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Abstract

Recent advances in large language models
(LLMs) have increased the demand for com-
prehensive benchmarks to evaluate their capa-
bilities as human-like agents. Existing bench-
marks, while useful, often focus on specific
application scenarios, emphasizing task com-
pletion but failing to dissect the underlying
skills that drive these outcomes. This lack of
granularity makes it difficult to deeply discern
where failures stem from. Additionally, setting
up these environments requires considerable
effort, and issues of unreliability and repro-
ducibility sometimes arise, especially in inter-
active tasks. To address these limitations, we
introduce the Massive Multitask Agent Under-
standing (MMAU) benchmark, featuring com-
prehensive offline tasks that eliminate the need
for complex environment setups. It evaluates
models across five domains, including Tool-
use, Directed Acyclic Graph (DAG) QA, Data
Science and Machine Learning coding, Contest-
level programming and Mathematics, and cov-
ers five essential capabilities: s

s , and
. With a total of 20 meticulously
designed tasks encompassing over 3K distinct
prompts, MMAU provides a comprehensive
framework for evaluating the strengths and lim-
itations of LLM agents. By testing 20 repre-
sentative models on MMAU, we provide deep
and insightful analyses. Ultimately, MMAU
not only illuminates the capabilities and limi-
tations of LLM agents but also enhances the
interpretability of their performance. The sup-
plementary materials include both datasets and
evaluation scripts for MMAU.

)

1 Introduction

Recent advancements in the field of Al have been
marked by significant progresses in the develop-
ment of LLMs. Particularly, one promising direc-
tion along this evolution is the ability of LLMs to
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Figure 1: Evaluation results across different models
on MMAU. For clarity, this figure includes only a se-
lection of representative models. The domain-centric,
capability-centric, and overall evaluation results are ag-
gregated from all 20 tasks in MMAU. For detailed per-
task evaluations, please refer to Appendix C.

perform as human-like agents (Sumers et al., 2023),
i.e., understand complex contexts, reason and plan
with complicated logic (Yao et al., 2024; Wei et al.,
2022; Liu et al., 2023a,c), make decisions, and uti-
lize tools effectively (Liu et al., 2023b; Shinn et al.,
2023; Shen et al., 2024). Consequently, the need
for comprehensive benchmarks that evaluate LLMs
as intelligent agents has become more and more
important.

While existing benchmarks (Hendrycks et al.,
2020; Yue et al., 2023; Ma et al., 2024; Liu et al.,
2023d) evaluate LLLM agents by focusing on spe-
cific application scenarios and task completion,
they struggle to reveal the underlying capabilities
driving these outcomes. For example, as shown in
Fig. 3, when an LLM encounters a complex math
problem, multiple capabilities are required to solve
it. By emphasizing task completion, existing bench-
marks often obscure whether a failure stems from
a lack of comprehension, reasoning, or calculation
error. Consequently, these evaluation methods blur
the distinctions between different types of failures,
hindering our understanding of where the error orig-
inates from and limiting our ability to gain deeper
insights into the model’s capabilities and make tar-
geted improvements. Additionally, some tasks in
existing benchmarks require considerable effort to
set up the environments, making a thorough evalua-
tion both expensive and challenging. Furthermore,
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Figure 2: Overview of MMAU. MMAU is designed to provide both capability-centric evaluation (top) and domain-
centric evaluation (bottom). It includes over 3K distinct prompts spanning 64 subjects and 5 domains. To evaluate
the fundamental capabilities of LLM agents in a disentangled manner, we carefully designed 20 tasks aimed at
decomposing these capabilities and assessing performance. Note: For clear visualization, the data examples and
prompts here are simplified to illustrate an intuitive example. For the exact data examples and prompts, please refer

to the Appendix F B.

we observe that tasks, especially interactive ones,
are sometimes less stable and reproducible due to
the stochasticity of the environment feedback dur-
ing the evaluation process. This randomness can
make it difficult to obtain consistent evaluation re-
sults and draw solid conclusions.

To address such limitations, we introduce the
Massive Multitask Agent Understanding (MMAU)
benchmark. We develop MMAU by identifing
five essential capabilities: ,

, , and
across five domains: Tool-use, Directed Acyclic
Graph (DAG) QA, Data Science & Machine Learn-
ing coding, Contest-level programming, and Math-
ematics. As a result, MMAU comprises a total
of 3,220 distinct prompts gathered from diverse
data sources. These include our in-house human
annotations for tool-use, as well as rewritten and
curated prompts from open-source datasets such
as CodeContest (Li et al., 2022), Kaggle (Plotts
and Risdal, 2023), and DeepMind-Math (Saxton
et al., 2019). Based on this dataset, we designed 20
tasks across 64 subjects, offering a comprehensive
benchmark. To avoid the complexities of environ-
ment setup and issues of unreliability, all tasks in
MMAU are performed on our 3K static dataset to

eliminate potential issues related to environment
instability.

We comprehensively evaluate 20 models on
MMAU, which include both API-based commer-
cial models and open-source models. In addition
to conventional overall comparisons and evalua-
tions tailored to specific application scenarios, we
also study the varying capabilities across differ-
ent models (Figure 1). From our study utilizing
MMAU, thorough analysis and insightful analysis
arise (Sec. 5). We envision MMAU as a valuable
benchmark that not only yields significant observa-
tions but also equips the community with deeper
insights. Our contributions are summarized as:

* We offers evaluations from both application sce-
narios and fundamental capabilities, providing a
comprehensive framework for understanding the
strengths and limitations of LLLM agents.

The evaluation process on MMAU is straightfor-
ward and unified on a static dataset, avoiding the
instability issues that may arise from interactive
evaluations and thus ensuring reliable results.

We release our evaluation dataset and scripts,
aiming to set a new standard for performance
assessment in the Al landscape.
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We also acknowledge that interactive evaluation
is necessary. MMAU does not aim to replace them
but rather to complement them by addressing the
issues mentioned above. Developing and providing
a more stable and easy-to-use benchmark for inter-
active evaluations is valuable and warrants further
studies.

2 Related Work

LLM-based Genelist Agents Researchers have
proposed various generalist agent frameworks to
create Al assistants that can understand and execute
any instruction from users. One pioneering work is
Auto-GPT (Gravitas, 2023), which uses a language
model as an Al agent that can break down goals
into actionable steps with the aid of auxiliary tools.
Integrating language models into multi-agent col-
laboration systems (Chen et al., 2023) is a cutting-
edge research area. Frameworks like AutoGen (Wu
et al., 2023), LangChain (Chase, 2022), Camel (Li
et al., 2023), AGENTS (Zhou et al., 2023b), Au-
toAgents (Chen et al., 2024), and XAgent (Team,
2023) have explored different approaches to enable
communicative agents to collaborate autonomously,
facilitate practical applications, ensure control and
customization, dynamically generate specialized
agents, and manage complex tasks effectively.
Agent Benchmarks The need for rigorous bench-
marks also arises in response to the surge in LLM-
based agents. Varying benchmarks are created to
gauge agent capability on tasks inspired by real-
world use cases. The Berkeley Function Call-
ing Leaderboard (Yan et al., 2024), NexusRaven
V2 Function Calling Benchmark (team, 2023),
ToolBench (Qin et al., 2023), StableToolBench
(Guo et al., 2024), and API-BLEND (Basu et al.,
2024) seek to evaluate the capability of LLM
agent to plan and perform function calls. Web-
shop (Yao et al., preprint), WebArena (Zhou et al.,
2023a), Mind2Web (Deng et al., 2023), Mini-
WoB++ (Humphreys et al., 2022), and VisualWe-
bArena (Koh et al., 2024) focus on the agent’s
ability to browse and interact with a web environ-
ment. A line of benchmarks consider the universal
presence of user interface (UI) and envision Ul
automation agents, including PixelHelp (Li et al.,
2020), MetaGUI (Sun et al., 2022), MoTIF (Burns
et al.), AITW (Rawles et al., 2023), and OmniACT
(Kapoor et al., 2024). SWE-bench (Jimenez et al.,
2024) tests agent capability to solve real-world soft-
ware engineering problems.

While each benchmark tends to focus on a spe-
cific application, a generalist agent should be able
to perform well on a wide range of tasks. Agent-
Bench (Liu et al., 2023d) consolidates tasks cov-
ering coding, game, and math into a single sys-
tematic benchmark. AgentBoard (Ma et al., 2024)
evaluates agent capabilities under web browsing,
tool use, embodied Al, and game domains. How-
ever, both benchmarks require containerized envi-
ronments to run and need involved effort to imple-
ment new tasks. As a result, simply stacking tasks
would lead to diminishing returns in comprehen-
siveness. MMAU takes a step back and considers a
range of core agent capabilities. Based on the core
capabilities, MMAU provides a range of tasks that
are designed to produce decoupled metrics over the
core capabilities.

Table 1 compares the supporting capabilities
of various benchmarks. PlanBench (Valmeekam
et al., 2022), specifically designed for benchmark-
ing planning capabilities in LLM agents, also sup-
ports disentangled evaluation of reasoning and plan-
ning. AgendaBoard (Ma et al., 2024) provides a
manually labeled subset for evaluating disentangled
capabilities, focusing on interactive agents, such as
spatial navigation and world modeling. In contrast,
MMAU evaluates more fundamental and essen-
tial capabilities for LLM agents. Overall, MMAU
offers a more comprehensive evaluation of funda-
mental capabilities in a disentangled manner.

3 The MMAU Benchmark

To introduce MMAU, we will start with an
overview of all included capabilities 3.1. We will
then provide detailed explanations of how each task
was designed and how the dataset across different
domains was constructed 3.2.

3.1 Capabilities in MMAU

Below, we introduce the capability definitions and
the key tasks used to evaluate them. A complete
task-capability mapping can be found in the Ap-
pendix 6.
is a fundamental capability re-
quired of an intelligent agent. In MMAU, we eval-
uate an agent’s understanding in different aspects,
including: complex instruction following, user in-
tent understanding, statistics parsing, and visual
grounding.
reflect an agent’s
thought process and ability to infer logically from
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User:
Imagine you are in charge of an apple orchard where the number of
apple trees can be represented by a quadratic expression in terms of
the constant c: ¢ + 5¢ — 36. To better manage the orchard, you
need fo break down this expression into simpler components related
fo different sections of your orchard. How can you organize these
sections by factorizing the given quadratic expression?

Understanding o
Assistant:
Sure, to organize the sections, based on my understanding, the
problem is asked to evaluate the expression directly for
different values of c. For instance, if ¢ = 2, then the
expression becomes
¢ +5c—36=2"+5x2—-36=4+10-36=—22

Assistant:

Sure, based on my understanding, this problem can be simplified
as factorizing the expression ¢? + 5¢ — 36. Let's make a plan to
solve this problem step by step

Solving ?

Assistant:

o

Sure, based on my understanding, this problem can be simplified
as factorizing the expression ¢® + 5¢ — 36, Let's make a plan to

Understanding
Solve this problem step by step:

1, Identify the coefficients of the quadratic expression: Assistant:

c?+5c—

2. Use the quadratic formula to find the roots of the
expression: ¢ = —LVPec
c=-36

53 slations (e 4)  (e-+9). «

Planning
Reasoning

Ve yherea = 1,b=5,and

Solving

Sure, based on my understanding, this problem can be simplified
as factorizing the expression ¢ + 5¢ — 36. Let's make a plan to
solve this problem step by step:

2. Treat the quadratic expression as a linear equation and solve
for ¢ by rearranging it in the form ¢ =  for some constant k.

/ 1. Identify the coefficients of the quadratic expression:
c? 4 5c - 36
Planning 2. Use the quadrati formula o find the roofs of the
Reasoning ﬁo expression: ¢ =~V yhere o = 1,b=5,and

c=-36

6. Simplify the factored form if necessary to obtain the final

factorization of the expression.
Qz solution is (¢ + 4) x (c+9). J

Figure 3: Different error types on a math problem.

Table 1: Comparison of benchmarks in evaluating core capabilities of LLM agents. “En.” and “Dis.” represent
entangled and disentangled, specifically. Understand.: understanding, Reason.: reasoning, Plan.: planning, Prob.-
solv.: problem-solving, Self-corr.: self-correction, MM: multimodal grounding.

Benchmarks Understand. Reason. Plan. Prob.-solv. Self-corr. MM
En. Dis. En. Dis. En. Dis. En. Dis.
AgentBench (Liu b 4 b 4 X X
et al., 2023d)
AgentBoard (Ma b 4 b 4 b 4 X X
et al., 2024)
PlanBench (Valmeekam X X X X X
et al., 2022)
MMLU (Hendrycks X X b 4 X X b 4 b 4
et al., 2020)
MMMU (Yue et al., b 4 b 4 b 4 b 4 b 4 b 4 b 4
2023)
MMAU
complex factors. Although reasoning and plan- L , o5 qusge
ning has been recognized in many works, it is of- | [ Plning )
ten described as a general ability, compounded Prablns
g y p (rns | Lo

with other skills, which limits deep investiga-
tion. In MMAU, we address this challenge with
the task planner-shift, designed to decompose
reasoning and planning capabilities from other
factors. Unlike standard end-to-end evaluations,
planner-shift divides the solution generation
into two stages. In stage 1, a planner model
generates a high-level plan, providing a strategy
to solve the given problem without hinting at the
final solution. In stage 2, a solver model is given
the original problem along with the plan to solve
it. This approach isolates the planning and rea-
soning processes from problem-solving. To test
planning and reasoning capabilities, we vary only
the planner model while using the same solver
model, ensuring that performance differences re-
flect the planning and reasoning capabilities. The
task design diagram is shown in Figure 4.

focuses on measuring an
agent’s ability to successfully implement or exe-
cute a task, assuming it has already understood
and planned the strategy well. To address this,

—» | Solutions

Solvershift
L Fixed Planner >| Plan

Figure 4: Construction of planner-shift task and solver-
shift task.

o Solving
& Assistant

we design a task called solver-shift, simi-
lar to planner-shift, which also performs a
two-stage generation. However, solver-shift
keeps the planner model constant and varies
only the solver models to reflect differences in
problem-solving skills, as shown in Figure 4. In
MMAU we use the tasks of planner-shift and
solver-shift in domains of Contest-level cod-
ing 3.2.3 and Math 3.2.4.

is another core capability for
an intelligent agent. It reflects the agent’s ability
to identify errors, learn from its environment and
past behaviors, and correct itself to eventually over-
come obstacles and achieve its task. In MMAU, we
evaluate this capability by specifically designing
self-correction tasks across different domains.
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3.2 Dataset Construction

The construction of MMAU encompasses both
breadth and depth of data, as illustrated in Ta-
ble 4. Our dataset is constructed from heteroge-
neous sources: 1) our in-house tool-use data, used
for tasks under tool-use and DAG-QA; 2) Kag-
gle (Plotts and Risdal, 2023) datasets, which we
rewrote to design tasks for DS & ML coding; 3)
CodeContest (Li et al., 2022), used for tasks under
contest-level coding; and 4) DeepMind-math (Sax-
ton et al., 2019), used for math tasks. MMAU
involves curating and rewriting these data sources.
In the following section, we will explain how we
leveraged these source data to construct MMAU.

3.2.1 Tool-Use

We curated an in-house dataset for tool-use with
conversation trajectories following the standard
tool-use (a.k.a. function-calling) protocol. We se-
lect from a subset of Rapid API Hub ! functions to
create realistic scenarios with user queries, ground
truth function calls and actual function returns from
the RapidAPI endpoints. In total, our in-house tool-
use dataset consists of 409 single-step (task:single-
tool-use) and 258 multi-step tool-use conversations
(task: multi-turn multi-tool-use). Out of the 409
single-step tool use conversations, 225 require mak-
ing parallel tool calls (task: parallel-tool-use).
Figs. 8, 9 and 10 show some of these examples. We
adapt this dataset for the following tasks.

Task: Tool-use Benchmarking agent tool-use
following the standard protocol requires an interac-
tive environment. To simplify the evaluation pro-
cess, we instead evaluate the model’s response at
each assistant turn (i.e., where a function call is ex-
pected), conditioning on the ground-truth versions
of all previous user or assistant turns. For evalua-
tion, we check if the model’s tool call matches that
of the ground truth, i.e. calling the same function
and the same parameters.

Task: DAG QA In this task, a user presents a set
of requirements to which the LLM must respond
by selecting and ordering a sequence of tool invoca-
tions from multiple choices provided. This design
examines whether the model can identify the rel-
evant tools and deduce the correct dependencies
between them. The prompt enumerates the possi-
ble tool use orderings from which the LLM agent is
asked to pick one, and the label is derived from the
ground truth function call sequence. For example,

"https://rapidapi.com/hub

we transform the multi-step example in Figure 9
into a DAG QA task as shown in Figure 12

Task: Tool-use Self-correction From the tool-
use dataset described above, we derive two classes
of errors to test the model’s self-correction ability:
Temporary error simulates a tool that is temporar-
ily unavailable. From the ground truth messages
[user queries, tool-calls and tool responses], we
substitute a random temporary error (e.g. “429:
too many requests”, “504: gateway timeout”) in
place of the tool response.
Incorrect call simulates a previous tool call or
response containing an error. We mutate the ground
truth tool-call to be incorrect by changing the ar-
guments or the function name, issue the modified
call, and save the updated tool response. Given
the message history of [user queries, mutated calls,
updated tool responses], the model is expected to
retry with the correct call.
The evaluation metric is the exact match accuracy
of the function name and arguments against the
ground truth.

3.2.2 Data Science and Machine Learning

We leverage the Meta Kaggle Code dataset (Plotts
and Risdal, 2023) and curate 28 Python notebook-
style conversations, with 123 conversation turns.
Each turn begins with a user request for code gener-
ation. Among all requests, 83 requests expect text-
based outputs from code and 40 requests expect im-
age outputs. Due to the open-ended nature of code
generation, we created multiple-choice questions
that require information from successful code exe-
cution to fully address, resulting in 207 text-based
questions and 121 image-based questions. Figure
13 shows an example turn with multiple choice
questions. We report QA accuracy as the main met-
ric and vary the combination of code model and
QA model to produce different evaluation settings.

Task: E2E Code Generation and QA In this
setting, we aim to gauge the overall capability. the
evaluated model is responsible for both code gener-
ation and QA.

Task: Code Generation and GPT-4 QA In this
setting, we isolate the code generation capability
of the model. After generating code from the eval-
uated model, we adopt a strong multimodal model
(GPT-4 (Achiam et al., 2023)) to serve as control
and perform QA based on code execution outputs.

Task: QA from Oracle Code In this setting, we
specifically focus on the textual and visual under-
standing proficiency of the model decoupled from
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code generation. We obtain oracle output by exe-
cuting ground truth code implementation and then
pass to the evaluated model to perform QA.

Task: DS & ML Self-Correction This setting is
similar to the E2E setting, however, whenever code
execution fails, we use the execution error message
to prompt an additional code generation turn.

3.2.3 Contest-Level Coding

For contest-level coding problems, we select 261
problems from the Valid and Test splits of the
CodeContests dataset (Li et al., 2022) which in-
cludes competitive programming problems. We
adapt these 261 problems for the following tasks.

Task: E2E Standard In this task, models are
challenged with a variety of coding problems. The
effectiveness of the solutions is measured by exe-
cuting the code against all predefined test cases (Li
et al., 2022). All CodeContests results reported in
this paper are based on pass@K (K=5) accuracy.

Task: Planner-shift and Solver-shift As intro-
duced in Section 3.1, we use thses two tasks to
extensively measure the agent’s capability in plan-
ning and problem-solving, respectively. We eval-
uate both of these tasks by generating K Python
code solutions and verifying their pass rate.

Task: Problem Parsing Unlike the other tasks,
this task does not require the model to write or exe-
cute any code. Instead, given a problem statement
and associated test cases, the model is only tasked
with predicting the outputs for these test cases. An
example is shown in Figure 14. Our rationale is
that if a model truly grasps the problem, including
its complex instructions and user intent, it should
be able to accurately predict the outputs based on
its understanding alone. We use match accuracy as
the evaluate metric.

Task: CodeContest Self-correction For the
E2E standard task above, we collect the error mes-
sages of each candidate solution if it does not
pass some test cases, including 4 types of errors:
empty solution, compilation error, runtime error,
and wrong outputs. Then, we follow the setup
as what we used in Tool-use self-correction
(Sec. 3.2.1) to append the error content as a feed-
back user message to the message list, and ask the
model to try again. We still measure the pass@K
metric by generating K candidates independently.

3.24

The source data in the domain of math, derived
from DeepMind-Math (Saxton et al., 2019), con-

Mathematics

sists of 1,000 carefully curated math problems
spanning 56 subjects, including calculus, geometry,
statistics, and etc.

Task: E2E Standard We adhere to standard
protocol by incorporating a Chain-of-Thought
(CoT) (Wei et al., 2022) into the prompt to gen-
erate the answers end-to-end, and using accuracy
as the evaluation metric.

Task: Planner-shift and Solver-shift As intro-
duced in Sec. 3.1, we use the two tasks to assess
the model’s planning and problem-solving abilities
in a two-stage manner, avoiding confounding influ-
ences from other capabilities. The prompts used
for each task can be found in the Appendix B.

Task: Comprehend+. To better isolate and as-
sess the understanding capability without excessive
interference from other skills, we have devised a
new task named Comprehend+. Our hypothesis
is that problems that are straightforward mathe-
matically but complex in their descriptions rely
more heavily on understanding capabilities. To
test this, we first selected a subset containing only
the mathematically simpler problems, and then use
an LLM to create new math problems that feature
more complex descriptions or harder problem state-
ments but retain the same underlying mathemati-
cal constructs from each data sample. A rewritten
math problem example is shown in Fig. 11. After
curation and verification, we finalize 676 newly
created problems for Comprehend+. Please refer to
Appendix A.5 for details of dataset creation.

4 Evaluation

We comprehensively evaluate 20 models on
MMAU. All evaluation model details are listed
in Table 5. For easier reading, the main paper
presents only the aggregated evaluation results. For
the evaluation results over all 20 tasks, please refer
to Appendix C.

4.1 Domain-centric Evaluation and Analysis

As shown in Table 2, there is a clear performance
gap between API-based commercial models and
open-source models across all evaluation domains.
Among the commercial models, the GPT-4 family
(including GPT-40 and GPT-4) consistently outper-
forms other models. In math and contest-level cod-
ing, GPT-40 demonstrates a significant advantage.
Additionally, Claude3-Opus and Gemini-1.5-pro
perform reasonably well. While for open-source
models, a significant number do not support tool-
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Table 2: Domain-centric evaluation results. All values are reported as percentages (%). Models that do not support
tool use are labeled as N/A, while models not supporting multi-tool tool-use tasks are marked by *2. The bolded

and underlined numbers indicate the 1st and 2nd highest performances in each category.

Model Tool-use DAG DS&ML CodeContests Math
GPT-40 (OpenAl, 2024a) 69.33 77.38 66.52 31.80 53.40
GPT-40-mini (OpenAl, 2024b) 68.67 68.50 45.38 20.31 50.70
GPT-4-Turbo (OpenAl et al., 2024) 75.13 79.38 63.90 25.67 38.57
GPT-3.5-Turbo 66.63 28.60 35.79 10.34 25.00
Gemini-1.5-pro (Reid et al., 2024) 52.43 71.18  54.02 10.34 39.70
Gemini-1.0-pro (Google et al., 2023) 26.32 4745 27.87 7.66 39.40
Claude3 Opus (Anthropic, 2024) 62.39 73.61 5945 15.33 37.40
Claude3 Sonnet (Anthropic, 2024) 51.92 57.65 5244 10.34 26.80
Claude3 Haiku (Anthropic, 2024) 44.14 36.36 33.84 8.81 36.60
Mixtral-8x22B-v0.1 (Jiang et al., 2024) N/A 72,51  31.10 9.20 50.00
Mixtral-8x7B-v0.1 (Jiang et al., 2024) N/A 30.82 13.48 1.92 21.70
Mistral-7B-v0.2 (Jiang et al., 2023) N/A 34.15 2.80 0.38 9.55

Phi-3-mini4K-instruct (Abdin et al., 2024) N/A 2395 0.84 2.30 21.00
Openfunctions-v2 (Ji et al., 2024) 26.53* 2528 3.84 8.05 15.75
Hermes-2-Pro-Mistral-7B (interstellarninja et al.)  39.48 2794 3.29 0.77 12.78
Command R (Cohere and for Al, 2024) 28.29% 22.28 0.00 4.21 8.21

LLama2-70B (Touvron et al., 2023) N/A 19.73  0.00 0.00 8.43

Llama2-13B (Touvron et al., 2023) N/A 17.96  0.00 0.00 4.10

Llama2-7B (Touvron et al., 2023) N/A 20.84 0.00 0.00 3.92

use. Among those that do, Hermes-2-Pro-Mistral-
7B demonstrates strong tool-use performance. For
models that do not support tool use, Mixtral-8x22B-
Instruct-v0.1 performs surprisingly well in math
and DAG-QA, demonstrating its strong reasoning
and planning capability. Additionally, Phi-3 per-
forms well in math considering its model size. The
Llama?2 family, however, struggles with challeng-
ing coding tasks.

4.2 Capability-centric Evaluation and
Analysis

As introduced in Sec.3.1, we designed tasks to de-
compose core capabilities from standard evalua-
tions, allowing MMAU to offer a unique dimen-
sion of evaluation. Each capability includes tasks
spanning different domains. To provide overall
capability-centric evaluation results for each model,
we aggregate tasks under each capability using a
weighted average. Detailed task-capability map-
pings and the calculation method can be found in
Appendix A. The overall capability-centric evalua-
tion results are shown in Table 3.

Notably, for the capability of ,
GPT-4o significantly outperforms other models,
demonstrating its superior capability in handling
long contexts, complex user instructions, and cap-
turing (sometimes implicit) user intents. Addition-
ally, GPT-4, Gemini-1.5-pro, and Claude3-Opus
also exhibit reasonably strong understanding ca-
pabilities. For the capabilities of and

, the GPT-4 family shows the strongest
performance. When examining the capability of
, the performance gap is not sig-
nificantly large. This trend suggests that when pro-
vided with "oracle" plans, solving a task may be
less challenging. While models’ problem-solving
capabilities vary, most can perform these tasks rea-
sonably well, indicating that this capability may
be more universally achievable among different
models. On the contrary, for , wWe
observe a significant gap among models. Among
open-source models, aside from Mixtral-8x22B,
others do not seem to possess the skill to reflect
on and correct their own errors effectively. These
evaluation results highlight that self-correction is
a critical capability needing further research and
development to advance the field.

S Analysis and discussion

How does planning impact the performance?
One interesting finding emerges from the re-
sults of our designed tasks, Planer-Shift and
Solver-Shift on Math. As shown in Table 7,
we find that high-quality planning can boost per-
formance for all models on Math. For example,
Command R’s performance increases from 8.21%
to 33.33%, and Llama-2-70B’s from 8.43% to
32.10%. Even already strong models, such as

The current reported and documented prompt templates
of these models do not support multi-tool execution. However,

it can still be possible that models can call multiple tools with
proper adaptation.
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Table 3: Capability-centric evaluation results. All values are reported as percentages (%). Models that do not
support tool use are labeled as N/A, while models not supporting multi-tool tool-use tasks are marked by **. The
bolded and underlined numbers indicate the 1st and 2nd highest performances in each category.

Problem-Solving

Self-correct

Wil w/o Tool-Use  w/ Tool-Use Uindgiamiling  Reawoiiig Pl w/o Tool-Use  w/ Tool-Use
GPT-40 (OpenAl, 2024a) 56.12 61.11 60.63 50.47 47.90 43.65 51.56
GPT-40-mini (OpenAl, 2024b) 49.12 56.51 52.62 41.23 23.19 27.53 40.66
GPT-4-Turbo (OpenAl et al., 2024) 48.07 58.29 49.78 50.88 49.59 40.86 51.86
GPT-3.5-Turbo 42.84 51.83 30.78 29.38 28.27 21.23 32.38
Gemini-1.5-pro (Reid et al., 2024) 49.04 50.32 47.63 36.28 33.77 34.69 36.66
Gemini-1.0-pro (Google et al., 2023) 52.84 42.82 37.05 39.88 37.31 15.96 1091
Claude3 Opus (Anthropic, 2024) 49.98 54.67 49.03 44.10 38.84 38.47 44.16
Claude3 Sonnet (Anthropic, 2024) 40.47 44.79 40.22 36.57 36.92 31.01 37.05
Claude3 Haiku (Anthropic, 2024) 39.77 41.42 36.85 42.09 42.09 20.44 30.01
Mixtral-8x22B-v0.1 (Jiang et al., 2024) 49.04 N/A 44.39 44.92 38.02 18.00 N/A
Mixtral-8x7B-v0.1 (Jiang et al., 2024) 33.50 N/A 27.98 27.57 30.67 8.26 N/A
Mistral-7B-v0.2 (Jiang et al., 2023) 21.87 N/A 9.01 21.45 21.22 1.93 N/A
Phi-3-mini4K-instruct (Abdin et al., 2024) 22.94 N/A 14.92 28.33 27.45 2.04 N/A
Openfunctions-v2 (Ji et al., 2024) 20.89 29.43* 11.20 23.30 24.76 2.61 22.77*
Hermes-2-Pro-Mistral-7B (interstellarninja et al.) 29.26 33.12 16.54 25.95 24.96 2.04 2.99
Command R (Cohere and for AL, 2024) 22.17 31.30%* 19.47 22.72 22.95 0.35 18.84%*
LLama2-70B (Touvron et al., 2023) 24.23 N/A 6.32 15.30 14.55 0.34 N/A
Llama2-13B (Touvron et al., 2023) 12.86 N/A 2.69 13.39 13.15 0 N/A
Llama2-7B (Touvron et al., 2023) 15.92 N/A 2.38 14.25 13.26 0 N/A

Mixtral-8x22B, saw improvement from 50% to
60.02%. Interestingly, using the model itself as
the planner also improves performance, e.g. bump-
ing GPT-4o from 53.4% to 61.2%. This shows
that explicitly instructing the model to first develop
a high-level strategy and then solve the problem
based on that strategy can be a promising approach
to further enhance performance.

Do different capabilities present varying lev-
els of difficulty for models to achieve? Our
evaluation results reveal that different capabili-
ties indeed present varying levels of difficulty for
models to achieve. As what we mentioned in
Sec. 4.2, capabilities exhibit a
smaller performance gap among models, suggest-
ing that problem-solving is a more universally
achievable capability across different models. How-
ever, capabilities present a signifi-
cant challenge, with a notable performance gap ob-
served among models, and many open-source mod-
els lacking effective self-correction skills. These
findings suggest that while some capabilities like

are more readily attained by cur-
rent models, others, such as and
pose greater challenges and are vital areas

for future advancements in the field.

Do balanced capabilities indicate the path
to a generalist agent? From Figure 1, we ob-
serve that strong models, such as the GPT-4 family,
exhibit balanced performance across all capabili-
ties, demonstrating their robust and versatile na-
ture. This balance indicates that improvements
in one area likely enhance performance in oth-
ers, highlighting a high correlation and interde-

pendence among these capabilities. Conversely,
models that perform poorly in one capability tend
to struggle across the board, suggesting underlying
weaknesses in their architecture or training strat-
egy.

Are larger models always better? Another
interesting finding arises when comparing the Mis-
tralAl families and Llama-2 families. For the
Mistral Al models, we consistently observe perfor-
mance gains with increasing model size across do-
mains. However, this trend does not apply to the
Llama-2 families. In code-related domains (DS
& ML, CodeContest), all size variants of Llama-2
perform poorly. Surprisingly, in the DAG-QA do-
main, the Llama-2-7B model performs better than
its larger counterparts. This observation is con-
sistent with findings from AgentBench (Liu et al.,
2023d), further validating that training strategies
and model architectures also influence the scaling
law.

6 Conclusion

In this paper, we introduce the Massive Multitask
Agent Understanding (MMAU) benchmark. By
evaluating models based on both application scenar-
ios and fundamental capabilities, MMAU provides
a comprehensive and in-depth test bed for reliable
and thorough studies. By designing 20 tasks to
decompose capabilities beyond standard evaluation
benchmarks, MMAU offers more granular insights
into the strengths and limitations of these models.
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A Experiment and dataset details

The key statistics of the MMAU dataset are pre-
sented in Tab. 4. A list of all evaluated models
(commercial and open source) is provided in Tab. 5.

For our evaluations the open source models have
been hosted via VLLM # on up to 8 NVidia A100
or H100 GPUs per model depending on the size.
We have used the checkpoints from Huggingface
for the open source models.

In order to have deterministic prediction we use
a temperature of 0 and greedy search for all models
and tasks.

*https://github.com/vllm-project/vllm

A.1 Tool-use

Data construction protocol: 1) The user sends a
query to the agent model along with a list of po-
tential functions including a description of their
purposes and parameters. 2) The agent responds
with either natural language or appropriate function
use. 3) In case of function-call, the functions are
invoked according to the agent’s instructions, either
by the user or directly by the agent, and the result
is submitted back to the agent model. 4) The agent
can then conclude with the given information or
continue the conversation with follow-up questions
or additional function calls.

Tool-use evaluation details: To compare the pre-
dicted and the ground truth parameter values, we
perform string normalization including stripping
punctuation, white spaces and converting to lower
case. In some cases where the parameter value can
have open-ended, semantically equivalent forms,
we define example-specific match rules based on
regular expressions to accommodate valid alterna-
tives.

A2 DAG QA

Data construction protocol: The query includes
a description of the task (to choose the appropri-
ate plan), a list of potential functions (including a
description of their purposes and parameters), an
enumeration of all possible plans (all possible se-
quences in which to execute the tools), and the task
input (what the task is that the plan is expected to
solve). The task is formulated as a multiple choice
task, where at the end of the query, the agent is
asked to end the reply with which plan it chooses.
At evaluation, the chosen plan is then extracted
from the output by searching for a string match of
the requested response format. An example prompt
is illustrated in Figure 12.

The reasoning and planning benchmarks differ
only in the prompt, where for reasoning, the agent
is requested to "elaborate on the thought process
and reasoning", while for planning, the agent is
requested to "be concise with a response in the
format Chosen Plan: N".

A.3 Kaggle

To represent all results on the same scale
and reduce confusion, when QA model
is not multimodal, we report its perfor-
mance as ratio_of_text_based_questions =
accuracy_on_text_based_questions =
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Table 4: The key statistics of MMAU.

Source data subjects task prompts turns  Answer type
single-tool. 409 N/A  function-call
) ) R . multi-tool. 258 N/A  function-call
Tool-use In-house Sports, Health, Location, etc DAG QA 695 N/A  multi-choice
self-correct 282 N/A  function-call
standard execution
CodeContest | CodeContest (Li et al., 2022) alg., datastr., etc problem par%{ng 261 N/A multl-chpn:e
PlannerShift execution
Solvershift execution
textual QA 207 N/A  multi-choice
ML&DS Kaggle(Plotts and Risdal, 2023) DS, ML, Visual code generation 123 N/A execution
visual QA 121 N/A  multi-choice
standard
Math DM-math(Saxton et al., 2019) calculus, geometry... PlannerShlft 1K N/A  math solution
SolverShift
synthetic Comprehend+ 676
Table 5: Evaluation models in MMAU.
API-based Commercial Models | Open-source Models
GPT-40-2024-05-13 Mixtral-8x22B-Instruct-v0.1
GPT-40-mini-2024-07-18 Mixtral-8x7B-Instruct-v0. 1
GPT-4-turbo-2024-04-09 Mistral-7B-Instruct-v0.2
GPT-3.5-turbo-0125 Phi-3-mini-4k-instruct
Gemini-1.5-pro-preview-0409 | gorilla-openfunctions-v2
Gemini-1.0-pro Hermes-2-Pro-Mistral-7B
Claude-3-opus-20240229 c4ai-command-r-v01
Claude-3-sonnet-20240229 c4ai-command-r-rplus
Claude-3-haiku-20240307 Llama-2-70b-chat-hf
Llama-2-13b-chat-hf
Llama-2-7b-chat-hf
Table 6: Mapping of capabilities and tasks.
Capability Tool-use DAG DS&ML CodeContests Math
Problem- Tool Execution - Code Solver-shift Solver-shift
solving Generation and
GPT-4 QA
Understanding - - QA from Oracle Problem Parsing Comprehend+
Code
Reasoning - DAG QA w/ - Planner-shift ~ Planner-shift
Reasoning
Planning - DAG QA - Planner-shift Planner-shift
w/o
Reasoning
Self-correct | Self-correction - Self-correction  Self-correction -

(207/328) xaccuracy_on_text_based_questions.
We set the temperature to O for both code genera-
tion and QA.

A.4 Contest-level Coding

We select 261 valid problems from the Valid and
Test splits of the CodeContests dataset (Li et al.,
2022), each contains a number of test cases, in-
cluding public tests, private tests, and generated
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tests.

E2E Standard. The agent is asked to solve
the problem by generating Python code solution.
The prompt contains a detailed description of the
CodeContests problem with public test examples,
as well as basic instructions on code formatting
following the baseline prompt design in (Ridnik
et al., 2024). The generated code solution will
be compiled and executed on all test cases, and is
considered correct only if all test cases are passed.
Following related works, we report the pass@5
score, which is the percentage of problems solved
by generating 5 solutions per problem. We set
temperature as 0.3 for all models.

Problem Parsing. We design a ProblemPars-
ing task for each CodeContests problem, which
provides the agent with the problem description
and public test examples, and asks the agent to di-
rectly infer the desired output for an unseen test
case. To make the unseen test case relatively easy
for parsing and computation, we select the shorted
test case from the union of private test cases and
generated test cases. We adopt a chain-of-thought
prompt to help the LLM agent understand the prob-
lem (see Appendix B for detailed prompts). We
then compare the answer with the groundtruth out-
put, and derive the accuracy over the entire dataset.
For reproducibility, we set temperature as O for all
models.

Planner-shift. As introduced in 3.2.3, we divide
the code generation process for CodeContests prob-
lems into two steps: generating a plan (i.e., planner)
and generating code solutions (i.e., solver). We
evaluate the planning capability of LLM agents by
fixing the solver to be the same strong model. For
each LLM model, we generate 1 plan with temper-
ature 0, and use gpt-4-0125-preview as the solver
to generate 5 code solutions (with temperature 0.3)
and calculate the percentage of solved problems.

Solver-shift. SolverShift complements Planner-
Shift by freezing the planner and evaluating the
problem-solving capability of various LLM mod-
els. Given 1 plan generated by gpt-4-0125-preview,
we let LLM agents generate 5 code solutions and
calculate the percentage of solved problems.

Self-correction / Retry. We also evaluate the
self-correct capability of LLM agents on the Code-
Contests problems. For the Regular task above,
we collect the error messages of each candidate
solution if it does not pass some test cases, includ-
ing 4 types of errors: empty solution, compilation
error, runtime error, and wrong outputs. For the

problems where all the 5 candidates fail to pass,
we will append the error content as a feedback user
message in the message list, and ask the LLM to
try again. To encourage the agent to retry, we also
prepend an additional system instruction to the first
user message before describing the problem. The
evaluation metric is also pass@5.

A.5 Math

Given a set of seed math problems .S, we first em-
ploy a LLM as the judger M to determine the
difficulty level for each problem, resulting in a la-
beled math problem set S’ : {s¢}. We then select
a subset containing only the mathematically sim-
pler problems, i.e., S” : {s¢,d < 0}. As aresult
we have a curated “simple” math problem set S”
(672 problems). Next, we use another LLM M,,
(GPT-4 (Achiam et al., 2023)) to create new math
problems that feature more complex descriptions
or harder problem statements but retain the same
underlying mathematical constructs for each data
sample S” : {M,,(s¢),d < 0}. A rewrite math
problem example is shown in Fig. 11. Finally, to
ensure that each rewritten problem in S”” remains
valid and has the same ground truth answer as .5,
we perform a data curation stage. As a result, we
finalize the problem set S* for the Comprehend+
task.

B Prompt templates

B.1 Tool-use

For tool use the concrete prompts are generated
by the model to transform the tool definitions as
well as the predicted tool calls and tool results into
the concrete prompt. Therefore, we don’t report
concrete prompt here. Samples from the dataset
are show in Figs. 8, 9, and 10.

B.2 Self-correction tool-use

To encourage models to retry, we prepend the fol-
lowing system message to the user’s first turn mes-
sage:

Listing 1: Tool-Use Retry Prompt

A conversation between a user and a
helpful assistant. The assistant can
choose to directly generate text or make
function calls to help with user
queries. Retry the call if it does not
succeed or if there are errors in the
previous calls or responses.
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B.3 DAG

Listing 2: DAG Reasoning Prompt

Choose the appropriate plan with its
associated set of tools to accomplish a
specific task.

Each tool's functionality is using Open
API schema notation.

"[A B]" indicates that tools A and B can
operate concurrently without any
interdependencies.

"A -> B" indicates that tool A must be
executed prior to tool B, as B's
operation is contingent upon the output
from A.

"B -> A" indicates that tool B must be
executed prior to tool A, as A's
operation is contingent upon the output
from B.

"[A B] -> C" indicates that tools A and
B will be executed in parallel initially,
followed by tool C, which requires the

outputs from both A and B.

Below is a compilation of all available
tools, described in JSON format:

{tool_descriptions}

Here are all possible plans:
{possible_plans}

Task Input:

{task_input}

Feel free to elaborate on your thought
process and reasoning.

Please strictly end the reply with "
Chosen Plan: N”, where "N" must be an
integer number of the selected plan.

Do not change the answer format to other
words and MUST include Chosen Plan:

Listing 3: DAG Planning Prompt

Choose the appropriate plan with its
associated set of tools to accomplish a
specific task.

Each tool's functionality is using Open
API schema notation.

"[A B]" indicates that tools A and B can
operate concurrently without any
interdependencies.
"A -> B" indicates that tool A must be
executed prior to tool B, as B's
operation is contingent upon the output
from A.
"B -> A" indicates that tool B must be
executed prior to tool A, as A's
operation is contingent upon the output
from B.

"[A B] -> C" indicates that tools A and
B will be executed in parallel initially,
followed by tool C, which requires the

outputs from both A and B.

Below is a compilation of all available
tools, described in JSON format:

{tool_descriptions}

Here are all possible plans:
{possible_plans}

Task Input:

{task_input}

Be concise with a response in the format

"Chosen Plan: N", where "N" represents
the number of the selected plan.

B.4 Data Science and Machine Learning
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Listing 4: DS & ML Code Generation Prompt

You are a helpful code assistant that
will help users analyze data and
answering multiple choice questions
based on the data analysis.
You will be provided with a Jupyter
notebook file (.ipynb) containing code
cells and markdown cells.
A list of data files used in the
notebook will also be provided.
The notebook would contain a code
interpreter style conversation between a
user and an assistant.
User would be asking questions, follow
up with additional requests, and
providing clarification for requests.
Assistant would be analyzing data with
code interpreter, providing insights
into data based on analysis results and
diagrams, and responding to user
inquiries.

Your task is to address the user's
request in the last markdown cell of the
notebook AND answer the multiple choice
questions based on the data analysis.
You will first append an appropriate
code cell to the notebook to address the
user's request.

You will then be provided with the
execution results of the code cell.
Based on the results, you will answer
the multiple choice questions.

For example, given

Data Files:
['../input/pokemon/pokemon.csv']

Notebook:

{"cells": [{"cell_type": "markdown”, "id
": "188d8f78", "metadata”: {3}, "source":
["x*userx*\n", "\n", "Can we start by



loading the Pok\u@@e9mon dataset and
displaying the first few rows?"1}, {"
cell_type"”: "markdown"”, "id": "41316f22",
"metadata”: {3}, "source”: ["**assistant
**x\n", "\n", "Absolutely, let's load the
Pok\u@@e9mon dataset using pandas and
display the first three rows."1}, {"
cell_type"”: "code"”, "execution_count”: 1,
"id": "de7755b0", "metadata”: {"
execution”: {"iopub.execute_input”:
"2024-04-12T14:11:29.209092Z", "iopub.
status.busy”: "2024-04-12T14
:11:29.207876Z", "iopub.status.idle”:
"2024-04-12T14:11:30.9344312", "shell.
execute_reply”: "2024-04-12T14
:11:30.932965Z2"}3}, "source”: ["\n", "
import pandas as pd\n", "\n", "# Load
the Pok\u@@e9mon dataset\n”, "pokemon =
pd.read_csv(\"../input/pokemon/pokemon.

csv\")\n", "pokemon.head(3)\n", " "1}],
"metadata”: {"language_info": {"
codemirror_mode"”: {"name"”: "ipython", "
version”: 3}, "file_extension”: ".py", "
mimetype"”: "text/x-python”, "name": "
python”, "nbconvert_exporter”: "python”,
"pygments_lexer”: "ipython3”, "version”:

"3.11.8"}}, "nbformat”: 4, "
nbformat_minor": 53}

User Request:

I'm interested in visualizing the
frequency of Pok\u@@e9mon by their
primary type. Can you help with that?

You will respond with markdown cell and
code cell to address the user's request:
[{"cell_type": "markdown”, "metadata”:
{3}, "source": ["x*assistant**\n", "\n",
"Sure thing! Let's create a bar chart to
visualize the frequency of Pok\u@@e9mon
by their primary type."1}, {"cell_type":
"code", "metadata”: {3}, "source": ["\n",
"import matplotlib.pyplot as plt\n”, "\
n", "# Frequency of Pok\u@@e9mon by
their primary type\n”, "pokemon['typel'].
value_counts().plot.bar()\n", "plt.title
('Frequency of Pok\u@@e9mon by Primary
Type')\n", "plt.xlabel('Primary Type')\n
", "plt.ylabel('Frequency')\n", "plt.
show()\n", " "]1}]

Then, you will be provided with the
execution results of the code cell and
multiple choice questions based on the
results:

Execution Output: # the images would be
attached in the same order as the image
placeholders

[{"data": {"image/png": "<image_1>"3}, "
execution_count”: 1, "metadata": {3}, "
output_type”: "display_data”}]

Questions:

[{"question": "Which primary type of Pok
\u@@e9mon has the highest frequency
according to the chart?”, "choices": {"A
": "Rock", "B": "Water"”, "C": "Fire"”, "D
": "Grass"}}, {"question”: "What type of
Pok\u@@e9mon is least frequent as per
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the visualization?”, "choices”: {"A": "
Ghostll’ IIBII: IIFair.yll, ”C": "ICE”, HDH: n
Dragon”}}, {"question”: "According to

the bar chart, which primary type has
more Pok\u@@e9mon than Fairy but fewer
than Fire?", "choices”: {"A": "Electric”,

"B": "Grass", "C": "Ice", "D": "Dragon
"}}, {"question”: "What primary type
appears more frequently than 'Rock' but
less than 'Grass' according to the
visualization?”, "choices”: {"A": "Ghost
", "B": "Poison", "C": "Flying", "D": "
Bug"”1}31]

You will then provide the answers to the
multiple choice questions:
["B", "B", "C", "B"]

You MUST exactly follow nbformat
structure when generating markdown and
code cells.
You are only allowed to use the
following math and visualization
packages: numpy, pandas, scipy, scikit-
learn, sympy, statsmodels, matplotlib,
seaborn, plotly, wordcloud. Python
standard library is also allowed. Make
sure to import the necessary packages in
the code cell.
You MUST answer in a list of uppercase
single letter strings for multiple
choice questions.

Now, given the following notebook and
user request, respond with a list
containing a markdown cell and a code
cell to address the user's request:

Data Files:
{data_files}

Notebook:
{notebook}

User Request:
{user_request}

You MUST exactly follow nbformat
structure when generating markdown and
code cells.

Respond ONLY with the cells in json
format. DO NOT say anything else or put
it in a “"“json " code block.

You are only allowed to use the
following math and visualization
packages: numpy, pandas, scipy, scikit-
learn, sympy, statsmodels, matplotlib,
seaborn, plotly, wordcloud. Python
standard libraries are also allowed.
Make sure to import the necessary
packages in the code cell.

Listing 5: DS & ML QA Prompt

Given the following execution output and
multiple choice questions, respond with
the answers to the questions:



Execution Output:
{execution_output}

Questions:
{questions?}

You MUST answer in a list of uppercase
single letter strings for multiple
choice questions.

Listing 6: DS & ML Execution Feedback Prompt

Your code execution failed. Please check
the error message below and try again:

{error_message}

You MUST exactly follow nbformat
structure when generating markdown and
code cells.

Respond ONLY with the cells in json
format. DO NOT say anything else or put
it in a “~“json™ " code block.

You are only allowed to use the
following math and visualization
packages: numpy, pandas, scipy, scikit-
learn, sympy, statsmodels, matplotlib,
seaborn, plotly, wordcloud. Python
standard libraries are also allowed.
Make sure to import the necessary
packages in the code cell.

B.5 Contest-Level Coding

Listing 7: CodeContests E2E Standard Prompt

You are an AI with advanced code
generation capabilities.

When you encounter a specific problem (
labeled #PROBLEM#), your goal is to
produce a valid python code that
correctly solves the problem.

Make sure to fully address the problem
goals following the rules and
constraints.

The code should be robust and general.
It should output correct answers under
any valid inputs, not only just the
example inputs given in the problem
description.

#PROBLEM## :
{description}

The code output must follow this
structure:

def F1(...):
return ...

def £2(...):
return ...

" ",

if __name__ == "__main_
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The code should read the input using the
"input()' method. Make sure to properly
parse the input, according to the

problem description.

The output should be printed without

additional words using the 'print()’

method.

#ANSWER#:
* T python

Listing 8: CodeContests Problem Parsing Prompt

You are an AI with advanced
comprehension capabilities, akin to that
of humans. This enables you to
understand complex instructions, discern
the user's intent, and apply logical
reasoning across a variety of scenarios
effectively.

When you encounter a specific problem (
labeled #PROBLEM#) along with a relevant
example input (referred to as #TEST
CASE#), your goal is to deduce the
correct answer (#ANSWER#).

Please adhere to the following format:
First, express your #THOUGHTS# to
reflect your understanding of the
problem and test case. Keep your #
THOUGHTS# concise, not exceeding 5
sentences.

Then, provide your #ANSWER# to the
problem.

For example, your output can be:
#THROUGHTS#:

The problem is about ...
are ...

#ANSWER# :

12

34

The test cases

Here is the problem.

#PROBLEM#:
{description}

#TEST CASE#:
{inputs}

Now, please provide the #THOUGHTS# and #
ANSWER# sections. Do not include
additional explanations or reasoning
processes.

#THROUGHTS#:

Listing 9: CodeContests Planner-shift Prompt

You are an AI with advanced code
understanding and planning capabilities.

When you encounter a specific problem (
labeled #PROBLEM#), your goal is to
devise a structured and executable plan
to solve the problem.



Your plan should clearly outline the
logical steps needed to address the
problem, breaking down complex processes
into manageable actions.
It's crucial that each step is
straightforward enough to be easily
translated into executable code or
functions by a Language Model (LLM).
Keep the plan simple and focused,
avoiding unnecessary complexity to
ensure ease of implementation.

#PROBLEM#:
{description}

#GENERATED PLAN#:

Listing 10: CodeContests Solver-shift Prompt

You are an AI with advanced code
generation and instruction following
capabilities.

When you encounter a specific problem (
labeled #PROBLEM#) and a solving plan (
labeled #PLAN#), your goal is to produce
a valid python code that correctly
solves the problem.

Make sure to fully address the problem
goals following the rules and
constraints. Refer to the plan to
generate the code.

The code should be robust and general.
It should output correct answers under
any valid inputs, not only just the
example inputs given in the problem
description.

#PROBLEM#:
{description}

#PLAN# :
{plan}

guidelines:

- Generate only code, without any

additional explanations or comments.

- Make sure to include all the necessary
module imports, properly initialize the
variables, and address the problem

constraints.

- The code needs to be self-contained,

and executable as-is.

The code output must follow this
structure:

def f1(...):
return ...
def f2(...):

return ...

if __name__ == "__main__":

The code should read the input using the

"input()' method. Make sure to properly
parse the input, according to the
problem description.
The output should be printed without
additional words using the 'print()’'
method.

answer:
* T python

B.6 Mathematics
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Listing 11: Math Generation Prompt

You are an AI with advanced
comprehension capabilities, akin to that
of humans. This enables you to
understand complex instructions, discern
the user's intent, and apply logical
reasoning across a variety of scenarios
effectively.

When you encounter a specific problem (
labeled #PROBLEM#), your goal is to
deduce the correct answer (#ANSWER#).

Please adhere to the following format:
First, express your #THOUGHTS# to
reflect your understanding of the
problem. Keep your #THOUGHTS# concise,
not exceeding 5 sentences.

Then, provide your #ANSWER# to the
problem.

For example, your output can be:
#THROUGHTS#::

Let's think step by step ...

#ANSWER#:

12

Here is the problem.

#PROBLEM##:
{description}

Now, please provide the #THOUGHTS# and #
ANSWER# sections. Do not include
additional explanations or reasoning
processes under #ANSWER# section.
#THROUGHTS#: Let's think step by step:

#ANSWER# :

Listing 12: Math Evaluation Prompt

As a math expert, you will be provided

with three items: a #Question#, an #

Answer#, and the #Ground Truth#.

Your task is to determine whether the #

Answer# matches the #Ground Truth#.

You need to considering mathmetical
theorems when verifing the answer. For

example, '$(c + 9)(c - 4)$' and '(c - 4)

*(c + 9)'should be

the same expressions based on
factorization theorems.

If they align, respond with 'correct'.
If they do not, respond with 'wrong'.

Ensure that your #Response# is the final
line and consists solely of the word '



correct' or 'wrong', without any
additional commentary or explanation.

#Question#:
{question}

#Answeri#:
{answer}

#Ground Truth#:
{ground_truth}

#Response#:

Listing 13: Math Planning Prompt

You are a math planner.

Given a problem description, your goal
is to devise a structured and executable
plan to solve the problem.

Your plan should clearly outline the
logical steps needed to address the
problem, breaking down complex processes
into manageable actions.

It's crucial that each step is

straightforward enough to be easily
translated into executable calculation

or functions by a Language Model (LLM).

Keep the plan simple and focused,

avoiding unnecessary complexity to

ensure ease of implementation.

Problem description:

Generated plan:

C More evaluation results

For domain-centric evaluation, we chose tasks that
rely solely on the evaluation model to solve them
end-to-end and adhere to the standard setup used in
the field. This ensures that the domain-centric re-
sults accurately reflect the most standardized evalu-
ation outcomes, making it easier to compare perfor-
mance across different benchmarks. Specifically,
we use the evalution results of E2E standard task
as domain evaluation results for Contest-level cod-
ing, DS&ML, Math and DAG-QA. For Tool-use,
we report the weighted average of single-, parallel-,
and multi-turn multi-tool-use tasks. The results are
shown in Table 2.

Detailed tool use results are reported in Table 8.

For Command R, Command R+, and Hermes-
2-Pro-Mistral-7B we used the tool use prompts as

reported in the official model repositories > © 7.

Shttps://huggingface.co/CohereForAl/
c4ai-command-r-vo1l
https://huggingface.co/CohereForAl/

c4ai-command-r-plus
"https://huggingface.co/NousResearch/

These prompts for Command R and Command R+
do not support multi-step tool calls, so we could
not evaluate Command R and Command R+ on the
double and triple datasets.

The Claude models as well as the Gemini and
GPT models support tool use through dedicated
APIs. These APIs have been used for the evaluation
here.

Detailed Results on Data Science and Ma-
chine Learning

Table 9 presents the evaluation results on Data
Science and Machine Learning tasks, assessing
E2E code generation and QA, code generation with
GPT-4 QA, QA from oracle code execution, and
DS & ML self-correction.

GPT-40 achieves the highest accuracy across
all settings: E2E (66.52%), Execution Only +
GPT-4 QA (64.27%), QA from Oracle Execution
(88.60%), and E2E + Online Retry (70.79%). GPT-
4-Turbo follows closely with 63.90%, 63.90%,
85.67%, and 68.05% respectively. These results
highlight their robust code generation and QA ca-
pabilities.

Gemini-1.5-pro and Claude3 Opus show strong
performance in QA from Oracle Execution with
83.23% and 83.48%, indicating good comprehen-
sion and QA skills, though their code genera-
tion is less effective compared to GPT-4 models.
Mixtral-8x22B-v0.1 has the overall best perfor-
mance among the evaluated open-source models.

Detailed Results on Contest-level Coding.

Table 10 shows detailed results in the Contest-
level Coding domain. As a challenging dataset,
we find that the overall E2E Standard scores are
relatively low across models, while GPT-40 and
GPT-4-Turbo achieve much better results than re-
maining models by a large margin. GPT-40 has
leading performance over all types of tasks, es-
pecially Problem Parsing and Retry, showing its
remarkable capability of understanding and self-
correct.

With a separation of capabilities, we can better
analyze the differences and gaps among existing
models. For example, we observe significant per-
formance variation across different models on the
Problem Parsing task, suggesting the intellectual
challenge of understanding the contest problems
due to the complicated nature of the problem de-
scription. On the other hand, we emphasize that
the design of E2E Standard, SolverShift and Retry

Hermes-2-Pro-Mistral-7B
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Table 7: Evaluation resutls on math tasks. stand.: standard E2E, underst.: comprehend+, solv.-shift: solver-shift,
plan.-shift: planner-shift.

Commercial Models stand. compre. solv.-shift plan.-shift | OS Models stand. compre. solv.-shift plan.-shift
GPT-40 53.4 51.48 61.2 452 Mixtral-8x22B 50 42.46 60.02 40.20
GPT-40-mini 50.70  45.27 57.0 36.5 Mixtral-8x7B 21.70  27.12 43.46 28.00
GPT-4-turbo 38.57  36.72 50.32 46.60 Mistral-7B 9.55 25.00 27.12 15.63
GPT-3.5-turbo 25.00 2041 45.80 32.80 Phi-3 21.00  21.00 34.23 31.30
Gemini-1.5-pro 39.70  35.21 56.60 25.81 openfunctions-v2 15.75  13.31 25.00 23.49
Gemini-1.0-pro 39.40 33.13 66.67 41.67 Hermes-2-Pro 1278  12.95 39.62 25.73
Claude-3-opus 37.40  36.09 56.00 36.80 Llama-2-70b 8.43 8.29 32.10 11.40
Claude-3-sonnet 26.80 2544 42.90 32.30 Llama-2-13b 4.10 3.85 19.84 3.85
Claude-3-haiku 36.60  27.51 44.50 49.65 Llama-2-7b 3.92 2.23 24.69 25.73
Command-R 8.21 10.00 33.33 23.70

Table 8: Detailed results for the tool use datasets.

. Multi-step  Multi-step

Dataset Single-step  Parallel Double Triple
# Samples 184 225 298 258
Command R+ 0.739 0.662 - -
Command R 0.717 0.627 - -
Claude 3 Haiku 0.837 0.053 0.513 0.415
Claude 3 Opus 0.886 0.436 0.708 0.504
Claude 3 Sonnet 0.826 0.302 0.581 0.419
Gemini-1.0-pro 0.750 0.004 0.252 0.155
Gemini-1.5-flash 0.783 0.191 0.534 0.407
Gemini-1.5-pro 0.772 0.440 0.530 0.415
Openfunctions-v2 0.875 0.422 - -
GPT-3.5-Turbo 0.918 0.667 0.634 0.523
GPT-4-Turbo 0.918 0.853 0.715 0.585
GPT-40-mini 0.887 0.797 0.642 0.500
GPT-40 0913 0.822 0.607 0.523
Hermes-2-Pro-Mistral-7B | 0.750 0.556 0.245 0.174

Table 9: Detailed evaluation results on Data Science and Machine Learning. The bolded and underlined numbers
indicate the 1st and 2nd highest performances in each category.

Model E2E  GPT4 QA Oracle Execution  Retry
GPT-40 (OpenAl, 2024a) 66.52 64.27 88.60 70.79
GPT-40-mini (OpenAl, 2024b) 45.38 51.98 75.41 46.19
GPT-4-Turbo (OpenAl et al., 2024) 63.90 63.90 85.67 68.05
GPT-3.5-Turbo 35.79 58.78 52.13 37.44
Gemini-1.5-pro (Reid et al., 2024) 54.02 55.55 83.23 58.90
Gemini-1.0-pro (Google et al., 2023) 27.87 45.12 52.93 28.66
Claude3 Opus (Anthropic, 2024) 59.45 61.65 83.48 65.12
Claude3 Sonnet (Anthropic, 2024) 52.44 56.71 75.37 54.33
Claude3 Haiku (Anthropic, 2024) 33.84 48.48 59.39 36.04
Mixtral-8x22B-v0.1 (Jiang et al., 2024) 31.10 4543 58.05 31.65
Mixtral-8x7B-v0.1 (Jiang et al., 2024) 13.48 26.46 48.90 13.90
Mistral-7B-v0.2 (Jiang et al., 2023) 2.80 19.94 12.40 3.17
Phi-3-mini4K-instruct (Abdin et al., 2024) 0.84 4.34 0.00 3.35
Openfunctions-v2 (Ji et al., 2024) 3.84 17.07 12.74 4.02
Hermes-2-Pro-Mistral-7B (interstellarninja et al.) ~ 3.29 17.93 23.02 3.35
Command R (Cohere and for Al, 2024) 0.00 0.00 48.88 0.00
LLama2-70B (Touvron et al., 2023) 0.00 19.51 0.00 0.00
Llama2-13B (Touvron et al., 2023) 0.00 0.00 0.00 0.00
Llama2-7B (Touvron et al., 2023) 0.00 0.00 0.00 0.00

4771



Table 10: Detailed evaluation results on Contest-level Coding. The bolded and underlined numbers indicate the 1st

and 2nd highest performances in each category.

Model E2E Standard Problem Parsing PlannerShift SolverShift Retry
GPT-40 (OpenAl, 2024a) 31.80 49.04 24.13 26.44 9.55
GPT-4-Turbo (OpenAl et al., 2024) 25.67 38.31 18.01 19.54 6.7
GPT-40-mini (OpenAl, 2024a) 20.31 4291 12.26 15.33 4.09
GPT-3.5-Turbo 10.34 30.65 17.60 11.49 0.85
Gemini-1.5-pro (Reid et al., 2024) 10.34 34.87 16.09 11.88 4.27
Gemini-1.0-pro (Google et al., 2023) 7.66 27.20 19.92 9.58 0
Claude3 Opus (Anthropic, 2024) 15.33 39.08 21.07 12.26 4.98
Claude3 Sonnet (Anthropic, 2024) 10.34 34.10 16.48 10.73 1.71
Claude3 Haiku (Anthropic, 2024) 8.81 32.57 22.99 10.73 0.84
Mixtral-8x22B-v0.1 (Jiang et al., 2024) 9.20 32.18 15.32 11.49 0.84
Mixtral-8x7B-v0.1 (Jiang et al., 2024) 1.92 22.22 20.31 4.21 1.17
Mistral-7B-v0.2 (Jiang et al., 2023) 0.38 8.05 21.84 4.21 0.38
Phi-3-mini4K-instruct (Abdin et al., 2024) 2.30 18.01 24.52 3.07 0.39
Openfunctions-v2 (Ji et al., 2024) 8.05 3.83 19.16 9.96 0.83
Hermes-2-Pro-Mistral-7B (interstellarninja et al.) 0.77 17.62 23.37 3.83 0.39
Command R (Cohere and for Al, 2024) 4.21 6.90 18.00 7.28 0.80
LLama2-70B (Touvron et al., 2023) 0 9.20 22.61 0 0.77
Llama2-13B (Touvron et al., 2023) 0 1.53 21.07 2.30 0
Llama2-7B (Touvron et al., 2023) 0 5.75 20.31 2.30 0

tasks require the model to generate code, while
Problem Parsing and PlannerShift eliminate the ac-
tual code generation step and mainly focus on un-
derstanding/reasoning/planning capabilities. Such
a fine-grained model evaluation can reflect more de-
tailed differences between models. We can see that
although some open-sourced models fail to solve
most E2E Standard problems, they still possess
good understanding and planning capabilities on
the complicated contest-level problems (e.g. Phi-3-
mini4K-instruct, Hermes-2-Pro-Mistral-7B).

By comparing the E2E Standard and Planner-shift
or Solver-shift, we can see that most models have
boosted performance with a separate strong solver
or planner. However, the pass rate of GPT-40 and
GPT-4-Turbo drops on Planner-shift and Solver-
shift compared to their E2E Standard performance.
This may be caused by the selection of GPT-4-0125
as the fixed solver/planner, which itself has 22.61%
score on E2E Standard, stronger than most models
while weaker than GPT-40 and GPT-4-Turbo.
Moreover, we find that for Contest-level Coding,
having a plain step-by-step plan does not bring as
significant improvement as in the math domain, as
such plans may not be sufficient to solve the algo-
rithmic challenges in the domain. A more powerful
planning and reasoning structure may be adopted to
better solve the Contest-level problems, as shown
in (Ridnik et al., 2024). But the focus of this paper
is to identify and reveal the capabilities of existing

LLMs, which advancing the capabilities remains a
research problem for future investigation.

D Limitations and future work.

The current scope of MMAU, while broad, does
however not encompass all possible domains rel-
evant to LLM agents, such as interactive environ-
ments which are also critical yet challenging. Fu-
ture iterations of MMAU should aim to include
interactive tasks to provide a more holistic evalua-
tion. This expansion will require the development
of reliable, stable, and user-friendly interactive en-
vironments. Moreover, as we expand to include
more domains, it will be essential to incorporate
additional capabilities such as retrieving, memoriz-
ing, sequential decision-making, etc. Our current
approach to capability decomposition, though in-
sightful, still faces challenges in disentangling com-
pound capabilities. Future research should focus
on developing more effective methods for decom-
posing and evaluating these capabilities to further
refine the benchmark.

E Ethics and Societal Impacts.

Research on LLLM agents must consider potential
ethical concerns and negative societal impacts. The
MMAU benchmark aims to provide a thorough and
transparent evaluation framework, but it is crucial
to ensure that these evaluations do not inadvertently
reinforce biases or propagate harmful content. We
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are also careful in detecting and mitigating any per-
sonally identifiable information or offensive con-
tent within our datasets and prompts.

F Data examples

System: A conversation between a user and a helpful assist

responses.

Assistant: tool_call: {
name: “e_mail_check_invalid_or_disposable_domain_v2",

ant. The assistant can choose to directly generate text or make

function calls to help with user queries. Retry the call if it does not succeed or if there are errors in the previous calls or

User: | have an email "123123@outlook.com”. Can you check if this is a spammer?

name: “e_mail_check_invalid_or_disposable_domain_v2",

arguments: { "domain™ "123123@outlook.com” }

v

}

arguments: { "domain™: "123123@outlook.com" }
}
Tool response: {"code": "429", "message™: "Too many requests”, "status": "error"}
Assistant:
tool_call: { | am sorry, | am unable to fulfill this request. The API call

failed and returned an error message. Is there anything

else | can do to help?

Figure 5: Retry example where the assistant needs to

recognize a temporary error and retry the call.

User: How big is Armenia, and what is its capital city?

Assistant: tool_call: {
name: "world_geo_data_country_details",
arguments: { code: "AA", format: “json" }
}

Assistant:

Tool response: {error: {"code": 400, "message": "Incorrect country code: AA"}, status: "failed"}

/\,

tool_call: {
name: "world_geo_data_country_details",
arguments: { code: "AM", format: "json”

}

v

| am sorry, | cannot answer your question about Armenia at
this time. The API request failed, and | do not have enough
information to provide an answer. |s there anything else |

can help you with? x

Figure 6: Self-correction example where the assistant needs to correct an erroneous call given explicit

feedback from the tool.
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User: What is the Fast Stochastic Oscillator for GOOG in the past four hours with the TEMA type maoving average?

Assistant: tool_call: {
name: "twelve_data_stochf",
arguments: { fast_dma_type: "tema", interval: "1h", symbol: "goog" }

}

Tool response: {

status: "ok",

values: “[{\"datetime\": \"2024-05-01 15:30:00\", \"fast_d\": \"25.81502\", \"fast_k\": \"17.93432\"}, {\"datetime\": \"2024-05-01
14:30:00\", \"fast_d\": \"66.34028\", \"fast_k\": \"69.57754\"}, ...]",

}
Assistant:
tool_call: { The Fast Stochastic Oscillator for 'GOOG' (Google) in the
name: "twelve_data_stochf", past four hours, using the TEMA type moving average, is as
arguments: { follows:\\nt\n- **Date and Time: 2024-05-01 15:30:00"*\n -
fast_dma_type: "tema", Fast %HK: 17.93432\\n - Fast %D: 25.81502\\n- **Date and

interval: "4h", Time: ...
symbal: "goog"} «
}

Figure 7: Self-correction example where the assistant needs to recognize that the prior call, despite succeeding, did
not match the user’s request, and re-issues the corrected call.

Single-tool execution

User: Can you generate a list of Rolex wristwatches from the Vintage family Distracting tools:

that are of the Datejust model? "function B":{
"description": "Get all models within a family and brand.",
Assistant: calling a single tool { "name": "watch_database_get_all_models_by_brand_family",
"argument": {"brandName": "Rolex", "paral:’\eters":l { .
"family": "vintage”, propfrtles HES )
"model":"DateJust"} brantlillNameT :'{ .
"name": "watch_database_get_watches_by_brand_family_model" description": "The brand you want to search models
for."
} ’
"type": "string”
i
"family": {
Targeting tool: "description": "The family you want to search models
"function A":{ for.",
"description": "Get all watches within a model, family and brand.", "type": "string"
"name": "watch_database_get_watches_by_brand_family_model", i
"parameters": { ¥
"properties”: { ¥
"brandName": { b
"description": "The brand you want to search watch
for.",
type": "string "function C":{
Iy . "description": "Get all families with in a given brand.",
"family": { " now i "
name": "watch_database_get_all_family_by_brand_name",
"description": "The family you want to search watches " .
for." parameters": {
v et Ustring" "properties”: {
yper: string "brandName": {
h "description": "The brand you want to search families
"model": { for."
"description": "The model you want to search watches o N W et
" 'type": "string
for.", 3
"type": "string" 3
’ )
y y
¥
¥

Figure 8: Example of single tool-use
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Parallel-tool execution

User: What are the full names of the main characters in the iconic anime
series One Piece and Naruto?

Assistant: calling a tool with different parameters {

"function A -- call 1": {

"argument": "query": "One piece",

"name": "online_movie_database_title_find"
+
"function A -- call 2": {

"argument": "query": "Naruto",

"name": "online_movie_database_title_find"

3

tools:
"function A":{
"description": "Find title by whatever you are familiar with, such as :
name of title, album, song, etc 2026.",
"name": "online_movie_database_title_find",
"parameters": {
"properties": {
"query": {
"description": "Find title by whatever you are familiar
with, such as : name of title, album, song, etc 2026.",
"type": "string"
3

"required": "query",

Figure 9: Example of parallel tool-use
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Double-tool execution

User: I came across an advertisement for the movie "Anatomy of a Fall" and
it looks like it'll be an interesting movie. Can I get a summary of the movie?

Assistant: calling a tool {
"function A -- call 1": {
"argument": "query": "Anatomy of a Fall",
"name": "online_movie_database_title_find"

T

}

tools:

"function A -- call 1":{
"content": "@meta.operation":\"Search\",\"@meta.requestld\: ...... ",
"name": "online_movie_database_title_find",

)

Assistant: calling another tool {
"function B -- call 2": {
"argument": "tconst": "tt17009710\",
"name": "online_movie_database_title_get_synopses"

3

Figure 10: Example of multi-tool use
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Comprehend+

Seed problem:
Factorize the expression ¢ + 5¢ — 36.

Rewrite problem:

Imagine you are in charge of an apple orchard where the number of
apple trees can be represented by a quadratic expression in terms of
the constant c: ¢? + 5¢ — 36. To better manage the orchard, you need
to break down this expression into simpler components related to
different sections of your orchard. How can you organize these
sections by factorizing the given quadratic expression?

Answer: (c—4) x (¢+9)

Figure 11: Example from MathComprehend+.
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Choose the appropriate plan with its associated set of tools to
accomplish a specific task.

"[A B]" indicates that tools A and B can operate concurrently without any
interdependencies.

"A -> B" indicates that tool A must be executed prior to tool B, as B's
operation is contingent upon the output from A.

"B -> A" indicates that tool B must be executed prior to tool A, as A's
operation is contingent upon the output from B.

"[A B] -> C" indicates that tools A and B will be executed in parallele initially,
followed by tool C, which requires the outputs from both A and B.

Below is a compilation of all available tools, described in JSON format:
Tool A:

{'function': {'description': ..., 'name': 'apartments_com_searchproperty’,
'parameters': ...}}
Tool B:

{'function': {'description': ..., 'name': 'jsearch’, 'parameters': ...}}
Tool C:
{'function': {'description': ..., 'name': 'distance_calculator', 'parameters':

NS

Here are all possible plans:
1: A->B->C
2:[A,B]->C

3: ..

Task Input:
I am looking for a coding specialist job in San Jose, and also a nearby
apartment. What is the distance of the two?

Please strictly end the reply with "Chosen Plan: N", where "N" must be an
integer number of the selected plan...

Answer: Choose plan: 2

Figure 12: A DAG-QA example.
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User:

Can you analyze the correlation between the different
columns in ?

Assistant:
Sure! Let me load the data and compute the correlation.

' python
df = pd.r

Execution Output:

N
&°
e

rP@
o

Question:

Which two variables have the highest correlation with
each other?

Options:

A. GRE Score and LOR

B. University Rating and SOP
C. Chance of Admit and CGPA
D. TOEFL Score and CGPA

Assistant:
C

Figure 13: A Multi-turn coding and QA example for Data science and Machine learning.
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ProblemParsing

Problem:
Gregor is learning about RSA cryptography, and although he doesn'
understand how RSA works, he is now fascinated with prime numbers
and factoring them.\n\nGregor's favorite prime number is P. Gregor
wants to find two bases of P. Formally, Gregor is looking for two
integers a and b which satisfy both of the following properties.
* (P mod a) = (P mod b), where x mod y denotes the remainder]
when x is divided by y, and

*2<a<b< P

Help Gregor find two bases of his favorite prime number!
Input

Each test contains multiple test cases. The first line contains the
number of test cases t (1 < ¢ < 100).
Each subsequent line contains the integer P (5 < P < 10°) with P
guaranteed to be prime.

QOutput

Your output should consist of t lines. Each line should consist of two
integers a and b (2 <a <b < P). If there are multiple possible
solutions, print any.

Example

Input

2

17

5

Output

35

24

Parsing Test Case:
1
271

Answer:
2270

Figure 14: An example of CodeContests “ProblemParsing” task to measure the agent’s understanding capability.
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