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Abstract

We examine model design choices for encoder-
based prediction of IRT-3PL item parameters
in reading comprehension tasks with passage-
based multiple-choice questions (MCQs). We
compare three aspects: (1) encoding strate-
gies for passage and question texts, includ-
ing optional cross-attention, (2) per-parameter
vs. joint-parameter prediction with MSE and
CRPS losses, and (3) random vs. passage-
grouped batching. Results show that separate-
then-fuse encoding is substantially more effi-
cient than concatenated-input encoding while
maintaining comparable parameter recovery.
Cross-attention improves recovery for discrimi-
nation and guessing but weakens difficulty re-
covery. Joint-parameter prediction achieves
performance close to per-parameter prediction
in the strongest configurations while reducing
training time. CRPS is most useful for joint pre-
diction, and passage-grouped batching consis-
tently improves recovery of the guessing param-
eter. Overall, joint prediction with CRPS and
passage-grouped batching provides the most
balanced performance while maintaining the
efficiency of separate-then-fuse encoding with-
out cross-attention, showing that the proposed
model design can support efficient IRT param-
eter prediction for passage-based MCQs.

1 Introduction

Collecting thousands of student responses for field
testing is common practice in educational assess-
ment for estimating item parameters, such as dif-
ficulty and discrimination, before operational use.
These responses are needed to cover the item pool
and ensure stable parameter estimates, but collect-
ing them can be costly and time-consuming. Multi-
ple studies have shown that encoder-based linguis-
tic representations of item texts can be used to pre-
dict IRT item parameters (Kapoor et al., 2025) and
reduce the need for extensive field testing (Yancey
et al., 2024). However, studies that predict item

parameters for passage-based multiple-choice ques-
tions (MCQs) remain limited, either by restricting
each question to a single short passage (Kapoor
et al., 2025) or by exploring model architecture
only as a simple per-parameter regressor (Yancey
et al., 2024).

In this study, we investigate design choices for
encoder-based item parameter prediction models,
with a focus on passage-based MCQs in reading
comprehension tasks. We focus on three main de-
sign questions: (1) the encoding strategy for pas-
sage and question texts, (2) the choice between
per- and joint-parameter prediction with differ-
ent loss functions, and (3) the design of training
batches. We examine these questions to inform de-
sign choices that can improve the direct prediction
of IRT-3PL parameters, namely item discrimina-
tion (a), difficulty (b), and guessing (c).

Passage-based MCQs introduce several chal-
lenges that are less prominent in standalone MCQ
items. First, passage-based MCQs require the
model to capture interactions between a passage
and multiple associated questions. Second, when
multiple questions share the same reading passage,
the model needs to capture both common passage-
level features and item-specific variations. Third,
long passages increase pressure on computational
budgets. To address these issues, we explore model
design choices for predicting item parameters while
maintaining computational efficiency.

More specifically, we address the following re-
search questions:

• RQ1: How does the encoding strategy affect
the prediction quality of item parameters, mea-
sured by Pearson correlation and root mean
squared error (RMSE), and model training ef-
ficiency?

• RQ2: How does adding cross-attention be-
tween passage and question representations
affect item parameter prediction quality?
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• RQ3: How does the joint-parameter predic-
tion design compare to per-parameter predic-
tion in terms of prediction quality and effi-
ciency?

• RQ4: How does the choice of loss function
affect the prediction quality of item parame-
ters?

• RQ5: How does the design of training batches
influence the prediction of item parameters?

The contributions of this paper are threefold.
First, we show that passage-based MCQ item pa-
rameter prediction can be improved by reflect-
ing the unique challenges of the dataset in the
model design. RQ1 examines whether encoding
passages and questions separately (separate-then-
fuse encoding) is a viable alternative to encod-
ing them together (concatenated-input encoding),
especially under long-passage conditions (∼760
words long). RQ2 further examines how an op-
tional cross-attention layer, which allows the item
representation to attend to passage tokens before
pooling, affects prediction quality. RQ5 explores
whether placing items linked to the same passage
in a passage-grouped batch improves prediction
performance without additional training cost by
leveraging the within-passage structure of items.

Second, we show that both efficiency and ef-
fectiveness in item parameter prediction can be
achieved with carefully designed model architec-
tures and training strategies. When training an
encoder-based model, input token length and the
number of item parameters to predict are two main
factors that can affect training time. RQ1 investi-
gates whether prediction quality can be preserved
while reducing the maximum input-token length,
which leads to a non-linear reduction in model train-
ing and inference time. RQ3 examines whether the
joint-parameter prediction design, which predicts
all three IRT parameters simultaneously, is more
efficient than per-parameter prediction, which re-
quires multiple model runs to collect predictions
for each parameter, while preserving prediction
quality. RQ4 compares mean squared error (MSE),
a point prediction loss, with the continuous ranked
probability score (CRPS), a distributional loss, to
see if the latter can improve prediction quality by
encouraging the model to capture uncertainty in its
predictions.

Third, compared to existing studies that focused
on predicting item parameters for simpler IRT mod-

els, such as 1PL or 2PL models (Maeda, 2025;
Ormerod, 2026), we extensively compare model
design choices for predicting all three IRT-3PL pa-
rameters. This setting is more challenging than 1PL
or 2PL prediction because it includes the guessing
parameter, and our results demonstrate the feasi-
bility of predicting all three item parameters accu-
rately.

2 Related Work

2.1 Predicting Item Parameters with ML
Models

Prior work on educational response modeling in-
cludes both traditional psychometric simulation
and recent machine learning approaches. In IRT-
based simulation, researchers specify or estimate
item parameters and student ability distributions,
then generate response probabilities from the as-
sumed model. This line of work remains a com-
mon baseline because it is well established in ed-
ucational measurement, but it depends on having
plausible parameter values in advance.

Recent NLP-based work has attempted to model
student responses from item texts. Lalor et al.
(2019) used LSTM-based supervised models to
simulate lower- and higher-skilled students. Other
studies have used groups of fine-tuned language
models at various training stages (Maeda, 2025)
or off-the-shelf models with different capabili-
ties (Calais et al., 2024) to simulate authentic stu-
dent responses at varying skill levels. Hybrid ap-
proaches, such as reconstructing item character-
istic curves from simulated responses (Ormerod,
2026), have shown potential to recover item pa-
rameters with fine-tuned decoder-based models.
Prompt-engineering approaches have used LLMs
to simulate student profiles, such as knowledge
components (Lu and Wang, 2024) or skill lev-
els (Benedetto et al., 2024), to generate responses
and analyze item properties. While simulation-
based approaches are useful for capturing varia-
tion in student responses across skill levels (Maeda,
2025; Lalor et al., 2019), the alignment between
simulated responses and actual human responses
or psychometric properties has been limited.

A more straightforward approach is to estimate
item parameters directly from item texts. Yancey
et al. (2024) used BERT-based models to estimate
IRT parameters for items and showed that model
outputs can substantially reduce field-testing re-
quirements. Kapoor et al. (2025) examined the use
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of item text embeddings and manual annotations to
predict IRT parameters. However, these studies fo-
cused on standalone items with short passages, and
they did not explore design choices for passage-
based MCQs. Our work builds on this direct-
prediction setting. Passage-based MCQs create a
more structured prediction problem than standalone
items because the model must represent both the
passage context and the local question-answer inter-
action. We specifically investigate combinations of
encoding and training strategies for predicting item
parameters in substantially longer passage-based
MCQ items.

2.2 Joint Prediction in Assessment-Related
Tasks

Joint prediction, or multi-task learning, where a
single model predicts multiple outputs, is a popular
approach for improving predictive model perfor-
mance by sharing representations across related
outcomes while also improving model efficiency.
Studies have explored applications of joint predic-
tion in various educational tasks. For example,
studies on automated essay scoring explored the
benefits of joint prediction of multiple outcomes,
such as essay scores and off-topic labels, to im-
prove scoring accuracy and produce essay-response
representations that are aware of different writing
prompts (Nam, 2025). Studies on item parameter
prediction have also explored joint prediction of
IRT-2PL parameters, namely discrimination and
difficulty, from text and image inputs (Maeda and
Lu, 2026). In this study, we investigate the benefits
of joint prediction for IRT-3PL item parameters,
which have not yet been explored extensively. We
examine design choices for jointly predicting mul-
tiple item parameters, including prediction layer
design and loss function comparisons, to improve
the efficiency and effectiveness of item parameter
prediction.

3 Dataset

We used data from a reading comprehension as-
sessment administered to high school students. A
defining characteristic of the dataset is its passage-
centered structure. First, the dataset organizes ques-
tions into passage-linked sets. Each passage is
associated with 10 MCQs, and four passages are
grouped into a form, which is a single test unit ad-
ministered to each student. Second, the passages
are relatively long (766.51 words on average), com-

pared to other MCQ benchmarks. Thus, to accu-
rately estimate item parameter values, the model
needs to capture both global characteristics of a
long passage and finer-grained variation among
questions attached to the same passage.

The entire dataset contains 43 forms (172 pas-
sages and 1,720 items). All reported results use the
same predefined five-fold cross-validation setup as
the experimental code. In each fold, models are
trained and evaluated on form-level subsets. Four
folds contained 31, 3, and 9 forms in the training,
development, and test sets, respectively, and one
fold contained 33, 3, and 7 forms. The predic-
tion targets are the calibrated IRT-3PL parameters
for discrimination (a), difficulty (b), and guessing
(c). All calibrated parameters were equated, so we
could place items from different forms on a com-
mon scale and make the cross-fold comparisons
psychometrically meaningful.

4 Model Design

We treated the item parameter prediction task as
a regression problem, in which the model takes
the passage and question texts as input and outputs
predicted IRT-3PL parameters. All experiments
used the ModernBERT-base (Warner et al., 2025)
encoder as the backbone. We fine-tuned the last
six encoder layers and kept the remaining layer
weights frozen. Encoder outputs were projected
to a 384-dimensional hidden space before being
passed to the regression layer. The regression head
consisted of Linear-GELU-Dropout (0.1)-Linear
layers. Across conditions, training used AdamW
with a head learning rate of 3× 10−4, an encoder
learning rate of 1× 10−5, cosine learning-rate de-
cay, weight decay of 0.03, a warmup ratio of 0.05,
seven epochs, and bfloat16 training.

Each item was formatted as the question stem
followed by labeled answer options. Passages and
items were tokenized either separately or as one
concatenated sequence. The token budgets were
1512 tokens for passages, 512 for items, and 2024
for the concatenated-input condition. The model
added a learned embedding of the correct answer
key (A–D) before pooling, so the final representa-
tion could use both the text content and the answer-
key position. Figure 1 provides additional details
on the model designs.
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Figure 1: Model design for passage-based MCQ item parameter prediction. We tested IRT-3PL parameter prediction
when the passage and question were encoded together or separately (RQ1, RQ2), when the model predicted
parameters jointly or separately (RQ3), and when the model was trained with different loss functions (RQ4). We
also compared random batching and passage-grouped batching (RQ5).

4.1 Encoding Strategies

The first model design component we compared
was encoding strategies for the passage and ques-
tion texts. For the encoding comparison, we
implemented two alternatives (RQ1). In the
concatenated-input encoding condition, the pas-
sage and item texts were concatenated and passed
through ModernBERT in one forward pass, af-
ter which the pooled sequence representation was
projected and sent to the regression head. In
the separate-then-fuse encoding condition, the
same shared encoder processed the passage and
the item in two passes. The resulting pooled
passage and item vectors, hp and hi, were pro-
jected separately and fused as a concatenation of
[hp, hi, hp − hi, hp ∗ hi]. We also tested a cross-
attention layer (RQ2), in which item tokens attend
to passage tokens from separate passes through a
two-layer TransformerDecoder before pooling to
generate a passage-attentive representation for hi.
All encoded representations used mean pooling,
based on preliminary analyses.

4.2 Joint Prediction and Loss Function

Second, we compared the joint-parameter predic-
tion design (RQ3). In the per-parameter condition,
three independent models were trained, and each
model with an encoder backbone and regression
head predicted only one of a, b, or c. In the joint-
parameter condition, one model predicted all three
parameters simultaneously. The output parame-
terization follows the IRT constraints used in the
model code. The regression head predicted log a,
b, and logit(c) on unconstrained scales, then trans-

formed them back to the IRT space with exp(a)
and σ(c).

We also tested multiple loss functions for model
training (RQ4). Let P = {a, b, c} denote the tar-
get item parameters, and let yi,p and ŷi,p be the
observed and predicted values for item i and item
parameter p. The standard MSE objective was im-
plemented as

LMSE =
1

N

N∑

i=1

∑

p∈P
(yi,p − ŷi,p)

2 (1)

In addition to MSE, we implemented CRPS, a
distributional loss that encourages the model to
capture uncertainty in its predictions. For CRPS,
each parameter was modeled as a Gaussian distri-
bution on its raw prediction scale. With raw-scale
target ỹi,p (e.g., log a or logit(c)), predicted mean
µi,p, and standard deviation σi,p, we calculated
zi,p = (ỹi,p − µi,p)/σi,p. The objective was imple-
mented as

LCRPS =
1

N

N∑

i=1

∑

p∈P
σi,p

[
zi,p (2Φ(zi,p)− 1)

+ 2ϕ(zi,p)−
1√
π

]

(2)

where ϕ and Φ are the standard normal density and
cumulative distribution functions. Under CRPS,
each output dimension was doubled so that the
head predicted both a mean and a log-variance,
and the loss was computed on the raw Gaussian
scale: log a for discrimination, b for difficulty, and
logit(c) for guessing.
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Figure 2: Comparison of random batching and passage-
grouped batching (RQ5). Random batching samples
shuffled individual passage-item examples from many
passages. Within-passage item structure is usually split
across updates. Passage-grouped batching samples com-
plete passage-item units. All questions linked to a pas-
sage are used in the same optimizer update step. The
passage representation can be reused within the batch.

4.3 Batch Design
The third component was a comparison between
passage-grouped batching and random batching
(RQ5). The passage-grouped condition con-
structed each microbatch from a complete passage-
item unit, in which one passage was linked with 10
MCQ items, so all questions belonging to a sam-
pled passage were optimized together. For training,
we used four passages (40 questions) per batch. In
the random batching condition, individual ques-
tions were shuffled and trained with a batch size of
32. The passage-grouped condition was designed
to provide more efficient training by reusing the
passage encoding across questions from the same
passage. It also allowed the model to learn within-
passage structure during a training step. In com-
parison, the random batch condition required sep-
arate passage encodings for each question, with
less chance of seeing the questions from the same
passage together in a training batch (Figure 2).

5 Results

5.1 Encoding Strategies
Following previous studies (Kapoor et al., 2025;
Ormerod, 2026), we evaluate prediction recovery
quality using Pearson correlation and RMSE. To
answer RQ1, we compared concatenated-input and
separate-then-fuse encoding strategies. For RQ2,
we examined the effect of adding a cross-attention
(CA) module for the separate-then-fuse condition
that lets item tokens attend to passage tokens before
pooling. We kept per-parameter prediction and
random batching conditions fixed. Table 1 reports
the MSE encoding comparison. CRPS results are
included in Appendix B.

The results identified separate-then-fuse en-
coding as an efficient backbone with compara-
ble performance, while CA mainly changed the
balance among the three parameter-specific cor-
relations. For RQ1, separate-then-fuse encod-
ing (CA:x) provided comparable performance to
concatenated-input encoding (e.g., 0.383 vs. 0.389
average Pearson). Separate-then-fuse improved b
recovery, while a and c were slightly better with
concatenated-input encoding. For RQ2, adding
cross-attention to separate-then-fuse produced the
best overall performance, improving a (e.g., Pear-
son r of 0.514 → 0.533) and c (0.189 → 0.333),
with a small drop in b (0.445 → 0.433).

Efficiency differences were large. Concatenated-
input took ∼6x longer to train than separate-then-
fuse (5,047 vs. 804 seconds). Adding CA raised
separate-then-fuse training time by ∼1.4x (1,101
seconds).

5.2 Joint Prediction, Loss Functions, and
Batch Design

Table 2 compares per- vs. joint-parameter predic-
tion, random vs. passage-grouped batching, and
MSE vs. CRPS loss under separate-then-fuse en-
coding without cross-attention. We focus on the
non-CA setting in the main text for brevity. Appen-
dices A and B summarize the corresponding CA
results and the results for all configurations.

Overall, the combination of joint-parameter pre-
diction, CRPS loss, and passage-grouped batching
produced the best balanced Pearson performance in
the non-CA comparison. For RQ3, joint-parameter
prediction achieved performance comparable to
per-parameter prediction in the strongest config-
urations. Under passage-grouped batching with
CRPS loss and no cross-attention, the joint model
was close to the per-parameter setting on a (e.g.,
0.524 vs. 0.521) and c (0.338 vs. 0.332) while trail-
ing slightly on b (0.456 vs. 0.462). It also reduced
training and inference time by ∼3x because a single
model could predict all parameters simultaneously
(814 vs. 270 seconds).

CRPS (RQ4) was most helpful for the joint-
parameter model. Under random batching, switch-
ing from MSE to CRPS substantially improved the
joint model’s c recovery (e.g., 0.110 → 0.226).
It also improved a recovery for the joint model
(0.450 → 0.529), while its effect on b was smaller
and negative (0.442 → 0.427). Under passage-
grouped batching, CRPS also improved joint-
model recovery for a, b, and c (a: 0.517 → 0.524;
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Encoding CA Pearson r (↑) RMSE (↓) Time (↓)
a b c Avg. a b c Avg.

Concat. x 0.532 0.432 0.204 0.389 0.291 0.854 0.075 0.407 x6.3
Sep-Fuse. x 0.514 0.445 0.189 0.383 0.302 0.849 0.075 0.409 x1.0

o 0.533 0.433 0.333 0.433 0.282 0.870 0.075 0.409 x1.4

Table 1: Comparison of concatenated-input (Concat.) vs. separate-then-fuse (Sep-Fuse.) encoding. All settings
used per-parameter prediction with random batching and MSE loss. CA indicates whether cross-attention was used.
Separate-then-fuse encoding substantially reduced training time while maintaining comparable performance to
concatenated-input encoding. Cross-attention improved a and c recovery, but reduced b recovery. Each metric’s
best and second-best values are marked.

Batching Loss Prediction Pearson r (↑) RMSE (↓)
a b c Avg. a b c Avg.

Random MSE Per-Param 0.514 0.445 0.189 0.383 0.302 0.849 0.075 0.409
Joint-Param 0.450 0.442 0.110 0.334 0.290 0.855 0.075 0.407

CRPS Per-Param 0.522 0.444 0.249 0.405 0.290 0.846 0.079 0.405
Joint-Param 0.529 0.427 0.226 0.394 0.289 0.895 0.079 0.421

Passage- MSE Per-Param 0.510 0.452 0.340 0.434 0.269 0.843 0.070 0.394
Grouped Joint-Param 0.517 0.444 0.269 0.410 0.270 0.848 0.072 0.397

CRPS Per-Param 0.521 0.462 0.332 0.438 0.271 0.843 0.071 0.395
Joint-Param 0.524 0.456 0.338 0.439 0.270 0.844 0.071 0.395

Table 2: Results for combinations of batching, loss function, and prediction settings under separate-then-fuse
encoding without cross-attention. Joint-parameter prediction with CRPS loss and passage-grouped batching
produced the best overall performance, while also reducing training time by ∼3x compared to per-parameter
prediction. Each column’s best and second-best values across all rows are marked.

b: 0.444 → 0.456; c: 0.269 → 0.338).
For RQ5, passage-grouped batching substan-

tially improved c recovery in every condition. With-
out cross-attention, it also consistently improved
b, while the effect on a was mixed. For example,
for the joint-parameter, CRPS, non-CA configu-
ration, grouped batching raised b from 0.427 to
0.456 and c from 0.226 to 0.338 while leaving a
nearly unchanged (0.529 vs. 0.524). It also pro-
vided slightly greater improvements for the joint-
parameter model than for the per-parameter model.

6 Discussion and Conclusion

The findings suggest that item-parameter predic-
tion for passage-based MCQs benefits from align-
ing model design with the structure of the task.
The strongest settings did not rely on a single
change. They combined a computationally effi-
cient passage-item encoder, a joint prediction head,
a distributional loss, and batches that preserved
passage-level item grouping.

The efficiency result for separate-then-fuse en-
coding is important when passage-based items con-
tain long shared contexts. Concatenating the pas-

sage and item gives the encoder direct access to
all tokens at once, but the longer sequence substan-
tially increases cost. In our experiments, it did not
yield a clear parameter-recovery advantage. The
separate-then-fuse design therefore appears to re-
tain enough passage-item information while avoid-
ing repeated long-sequence encoding in encoder-
based item parameter models. However, this con-
clusion may not transfer to larger or decoder-based
models, where longer concatenated inputs can be
better represented and provide richer token-level
interactions.

The cross-attention results show that adding an
explicit interaction module is not automatically
beneficial. CA improved recovery for a and c, but
it weakened b and introduced instability for c under
MSE with joint prediction. The extra passage-item
interaction capacity may make optimization more
sensitive to selected item-level signals. In our set-
ting, CA is better treated as an optional component
when recovering a or c is more important than pre-
serving b performance and training simplicity.

The joint-prediction, CRPS, and passage-
grouped batching results point to a complemen-
tary set of design choices. Joint prediction reduces
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training cost by replacing three separate models
with one shared model, but it was most vulnerable
on c, the parameter with the most fragile recovery
in these experiments. CRPS helped this setting
by modeling each target as a distribution rather
than a point estimate. Passage-grouped batching
also improved the results from these settings by
presenting questions from the same passage in the
same optimization step. These results suggest that
uncertainty-aware objectives and passage-aware
batching could make efficient joint prediction vi-
able for passage-based item parameter recovery.

Some items could have more extreme parameter
values than others, and using these items in the
training set might introduce noise into the training
process. Although this study did not conduct a
detailed analysis of item-level characteristics, fil-
tering out items with extreme parameters might
improve the quality of training items and help the
model learn meaningful patterns from the data.

The analysis remains limited to a single dataset
and a single encoder architecture. To evaluate gen-
eralizability, future work should test these design
choices across additional subject areas, item types,
student populations, and model families, includ-
ing decoder-based embedding models and larger
generative models.
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A Cross-Attention Results

With cross-attention, joint-parameter prediction
with CRPS loss and passage-grouped batching
produced the best average Pearson performance,
mainly through stronger c recovery. In the CA
condition, CRPS improved recovery for b (in both
per- and joint-parameter settings) and for c (in the
joint-parameter setting), while reducing a. Passage-
grouped batching improved c but reduced a and b.

Cross-attention showed patterns similar to those
in Section 5.1, improving c, reducing b, and produc-
ing mixed results for a. The single best c Pearson
(0.484) came from CA:o with MSE and grouped
batching, whereas the lowest RMSEs across all
three parameters came from CA:x with grouped
batching. The results indicate that CA can improve
c recovery with trade-offs for other item parame-
ters.

B Full Experimental Results

Table 3 reports the full results for all combina-
tions of encoding, prediction, loss, batching, and
cross-attention settings. The results show that the
best-performing settings for each parameter var-
ied across configurations, but the combination of
separate-then-fuse encoding, joint-parameter pre-
diction, CRPS loss, and passage-grouped batching
consistently produced strong and balanced perfor-
mance across all three parameters.
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Bat. Enc. Loss CA Prd. Pearson r (↑) RMSE (↓)
a b c Avg. a b c Avg.

R C MSE x P 0.532 0.432 0.204 0.389 0.291 0.854 0.075 0.407
x J 0.525 0.434 0.002 0.320 0.293 0.858 0.085 0.412

SF x P 0.514 0.445 0.189 0.383 0.302 0.849 0.075 0.409
x J 0.450 0.442 0.110 0.334 0.290 0.855 0.075 0.407
o P 0.533 0.433 0.333 0.433 0.282 0.870 0.075 0.409
o J 0.503 0.437 -0.024 0.305 0.288 0.859 0.076 0.408

C CRPS x P 0.524 0.432 0.231 0.396 0.277 0.861 0.075 0.404
x J 0.504 0.420 0.129 0.351 0.298 0.915 0.075 0.429

SF x P 0.522 0.444 0.249 0.405 0.290 0.846 0.079 0.405
x J 0.529 0.427 0.226 0.394 0.289 0.895 0.079 0.421
o P 0.533 0.432 0.327 0.431 0.283 0.869 0.073 0.408
o J 0.537 0.428 0.302 0.422 0.275 0.877 0.075 0.409

PG C MSE x P 0.517 0.445 0.299 0.420 0.267 0.848 0.071 0.395
x J 0.531 0.442 0.273 0.415 0.266 0.851 0.071 0.396

SF x P 0.510 0.452 0.340 0.434 0.269 0.843 0.070 0.394
x J 0.517 0.444 0.269 0.410 0.270 0.848 0.072 0.397
o P 0.472 0.408 0.484 0.455 0.280 0.885 0.065 0.410
o J 0.510 0.403 0.275 0.396 0.274 0.890 0.072 0.412

C CRPS x P 0.522 0.445 0.306 0.424 0.270 0.851 0.072 0.398
x J 0.524 0.439 0.293 0.419 0.270 0.852 0.072 0.398

SF x P 0.521 0.462 0.332 0.438 0.271 0.843 0.071 0.395
x J 0.524 0.456 0.338 0.439 0.270 0.844 0.071 0.395
o P 0.454 0.418 0.465 0.446 0.286 0.876 0.067 0.410
o J 0.491 0.410 0.466 0.456 0.278 0.876 0.067 0.407

Table 3: Results for the full combinations of batching (Bat.; R: Random, PG: Passage-Grouped), encoding (Enc.;
C: Concatenated, SF: Separate-then-Fuse), cross-attention (CA; x: no, o: yes), loss function (MSE, CRPS), and
prediction (Prd; P: per-parameter, J: joint) settings. Cross-attention was evaluated only with separate-then-fuse
encoding.
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