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Abstract

We present SEDE, a simple method that
solves item selection problems (e.g., multi-
ple choice question answering) via single-
elimination tournaments. Specifically, SEDE
decomposes an initial selection problem into
a collection of smaller problems; each hav-
ing fewer items than the initial problem. By
virtue of being short and simple, state-of-the-
art language models avoid the performance
degradation that arises from position bias and
long inputs, and thus solve each small prob-
lem accurately. In experiments on 3 tasks—
multiple choice question answering, multi-
document question answering, and software is-
sue localization—we show that SEDE leads to
higher accuracy than both an in-context learn-
ing and a position debiased baseline on selec-
tion problems with many items. Unlike the
baselines, SEDE is robust to increases in the
number of items. Our analysis reveals that im-
provements due to SEDE over the other two
methods are more dramatic as model size de-
creases and problem size increases.

1 Introduction

In-context learning (ICL) is perhaps the most dom-
inant paradigm for accomplishing tasks with large
language models (LLMs). To complete a task via
ICL, a practitioner employs a pre-trained model,
and supplies it with an input that typically contains:
1) natural language instructions describing the task,
ii) a collection of sample task inputs-output pairs,
termed demonstrations, and iii) a task input with no
corresponding output, known as the prompt (Brown
et al., 2020). Ideally, the LLM produces the corre-
sponding output via autoregressive text generation.

As a mode of model interaction, ICL has many
advantages. Unlike finetuning, ICL does not re-
quire gathering labeled datasets for training. More-
over, ICL facilitates successful task completion
with state-of-the-art, close-source models via APIs.

Indeed, many state-of-the-art results are accom-
plished using ICL rather than finetuning, or other
forms of training. For example, Medprompt with
GPT-4 yields the best performance on a suite
of medical question answering tasks and agent-
computer interfaces lead to the most performant ap-
proaches for automated software engineering (Yang
et al., 2024; Nori et al., 2023).

However, under the ICL paradigm, LL.Ms are
sensitive to the composition of their input (Dong
et al., 2022). In particular, LLMs are sensitive to
input order. For instance, recent work shows that
in multi-document question answering (MultiQA),
the likelihood that an LLM answers a question cor-
rectly is significantly impacted by the location of
the passage containing the answer in the input (Liu
et al., 2024a). Similarly, when employing ICL for
multiple choice question answering (MCQA), the
position of the correct answer among the candidate
options strongly affects model correctness—a phe-
nomenon known as position bias. This has been
demonstrated using the most performant models,
such as GPT-4 (Zheng et al., 2023a,b; Wang et al.,
2023; Pezeshkpour and Hruschka, 2023). Varying
the order of the demonstrations in the input has
also been shown to cause performance to fluctuate
between state-of-the-art and random chance (Lu
et al., 2022; Zhao et al., 2021).

Another issue that manifests under the ICL
paradigm, is that LLMs tend to perform worse
as the length of their input increases. For exam-
ple, in MultiQA, model performance drops substan-
tially as the number of documents in the prompt
increases (Liu et al., 2024a). This result holds
for models trained specifically to utilize long con-
texts. A similar finding is reported in extreme
classification (i.e., classification with a large num-
ber of classes): as the number of tokens in the
task prompt increases, classification accuracy de-
creases (Li et al., 2024). While this seems at odds
with the notion that adding task demonstrations im-



proves accuracy, recent work shows that too many
demonstrations incurs performance drops, and does
not lead to variance reduction (Zhao et al., 2021).

To simultaneously decrease sensitivity to po-
sition bias and to length, we study a simple de-
composition of long inputs into a collection of
smaller sub-problems. Specifically, we propose
SEDE, which solves item selection problems—
like MCQA—using single-elimination tournament.
In more detail, given an item selection problem,
SEDE iteratively builds contests, i.e., variants of
the initial problem that have a small subset of its
items. For each contest, SEDE employs an LLM
for selection. New contests are formed using the
selected items; non-selcted items are eliminated.
The process continues until a single item remains,
which is returned as the final answer.

We experiment with SEDE on 3 tasks: MCQA,
MultiQA, and software issue localization (IssLoc).
While SEDE can be deployed directly on MCQA,
for MultiQA and IssLoc, we utilize simple transfor-
mations that convert instances of these problems
into MCQA. On 5 datasets across these tasks, we
observe that SEDE achieves high accuracy and low
variance. In comparison to both an ICL and a posi-
tion debiased baseline, SEDE is always the best or
among the best methods. We find that performance
improvements due to SEDE are most significant on
problems with the longest inputs. Moreover, this
result holds across all models in the Llama family,
with the smallest models enjoying the most dra-
matic improvements. By virtue of building small
contests with few items, SEDE helps to alleviate
the issues stemming from position bias and long
inputs.

2 Single-Elimination Tournament
Inference

Our goal is to reduce the sensitivity of LLMs
to input length and input order under the ICL
paradigm. To do so, we propose a simple infer-
ence method—single elimination decomposition
(SEDE, pronounced “seed”’)—that decomposes a
problem with a long input into a collection of prob-
lems with shorter inputs. Before detailing our
method, we briefly define notation.

2.1 Notation

Let M : X — Y be a model that takes an input
x € X and produces an output y € Y. Without
loss of generality, let x be an instance of MCQA

having k > 1 candidate options, i.e., cand(x) =
{co,- - ,cx—1} C Y, where cand(.) returns the
candidates of its argument. We say that x has size
k if |cand(z)| = k.

2.2 Single-Elimination Tournament
Inference

SEDE solves MCQA problem z, by executing
a single-elimination tournament among its can-
didates, cand(x). Formally, let 7" be a single-
elimination tournament, which proceeds in rounds.
During each round, SEDE eliminates some can-
didates in cand(z) from consideration. After the
final round, only 1 candidate remains, which is
returned as the solution of x.

In detail, in the first round of the tournament, T,
none of cand(z) have been eliminated. For that
round, we form a collection of contests, where a
contest, Z, is identical to = except that cand(z) C
cand(z), i.e., the candidates of & are a subset of
the candidates of x. While the candidates for a
specific contest may be chosen deliberately, in gen-
eral, we assume that they are sampled from the
non-eliminated candidates. For any pair of contests
in round ¢, Z;;, T, the corresponding candidates
sets are disjoint, i.e., cand(&;;) N cand(Z;;) = @.
The model, M, is employed to select the winner
of each contest, M(&;;) = w;;; all non-winning
candidates are eliminated. The contests comprising
round ¢ 4+ 1 are formed from the winners of the
contests of round 7. The tournament ends when a
single candidate remains.

2.3 Computational Cost

Consider running SEDE on input x and let
|cand(z)| = k. Assuming that all contests in all
rounds are of size, b, then the total number of con-
tests is 318 M i A such, if round 7 yields
W winners, then round ¢ + 1 will contains L%J
contests of size b, and at most 1 contest of size
W — | % |. For any contest of size one, the corre-
sponding candidate is considered to be a winner,

and moves on to the next round.

3 Experiments

In this section, we report the performance of SEDE
on 3 tasks: multiple choice question answering
(MCQA), Multi-document QA (MultiQA), and
software issue localization (IssLoc). We experi-
ment with the family of Llama2 models, specifi-
cally the 7, 13, and 70 billion parameter variants.



We measure the accuracy and variance of SEDE,
and compare it to both standard ICL and a position
debiased variant of ICL (DEBIAS). DEBIAS is im-
plemented by sampling p random permutations of
the problem candidates, cand(z), conducting stan-
dard ICL for each permutation, and returning the
majority vote; ties are resolved arbitrarily. Impor-
tantly, we set p = Zifg(k)_l b, i.e., the number of
contests run by SEDE, so that SEDE and DEBIAS
incur the same number of calls to the LLM.

3.1 Multiple Choice QA

We experiment with 3 MCQA datasets: Com-
monsense QA (CSQA), ARC-Easy, and ARC-
Challenge (Talmor et al., 2019; Clark et al., 2018).
For each dataset, we study the sensitivity of each
method to instance size (i.e., the number of candi-
date options). To alter the number of candidates,
we randomly remove and/or add incorrect candi-
dates. For a problem instance, x, we add incorrect
candidate options by randomly sampling from the
candidate options of other instances in the training
set, Le., Upe,.,,\0 caNd(2").

For each method, we supply k£ ICL demonstra-
tions, where k is the size of the problem before
we add or remove candidates'. We evaluate each
method on each instance 10 times. For each rep-
etition, for all methods, we sample a new set of
demonstrations from among the training set in-
stances. For SEDE, in each repetition, we also
sample new contests among the candidate options.

For the 3 datasets, Figure 1 visualizes the mean
accuracy, as well as the minimum and maximum
accuracy with respect to experiment repetitions,
versus instance size for the L1ama2-7B model. The
Figure reveals that for problem sizes of ~15 or
fewer, SEDE and DEBIAS achieve similar accu-
racy and both outperform ICL. However, as prob-
lem size increases, SEDE dominates both meth-
ods. Remarkably, SEDE experiences very slow
degradation in accuracy and little variation over
experimental repetitions, underscoring the robust-
ness of the approach. These trends consistently
appear in larger models, albeit less dramatically re-
fapp:results.

"We do this in order to supply a demonstration of the
correct answer being in each position. We do not do this for
larger values of k since, for large problem sizes, this ultimately
exhausts the context length.

3.2 Multi-document QA & Issue Localization

Next, we test the suitability of SEDE in two addi-
tional tasks: multi-document QA (MultiQA) and
software issue localization (IssLoc). In both, we
reduce the initial problems to instances of MCQA
and apply SEDE.

3.2.1 MultiQA

For MultiQA, we study the Natural Questions
dataset (NQ) (Kwiatkowski et al., 2019). In the
task, the input is a question and a collection of doc-
uments, one of which—the gold document—that
contains the answer to the question. The goal is
to answer the question correctly. We utilize the
questions and retrieved passages used in recent
work (Liu et al., 2024a). Like their work, we study
variants of the dataset containing either 10, 20 or
30 candidate documents per question (respectively,
NQ-10, NQ-20, and NQ-30). Rather than directly
answering the questions, we study the task of cor-
rectly identifying the gold document, which re-
duces the problem to MCQA.

3.2.2 Software Issue Localization

We derive a software issue localization dataset from
SWE-Bench—a software engineering benchmark
containing GitHub issues and the corresponding
patches, i.e., code revisions (Jimenez et al., 2024).
In our dataset, SWE-MC, the input is a GitHub
issue—like in SWE-Bench—as well as a collection
of candidate code chunks (e.g., function implemen-
tations), and the goal is to identify the chunk that
needs to be patched. As such, our dataset is an
instance of MCQA.

Dataset Construction. In detail, in SWE-MC,
the input is a natural language GitHub issue, and
the corresponding candidates are sequences of con-
tiguous lines of code. All candidates are disjoint,
i.e., no line of code appears in more than 1 can-
didate, and are extracted from the same file. To
form candidates, we start by building the abstract
syntax tree (AST) of the file to be patched. From
the AST, we extract all classes and functions. For
any line of code, [, that line belongs a candidate
including: i) all lines before [ until the nearest
function or class declaration, and ii) all lines af-
ter [ until the nearest function or class boundary.
In both cases, we measure closeness in terms of
lines of code. To simplify evaluation, we only use
SWE-Bench instances for which the correspond-
ing patch is a single, contiguous chunk of code.
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Figure 1: Accuracy and Variation in MCQA. The mean accuracy on 3 MCQA datasets when the number of
candidate options are varied. Errors bars indicate minimum and maximum accuracy over 10 trials.

In other words, we omit instances whose patches
span multiple files and/or multiple functions. Sim-
ilar filters have been employed to construct other
software engineering benchmarks (Muennighoff
et al., 2024). We discard all SWE-Bench issues
that come from non-permissively licensed repos-
itories?. For each SWE-MC instance, we select
candidates in ascending order of tokens, and form
3 variants of dataset: SWE-MC-10, SWE-MC-20,
and SWE-MC-30 with 10, 20, and 30 candidates
per question, respectively. This leaves us with 114
instances of issue localization.

3.3 Results

Instances in NQ and SWE-MC are long (in terms
of number of tokens), and so we utilize either O or 1
demonstration per problem for each method. Since
SEDE constructs smaller problem instances, we
also evaluate it with 5 ICL examples per dataset; a
setting that exceeds the context length for the other
methods. Unlike the previous experiments, we do
not conduct multiple repetitions.

Results for L1ama2-7B are reported in Table 1.
Overall, we observe that SEDE dominates the other
methods. This is especially the case in the longer
variants of both datasets. When the number if ICL
examples among the methods is equal, their respec-
tive accuracy of each method is closer. However,
when we increase the number of ICL examples for
SEDE to 5—which is enabled specifically by its
problem decomposition—SEDE improves on the
accuracy of the next closest competitor by 56.4%,
absolutely. As model size increases, each method
improves, but SEDE remains the top performer.

>We only use issues from repositories with an MIT,
Apache-2.0, or BSD-3 license.

Method #Demos NQ-10 NQ-20 NQ-30
SEDE 0 0.1 0.08 0.08
DEBIAS 0 0.04 0.02 0.02
ICL 0 0.04 0.02 0.02
SEDE 1 0.39 0.37 0.37
DEBIAS 1 0.15 — —
ICL 1 0.13 — —
SEDE 5 0.72 0.78 0.78

Table 1: MultiQA Accuracy: Llama2-70B. Dashed
(—) entries indicate that the maximum token limit is ex-
ceeded when the corresponding number of ICL demon-
strations are utlized. [talic entries are the best per-
formers given a fixed number of ICL demonstrations;
bolded entries indicate best overall.

4 Related Work

A flurry of recent work is focused on reducing
the impact of position bias, especially for MCQA.
Among the methods that have been proposed, many
suggest reordering the options multiple times to ef-
fectively marginalize out the impact of order (Wang
et al., 2023; Zheng et al., 2023b,a). Similarly, in
our experiments, we compare to a position debiased
baseline—DEBIAS—which computes the majority
vote among model generations over multiple shuf-
fles of the candidate order. One piece in this space
also highlights token bias, i.e., that certain multi-
ple choice answer labels—Ilike “A”—have higher
likelihood a priori (Zheng et al., 2023a). While
we do not specifically account for token bias, we
believe that our DEBIAS baseline largely mitigates
its effect. Related, yet more distant from our work,
are studies focused on mitigating position bias in
tasks beyond MCQA (Liu et al., 2024b; Shinoda
et al., 2022).



Whereas we attack issues arising from long in-
puts by breaking the input down into smaller parts,
most work in this space focuses on enabling mod-
els to better handle long context. For example, one
family of methods develops approaches that spar-
sify or compress the attention computation (Child
et al., 2019; Zaheer et al., 2020; Beltagy et al.,
2020; Roy et al., 2021). A recent trend is to simply
train large models with increasingly large limits on
maximum token inpus. We do not experiment with
these “extended-context models” since they do not
confer advantages over standard models when the
input length is within standard token limits (Liu
et al., 2024a). We note that in our experiments,
we ensure that no input ever exceeds the maxi-
mum token length for the model employed. More-
over, while we increase input lengths by adding
additional items from which to choose, in many
cases, the number of tokens in an input remains
well below the corresponding model’s threshold.
For more information on efficient transformer mod-
els, we refer the interested reader to a survey on the
topic (Tay et al., 2022).

Our approach draws inspiration from classic
work on reducing multi-class classification to a
sequence of binary decisions (Allwein et al., 2000).
Among the most similar to our work is the Fil-
ter Tree, which solves multi-class classification by
learning a tree of classifiers that represents a single
elimination tournament (Beygelzimer et al., 2009).
Unlike the Filter Tree, we utilize ICL with one
LLM rather than training a separate model at every
split of the tree. Whereas the binary constests in the
Filter Tree are fixed, we build contests by randomly
sample the candidates of the (initial) problem in-
stance. Finally, classic approaches, like the Filter
Tree, are only capable of handling a fixed set of
classes, while SEDE is focused on the more gen-
eral class of tasks that can be converted to MCQA.

5 Conclusion

Since LLMs have been shown to be sensitive to
input length and position bias, especially in the
ICL paradigm, we propose SEDE, a simple de-
composition of long, multiple choice problems
into single-elimination tournaments. Aside from
traditional multiple choice tasks, we study multi-
document question answering and software issue
localization, by converting datasets for each task
into instances of MCQA. In experiments, we show
that SEDE achieve higher accuracy than both ICL

and DEBIAS—a position debiased variant of [CL—
especially for problem instances with many can-
didates and for smaller LLMs. As long as LLMs
continue to be sensitive to their inputs in the ICL
paradigm, we believe that SEDE will prove useful
in improving accuracy on item selection tasks.

6 Limitations

Our experiments only study the L1ama2 family of
models. This is because, at the time of experimen-
tation, these represented the most performant open
source models available. We note that previous
work, which we discuss, experiment with stronger
closed source models—namely, GPT-4—and find
that position bias and negative correlations with
length exist. As such, we believe that our results
would extend to stronger models.

SEDE’s utility is limited to decomposable selec-
tion problems. We demonstrate that these selection
problems go beyond traditional multiple choice
tasks. Specifically, in experiments we show that
some instances of multi-document question answer-
ing and software issue localization can be decom-
posed into single-elimination tournaments. How-
ever, some tasks require long inputs, and others—
like multi-hop QA— may require multiple selec-
tions, which may pose additional challenges if em-
ploying SEDE (Shaham et al., 2022; Qi et al., 2021;
Yang et al., 2018).

SEDE side-steps the issue of long context un-
derstanding for LLMs by representing long inputs
as a collection of small problems. From a philo-
sophical perspective, training better models that
do not exhibit these issues is the ultimate solu-
tion. Indeed, it is claimed that the Gemini 1.5 Pro
model solves the task of finding small facts in up
to 1M tokens with 99% accuracy (i.e., the needle
in a haystack test) (gem). However, until the point
where this type of performance is available among
open source models, SEDE provides a conceptu-
ally simple and easy-to-implement mechanism for
boosting accuracy and reducing variance for a wide
collection of tasks.
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A Results

In this section, we report the results elided in Sec-
tion 3. Specifically, we visualize MCQA perfor-
mance for L1lama2-13B and Llama2-70B in Fig-
ures 2 and 3, respectively. We do not conduct
multiple repetitions of each experiment as before
in order to reduce computational cost. Given the
low variation of SEDE in the previous experiments,
we have reason to believe that these results are
similarly robust.
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Figure 2: MCQA Accuracy: Ll1ama2-13B. MCQA accuracy on 3 datasets as the number of candidate options are
varied.
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Figure 3: MCQA Accuracy: Ll1ama2-70B. MCQA accuracy on 3 datasets as the number of candidate options are
varied.
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