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ABSTRACT

Inductive Reasoning (IR), the ability to summarize rules from examples and apply
on new ones, has long been viewed as a primal ability for general intelligence
and widely studied by cognitive science and Al researchers. Many benchmarks
have been proposed to measure such ability for Large Language Models (LLMs);
however, they focus on few-shot (usually <10) setting and lack evaluation for
aggregating many pieces of information from long contexts. On the other hand, the
ever-growing context length of LLMs have brought forth the novel paradigm of
many-shot In-Context Learning (ICL), which addresses new tasks with hundreds
to thousands of examples without expensive and inefficient fine-tuning. However,
many-shot evaluations are mostly focused on classification (a very limited aspect of
IR), and popular long-context LLM tasks such as Needle-In-A-Haystack (NIAH)
seldom require complicated intelligence for integrating many pieces of information.
To fix the issues from both worlds, we propose MIR-Bench, the first many-shot
in-context inductive reasoning benchmark that asks LLM to induce output via input-
output examples from underlying functions with diverse data format. Based on
MIR-Bench, we study many novel problems for inductive reasoning and many-shot
ICL, including robustness against erroneous shots and the effect of Chain-of-
Thought (CoT), and acquired insightful findings.

1 INTRODUCTION

The tremendous success of Large Language Models (LLMs) in recent years (Ouyang et al.| 2022}
Hurst et al., [2024} Jaech et al.| |2024) has finally brought us to the extent where human-level Artificial
General Intelligence (AGI) becomes seemingly within reach (Jaech et al.| [2024). With such suc-
cess, researchers have shifted their focus from syntax- and word-level traditional Natural Language
Processing (NLP) tasks such as named entity recognition (Mohit, 2014; |Li et al.| [2020)), sentiment clas-
sification (Socher et al.,[2013} Tang et al.,[2016) and translation (Lopez, [2008; |Stahlberg, 2020) onto
those which measure abilities once considered unique to humans. Inductive Reasoning (IR) (Hayes
et al.l 2010), which is the ability to summarize general high-level rules from existing examples,
thus comes into attention (Chollet, |2019)); instead of math or coding which require knowledge and
experience in particular fields, inductive reasoning measures the abstract generalization power of
an intelligence (Chollet, 2019) and is considered as a primal mental ability (Kinshuk & McNab,
2000). Thus, it is long studied by the cognitive science community (Bisanz et al., (1994} [Heit, 2000),
adopted in IQ tests for human (Ferrara et al.,|1986), and is recently used as a measurement for the
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Figure 1: A high-level illustration of our data generation pipeline. We first collect functions from
existing coding benchmarks, then let GPT-40-0806 write data generator for each function; we then run
the data generator to produce input shots, and combine them with ground truth function to produce
output shots. With input and output shots, we concatenate them and build MIR-extended; then, with
initial tests on several models, we study the factor for what makes an inductive reasoning problem
benefit from many-shot, and build MIR-core based on selection with the factors.

state-of-the-art LLMs such as ol (Jaech et al.,|2024) to show their intelligence level. While many
IR benchmarks (Banatt et al.,[2024; Ma et al.,|2024; |Li et al.,|2024a) for LLMs have been proposed,
such as ARC (Chollet, |2019) and its variants (Xu et al.| 2023 Kim et al., [2022)), they all focused
on few-shot In-Context Learning (ICL) with typically <10 examples. While induction from fewer
examples may imply stronger reasoning ability, some underlying rules for IR problems are inherently
too complicated or ambiguous for a few examples. For instance, consider a quadratic curve with
clipping; with three examples, it is unknown whether the curve is sampled from a circle or a quadratic
curve, let alone a clipped one; however, with 300 examples, not only the quadratic function is clear,
but the special clipping rule are also very likely to be retrieved. LLM should handle such long-context,
many-example cases as well as few-shot inductive reasoning.

In fact, the scaling of the amount of ICL data is in line with the trend of the LLM community striving
to expand the context length (Peng et al., 2024 [Su et al.| 2024)) for super-human problem-solving
efficiency. It is with this trend that a new paradigm emerged recently: Many-Shot ICL, which typically
uses hundreds to thousands of examples for test-time task learning without expensive and relatively
data-inefficient fine-tuning (Agarwal et al. [2024). However, many-shot evaluations are mostly
focused on classifications (Li et al.l [2023; Bertsch et al., [2024; Zhao et al., 2024b; |Li et al., [2024c;
Zou et al.| [2024), which is a very limited area for inductive reasoning. Other standard long-context
LLM tasks, such as needle-in-a-haystack (NIAH) (Kamradt, 2023), are more of a retrieval problem
than gathering understanding from many pieces of clues. With all these blanks in LLM evaluation
(see Tab. [T| for a comparison with the most related works, and Tab. 2] in Appendix [A] for a more
complete version), we must ask: How fo evaluate the LLM’s ability to aggregate many pieces of
information from many examples to perform inductive reasoning on various complicated problems?

To address the problem above and fix the limitation of existing LLM evaluation from both inductive
reasoning and the many-shot/long-context community, we propose MIR-Bench, a large and diverse
Many-shot Inductive Reasoning benchmark, in which LLMs are given examples of input-output data
generated by an underlying unknown function with diverse input-output forms , and need to predict
the output for new input.

The benchmark is generated by the following pipeline as illustrated in Fig. [T} 1) we collect functions
from introductory-level coding benchmarks including HumanEval+ (Liu et al.| 2023), MBPP+ (Liu
et al., 2023) and APPS (Hendrycks et al., 2021); 2) we use GPT-40-0806 to write code as data
generators that produces input-output pairs, and execute them to generate ICL shots and test input;
3) run ground truth function with generated inputs for ground-truth outputs; 4) use scripts to build
prompts for target problem, and filter out problems with too long shot length or insufficient input-
output diversity. With such procedure, we propose two sets of problems: MIR-Core and MIR-
Extended, which contains 3000 problems (300 functions x 10 test cases), and 6930 problems (693
functions x 10 test cases) respectively, and can be easily supplemented by generating more test cases.
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Table 1: Comparison on our benchmark with the most related prior many-shot / long-context
benchmarks (first part) and inductive reasoning benchmarks (second part). See Tab. 2]in Appendix [A]
for a complete comparison. To save space, we abbreviate “Many Shot” as MS, “Inductive Reasoning”
as IR (A represents “classification only”), “Prob.” as problems, and “I/O Div.” as “Input/Output
Diversity” (having at least 2 different input-output types, e.g., given an array and output an
integer, or given a pair of strings and output a choice). “Gen.” means “Generative”, which means
whether new test cases can be easily generated without much human effort. “LB” means whether a
leaderboard is available, and “EE” means “Easy Evaluation”, i.e., whether a pipeline for evaluating
any given new model exists. “New Data” means whether the input-output data never appears in
existing benchmarks; if so, the benchmark is secured against data contamination. Note, the counting
of #IR Problems and “Gen.” take different target input-output for the same function into account, but
do not take different sets of shots into account.

Benchmarks MS IR #IRProb. TODiv. Max#Shots Gen. LB EE NewData
HELMET (Yen et al.}[2024) 500 ~10K X X X
LongICLBench (Li et al.}|2024c) 3000 X ~2000 X X
ManyICLBench (Zou et al.|[2024) 1000 7252 X X X X
LMAct (Ruoss et al.||2024) X 0 X 256 X

LongBench (Bai et al.|[2024) 400 600 X

KORBench (Ma et al.}|2024) X 50 3 X

ARC (Chollet;|2019) X 800 X 3 X

WILT (Banatt et al.,|2024) X 50 X 30 X

LogicVista (Xiao et al.|[2024) X 107 10 X X

MIRAGE (Li et al.}[2024a) X 2000 8 X X
MIR-Bench (Ours) 6930 2048

The former is selected from the latter and contains the problems that LLM benefits the most from
many-shot (see Sec. 4.2 for details).

To evaluate the long-context intelligence level of different LLMs, we test a variety of the cutting-edge
LLMs on our benchmark, and find our benchmark to be both challenging and discriminative, as
model performance vary greatly, but none saturates on our benchmark. We have also conducted the
following important empirical studies with our benchmark, all of which are novel, important yet
largely overlooked by previous works:

1. What are the factors that determine ICL performance change with respect to number of shots

(Sec.E2L E3)?

2. Can Chain-of-Thought (CoT) (Wei et al.| 2022)) help inductive reasoning? If so / if not, why
(Sec.[d.4)?

3. How robust is LLM’s inductive intelligence against errorneous input-output pairs (Sec. #.5)?

4. Does the paradigm of first coding, then executing code for results (Cheng et al.|, [2024) work
for many-shot in-context inductive reasoning (Appendix [D.3))?

In conclusion, our key contributions can be summarized as: 1) We propose MIR-Bench, a large-scale
and diverse many-shot inductive reasoning benchmark, which fills in the blank for both many-shot and
inductive reasoning community; 2) We build a novel automatic pipeline for generating new many-shot
inductive reasoning problems from existing coding benchmarks without using existing corpus as
input/output (i.e., no data leakage issues); 3) We perform empirical study on many important problems
overlooked by previous works and gained important insights on LLM’s many-shot / long-context
intelligence.

2 RELATED WORK

Long context LLLMs. Recent remarkable success of LLMs have given rise to expectations for
LLMs to complete more difficult tasks, such as summarization of a whole book (Chang et al., [2024),
modification over a complex code repository (Jimenez et al., [2024)), test-time improvement (Zhou
et al.,2024) and journey learning (Qin et al., |2024). To make sufficient room for related context
and meet such demands, researchers have scaled up LLM models and data (Zhang et al., [2024a}
Pearce et al.| 2024), and proposed novel encoding methods such as Rotational Position Embedding
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(RoPE) (Su et al.l |2024), YaRN (Peng et al.| [2024) and LongRoPE (Ding et al.| 2024). With
such designs, LL.Ms have entered the long-context era where the LLM context lengths can reach
128K (Hurst et al., [2024; | Yang et al., |2024a; |Dubey et al., [2024)), 2M (Team et al.,|2024)), or even an
infinite number of tokens (Munkhdalai et al.,|2024), enabling the novel many-shot ICL (Agarwal
et al.,[2024)) paradigm. To evaluate such models, many benchmarks have been proposed to evaluate
LLM’s long-context ability (Wang et al.| 20244} |Li et al.l 2024b; Zhang et al., [2024b)), such as
Question-Answering (Shaham et al) 2023} |Li et al., [2024b)), coding (Zhang et al., 2024b}; Dong
et al.,2024), math (An et al., 2023} |[Zhang et al., 2024b)), retrival (Kamradt, 2023 Hsieh et al., 2024;
‘Wang et al.| 20244 and summarization (Shaham et al., 2023} |An et al.,|2023). However, very few
long-context benchmarks consider inductive reasoning tasks. Among them, LongBench (Bai et al.|
2024) only contains two many-shot classification tasks and few-shot summarization / QA tasks with
existing dataset, while BABILong (Kuratov et al.,[2024) only considers simple inductive reasoning
from a few examples scattering in the long context. In contrast, our benchmark is a more diverse and
large-scale evaluation for long-context inductive reasoning from many pieces of information.

Many-Shot In-Context Learning (ICL). Many-Shot ICL (Agarwal et al.| 2024])) is an emerging
in-context learning paradigm where LLMs learn to complete new task with hundreds to thousands
of examples (instead of the usual < 10 examples for ICL works (Li et al., 2024a; |Chollet, [2019;
Xu et al.,[2023)) given in its context. Compared to Supervised Fine-Tuning (SFT), many-shot ICL
makes full use of the current models’ long-context capability, and is much more flexible with higher
computational and data efficiency (Agarwal et al.,|2024)). There are a large number of many-shot ICL
empirical studies (Bertsch et al.|[2024; |Zhao et al.,[2024b; [Song et al.| 2024; |Zhao et al.,[2024a)) with
several benchmarks (Yen et al.} 2024} |Li et al., 2024c}; [Zou et al., 2024} |Ruoss et al., |2024) containing
many-shot ICL components; however, most of them only focused on classification (Zhao et al.,
2024b; |Li et al.,2024¢; 2023} Jiang et al.| 2024} Bertsch et al.} 2024), a very limited type of problems.
While there are several works that studies decision-making (Ruoss et al.,[2024), math (Agarwal et al.,
2024), instruction following (Zhao et al.,[2024a) and LLM judges (Song et al., [2024), none of the
existing works has studied general inductive reasoning, the important measurement of intelligence
level (Chollet, 2019). Also, most of the existing many-shot ICL evaluations are not diverse enough,
which means they only have one pair of input-output types (Ruoss et al.,2024; Jiang et al., [2024]).
Our work, on the contrary, measures LLM’s intelligence level using inductive reasoning with diverse
input-output types.

Inductive reasoning. Inductive reasoning (Hayes et al.,2010) has been widely studied as a primal
mental ability of human intelligence (Kinshuk & McNab| [2000) in IQ tests (Ferrara et al.,{1986) and
cognitive science (Bisanz et al.,|1994; Heit, 2000) long before LLMs exist, as it represents an abstract
generalizability of rules from given examples without prior knowledge. As LLMs approaches human-
level intelligence recently, many inductive reasoning-based approaches (Qiu et al.; 2024} Wang et al.|
2024b) and benchmarks have been proposed (Chollet, 2019; Ma et al., 2024} |L1 et al.,|2024a; |Xiao
et al., [2024; |[Banatt et al., |2024), among which the most representative is the Abstract Reasoning
Corpus (ARC) (Chollet, | 2019) and its variants (Kim et al.,[2022; |Xu et al.,|2023)), which is recently
used to demonstrate the intelligence level of OpenAl 03 models (OpenAll|2024). However, none of
the existing inductive reasoning benchmarks is designed for many-shot scenario (There is only one
small mini-SCAN (Qiu et al., 2024} [Lake et al.,|2019)) dataset appearing in |Qiu et al.|(2024) satisfies
the definition of many-shot). By filling in this gap, our many-shot inductive reasoning benchmark
not only enables the LLM inductive reasoning community to catch up with the long-context era, but
also tests the ability of LLMs to gather information from thousands of pieces of data, a much larger
number than existing inductive reasoning problems (Chollet, [2019; [L1 et al., 2024a).

3 MIR-BENCH

In this section, we will introduce our MIR-Bench in details, with Sec. @] discussing the formulation
of the problems evaluated in our benchmark and Sec. introducing the pipeline with which we
build our benchmark.

3.1 PROBLEM FORMULATION

The goal of the problems in our benchmark is for LLMs to predict the output for a new input
given a list of examples. More specifically, assume we have an underlying function y = f(x),
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where = and y can be arbitrary data. Assume for f we have a set of n known example input-
output pairs (z1,y1), (Z2,Y2),. .., (Tn,yn), and a new input Z,ey; then, the LLMs’ input will
be [c1, str(zy), str(y1), str(za), ste(ya), - . . , str(zy,), str(yn), €2, Tnew|, Where [-,-, ... -] is a string
concatenation, c¢; and co are general context prompts (e.g. ““You are an expert in reasoning”, or “Here
is the target input”’; see Sec. for details), and str(+) is the string representation plus an “Input: ”
prefix for x and “Output: ” prefix for y. LLMs can output arbitrary rationale; however, they must
end their answer with str(Ynew), Where ynew = f(Zpew). The answer is extracted with rule-based
scripts, and exact match will be performed to determine the LLM’s performance in accuracy. See

Appendix [B.6|for details.

3.2 BENCHMARK CONSTRUCTION

The construction of our benchmark can be decomposed into four steps: function collection, input
generation, output generation, and prompt building. The following boxes illustrate a 4-shot example
from our benchmark:

# Prompts (shown to LLM)
You are given some function that takes something as input and output something. You need to predict the
output for the target input of that function. Remember always end your answer with *Output: your answer’,
with your answer in strict python format. Here are some examples:
Input: {"words’: *gSldgGeHRmBdbUPQ’}
Output:Golf Sierra Lima Delta Golf Golf Echo Hotel Romeo Mike Bravo Delta Bravo Uniform Papa
Quebec
Input: {"words’: "aJV mwJTALeGYOKEhf"}
Output: Alfa Juliett Victor Mike Whiskey Juliett Tango Alfa Lima Echo Golf Yankee Oscar Kilo Echo
Hotel Foxtrot
Input: {"words’: "UNjAIRFaZZ{EhbiSRRml’ }
Output: Uniform November Juliett Alfa India Romeo Foxtrot Alfa Zulu Zulu Tango Echo Hotel Bravo
India Sierra Romeo Romeo Mike Lima
Input: {"words’: "nvILpZ’}
QOutput: November Victor India Lima Papa Zulu
Input: "words’: *pvFOSPcBGcJgKewLOury’
# Answer (hidden to LLM)
Papa Victor Foxtrot Oscar Sierra Papa Charlie Bravo Golf Charlie Juliett Quebec Kilo Echo Whiskey Lima
Oscar Uniform Romeo Yankee
# Code (hidden to LLM)
def solution(word):

letters = ”A”: ”Alpha”, ”B”: ”"Bravo”, ”C”: ”Charlie”, ”’D”: ”Delta”, ”E”: "Echo”, ”F”: “Foxtrot”,
”G”: ”Golf”, "H”: "Hotel”, ”I"": ”India”, ”J”: "Juliett”,”’K”: ’Kilo”, ”L”: "Lima”, "M”: "Mike”, "N
”November”,”O”: ”Oscar”, ”P”: ”Papa”, ”Q”: ”Quebec”, "R”: "Romeo”, ’S”: ”Sierra”, ”T”: ”Tango”,
”U”: ”Uniform”, ”V”: ”Victor”, "W”: "Whiskey”, ”X”: ”X-ray”, ”Y"": ”Yankee”, ”Z”: "Zulu” # Convert
each letter to its corresponding NATO word and join with spaces

return ’ ’.join(letters[c] for ¢ in word.upper()) J

Function collection. We begin by collecting introductory-level coding problems from three coding
benchmarks: Humaneval+ (Liu et al.,|2023), MBPP+ (Liu et al., 2023), and APPS (Hendrycks et al.,
2021). We use the whole Humaneval+ and MBPP+ dataset (164 and 378 problems respectively); for
APPS dataset, we select problems from its training dataset with difficulty level “introductory” (2640
problemsﬂ We ensure that each solution code is a single function without wrapping solution class
or test statement; for codes in APPS that do not conform to this standard, we ask GPT-40-0806 to
rewrite the code given problem input and the solution code (See Appendix [B.3]for prompts).

Input generation. We use GPT-40-0806 to automatically generate inputs for each function acquired
in the last step, for which prior works (Shao et al., 2024} [Li & Ellis, 2024) usually directly generate
input data. However, such method is not only non-scalable, but also prone to errors such as input
format mismatch. To address this issue, we prompt GPT-40-0806 to first generate “data generators”
for each problem (See Appendix [B.4]for prompts), then run each generator in Python interpreter to
generate data. We generate 20000 shots and 10 test cases for each problem, which is impossible to
acquire with prior methods. We wrote the prompt such that the test case is supposed to be slightly

!'Solutions from other levels, such as “interview” and “competition”, are generally too difficult for LLMs to
induce and too complicated to be compressed in a single function
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harder (e.g. with larger numbers / longer lists) than the shots. In this step, we filter out problems with
the generated input too identical (< 4096 different shots out of 20000), duplicate test cases, or test
cases appearing in the shots.

Output generation. With input generated, we write a script to stitch generated input and ground
truth function f in the same Python script, and run them in the intepreter to acquire ground-truth
output. In this step, we filter out problems with floating number output, unless the precision is fixed
across all shots by rounding, given by input, or unimportant for exact matching (e.g. the function is
to output absolute value). We also filter out problems with too low output diversity (no less than 50%
of the shots having the same answer), and problems with invalid output due to code error.

Prompt building. In this step, we use Python scripts to automatically stitch input-output pairs with
task description to generate final input for LLMs. Finally, we also filter out problems that are unsolv-
able (either too difficult or data coverage are insufficient) for current state-of-the-art LLMs, which are
the problems that have 0 accuracy for all five models { GPT-40-0806, GPT-40-mini-0718, Gemini-Pro
1.5-002, Gemini-Flash 1.5-002, Mistral-Large-2} across {4, 8,16, 32, 64,128, 256, 512, 1024, 2048}
shots in 10 test cases. After this step, we have 693 valid functions, each with 10 test cases; these
problems are the content of our benchmark version MIR-Extended. Within this version, we select
300 problems that are challenging and can largely benefit from many-shot; See Sec. for details.

4 EXPERIMENTS

In this section, we will introduce general performance of existing models on our benchmark and a
series of exploratory experiments which gives novel insights. More specifically, we first introduce
the main results on our MIR-Extended benchmark in Sec. @; then, we explore factors that indicate
whether a problem can benefit from many-shot, and build MIR-Core in Sec.[d.2] We further conduct
more in-depth analysis on important properties of LLM’s many-shot intelligence in several aspects
on MIR-Core in Sec.[d.3] [.4|and[.5] See more empirical studies in Appendix[D.3]

4.1 MIR-EXTENDED

Evaluation setup. We evaluate a set of 15 cutting-edge LLMs with context window > 128K
tokens on our MIR-Extended benchmark with 693 different function and 10 test cases per function
(a total of 6930 problems). The evaluated LLMs are: {ol-preview-0912, 01-mini-0912, GPT-4o0-
0806, GPT-40-mini-0708, Gemini-Pro 1.5-002, Gemini-Flash 1.5-002, Gemini-Flash 2.0, Claude-
3.5-Sonnet, Claude-3.5-Haiku, Claude-3-Haiku, Claude-3-Sonnet, Qwen2-72B-Instruct, Mistral-
Large-2, Moonshot-128K, GLM-4-Plus} by invoking official APIs; see Appendix for detailed
prompts. We use greedy decoding (with temperature 0) for evaluation (See Appendix for
ablations on the robustness of evaluation), and use exact match accuracy as the metric with rule-
based extraction of the answer from LLM’s response (See Appendix [B.6). Each model is evaluated
with {4, 8,16, 32, 64,128, 256, 512, 1024, 2048 }-shot with shots uniformly randomly sampled from
20000 shots generated in Sec.[3.2] The upper limit 2048 is selected such that most data falls within
the mainstream 128K context window (see Tab. [3|for out-of-context-window rate).

Results. Fig. 2[a) illustrates the performance of all 15 LLMs on our MIR-Extended benchmark. The
performance of the LLMs varies greatly; among all models, 01-mini-0912 and ol-preview-0912
clearly outperform all other models, followed by Claude-3.5-Sonnet and GPT-40-0806. However, all
LLMs evaluated are far from addressing our inductive reasoning task; the best model, 01-mini-0912,
only reaches an accuracy of less than 0.7, while most models such as GPT-40-0806 only achieve
less than 0.4 accuracy. Such performance indicates that different from the conclusion in|Cheng et al.
(2024), LLMs’ inductive reasoning abilities still limited in complicated tasks. Claude-3.5-Haiku
achieves surprisingly low accuracy; upon checking examples, we find that the model often do not
understand our prompt and see the target input as part of an incomplete data, thus refusing to answer
the problem.

Interestingly, scaling up the number of shots is not always beneficial, similar to many tasks in|Agarwal
et al.[(2024). For models other than Gemini, the performance drop over 512 shots can be partly
attributed to exceeding the 128K context limit [’} however, for most language models evaluated

>Which only happens in < 1% case for 1024 shots but more common for 2048 shots. See Tab. for details.
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(including GPT and ol-mini), the performance growth often stops at no more than 256 shots, where
the context limit is not reached. Such issue stems from attention dispersion as stated in|Yuan et al.
(2024)); as the number of examples increases, the attention weights which should be cast on the most
informative shots is distracted by the less informative ones instead of lack of information retrieval
ability. We validate this via ablation in Sec.

0.7 —— Claude-3.5-Sonnet
0.6 Gemini-1.5 Flash-002
0.6 —— Gemini-1.5 Pro-002
0.5 : —— GPT40-0806
> >05 GPT40-mini-0718
g 0.4 % ) —— Mistral-Large-2
5 5 —— OpenAl-ol-mini
3 /’/’/_/—\ﬁ 3 0.4 /\ — OpenAl-olpreview
<03 [ < e
= \ 0.3
0.2
0.2
0.1 o1
2 4 6 8 10 2 4 6 8 10
Number of shots (in power of 2) Number of shots (in power of 2)
(a) MIR-Extended (b) MIR-Core

Figure 2: The performance of all LLMs on MIR-Extended (panel (a)) and MIR-Core (panel (b)). For
better readability, we only show the most representative models; see Fig.[9]in Appendix for the
rest. The benchmark poses challenge to all models tested including ol-preview and ol-mini. Most
models will “saturate” at a particular number of shots, i.e., their performances stop to improve when
more shots are given due to limited information integration capability.

4.2 MIR-CORE: PROBLEMS REQUIRING MANY-SHOT

Ablation on possible factors. While we have obtained many inductive reasoning problems, not all
of them necessarily benefits from many-shot ICL; for example, a simple function such as adding two
numbers or absolute value can be induced in a few shots. To study the inductive reasoning problems
whose difficulties are distinctive between few-shot and many-shot, and curate a high-quality many-
shot benchmark, we perform a detailed ablation study on possible factors for such distinctiveness. To
better study such property, we define the following metric D:

D1+ Do acc@64 + acc@128 acc@16 + acc@32
D= , where D1 = — ’
2 2 2 0
D acc@32 + acc@64 + acc@128} {acc@4 + acc@8 + acc@16}
2 = - :
3 3

In Eq. , accQux, x € {4,8,16,32,64, 128} is the average accuracy of { GPT-40-0806, GPT-4o-
mini-0718, Gemini-Pro 1.5-002, Gemini-Flash 1.5-002, Mistral-Large-2} at z-shot, each over 10
test cases. Intuitively, D is a combination of two components D; and D,, each measures average
performance growth from different few-shot to many-shot ranges; The range of z is based on prior
inductive reasoning work (Chollet,2019) and the number of shots where performances saturate on
MIR-Extended. Ideally, we want to identify the factors which are positively related to D, and curate
MIR-Core with problems having higher values of D.

With such metric D, we consider the following factors that are potentially relevant to the distinctive-
ness between few-shot and many-shot: 1) Ground truth function complexity: 64-shot accuracy,
function code length, LLM-evaluated function difficulty leveﬂ and problem topics; 2) Answer
complexity: number of different answers across 20000 shots, and the ratio of the most common
answer out of 20000 shots; 3) Input complexity: input length per shot.

As we aim to ensure the diversity of our evaluation, we did not select problems based on problem
topics (See Appendix [C.2] for ablation on problem topics). For the rest of the factors, we fit the
ground-truth metric D using a quadratic function with these factors (after normalization) as self-
variables. We use quadratic function as we found some factors (e.g. # different answers), are roughly

3A reliable evaluation is non-trivial; see Appendix
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raised at both ends and concave in the middle, while others are roughly monotonic (e.g. code length);
see Fig.[7)in Appendix [C.3|for details.

The coefficients are illustrated as Fig.[3] as the
result shows, ground truth function complex- Quadratic Coefficients Heatmap
ity is the dominating factor for distinctiveness

6
64-shot Acc.--0.332 0.278 1.69 0.0647 0.053 0.0178 0.11
between few-shot and many-shot performance,

among Wthh LLM_]abeled difﬁculty iS a lead_ Code Length- 0.278 1.31 -2.33 0.062 -0.327 0.492 -0.117 .
ing, positive factor (i.e. more difficult problem oircuy NI . 0 o [,
will require more shots). Answer diversity and
input Complexity are relatively less important. Most Common Ratio -0.0647 0.062 -1.5 -0.502 -0.197 -0.0114 0.395 -2
See Appendlx for SIHgle_faCtor analySIS' # Different Answer - 0.053 -0.327 -0.255 -0.197 -0.127 -0.127 0.243 [t

. -0
SeleCtlon Of datafOI: MIR-COI‘e. We adopt Shot Length-0.0178 0.492 -0.741 -0.0114 -0.127 -0.0023-0.0111
the quadratic function’s fitting result and select 1
the 300 problems with the highest predicted D- 011 -0.117 0817 0395 0243 -0.0111 0 5
value as MIR-Core. Such design is based on e e P“Méeﬁq@
a balance between achieving higher D-value e

o #*

for MIR-Core and unbiased evaluation for the

LLMs involved in computing D-value (thus we _, ) . . .
do not use the problems with highest ground Flgure 3: The coefficients of Fhe quadratic function
truth D). fitting D with the aforementioned factors normal-

ized between [0, 1]. The blank row and column are
Results on MIR-Core. We again evaluate all for constant factors. LLM-labeled difficulty is the
15 LLMs in Sec. 4.1l on our MIR-Core with 300 leading factor for D, while answer diversity and
problems with 10 test case each. The results are  shot length are less important.
illustrated in Fig. 2(b). while the performance
difference between few-shot and many-shot are
more distinctive as expected, the relative performance and many-shot saturation phenomenon between
15 models remain unchanged.

4.3 RESULTS WITH DUPLICATED FEW-SHOTS

To study whether the saturation of many-shot in Sec. {.1] and [.2] comes from the inability of
retrieving the most useful shots for induction or the inability of aggregating many pieces of dif-
ferent, useful information, we conduct an ablation where we test { GPT-40-0806, GPT-40-mini-
0718, Gemini-Pro 1.5-002, Gemini-Flash 1.5-002, Mistral-Large-2} on MIR-Core with 16-shot,
but with the following two settings: 1) one shot duplicated until total shots number of reach
{16, 32,64, 128,256, 512, 1024, 2048}, while other 15 shots only appear once; and 2) each of the
16 shot reused for {1,2,4, 8,16, 32,64, 128} times.

We ensure the examples in test cases with more shots are supersets of those with less shots, i.e., the
information given in the input is strictly increasing with more shots. The result is shown in Fig. @]
where solid lines are for original resutls on MIR-Core from Sec.[4.2] dashed lines are for scenario
1 (one shot duplicate), and dotted lines are for scenario 2 (all shots duplicate). When the number of
shots increase, as shown in panel (b), the performance difference between normal many-shot and
both scenario 1 and 2 increases, which indicates that LLMs can indeed aggregate many pieces of
information from more shots and acquire performance gain (which is almost not the case for Mistral-
Large-2, and thus its “saturation point” of performance with more shots is the lowest). However,
the difference diminishes when there are more than 512 shots (note this also applies for Gemini
with 2M context length, thus this is not a problem of hard context limit). Such result indicates that
too many pieces of information may actually harm LLMs’ performance by distraction. Also, the
performance of the dotted line (all shots duplicate) is in general not higher than that of the dashed
line (one shot duplicate), which indicates that the problem is not in information retrieval as the two
scenarios contain the same amount of information but the latter has higher difficulty for information
retrieval. Here we summarize the insight:

Insight 1: The saturation of many-shots does not come from information retrieval, but from
distraction when aggregating too many information.
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Figure 5: Panel (a) shows the result of LLMs
with forced CoT (dashed lines), no CoT (dotted
lines) and no CoT specification (solid line; same
as that in Fig. [2) on MIR-Core, and panel (b)
shows the difference between forced CoT and no
CoT. Surprisingly, forced CoT works generally
worse than no CoT, and the gap increases with
more shots.

Figure 4: Results of duplicating shots, where
solid lines are for original results on MIR-Core
from Sec. dashed lines are for scenario 1
(one shot duplicate), and dotted lines are for sce-
nario 2 (all shots duplicate); i.e., panel (b) is the
result of dashed and dotted line subtracting solid
line in panel (a).

4.4 THE EFFECTIVENESS OF COT

Chain of Thought (CoT) (Wei et al.,2022) is a foundamental LLM technique proved to be of great
help for LLMs in breaking down complex reasoning problem into step-by-step rationale. In this
section, we will explore whether CoT helps many-shot inductive reasoning in our task.

Statistics in main results. We first count the number of answers with and without CoTf]in MIR-Core
results (Sec.[4.2)) and their respective correct rate; surprisingly, we find that in all 15 models, including
thinking models such as o1, answers without CoT have significantly higher accuracy than those with
CoT (see Tab. for results).

Evaluation setup. To further validate whether the performance difference comes from CoT or from
problems with different difficulty levels (e.g. LLMs only apply CoT on difficult problems), we further
test MIR-Core with different prompts under two settings: 1) the “Direct” setting, where the models
are required to not write CoT; 2) the “CoT” setting, where the models are forced to write CoT. We
evaluate all 15 models in Sec.[4.T} See Appendix [B.2]for prompts.

Results. Fig. [5|shows the result of { GPT-40-0806, GPT-40-mini-0718, Gemini-Pro 1.5-002, Gemini-
Flash 1.5-002, Mistral-Large-2} (see Sec. for other LLMs) on MIR-Core. Surprisingly, for most
models, forced CoT works much worse than no CoT, and such performance gap increases with the
number of shots (See Fig. in Appendix for more models)’| We hypothesize such phenomenon
comes from the complicated nature of CoT. For example, consider a problem with two integers a and
b as input and max(a, b) as output; transformers can easily duplicate the mapping relation between
the three sets of tokens a, b and max(a, b) as if going through a gradient descent with regression loss
on examples as the training set, as suggested by many theoretical works in ICL (Dai et al., 2023}
Von Oswald et al., 2023 |Mahankali et al.,2024). However, a mapping from input to CoT makes the
equivalent of gradient descent much more opaque. Here we summarize the insights:

[ Insight 2: CoT does not necessarily help many-shot inductive reasoning. ]

4.5 ROBUSTNESS OF LLM INDUCTIVE INTELLIGENCE

While many works (Agarwal et al.,|[2024) have studied LLM’s many-shot ICL performance, the
robustness of LLM’s many-shot ICL ability (Zhao et al.,|2024a)), i.e. the accuracy given incorrect

*We count answers with > 20 characters before the final “Output:” as the ones with CoT.
5The only exception is that the performance gap of Mistral-Large-2 sharply decreases at 2048-shot, which is
due to its inability to deal with long-context problems (Kuratov et al., [2024).
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examples, is still largely underexplored. In this section, we explore the performance change with
increasing number of shots with incorrect answers.

Evaluation Setup. We test all 15 models in Sec. d.1) on MIR-Core with 3 different settings: 1)
the “‘unaware” setting, where the models do not know there are incorrect answers in the provided
examples; 2) the “aware-error” setting, where the models know that some (unknown number of)
examples are incorrect; and 3) the “aware-ratio” setting, where the models know exactly how
many shots are incorrect out of all given shots. The three settings are mostly the same, with slight
difference in prompt; see Appendix for details. We test {64, 256, 1024} shots x error ratio of
{1/64,1/32,1/16,1/8,1/4,1/2,3/4} respectively. See Appendix [B.7]for data generation details.
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Figure 6: The accuracy of representative models with errorneous shots under different prompt settings
with 64 shots (see Fig.[T1]in Appendix [D.6|for full results). The result shows LLMs are generally
quite robust against errorneous shots.

Results. The results for 64-shot are illustrated in Fig. [6] (see Appendix [D.6]for the rest). Surprisingly,
we found that LLMs are generally quite robust against errorneous shots; their performance are only
slightly harmed below 1/8, and can maintain decent performance even with 3/4 error rate. We find
that generally, there is generally no significant performance difference in different awareness level
of erroneous shots; some exceptions are Gemini-2.0 Flash and Claude-3.5-Haiku (see Fig. in
Appendix [D.6), where the answering paradigm of the former remains the same, and the latter accepts
the target input as part of the “incomplete” data and rejects answering questions less frequently. We
summarize the most important insight of this experiment in the box below:

Insight 3: LLMs are quite robust against errorneous shots in many-shot inductive reasoning
tasks.

5 DISCUSSION AND CONCLUSION

In this paper, we propose MIR-Bench, a novel, large-scale many-shot in-context inductive reasoning
benchmark and poses a difficult challenge for even the state-of-the-art LLMs. We test 15 cutting-edge
LLMs from 4-shot to 2048-shot on our benchmark, and conduct extensive ablations on many aspects
such as CoT, robustness and coding paradigm in addressing inductive reasoning problems. With
many important insights concluded from our experiments, we believe our work provides a unique
way of understanding LLM’s intelligence level under long-context scenario.

Limitations and future works. To curate MIR-Core with problems that requires many-shot ICL, we
studied many related factors such as types of problem and difficulty of the problems; however, they
are not decisive enough. A more explainable rule for determining whether a problem needs many-shot
would be an interesting avenue for future many-shot ICL works. Also, it would be interesting for
future work to explore the intelligence of multimodal models (Sun et al.l [2024} |Man et al., [2024;
Choudhuri et al.| 2024).
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APPENDIX: MIR-BENCH: BENCHMARKING LLM’S LONG-CONTEXT
INTELLIGENCE VIA MANY-SHOT IN-CONTEXT INDUCTIVE REASONING

The appendix is organized as follows. First, we include extended related work in Sec. [A] which we
put in the appendix due to page limit, and conduct an extended comparison to all related many-shot
ICL or inductive reasoning works to further illustrate the position of our work. Then, in Sec. [B]
we introduce more details in our experiments, including the prompts we adopted in our curation of
dataset and ablation experiments and the regex rule we used for extracting the answer. After these,
we provide statistical features of MIR-Bench in Sec.[C] and more experiment results in Sec.[D]

We hereby summarize the important novel insights obtained from experiments in the appendix:

1. LLMs tend to underestimate inductive reasoning difficulty during evaluation given a concise
ground truth. A better choice is to do a multi-round evaluation where LL.Ms can better
evaluate difficulty by self-reflection on its attempt for solving the problem. (Sec.[B.5)

2. While generally adding more shots increases LLM’s inductive performance, the performance
change varies with problem types. LLMs improve the most on string manipulation tasks
where each character in the input serves as a “shot” inside each example, and will not
improve if the functions are too straightforward or too difficult. (Sec.

3. The evaluation on our benchmark is robust across different random seeds; i.e., the standard
deviation of the performance is low. (Sec.

4. While some suggests that first let LLMs to write code, and then run code to get inductive
results are helpful (Cheng et al.||2024), we find such paradigm are generally not scalable
to many-shot case. Many-shot in-context inductive reasoning remains an open problem.

(Sec.

5. The performance of LLMs against erroneous shot largely depends on the ratio of errorneous
shots; under the same ratio, the total number of shots does not change much. (Sec. @

A EXTENDED RELATED WORK

Programming-by-Examples (PbE). PbE (Myers, 1986} Cypher & Halbert, [1993) is a classic
programming paradigm where programs are automatically written with user-provided input-output
pairs as examples; it can be seen as an application of inductive reasoning in coding, and has wide
application in sheet processing (Gulwani}, |2011), data parsing (Leung et al., [2015), and systematic
drawing (Cheema et al.l [2014)). It is traditionally addressed by symbolic-based approaches, such
as heuristic search (Gulwanil 2011; |Cheema et al., |2014)), version space algebra (Lau et al., [2003))
and learning weights for rule probabilities (Menon et al., [2013)); this symbolic formulation has
largely limited the generalizability of PbE. Recently, as LLMs have proved themselves to be strong
coders (Guo et al., [2024), several works tried to address general-purpose PbE with LLMs (Shi et al.|
2023} [2024; Shao et al., [2024; |Li & Ellisl [2024). None of them, however, considers many-shot
scenario with more than 10 shots. Compared to existing works, Our benchmark is organized in a way
that resembles many-shot PbE paradigm, but for most of the evaluations, the LLMs we tested are not
required to write code; instead, they only need to directly predict output for new input. That being
said, with minimal adaptation, our proposed benchmark can fill in the blank of many-shot PbE study
(and we explored this in Sec. [D.5).

A complete comparison with prior works. Tab. 2| shows a detailed comparison of our work to
existing works (including empirical study and benchmarks) in the field of many-shot and inductive
reasoning. As shown in the table, our work is indeed unique among all the many-shot ICL and
inductive reasoning works.
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Table 2: Comparison on our benchmark with the most related prior many-shot / long-context
benchmarks or empirical studies (first part) and inductive reasoning benchmarks or empirical studies
(second part). To save space, we abbreviate “Many Shot” as MS, “Inductive Reasoning” as IR (/\

represents “classification only”), “Prob.” as problems, and “I/O Div.” as “Input/Output Diversity

1)

(having at least 2 different input-output types, e.g., given an array and output an integer, or
given a pair of strings and output a choice). “Gen.” means “Generative”, which means whether new
test cases can be easily generated without much human effort. “LB” means whether a leaderboard is
available, and “EE” means “Easy Evaluation”, i.e., whether a pipeline for evaluating any given new
model exists. “New Data” means whether the input-output data never appears in existing benchmarks
(/\ means partly); if so, the benchmark is secured against data contamination. Note, the counting of
#IR Problems and “Gen.” take different target input-output for the same mapping into account, but
do not take different sets of shots into account.

Evaluations MS IR  #IR Prob. I/ODiv. Max#Shots Gen. LB EE New Data
Classifications | 2023) v A ~25K X 2000 X X X X
Many-Shot ICL (Agarwal et al v v 450 v 2048 v X X A
Classifications (Bertsch et al}[2024) v A 1250 X 2000 X X A X
v . 4010 X ~2000 X X v X
v X 0 v 300 v X v X
v A 100 X 256 v X A v
v X 0 X 512 v X X v
v A 500 % ~10K X X v X
v : 3000 X ~2000 X v v X
v 1000 v 7252 X X X X
v X 0 X 256 v X v v
v VAN 400 % 600 X % v v
BABILong X v unknown v unknown v v v v
KORBench (Ma et al.[[2024) X v 50 v 3 X v v v
SolverLearner 'W X v 1300 v 16 v X X v
Case2Code IIT X v 1.3M v 10 X X X v
DEER (Yang et al.[[2024b) X v 1250 X 3 X X X v
List functions (Rule, X v 4000 X 5 v X v v
SyGus ( X v 89 v 3 X X v v
ARC (Chollet; 2019 X v 800 X 3 X v v %
ID-ARC X v 900 X 3 X X v Vv
Mini-AR lm.l X % 150 X 3 X X v v
WILT (Banatt et al.}[2024, X v 50 X 30 X v v Vv
LogicVista (Xiao et al.||2( X v 107 v 10 X X v v
CLUTRR (S 2019 X v 70K X N/A v X v v
MIRAGE ( X v 2000 v 8 v X X v
ACRE ( X % 30K X 10 v X X v
Mini-S v v 400 X 100 v X v Vv
Ours v Vv 6930 % 2048 v v v v
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B MORE EXPERIMENT DETAILS

B.1 PROMPTS FOR MAIN RESULTS

We provide the prompt for the main results in Sec. and Sec. [4.2]in the box below (the first
commented line is not a part of the prompt):

@)rompt for main results \

You are given some function that takes something as input and output something. You need to predict the
output for the target input of that function. Remember always end your answer with *Output: your answer’,
with your answer in strict python format. Here are some examples:

Input: <example input 1>

Output: <example output 1>

Input: <example input 2>

Output: <example output 2>

... (omitting more shots)

@ut: <target input> J

B.2 PROMPTS FOR ABLATIONS

Effectiveness of CoT. The following boxes demonstrate the prompt for the result used in Sec.
with forced CoT and no CoT respectively (the first commented line is not a part of the prompt):

@rompt for forced CoT \

You are given some function that takes something as input and output something. You need to predict the
output for the target input of that function. You need to first analyze it after *Analysis:’, then give your
answer after *Output:’. Remember always end your answer with *Output: your answer’, with your answer
in strict python format. Here are some examples:

Input: <example input 1>

Output: <example output 1>

Input: <example input 2>

Output: <example output 2>

... (omitting more shots)

Input: <target input>

@)rompt for no CoT \

You are given some function that takes something as input and output something. You need to predict
the output for the target input of that function. Your answer should always be ’Output: your answer’,
with your answer in strict python format. DO NOT OUTPUT ANYTHING ELSE INCLUDING YOUR
THOUGHTS. Here are some examples:”

Input: <example input 1>

Output: <example output 1>

Input: <example input 2>

Output: <example output 2>

... (omitting more shots)

@ut: <target input> J

Robustness of LLM inductive intelligence. The following box demonstrates the prompt for the
result used in Sec. [4.5] For the “unaware” setting, we use the same prompt as that in the main results;
for the “aware error” and “aware ratio” setting, we use the following prompts respectively:
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@rompt for “aware error” \

You are given some function that takes something as input and output something. You need to predict the
output for the target input of that function. Remember always end your answer with *Output: your answer’,
with your answer in strict python format. Here are some examples. Note that not all shots are correct; there
are a small portion of shots that are incorrect:

Input: <example input 1>

Output: <example output 1>

Input: <example input 2>

Output: <example output 2>

... (omitting more shots)

Again, note that not all shots are correct; there are a small portion of shots that are incorrect. Use your
caution and think wisely.

Input: <target input>

@rompt for “aware ratio” \

You are given some function that takes something as input and output something. You need to predict the
output for the target input of that function. Remember always end your answer with *Output: your answer’,
with your answer in strict python format. Here are some examples. Note that not all shots are correct; there
are <number of error shots> out of <total number> shots that are incorrect:

Input: <example input 1>

Output: <example output 1>

Input: <example input 2>

Output: <example output 2>

... (omitting more shots)

Again, note that not all shots are correct; <number of error shots> out of <total number> shots that are
incorrect. Use your caution and think wisely.

@ut: <target input> J
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B.3 PROMPTS FOR REFORMATTING APPS PROBLEMS (SEC.[3.2)

The following box demonstrates the prompt for reformatting APPS problems in the “function
collection” part of Sec.[3.2]

# prompt for reformatting
You are a coding expert. You will be given a problem and corresponding solution. Rewrite the solution
such that:
1. It becomes a single function named ’solution’, which takes parameters as input instead of reading from
input() function if there is any;
2. There is no code out of the solution function and no solution class. All auxiliary functions should be
defined inside the solution function, and all imports should also be in the function.
3. The solution function should not have any print() function. Instead, it should return the result of the
function. If you need to output any rationale, leave them in comments. Your output must be directly
runnable without any change.
4. Just output the rewritten function; do not test it with extra statements.
Here is an example:
[[Problem]]
problem: Given a string, you need to reverse the order of characters in each word within a sentence while
still preserving whitespace and initial word order.
Example 1:
Input: "Let’s take LeetCode contest”
Output: ’s’teL ekat edoCteeL tsetnoc”
Note:
In the string, each word is separated by single space and there will not be any extra space in the string.
[[Solution]]
class Solution:
def reverseWords(self, s):
‘type s: str
:rtype: str
rev_str = s[::-1]
rev_arr = rev_str.split()
final = rev_arr[::-1]
return ’ ’.join(map(str, final))
[[Rewrite]]
def solution(s):
‘type s: str
irtype: str
rev_str = s[::-1]
rev_arr = rev_str.split()
final = rev_arr|[::-1]

k return ’ ’.join(map(str, final)) J

B.4 PROMPT FOR THE GENERATION OF DATA GENERATOR

The following box demonstrates the prompt for generating data generator:
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# prompt for generating data generator
You are a coding expert. You will be provided a coding question and corresponding solution. Please write
two python function that randomly generates test case for the question. Specifically:
The first function’s name is genl, which generates random data (should be able to generate VERY
DIVERSE, i.e., at least 1000 different data points).
The second function’s name is gen2, which generates data that is slightly harder than those generated in
genl. (should be able to generate at least 100 different data points).
You shall not define any function outside genl or gen2. Should you use any helper function, make them
inner functions inside genl or gen2. You genl and gen2 function should have and only have one int
parameter, which is the number of cases.
Finally, the special cases should be designed as informative as possible that reveals the underlying function
when looking at the input and corresponding output from the solution.
Here is an example. Note the output of genl and gen2 should be a list of dicts describing the parameters,
and your special case input should be a dict describing the parameters. Please follow the format, and do
not generate cases that are too long. Do not output any other text; put all your thoughts after “'# rationale:”
as shown in the example.
[[Problem]]
from typing import List
def has_close_elements(numbers: List[float], threshold: float) -> bool:
”” Check if in given list of numbers, are any two numbers closer to each other than given threshold.
>>> has_close_elements([1.0, 2.0, 3.0], 0.5)
False
>>> has_close_elements([1.0, 2.8, 3.0, 4.0, 5.0, 2.0], 0.3)
True
from typing import List
[[Solution]]
sorted_numbers = sorted(numbers)
for i in range(len(sorted_numbers) - 1):
if sorted_numbers[i + 1] - sorted_numbers[i] < threshold:
return True
return False
[[Genl]]
# rationale: none
import random
def genl(num_cases: int):
low, high = 5, 10 # generate lists between length 5 to 10
data =[]
for i in range(num_cases):
N = random.randint(low, high)
Ist = [round(random.random() * 10, 1) for _in range(N)]
threshold = round(random.random(), 1) + 0.1
data.append(’numbers’: Ist, "threshold’: threshold)
return data
[[Gen2]]
import random
def gen2(num_cases: int): # rationale: the data is slightly harder as the list is slightly longer
low, high = 10, 20 # generate lists between length 10 to 20
data =[]
for i in range(num_cases):
N = random.randint(low, high)
Ist = [round(random.random() * 10, 1) for _ in range(N)]
threshold = round(random.random(), 1) + 0.1
data.append(’numbers’: lst, "threshold’: threshold)

K return data /

B.5 LLM DIFFICULTY LABELING

In Sec.[4.2] we discussed several factors for problems which leads to LLM’s few-shot and many-shot
performance difference, and one of them is LLM-evaluated function difficulty level. While seemingly
straightforward, a reliable evaluation of difficulty for LLM is highly non-trivial, as LLM tend to
underestimate inductive reasoning difficulty when given a simple ground truth function. We
provide an example below in the box with GPT-4o-latest as the prompted model:
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# Prompt
You are an expert in coding and inductive reasoning. You will now be given a function that solves some
problems in python and some example input-output pairs.
Please rate the difficulty of guessing the function through input-output pairs. You should judge the difficulty
NOT on whether the function itself is easy to write, but on whether it is easy to guess. You should first give
your rationale after [[Analysis]], then end your answer with *Overall Score: [[x]]’, where x is your score
from 1 to 10.
[[code]]
def solution(l):

return [[i] for i in range(1, len(l)) if 1[i] % i == 0]
[[data]]
Input: °1’: [40, -13]
Output: [-13]
Input: °1’: [-87, 29, -27, 90]
Output: [29, 90]
Input: ’1: [48, -4, 16, -63, -32, -5, -32, -45]
Output: [-4, 16, -63, -32, -5]
Input: °1’: [-75, 77, 44, 10, 17, -71, -80, -11, -68, -41]
Output: [77, 44]
Input: °1’: [87, 71]
Output: [71]
# LLM’s response
[[Analysis]] To solve this puzzle, the key is to identify the rule used to filter the input list ‘1°. By observing
the given input-output pairs and the function definition, the pattern can be deduced as follows:
Function Logic. The function constructs a new list from the original list ‘1°, starting from index ‘1°. For
each element at index ‘i, it checks if the element is divisible by its **index** (using ‘1[i] % i == 0°). If
true, it includes the element in the resulting list.
Difficulty Analysis Based on Input-Output Pairs. **Clues that might help guess the function:** 1.
**The output never includes the first element of the input list.** This suggests that index-based filtering is
involved.
2. **Only specific elements from the input list appear in the output.** A guesser would likely try to find
what distinguishes the selected elements from the others. Given the presence of both positive and negative
numbers, divisibility by index is a plausible criterion.
3. **The divisibility condition isn’t obvious at a glance.** It isn’t immediately clear that elements are
being checked for divisibility by their **index**, as it’s somewhat unconventional. Most people would
initially look for a rule involving the values themselves, like even/odd checks, thresholds, or signs.
What Makes It Difficult to Guess?
1. The divisibility rule by index is **non-intuitive**. Divisibility by **element values** is a common
guess, but divisibility by **index** is not.
2. The function starts from index ‘1° instead of ‘0°. This subtle detail could mislead a guesser into thinking
it’s a filtering rule based on the **position** in the list rather than the index value.
3. The rule applies to **all elements**, regardless of their sign or magnitude. This broad applicability
makes it harder to pin down the exact condition.
What Makes It Easier to Guess?
1. **Simple filtering condition:** Despite the challenge, once a guesser considers index-based filtering,
the rule becomes easy to validate.
2. **The input-output pairs are consistent.** There are no exceptions or edge cases that would throw off a
guesser.
Overall Score: [[7]] (moderately difficult) J

GPT-4o0-latest gives an average difficulty score of 7.2 / 10 out of 5 evaluations (which indicates
moderate-to-high difficulty), while GPT-40-0806 gives much lower difficulty score (below 5). This
problem, however, is in fact so difficult that we have to exclude it from our benchmark, i.e., have 0
accuracy for all five models { GPT-40-0806, GPT-40-mini-0718, Gemini-Pro 1.5-002, Gemini-Flash
1.5-002, Mistral-Large-2} across {4, 8, 16, 32, 64, 128, 256, 512, 1024, 2048} shots in 10 test cases.

To address such issue, we adopt a multi-round conversation approach with self-reflection. We first let
the LLM to try to solve the problem without code by itself, and then reveal the ground-truth answer
and let LLM to score the difficulty based on self-reflection. The box below demonstrates an example:
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# Round 1 prompt

You are an expert in inductive reasoning. You will now be given a function that solves some problems and
some example input-output pairs. You need to guess the answer for the one last input. After that, you will
be given the answer and the code, you need to do a self-reflection on your attempt, and rate a difficulty
level for future guessers. Here are some examples:

< few-shot examples of the whole conversation>

Here is the target problem:

[[Problem]]

Input: {’Ist’: ['V4’,°V10’,°V4’,’V0’,’V9’,°V4’,’V2’ ’V14’,°V16’, V9’ ]}

Output: [’V0’,’V2’,’V4’,°V4’ °V4’,°V9’,°V9’, °V10’, ’V14’,°V16’]

Input: {"Ist’: ['V0*,°V13’,°V1’,’V4’,°V2’ °V10°,°V6’,’V5’,"VB’, "VI']}
Output: ['VB’,’V0’,’V1’,’V1’,°V2’,°’V4’,°’V5’,°V6’, ’V10°, ’V13’]
Input: {"Ist’: 'VO0+’,’V3’,°V14’,°V13’]}
Output: ['V0+’,°V3’,°V13’,’V14’]
Input: {’Ist’: ['V12’,°V6’,°V7°,°V2’,’VB’,’V2’,°’V3’ V0, "V4’,’V6']}
[[Solution]]
# Round 1 response
The solution appears to sort the elements in each list lexicographically, maintaining any duplicates in their
respective positions within the sorted order.
Following this rule, for the input “Ist’: ['V12’,°V6’,°V7’,’V2’,°VB’,’V2’,°V3’,’V(’, °’V4’,’V6’]*, the
output should be:
**Qutput:** ‘[*V0’,’V2’,°V2’,°V3’,’V4’,°V6’, ’V6’, ’VT7°,°V12’, ’VB’]* J
# Round 2 prompt \
[[Response]] Now, I will tell you the answer is ['VB’, "V0’, ’V2’,°V2’,°’V3’,°’V4’ ’V6’, °V6’, °VT’,
’V12’]. Here is the code for the function:
def solution(lst):
def grade(v):

if v=="VB’: return -2

if v=="VO0’: return -1

if v=="VO0+’: return 0

return int(v[1:])

return sorted(lst, key=grade)

Based on the answer, your guess and the code, do a self-reflection on your attempt, and rate a difficulty
level between 1 to 10 inclusive for future guessers with different shots sampled for the same function. You
MUST always end your answer with “Difficulty: [[x]]” where x is 1 to 10.
# Round 2 response
In my initial attempt, I focused on lexicographical sorting but overlooked the specific priority handling
in the function for values like ”VB” and ”V0.” The code clarifies that "VB” should always appear first,
followed by ”V0,” and then ”VO0+,” with all other values ordered by their numeric suffix. This customized
grading system is subtle, especially without the code, as it combines both conditional priorities and numeric
sorting.
Overall, understanding the need for this specific grading logic adds some complexity, but it’s manageable
once recognized.

@fﬁculty: [[41] /

With such paradigm, we found that the evaluation from LLMs are much more accurate.

B.6 ANSWER EXTRACTION
We use the following way to extract final answer:

1. find the last occurence of “utput:” in LLM’s response, which can be either “output” or
“Output”;

2. remove trailing “**” after “output:” for bold, “‘ and “‘python in the answer for python
format, and then remove all leading and trailing whitespaces and linebreaks;

3. conduct an exact match. If succeeds, the LLM is considered to be correct; otherwise, we try
to convert the output into a python object by using ast.literal_eval(). If the convertion fails,
the LLM is considered to be incorrect.
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Table 3: Number of functions extracted from each coding benchmark.

HumanEval+ MBPP+ APPS Total

MIR-Core 26 35 239 300
MIR-Extended 53 89 551 693

4. If the output can be converted to a single-key dictionary or single-element set, we will do
an exact match between the value of the dictionary / element of the set to the ground truth
answer with both converted to string (This is to account for responses similar to {“ans”: 3}
with ground truth being 3); otherwise, we do an exact match between the whole output and
the ground truth answer converted to string.

B.7 ROBUSTNESS TEST: ERRONEOUS SHOTS

We generate test cases with erroneous shot in the following way:

1. For n-shot with a given error rate £'R, randomly sample E R X n indices to be the “erroneous
shots” with incorrect answer. ER X n is guaranteed to be an integer.

2. for each “erroneous shot”, we randomly sample one unused shot as we generate 20000 shots
for each function, and substitute the original output with the selected shot’s output. We will
re-sample the unused shot if its answer is identical with the original shot.

C STATISTICAL FEATURES OF MIR-BENCH

C.1 DATA SOURCE

Tab. E] shows that out of 693 functions in MIR-Extended and 300 functions in MIR-Core, how many
problems are extracted from each coding benchmark (HumanEval+, MBPP+ and APPS).

C.2 PROBLEM TYPES IN SEC.

To study the effect on the topic of the problems for whether the problem benefits from many-shot, we
first try to cluster the 693 problems in MIR-Extended using GPT-40-0806. More specifically, we first
prompt the LLM to generate python-style tags for each problem with the following prompt:

# prompt for tags

You are an expert in coding. You will now be given a function that solves some problems and some example
input-output pairs. You need to briefly summarize what the function is about in a tag in high-level, with no
more than 5 words connected with ’_’. DO NOT OUTPUT ANYTHING ELSE. Here are some examples:
<some examples>

[[Codel]]

[[Input-Output Pairs]]

@n swer]] J

after acquiring tags for each problem, we prompt the LLM to merge all different tags down to 30
different tags with 6 major types: {List Analysis, List Manipulation, Mathematical Computations,
String Analaysis, String Manipulations, Other}. Tab. 4| shows the number of problems, detailed tags
and metric D (defined in Eq. (I))) for each problem type.

Based on the results, we find that generally adding more problem will have a positive effect on
performance; however, for some types of problem such as geometric calculation and summation,
the performance will decrease with more shots included. Upon checking those problems, we found
them mostly fall into two categories: 1) the function is relatively straightforward, but the LLM gets
confused with more shots due to over-complicated guesses; 2) the function is too hard to guess, and
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the LLM cannot make reasonable guesses when aggregating many pieces of information. The boxes
below give examples for case 1) and 2) respectively:

ﬁ Case 1: Straightforward Problems \

[[Code]]
def solution(num: int) — int:
steps =0

while num > 0:
if num % 2 == 0: num /=2
else: num -= 1
steps += 1
qquad return steps
[[Input-Output Pairs]]
Input: {’num’: 68037}

<

ﬁ Case 2: Difficult Problems
[[Code]]
def solution(boardSize, initPosition, initDirection, k):
yq, yr = divmod(initPosition[0] + k * initDirection[0], 2 * boardSize[0])
xq, xr = divmod(initPosition[1] + k * initDirection[1], 2 * boardSize[1])
# Calculate the final position considering reflections
return [min(yr, 2 * boardSize[0] - yr - 1), min(xr, 2 * boardSize[1] - xr - 1)]
[[Input-Output Pairs]]
Input: {’boardSize’: [10, 11], "initPosition’: [5, 9], "initDirection’: [1, -1], ’k’: 264}

thput: 9, 9] j

On the other hand, problems such as removing duplicates and string manipulation generally benefit
more from many-shot, probably because manipulation on each element / character can be considered
a shot by itself, and thus the effective number of “shots” in such types of problems are higher. Note,
“Others” problems have relatively high value of D because of one outlier; other than the outlier, it is
almost equal to average level of D across MIR-Extended.

C.3 OTHER FACTORS STUDIED IN SEC.[4.7]

Fig.[/|illustrates the relation between our metric D (see Eq. for definition) for distinctiveness
between few-shot and many-shot performance.

D MORE EXPERIMENT RESULTS

D.1 ANALYSIS ON THE STABILITY OF EVALUATION

As we use 0 temperature in the evaluations in our main papers, it is possible that the performance
vary across LLM inferences with different random seeds, hence making our evaluation unreli-
able. To address such concern, we report the mean and standard deviation of the performance
across 5 models {GPT-40-0806, GPT-40-mini-0718, Gemini-Pro 1.5-002, Gemini-Flash 1.5-002,
Mistral-Large-2} over 5 different inferences with temperature 0.7 in Fig. [8{on MIR-Extended with
4,8,16,32,64,128,256, 512 shots. The result clearly shows that the standard deviation for all models
are very small, and thus our evaluation is reliable.

D.2 COMPLETE RESULTS ON MIR-EXTENDED AND MIR-CORE (SEC.[4.1] [4.2)

For better readability, we only put the performance of part of the models for MIR-Extended and
MIR-Core in the main paper; Fig.[0]demonstrates the performance of all models.
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Table 4: The tags for problem topics and related statistics; D is the average metric (see Eq. for
definition) of the corresponding type of problems in MIR-Extended. We marked entries with D > 0.1
blue and D < —0.1 red. While increasing the number of shots generally brings better performance,

We find that string manipulation benefits the most from many-shot.

Major Tag Minor Tag # Questions in MIR-Extended # Questions in MIR-Core D
List Analysis Counting Elements 4 2 0.075
List Analysis Counting Occurences 25 9 0.017
List Analysis Maximum/Minimum Elements 30 5 -0.024
List Analysis Statistics 2 0 0.041
List Analysis 61 16 0.001
List Manipulation Filtering Elements 30 14 0.066
List Manipulation Generating Sequences 15 6 0.077
List Manipulation Mapping Elements 9 3 -0.022
List Manipulation Removing Duplicates 6 4 0.136
List Manipulation Sorting Elements 16 7 -0.041
List Manipulation 76 34 0.041
Mathematical Computations Basic Arithmetic 35 12 0.085
Mathematical Computations Boolean Determination 7 0 0.033
Mathematical Computations ~ Calculations Based on Formulas 98 32 0.051
Mathematical Computations Condition Checking 43 20 0.114
Mathematical Computations Geometric Calculation 4 2 -0.110
Mathematical Computations Number Base Conversions 12 5 0.038
Mathematical Computations Rounding 7 5 0.185
Mathematical Computations Summation 5 0 -0.128
Mathematical Computations 211 76 0.066
String Analysis Character Code Calculations 14 3 -0.004
String Analysis Comparison 13 6 0.255
String Analysis Counting Characters 29 10 0.050
String Analysis Pattern Matching 27 7 0.084
String Analysis 83 26 0.084
String Manipulation Case Transformation 19 7 0.089
String Manipulation Encryption/Decryption 8 4 0.061
String Manipulation Generating Substrings 8 4 -0.027
String Manipulation Rearranging Characters 48 22 0.105
String Manipulation Substitution 36 30 0.327
String Manipulation Substring Replacement 33 22 0.205
String Manipulation Swapping Parts 6 5 -0.053
String Manipulation Transformation 34 17 0.083
String Manipulation 192 111 0.160
Others 76 37 0.123
Total 693 300 0.092

D.3 OUT-OF-CONTEXT RATE FOR 1024 AND 2048 SHOT IN MIR-EXTENDED

Tab. [5] shows the rate of out-of-context error we received when invoking APIs for MIR-Extended.
Some models other than Gemini (which has > 1M context length) have an error rate of 0, which
could due to its internal truncation.

D.4 MORE RESULTS ON MANY-SHOT INDUCTIVE REASONING WITH COT

Tab. [f]lists the ratio of CoT / no CoT and their respective performance for more models on MIR-Core
using original prompt. Fig. [T0]illustrates the performance difference for more models between forced
CoT and no CoT. The result shows that results with no CoT are indeed better than those with forced
CoTs, and such gap increases with the number of shots.

D.5 SOLVERLEARNER

Cheng et al.|(2024) proposed SolverLearner, an inductive reasoning framework where LLMs write
code first for inductive reasoning problems and then generate answers with python interpreter. With
such framework, the authors claim that LLMs demonstrate remarkable inductive reasoning capabilities
under their framework. However, their study is limited to a few relatively weak LLMs, (GPT-3.5,
GPT-3), limited amount of inductive reasoning problems and few-shot; to check whether such solution
also works for the many-shot case, we re-implement their method on MIR-Core.
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Figure 7: Single-factor analysis between each factor in Sec. and our distinctiveness metric
D. Each point represents one of the 693 functions in our benchmark. The black line is the linear
regression result of all functions in MIR-Extended; it is clearly shown that D is positively related to
difficulty level and code length. The 64-shot accuracy is an average of { GPT-40-0806, GPT-40-mini-
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0718, Gemini-Pro 1.5-002, Gemini-Flash 1.5-002, Mistral-Large-2} over 10 test cases.

Below are the prompt we used for generating code solution:
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0.554
0.501
> GPT40-0806
& 0.45 GPT40-mini-0718
5 Gemini-1.5 Flash-002
9 0.40 —— Gemini-1.5 Pro-002
< —— Mistral-Large-2
P \\
0.304

2 4 6 8
Number of shots (in power of 2)

Figure 8: The performance of 5 cutting-edge LLM models on MIR-Extended with temperature 0.7

across 5 runs. The result clearly shows that the standard deviation of accuracy is always below 0.01,
and thus the evaluation is highly stable.

0.7 Claude-3-Haiku
0.6 Claude-3-Sonnet
0.6 Claude-3.5-Haiku
0.5 —— Claude-3.5-Sonnet
> >0.5 Gemini-1.5 Flash-002
@ 0.4 ® /f—\ —— Gemini-1.5 Pro-002
3 h 504 /’5\ — Gemini-2.0 Flash
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(a) MIR-Extended (b) MIR-CoRE

Figure 9: The performance of all LLMs on MIR-Extended (panel (a)) and MIR-Core (panel (b)).
As shown in Fig. [2]in the main paper, the benchmark poses challenge to all models tested including
ol-preview and ol-mini. Most models will “saturate” at a particular number of shots, i.e., their
performances stop to improve when more shots are given due to limited information integration
capability.

# Prompt for SolverLearner

You are given some function that takes something as input and output something. You need to write a
python code of the function. You need to write your rationale after # (as if it is a python comment), and
give your answer after ’Code:’. DO NOT OUTPUT ANYTHING ELSE. Your function name should be
’solution’. You are not allowed to write other custom functions unless it is inside ’solution’. Use imports
before using package functions. You must strictly follow python format, especially input / output format
(e.g., if it is a dictionary, your param should also be a dictionary). DO NOT ADD ANY STATEMENT FOR
EVALUATION AFTER ’solution’. Here are the input-output pairs for the function, with input followed by
output:”

Input: <input 1>

Output: <output 1>

Input: <input n>

Output: <output n>

Here is your code. Again, do not output anything else; Your function name should be ’solution’. You are
not allowed to write other custom functions unless it is inside "solution’. Use imports before using package
functions. You must strictly follow python format, especially input / output format (e.g., if it is a dictionary,
your param should also be a dictionary). DO NOT ADD ANY STATEMENT FOR EVALUATION AFTER
’solution’.

i Y

We test SolverLearner with {Claude-35-Sonnet, GPT-40-0806, GPT-40-mini-0718, Gemini-Pro
1.5-002, Gemini-Flash 1.5-002, Mistral-Large-2} for {16, 64, 256, 1024} shots respectively on MIR-
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Table 5: Out-of-context rate for model API calls on MIR-Extended.

Model 1024-shot (%) 2048-shot (%)
Claude-3-Haiku 0 1.67
Claude-3-Sonnet 0 1.67
Claude-3.5-Haiku 0.96 2.4
Claude-3.5-Sonnet 0 1.77
Gemini 1.5-Flash-002 0 0
Gemini 1.5-Pro-002 0 0
Gemini 2.0-Flash 0 0
GLM-4-Plus 0 0
GPT-40-0806 0.33 5.67
GPT-40-mini-0718 0.33 5.67
Mistral-Large-2 0.67 10.67
Moonshot-128K 0 0
01-mini-0912 1 11
ol-preview-0912 1 11
Qwen2-72B-Instruct 0 0

Table 6: The results on MIR-Core of each model with and without CoT. Results are averaged over
{4, 8,16, 32,64, 128,256, 512, 1024, 2048}-shot. Error rate include cases where answer cannot be
extracted and API error for exceeding context length. Claude-3.5-Haiku often refuses to answer the
question due to “incomplete data”.

Model Answer w./ CoT (%) Accuracy w./ CoT Answer w./o. CoT (%) Accuracy w./o. CoT Error (%)
Claude-3-Haiku 51.03 0.278 47.66 0.441 1.31
Claude-3-Sonnet 20.46 0.233 76.98 0.475 2.56
Claude-3.5-Haiku 65.11 0.317 1.32 0.823 33.57

Claude-3.5-Sonnet 98.73 0.585 1.08 0.775 0.19
Gemini 1.5-Flash-002 20.11 0.306 79.75 0.539 0.14
Gemini 1.5-Pro-002 20.96 0.339 78.90 0.561 0.14
Gemini 2.0-Flash 24.43 0.363 74.59 0.498 0.98
GLM-4-Plus 19.70 0.248 79.33 0.388 0.97
GPT-40-0806 10.85 0.488 88.34 0.540 0.81
GPT-40-mini-0718 37.21 0.279 61.77 0.414 1.02
Mistral-Large-2 75.66 0.306 21.64 0.403 2.70
Moonshot-128K 43.40 0.242 53.11 0.398 3.50
01-mini-0912 56.71 0.588 40.88 0.775 241
ol-preview-0912 2.54 0.334 93.63 0.696 3.82
Qwen2-72B-Instruct 1.85 0.130 97.05 0.349 1.10

Core. For each code snippet, generated by LLMs, we set a limit of 1 second for execution, as we
need to run 300 functions x 10 test cases x 4 different number of shots x 6 models = 72000 code
snippets.

Tab.[7|demonstrates the accuracy of each model (with difference from the standard inductive reasoning
paradigm) on MIR-Core, and Tab. [§|demonstrates the error rate when writing code. We found that
the effect of SolverLearner varies from model to model; i.e., SolverLearner does not necessarily
improve performance on our benchmark. Also, SolverLearner does not seem to utilize many-shot
well; the performance increase from 16-shot to 1024-shot is much smaller than that of standard
inductive reasoning paradigm. We hypothesize such issue, similar to that in Sec.[4.4] stems from the
complicated nature of the code. Also, for models with relatively weaker long-context ability (e.g.
Mistral-Large-2), the error rate with many-shot will largely increase beyond its “effective” (Hsieh
et al.,[2024) context length. Thus, many-shot inductive reasoning is still an open problem and not yet
solved by straightforward solutions such as SolverLearner.

D.6 COMPLETE RESULTS ON ROBUSTNESS OF LLM INDUCTIVE INTELLIGENCE
Fig. E] shows the results of models on 64-shot, 256-shot and 1024-shot with different error rate for

the shots, where the solid lines are 256-shot or 1024-shot accuracy respectively. We find that there
are no significant performance difference across the same error rate with different number of shots
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Figure 10: Performance difference for all LLMs on MIR-Core between forced CoT and no CoT
(dotted lines). Results forced CoTs almost always works worse (with the exception of GPT4o-
mini-0718 and ol models), and such gap increases with the number of shots. Mistral-Large-2’s
gap decreases dramatically at 2048-shot as such setting often exceeds its context length and the
performance is low under both settings.

Table 7: The accuracy at 16, 64, 256 and 1024 shots respectively for SolverLearner on MIR-Core,
and its performance difference from normal inductive reasoning paradigm. We plot improvements
with > 0.02 blue and < —0.02 red. We find that the performance of SolverLearner varies from
model to model, and does not necessarily perform better than normal inductive reasoning paradigm.
Also, SolverLearner curves under many-shot are more “flat”; i.e., it does not seem to make good
use of extra information from a large number of shots. Such result indicates that LLM many-shot
inductive reasoning is still an open problem, and straightforward solutions such as SolverLearner are
not suffice yet.

Model Acc.@16 Acc.@64 Acc.@256 Acc.@1024
Claude-3.5-Sonnet 0.577(-0.009)  0.604(-0.015) 0.605(-0.017)  0.603(+0.04)
GPT40-0806 0.53(+0.012)  0.534(-0.033)  0.538(-0.029)  0.556(+0.004)

GPT40-mini-0718  0.350(-0.006) 0.375(+0.003) 0.386(+0.008) 0.370(+0.014)
Gemini-1.5 Flash-002  0.473(-0.009)  0.484(-0.03)  0.479(-0.038)  0.486(-0.03)
Gemini-1.5 Pro-002  0.469(-0.029)  0.495(-0.055)  0.483(-0.067)  0.491(-0.04)

Mistral-Large-2 0.42(+0.057)  0.430(+0.028)  0.428(+0.078)  0.356(+0.102)

(with the exception of 01-mini-0912 with 1024 shots), and the robustness persists across different
number of shots.
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Table 8: The Do-Not-Finish (i.e., no solution function generated) and Runtime Error (RE, including
timeout and exception during running) rate at 16, 64, 256 and 1024 shots respectively for Solver-
Learner on MIR-Core. Generally, with more shots, the error rate of LLMs will increase. For models
with relatively weaker long-context ability such as Mistral-Large-2, the error rate will wildly increase
under long context scenario.

Model DNF@l16 RE@16 DNF@64 RE@64 DNF@256 RE@256 DNF@1024 RE@1024
Claude-3.5-Sonnet 0 0.0027 0 0.0063 0 0.0007 0 0.0037
GPT40-0806 0 0.009 0 0.0103 0 0.0157 0.0033 0.0137
GPT40-mini-0718 0 0.0103 0 0.0147 0 0.0167 0.0033 0.017
Gemini-1.5 Flash-002 0 0.0093 0 0.0117 0 0.0087 0 0.011
Gemini-1.5 Pro-002 0 0.0093 0 0.008 0 0.009 0 0.0107
Mistral-Large-2 0 0.008 0 0.0077 0.0047 0.012 0.1163 0.0473
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Figure 11: The accuracy of models with errorneous shots under different prompt settings. The
performance of the same error rate with different numbers of total shots are similar.
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