descriptors for 3PL
parameter recovery when enough anchors are used.
Numeric encodings provide a useful middle ground
between leveraging tokens already learned by the



pretrained language models and enabling more
finely spaced 6 grids. Dense numeric grids im-
proved overall recovery, while non-uniform place-
ment produced parameter-specific trade-offs. For
this dataset, the best default is a dense Decimal
grid, with normal-quantile spacing useful when a
and b are prioritized over c¢. Future work should
test larger generative models, reasoning traces, and
domains beyond reading comprehension.
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A Parameter Recovery and ICC Reconstruction Results

Table 1: Recovered IRT-3PL

count. Values are held-out fold alue in ea
column is shown in bold, and values better pac [ places 3 of 35 anchors
in [ 159, Lsa] el erence . with held-outinference.
averages acros a, b and ¢
Encoding Placement Ocount r(a) r(b) r(c) Aver RMSE(a) RMSE() RMSE(c) Avg RMSE
Decimal wniform 7 0518 0461 0487 0882
140531 0461 0483

normal-quantite
adaptive-local

P10 wniform

0513
normal-quantile 0500
adapive-local 0471
Descriptors (Ormerod, 2026) _uniform 0513 0499
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Table 2: ICC reconstruction by 6 encoding and anchor count. Held-out fold means across 5-fold passage-grouped cross-validation. Common-grid metrics interpolate each predicted
ICCto 6 € [—3.75,3.75] at 0.05 increments before computing item-level errors. Lower is better. Best in each column is shown in bold based on unrounded values; values better
than the descriptor baseline are underlined. Rows use the same model settings as Table 2.

Encoding Placement 0 count ICCRMSE ICCMAE Normal-wtd. RMSE Observed-grid RMSE
Decimal uniform 7 0.101 0.084 0.129 0.094
14 0.102 0.084 0.127 0.099
21 0.096 0.077 0.121 0.093
28 0.094 0.077 0.120 0.092
35 0.092 0.075 0.116 0.089
normal-quantile 35 0.093 0.076 0.116 0.114
adaptive-local 35 0.145 0.130 0.143 0.141
P10 uniform 7 0.104 0.086 0.132 0.097
14 0.102 0.084 0.128 0.099
21 0.095 0.077 0.120 0.092
28 0.093 0.076 0.118 0.092
35 0.094 0.077 0.120 0.092
normal-quantile 35 0.093 0.077 0.117 0.116
adaptive-local 35 0.148 0.132 0.144 0.146
Descriptors (Ormerod, 2026)  uniform 20 0.094 0.078 0.118 0.093
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