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Abstract

Large Language Models (LLMs) have become
essential in many Natural Language Processing
(NLP) tasks, leveraging extensive pre-training
and fine-tuning to achieve high accuracy. How-
ever, like humans, LLMs exhibit biases, partic-
ularly positional biases such as primacy and re-
cency effects, which can influence the accuracy
of the answers. The primacy effect—where
items presented first are more likely to be re-
membered or selected—plays a key role in
Multiple Choice Question Answering (MCQA),
where the order of answer options can affect
prediction outcomes. This study focuses on pri-
macy bias in fine-tuned LLMs: We first show
that fine-tuning amplifies this bias, probably
due to exposure to human-like patterns. Hence,
we strategically leverage this effect by reorder-
ing response options based on semantic similar-
ity to the query, without requiring knowledge
of the correct answer. Our experimental results
show that this approach significantly improves
performance in MCQA. More generally, our
findings underscore the dual nature of biases
as both challenges and opportunities, offering
insights for bias-aware model design and NLP
applications.

1 Introduction

Large Language Models (LLMs) have emerged
as powerful tools for a wide range of Natural
Language Processing (NLP) tasks due to their re-
markable accuracy, stemming from extensive pre-
training on diverse corpora and fine-tuning on task-
specific datasets.

However, despite their impressive capabilities,
LLMs exhibit cognitive biases similar to those
observed in humans, which can influence their
decision-making processes (Itzhak et al., 2024;
Janik, 2023; Tjuatja et al., 2024). Particularly no-
table are positional biases such as Primacy and Re-
cency effects, which tend to favour respectively the
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Figure 1: Given a Query (in this case, ”I need a new
PIN”) and a set of 77 Options, the model must select
the unique correct label (in this case, ”Change PIN”).
Due to the Primacy effect, the model tends to answer
correctly only when the correct label is placed in the
first positions.

first and last items in a sentence (Guo and Vosoughi,
2024; Wang et al., 2023). These biases pose a chal-
lenge in tasks such as multiple-choice question
answering (MCQA), where the placement of an-
swer options can disproportionately influence the
model’s predictions, potentially leading to incorrect
results (Pezeshkpour and Hruschka, 2024; Zheng
et al., 2024).

This study focuses on the Primacy bias in LLMs
within the context of MCQA. We first show that
fine-tuned models have stronger positional biases
than their pre-trained counterparts. We hypothesize
that this is because fine-tuning amplifies this bias
by exposing LLMs to repetitive human patterns.

Then, instead of considering these biases as a
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limitation, as usually done in the literature (Wang
et al., 2023), we strategically leverage them to im-
prove task performance. Specifically, we propose a
technique that reorders the answer options based on
their semantic similarity to the question, aligning
them in descending order to exploit the primacy
bias effectively. This approach is response indepen-
dent; i.e., it enhances predictive accuracy without
requiring prior knowledge of the correct answer.

Our approach is motivated by a simple yet ef-
fective intuition: if models are more likely to se-
lect early options, then arranging the most seman-
tically relevant candidates near the top can guide
the model toward more accurate predictions. In
contrast to traditional approaches that attempt to
neutralize bias through prompt engineering, our
method embraces and exploits it. This perspec-
tive shifts the focus from bias mitigation to bias
harnessing, opening new avenues for performance
optimization in biased decision environments.

Our experimental results show that this approach
significantly improves performance, particularly in
fine-tuned models where the primacy bias is more
pronounced. Since the models are also affected by
the Recency effect, which is somehow the dual of
the Primacy effect, we also consider an alignment
of the answers options in ascending order. We show
that also in this case, we have a gain in accuracy,
and we then consider a combination of the two
techniques.

Finally, we show that the benefits of our tech-
nique are consistent across different model archi-
tectures and multiple MCQA datasets, demonstrat-
ing its robustness. These findings have broader
implications for designing model-aware evaluation
strategies and for creating more interpretable model
behaviors in decision-making scenarios.

By addressing the dual nature of positional bi-
ases - as both challenges and opportunities - this
work contributes to a deeper understanding of LLM
behaviour and to the definition of strategies for bias-
aware model design and application.

The structure of our work is organized as fol-
lows: Section 2 provides a comparative overview
of related work, Section 3 details our experimental
setup, Section 4 presents and discusses our results,
and Section 5 concludes with directions for future
research.

For more details, the code of our work can be
found here1.

1https://github.com/biancaraimondi/PrimacyEffect.git

2 Related Work

Several recent studies have explored the phe-
nomenon of positional biases in LLMs, revealing
significant insights into their nature and implica-
tions. Pezeshkpour et al. (Pezeshkpour and Hr-
uschka, 2024) show LLM performance fluctuates
significantly when answer choices are reordered in
MCQA, especially in cases of uncertainty between
top answer options.

In the literature, two primary perspectives ex-
plain the origins of positional bias. The first at-
tributes this effect to issues within the model’s ar-
chitecture. The second perspective suggests that the
bias arises from the data used during fine-tuning,
particularly human-labeled datasets. This latter
viewpoint forms the basis for the first part of our
work: testing positional bias in both pre-trained
and fine-tuned versions of the models.

Research supporting the architectural hypothesis
(Peysakhovich and Lerer, 2023; Guo and Vosoughi,
2024; Wang et al., 2024) emphasizes the role of
components like the Positional Encoding mecha-
nism in Transformers—such as RoPE (Su et al.,
2024) used in the Llama model (Touvron et al.,
2023)—and the attention mechanism in shaping
positional bias.

Studies attributing the problem to human-labeled
data used during fine-tuning (Wang et al., 2023;
Janik, 2023; Liu et al., 2024; Itzhak et al., 2024)
highlight their thesis testing models such as Chat-
GPT (OpenAI, 2022) after the Reinforcement
Learning with Human Feedback (RLHF) phase.

An important contribution in this direction has
been made by Itzhak et al. (2024). In this work, the
cognitive bias is different from that in our study but
achieves the same results as ours, suggesting that
fine-tuning either introduces cognitive-like biases
or reinforces them if they are already present.

Some research was conducted on how to reduce
the positional bias in LLMs. Irgolič (2024) ap-
proach involves introducing intermediary steps, or
guard rails, in prompts to moderate this bias, but
with mixed success. Zheng et al. (2024) show that
LLMs have a bias toward selecting certain option
IDs (like ”Option A”) in MCQA due to token bias.
To address this, the authors propose a debiasing
method that adjusts predictions by estimating the
model’s prior bias. Finally, Tjuatja et al. (2024)
show that changes in query structure do not alter
model responses, unlike human counterparts.

Collectively, these studies offer diverse perspec-
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Figure 2: An example of the evaluation process for Primacy bias detection. Each query is fixed, and the target label
is systematically shuffled across all possible positions. For each position, the model’s prediction is recorded, and its
correctness is determined by comparing it to the target label. Most of the time, when the target label is placed in the
first positions, the model predicts the correct answer, confirming the presence of the Primacy bias.

tives on positional biases in LLMs, shedding light
on their origins, their impact on task performance,
and strategies for mitigation through architectural
adjustments or training data interventions. In con-
trast to previous efforts, our work introduces a
novel technique aimed at leveraging this bias to
enhance model accuracy, rather than attempting to
eliminate it.

3 Methodology

In the following methodology section, we describe
our experimental framework for evaluating posi-
tional biases in LLMs in the MCQA task. This
includes details about the datasets and models used,
the comparison between pre-trained and fine-tuned
versions, and the development of a training-free
reordering technique to exploit the Primacy bias.

3.1 Datasets and Models
In our experiments, we tested several LLMs on the
MCQA task, where the model selects the correct
label from a given query and multiple options. We
used three available datasets: CLINC (Larson et al.,
2019), BANKING (Casanueva et al., 2020), and
HWU (Liu et al., 2021). Each dataset contains a
different number of samples, where a query is pre-
sented with multiple options, only one of which is
correct. The options remain the same across sam-
ples, while the query changes. This setup allows
us to analyze model behavior when the options are

shuffled. An example can be found in Figure 1.
For CLINC, we used a reduced version with 3,750
samples and 150 possible options. BANKING con-
sists of 3,080 samples with 77 options, and HWU
has 3,080 samples with 54 options. These datasets
vary not only in the number of options but also
in the complexity and domain-specific nature of
the queries, enabling us to examine model perfor-
mance across different contexts. We tested Mistral
7B versions (Jiang et al., 2023) and various models
from the Llama family: Llama3 8B (Dubey et al.,
2024), Llama2 13B, and 7B (Touvron et al., 2023).
Models of varying scales and designs were used
to assess positional bias and the effectiveness of
reordering.

3.2 Pre-trained vs Fine-tuned versions

To conduct the tests, we fixed each query and sys-
tematically shuffled the target label across all pos-
sible positions, from 0 to the total number of op-
tions, as shown in Figure 2. For each position, we
recorded the model’s prediction and noted whether
it matched the target label or not. This procedure
allowed us to isolate the influence of label position
from other confounding variables such as content
or semantics.

The models evaluated included both base pre-
trained checkpoints and their instruction-tuned or
RLHF-enhanced variants. All models were run
in zero-shot settings with fixed prompts to avoid
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change PIN, I need a new PIN.
card arrival, I need a new PIN.
request refund, I need a new PIN.

. . .
activate my card, I need a new PIN.

Label 1: activate my card
Label 2: card arrival
Label 3: change PIN
. . .
Label 77: request refund

Unsorted Labels

Label 1: change PIN
Label 2: card arrival
Label 3: request refund
. . .
Label 77: activate my card

Sorted Labels

Figure 3: An example of the ranking process of options based on their similarity to the query. The cosine similarity
is computed between query and option embeddings. The options are then ranked in descending order of similarity,
with the most similar option placed first.

introducing variability from dynamic prompt con-
struction. To mitigate any effects from randomness,
we used a temperature of 0 and disabled sampling.

A key methodological distinction between the
pre-trained and fine-tuned models lies in their ex-
posure to human-aligned instruction data. While
pre-trained models operate purely based on next-
token prediction over generic text corpora, fine-
tuned models have been further optimized on cu-
rated datasets that contain instructional prompts
and human-preferred responses. This additional
training phase is hypothesized to introduce posi-
tional heuristics that reflect human annotation ten-
dencies, such as favoring early options. To support
a fair comparison, we ensured that both types of
models received the same input queries and answer
shuffling schemes. In doing so, we established a
controlled framework for attributing behavioral dif-
ferences specifically to the fine-tuning stage. In
Section 4, we then plot the results comparing pre-
trained and fine-tuned versions of the same model
to show differences in the presence of positional
bias. These comparisons highlight the extent to
which task-specific supervision during fine-tuning
can inadvertently reinforce cognitive-like biases in
LLM behavior.

3.3 Reordering

The main goal of our work is to develop a technique
that reorders options to place the correct label in the
first positions, leveraging the Primacy effect. To
achieve this, we designed a shuffling method that
accomplishes this without requiring prior knowl-
edge of the target label. This is particularly useful
in cases where datasets are unlabeled or when the
true output is unknown. In contrast to supervised
approaches that depend on annotated data or rein-
forcement learning, our method offers a lightweight
and generalizable alternative. Our approach is in-

spired by the idea that semantically similar options
are more likely to be correct, and that LLMs, due
to the Primacy bias, are more likely to select earlier
options regardless of semantic content. By merging
these two tendencies, we maximize the chance that
the semantically best option is also the one most
likely to be selected.

We sorted the options based on their similarity
to the query. For each sample, we computed the
mean cosine similarity between the embeddings of
the query and the options. Since cosine similarity
is computed per token rather than for entire queries
or options, we followed the intuition of Wang et al.
(2024), aggregating similarity scores across tokens.
This approach implicitly aligns semantic proximity
with positional advantage, which is particularly
effective given the positional bias we aim to exploit.

While this approach does not guarantee that the
correct label will always be top-ranked, our empiri-
cal evaluation shows that the correlation between
semantic similarity and correct labeling is strong
enough to offer substantial gains across different
datasets and model configurations. Moreover, be-
cause the technique requires only forward passes
through a frozen encoder to obtain embeddings, it
is computationally efficient and can be scaled to
large datasets with minimal resource overhead.

To detail our process mathematically:

1. Token-wise Cosine Similarity: For each token
to in the option embedding o and each token
tq in the query embedding q, we compute the
cosine similarity:

cos sim(to, tq) =
to · tq

∥to∥∥tq∥

where to · tq denotes the dot product of token
embeddings to and tq, and ∥to∥ and ∥tq∥ are
their magnitudes.
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Figure 4: Comparison of Primacy bias between pre-
trained and fine-tuned versions of models for the CLINC
dataset. The x-axis represents the position of the tar-
get label, and the y-axis shows accuracy over all the
samples. The Cumulative distribution, represented by
the red line in the plots, shows the proportion of total
accuracy accumulated as the label position increases.
Fine-tuned models demonstrate a stronger Primacy bias,
with higher accuracy for labels in early positions.

2. Aggregation of Token Similarities: We then
compute the mean of these similarities over
all token pairs, defining the overall similarity
between the query and each option:

Sim(O,Q) =

∑
to∈O

∑
tq∈Q cos sim(to, tq)

|O| · |Q|

where O is the set of tokens in the option and
Q is the set of tokens in the query.

The result, which provides a single mean similarity
score per option, ranks the options in descending
order, placing the most similar option first. This
similarity-driven reordering can be viewed as a soft
heuristic proxy for relevance, aligning semantically
coherent choices with the model’s attention prior-
ity. In some cases, we observed that even when
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Figure 5: Comparison of Primacy bias in Llama3-8B-
Instruct across three datasets with varying numbers of
labels. The bias is less pronounced in the HWU dataset
(54 labels) and more pronounced in the CLINC dataset
(150 labels), demonstrating that the Primacy effect in-
tensifies as the number of labels in the prompt increases.

the correct label was not ranked first, it was con-
sistently moved toward the top half of the options
list, significantly improving its chances of selection
compared to a random or original ordering.

Empirically, we show that this ordering signif-
icantly increases the likelihood of correct predic-
tions by systematically leveraging LLMs’ tendency
to favor early options. Our overall work is shown
in Figure 3.

4 Results and Discussion

To evaluate positional bias, we compared the per-
formance of pre-trained and fine-tuned versions
(Instruction Tuning and RLHF) of four models:
Llama2-7B, Llama2-13B, Llama3-8B, and Mistral-
7B. As explained in Section 3, we systematically
shuffled the target label across all positions and
recorded the accuracy at each. The results show a
consistent trend: fine-tuned versions exhibit a more
pronounced Primacy bias than their pre-trained
counterparts. Llama3-8B exhibited the strongest
Primacy bias among the tested models, with the
fine-tuned version showing a pronounced prefer-
ence for target labels at the beginning of the option
list. Figure 4 compares the pre-trained and fine-
tuned versions of each model.

Here, the x-axis represents the position p of the
target label, while the y-axis shows accuracy, i.e.,
the number of samples where the model’s predic-
tion matches the target label at p. The accuracy is
computed using the formula:

AM,S(p) =
|{s | ls = M(sp), ∀s ∈ S}|

|S|
(1)

where M is the model, S is the set of samples,
ls is the target label for sample s, and M(sp) is
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Model NoSort Sort Oracle

PT

Llama-2-7B 0.03 0.07 0.26
Llama-2-13B 0.08 0.16 0.46
Llama-3-8B 0.20 0.27 0.36
Mistral-7B 0.41 0.53 0.77

FT

Llama-2-7B 0.12 0.19 0.51
Llama-2-13B 0.02 0.13 0.18
Llama-3-8B 0.37 0.49 0.63
Mistral-7B 0.39 0.50 0.68

Table 1: Accuracy of pretrained (PT) and finetuned (FT)
models under our descent sorting strategy (Sort) for
CLINC dataset. Our technique (Sort) increases models
accuracy relative to the NoSort baseline. The Oracle
serves to represent an idealised approach that always
places the answer in the first position.

the model’s label prediction for sample s with the
target label positioned at p. Results for each model
are provided in Table 1.

Interestingly, despite exhibiting a stronger Pri-
macy bias, the fine-tuned Llama3-8B consistently
outperforms its pre-trained counterpart across all la-
bel positions. This observation, as seen in Fig.4 and
Table1, indicates that Primacy bias does not neces-
sarily harm model performance. Instead, it appears
that Instruction Tuning improves the model’s gen-
eral ability to map inputs to correct outputs, even
if positional biases are amplified as a side effect.
This suggests that bias and accuracy are not strictly
inversely related in this context.

To validate our result, we tested the models on
the three datasets mentioned in Section 3. The tests
reveal that the Primacy effect is more pronounced
when the prompt contains more labels. Figure 5
compares the results of Llama3-8B-Instruct across
the datasets, showing lower bias in the HWU
dataset, which has 54 labels, and higher bias in
the CLINC dataset, which has 150 labels; thus
showing a more pronounced bias in favor of larger
prompts.

Given the Primacy bias, our work focused on
exploiting it to improve model accuracy. As in-
troduced in Section 3, we achieved this by sorting
the options in descending order of similarity to the
query. Table 1 presents the results of our models
comparisons under three conditions: without re-
ordering (NoSort), using our proposed technique
(Sort), and leveraging an idealized upper bound
represented by an Oracle. The Oracle simulates a
system that always ranks the correct answer first,
providing an estimate of the maximum achievable
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Figure 6: Distribution of the target label’s position after
sorting options based on their similarity to the query
in Llama3-8B-Instruct model. The barplot shows the
number of samples in CLINC dataset where the cor-
rect label is placed at position x. The results indicate
that the target label is often placed in the top positions
(i.e., where x is small), demonstrating that the proposed
method can be used effectively to leverage Primacy bias
to improve model accuracy.

accuracy. By comparing our technique to the Ora-
cle, we can evaluate the effectiveness in leveraging
bias and quantify the performance improvement
relative to this theoretical upper limit.

The results show a clear improvement when
models employ descending reordering, emphasiz-
ing the benefits in increasing accuracy. Variability
in performance across models could be influenced
by differences in training data or architecture, in-
dicating that reordering benefits may vary depend-
ing on the model or application. These findings
highlight the potential of descending reordering to
enhance performance, particularly in ranking or
classification tasks where precision is critical.

We also assess whether the target option has
been placed in the first positions. As shown in
Figure 6, testing the Llama3-8B-Instruct model
with the CLINC dataset demonstrates that our tech-
nique consistently places the target label in the top
positions. The barplot shows a higher value for
labels placed in the first positions, indicating that
our method is effective.

To further analyze the effectiveness of our
similarity-based reordering strategy in leverag-
ing positional bias, we evaluated the performance
of Llama-3-8B and Mistral-7B across all three
datasets.

Table 2 reports the percentage of samples in
which the correct label appears within the top-k
positions after reordering options by descending
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FT Model Dataset Top-1 Top-10
Llama-3-8B

CLINC
10.16 33.97

Mistral-7B 17.72 42.12
Llama-3-8B

BANKING
9.24 46.54

Mistral-7B 21.40 62.47
Llama-3-8B

HWU
12.00 30.27

Mistral-7B 29.94 47.15

Table 2: Percentage of samples where the correct target
label appears within the top-1 and top-10 positions after
reordering.

cosine similarity to the query. Results show that
both models benefit significantly from this reorder-
ing. Mistral-7B consistently achieves higher cover-
age than Llama-3-8B across all datasets and top-k
thresholds, suggesting that it is better aligned to
leverage similarity-based ordering for narrowing
down candidate labels.

In CLINC, for instance, Mistral-7B places the
correct label within the top-1 position in 17.72%
of samples, compared to 10.16% for Llama-3-8B.
The advantage extends to broader thresholds: at
top-10, Mistral-7B achieves 42.12% coverage ver-
sus 33.97% for Llama-3-8B. A similar trend is ob-
served on BANKING and HWU, with Mistral-7B
demonstrating a particularly strong top-1 coverage
of 29.94% on HWU, outperforming Llama-3-8B
by nearly 18 percentage points.

These coverage results should not be interpreted
as direct accuracy comparisons between models,
but rather as an indication of how effectively each
model, when paired with our reordering method,
surfaces the correct label within the top portion
of the list. The high coverage at top-10 suggests
that the similarity metric effectively ranks relevant
candidates early, providing a practical mechanism
to guide model attention in tasks involving long
candidate lists.

In summary, these findings validate the effective-
ness of our similarity-based reordering in improv-
ing the positioning of correct answers within candi-
date lists, especially when combined with models
like Mistral-7B that are better calibrated for this
type of heuristic.

4.1 Ablation studies

Similarity Metrics To compute similarity be-
tween queries and options, we adopted the cosine
similarity metric, as it is a standard approach for
comparing textual embeddings.

FT Model Metric Acc.

Llama-3-8B

Manhattan Distance 0.374
Euclidean Distance 0.405
Cosine Similarity 0.490
Sentence Transformer 0.634

Mistral-7B

Manhattan Distance 0.403
Euclidean Distance 0.405
Cosine Similarity 0.502
Sentence Transformer 0.439

Table 3: Impact of different similarity metrics on accu-
racy for CLINC150.

To assess this empirically, we conducted an
ablation study comparing cosine similarity from
the model embedder against alternative distance
measures (Euclidean and Manhattan Distances)
and the all-MiniLM-L6-v2 Sentence Trans-
former2 embeddings.

The results in Table 3 show that sentence trans-
formers achieve significantly higher accuracy with
Llama-3-8B than with cosine similarity (0.634 ver-
sus 0.490), supporting the idea that contextual ad-
vantage could potentially be a substitute. How-
ever, for Mistral-7B, cosine similarity outperforms
sentence transformers (0.502 vs. 0.439), suggest-
ing that optimal similarity methods may be model-
dependent, possibly due to differences in their in-
ternal representation spaces.

Regarding computational efficiency, we chose
token-average similarity initially due to its inte-
gration simplicity within the LLM’s own embed-
ding space, avoiding external models and inference
overhead. Sentence transformers, while provid-
ing stronger semantic representations, introduce
additional computational costs due to the need for
separate model forward passes for each candidate
option.

Ordering Since our first idea was to improve
the model by placing the target label in the first
positions to exploit the Primacy effect, we sorted
the options in descending order of similarity to the
query.

Given that LLMs are also influenced by the Re-
cency Effect, where they tend to answer correctly
when the correct label appears last, sorting the op-
tions in ascending order might improve accuracy.
For models like Llama-2, our results support this
hypothesis, confirming the presence of Recency

2https://huggingface.co/sentence-transformers.

https://huggingface.co/sentence-transformers
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Figure 7: Barplots showing, for each model, the num-
ber of matched samples answers with options sorted in
Descending and Ascending order based on their simi-
larity to the query. The Descending-Ascending order
exploits both Primacy and Recency effects, while the
Model-bias order leverages the model-specific bias. The
results confirm that descending order, which places the
target label in the first positions, leads to higher accu-
racy compared to other sorting mechanisms, at least
for models with reasonable accuracy. This supports the
hypothesis that exploiting the Primacy bias improves
model performance.

bias and the effectiveness of using an ascending
order.

We also implemented two other techniques
aimed at combining the two biases. The first one
duplicates the options and creates a concatenated
list where the options appear first in descending
order and then in ascending order. The idea behind
this process is to try to exploit both Primacy and
Recency effects at the same time. The second tech-
nique exploits the bias associated with the specific
model: it stores, for each position, the accuracy
of the models using results from our first work ex-
plained in section 3.2. It then places the options in
the stored positions, starting by placing the option
with the highest option-query similarity in the posi-
tion with the highest accuracy value. Other options
are then placed using the same logic until the last
free position is reached.

Figure 7 compares the results of all techniques.

For models like Llama-2, the last two techniques
show improvement. However, for models that per-
form well before reordering (shown in the No re-
ordering columns), the descending order yields the
best results. This highlights the importance of Pri-
macy bias when interacting with the model.

5 Conclusion and Future Work

We investigated positional bias in MCQA, showing
that fine-tuned LLMs exhibit Primacy effect. Lever-
aging this, we introduced a simple, training-free
method that reorders answer options by their sim-
ilarity to the query, significantly improving accu-
racy without requiring labeled data. Our approach
works well across different models and datasets,
proving robust and generalizable results.

Rather than treating positional bias as a flaw, we
show its potential as a performance lever. This
opens new paths for bias-aware inference strategies
that align cognitive patterns with task goals.

Future work will refine this method, extend it
to other biases (e.g., emotional (Mozikov et al.,
2024)), and explore adaptive reordering and inte-
gration with prompt engineering.

Limitations

Our findings may be subject to certain limitations.
The Primacy effect may vary across LLM architec-
tures and fine-tuning methods, potentially reducing
the impact of our approach. Our target label shuf-
fling may not generalize to tasks like multi-hop rea-
soning, where position plays a lesser role. Reliance
on cosine similarity assumes embedding relevance
aligns with semantic correctness, which may not
hold in cases requiring a deeper understand.

Moreover, our method’s robustness across do-
mains—especially in low-resource languages, mul-
timodal inputs, or ambiguous labels—remains to be
validated. Finally, our evaluation on fixed-format
MCQA datasets may not capture real-world query
complexity.
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