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Abstract

We introduce the first version of the AI Pro-
ductivity Index (APEX), a benchmark for as-
sessing whether frontier Al models can per-
form knowledge work with high economic
value. APEX addresses one of the largest in-
efficiencies in Al research: outside of coding,
benchmarks often fail to test economically rel-
evant capabilities. APEX-v1.0 contains 200
test cases and covers four domains: investment
banking, management consulting, law, and pri-
mary medical care. It was built in three steps.
First, we sourced experts with top-tier experi-
ence e.g., investment bankers from Goldman
Sachs. Second, experts created prompts that re-
flect high-value tasks in their day-to-day work.
Third, experts created rubrics for evaluating
model responses. We evaluate 23 frontier mod-
els on APEX-v1.0 using an LM judge. GPT 5
(Thinking = High) achieves the highest mean
score (64.2%), followed by Grok 4 (61.3%)
and Gemini 2.5 Flash (Thinking = On) (60.4%).
Qwen 3 235B is the best performing open-
source model and seventh best overall. There
is a large gap between the performance of even
the best models and human experts, highlight-
ing the need for better measurement of models’
ability to produce economically valuable work.

1 Introduction

Benchmarks help the AI community track progress,
assess model capabilities, and hillclimb perfor-
mance (Kiela et al., 2021; Schwartz et al., 2025;
Weidinger et al., 2025). However, most bench-
marks measure abstract model capabilities, rather
than economically valuable outputs. The true eco-
nomic impact of advances in frontier Al, and the
potential of models to replace or augment human
work, remains unquantified (Topol, 2019; Cahn,
2024; Bar-Gill and Sunstein, 2025). This gap be-
tween (1) what benchmarks evaluate and (2) what
Al is actually being used for in production is one of
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Figure 1: Models’ mean score on APEX-v1.0. Models
are ranked in descending order. The labels in parenthe-
ses indicate the “Thinking” settings used where a choice
is available.

the biggest obstacles to creating real-world value.
To solve this problem, we have created the first
version of the Al Productivity Index (APEX-v1.0),
working with a team of industry experts. The pur-
pose of APEX is to set a goal for Al progress that
is aligned with economically useful tasks in the
real-world.

APEX-v1.0 will remain a closed heldout dataset for
rigorous evaluation of frontier models on their abil-
ity to execute tasks across four high-value knowl-
edge jobs: investment banking associate, manage-
ment consultant, big law associate, and primary


https://arxiv.org/abs/2509.25721v2
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Figure 2: Workflow for creating the Al Productivity Index (APEX-v1.0). Quality control is applied at every step in
production to ensure that prompts and rubrics are high-quality.

care physician (MD). Each prompt in APEX-v1.0
is a knowledge task that would take an expert be-
tween 1 and 8 hours to complete (with a mean of
3.5), and requires sophisticated reasoning. Prompts
are provided with evidence sources, and a rubric of
prompt-specific quality criteria. We use the rubrics
to autograde responses using a panel of judge LMs,
which is highly correlated with human grades (see
Section 4). An example prompt and part of a rubric
is given in Figure 3, and complete examples for
each domain are given in Appendix D. We have
produced a public-facing leaderboard for APEX-
v1.0 with results for 23 models from 13 providers.'
13 models are closed source and 10 are open source.
Contact us to submit your model for testing.

2 Dataset overview

APEX-v1.0 comprises n = 200 cases, split evenly
across the four domains, as shown in Table 1. Ev-
ery case was created and reviewed by experts with
extensive industry experience.

!See mercor.com/apex.

2.1 Expert sourcing and vetting

Experts were sourced through the Mercor platform.
We targeted experts with appropriate experience,
such as 3+ years at a top consulting firm, and prior-
itized experts with data labeling experience. Once
sourced, experts completed a 30 to 45-minute in-
terview. Experts who demonstrated excellent do-
main knowledge, strong communication and rea-
soning skills, and understood the potential role of
Al in their industry, were paid to complete a 1-2
hour assessment that tested their ability to write
prompts and rubrics. If they successfully com-
pleted the assessment, they were contracted to work
on APEX-v1.0. Throughout the project we con-
tinually checked in with the experts, gave quali-
tative feedback, and as needed offboarded under-
performers. In total, 76 experts, with a mean expe-
rience of 7.25 years, contributed at least one case
to APEX-v1.0.

* Investment Banking: Twenty investment
bankers with between 2 and 18 years of experi-
ence, and a mean of 8.7 years. They have held


https://mercor.com/apex/
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Table 1: Overview of APEX-v1.0. Mean number of criteria and sources per case, and mean number of tokens in all
the sources combined per case, and mean number of tokens in the prompt.

. No. of No.of No.of No. oftokens No. of tokens
Domain ol . . .
cases criteria sources in all sources in prompt

Medicine 50 36.20 6.50 41,443 242
Law 50 27.74 7.02 31,029 494
Management Consulting 50 32.10 5.20 18,445 587
Investment Banking 50 20.32 4.62 15,787 398
Mean 50 29.09 5.83 26,676 430

Figure 3: Example rubric for Law (ID 1045) with the
first 8 criteria out of 22 total. It is supported by 8 evi-
dence sources, which total to under 100,000 tokens. ID
1045 is not part of the APEX-v1.0 heldout test set. It
was created concurrently by the same group of experts.

positions at firms including Goldman Sachs,
Evercore, and JPMorgan.

* Management Consulting: Eighteen manage-
ment consultants with between 2 and 20 years
of experience, and a mean of 6.9 years. They
have held positions at firms including McKin-
sey, BCG and Bain.

* Law: Twenty lawyers, with experience at Big

Law firms, with between 3 and 22 years of
experience, and a mean of 5 years. They have
held positions at firms including Latham &
Watkins, Skadden, and Cravath, Swaine &
Moore, and hold JDs from institutions includ-
ing Harvard, Yale, Stanford, and other Top 14
US Law Schools.

* Medicine: Eighteen physicians with between
3 and 22 years of clinical experience in pri-
mary care, and a mean of 8.8 years. They have
experience at hospitals including Brigham &
Women’s and Mount Sinai, and hold MDs
from institutions including the University of
Pennsylvania, Northwestern, Cornell, and
other top US medical schools.

2.2 Expert creation of the prompts and
quality-assessment rubrics

On joining the project, experts outlined the 3-5
most common tasks in their day-to-day work, de-
scribing the seniority and expertise required. An
overview, with an estimate of their prevalence, is
given in Appendix C. We used this information to
steer the creation of prompts in APEX-v1.0, en-
suring they have fidelity to the real distribution of
economically-valuable tasks. For each case, ex-
perts found or created the evidence sources (if suit-
able sources were not freely available, such as pa-
tient records). We allowed both PDFs and CSVs,
up to a maximum combined length of 100,000 to-
kens, checked against OpenAl’s tokenizer for GPT
40.% This ensures the sources fit within the context
window of all tested models.

Experts created a rubric of quality criteria for each
prompt, decomposing the hard-to-measure concept

%See openai.com/tokenizer.
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Figure 4. Median, mean and standard deviation of the length of model responses on APEX-v1.0, measured in
characters and split by model. We clip mean minus standard deviation at O for readability.

of response “quality” into testable discrete compo-
nents (Saad-Falcon et al., 2024; Arora et al., 2025;
Starace et al., 2025). Each criterion is an objective,
well-specified and self-contained statement about
the response, phrased as a descriptive claim. They
are analogous to unit tests for code, and can be
assessed as Pass or Fail. For instance, if the prompt
asks the model to analyze the growth opportunities
for the five largest US Airlines in 2025, one cri-
terion in the rubric could stipulate “The response
identifies Delta airlines as one of the five largest air-
lines in the USA by market capitalization in 2025.”
We aim for parsimonious rubrics: more criteria cre-
ate a more fine-grained signal to assess the quality
of responses but can also encourage unnecessarily
long answers if badly constructed.

2.3 Quality control

Experts created and submitted each prompt for re-
view. They were then approved or rejected by re-
viewers. For rejections, the reviewers could either
remove the prompt from product or request specific
changes so it would met the quality bar. After the
prompt was approved the contributor created the
quality rubric, which was then reviewed. Multi-
ple rounds of review help to ensure the data points
meet the requirements of the task, are varied in
terms of topic, style and model behavior, and are
sufficiently challenging. Experts start as contribu-
tors and, only if they perform exceptionally well
and demonstrate strong understanding of the task
requirements, can be promoted to reviewers. We
use in-house LM-powered reviewing tools that give
experts immediate feedback on their work. Experts
always remain responsible for the quality of their
submissions. In total, 300 prompts were started

by contributors, of which 200 were approved by
reviewers and added to APEX-v1.0.

2.4 Dataset description

The mean number of tokens per prompt is 430,
ranging from 75 to 2,806, and the mean number of
characters is 2,029. The length of prompts differs
across domains. The mean number of tokens for
medicine is 242 and for management consulting is
587, over twice as many. Our qualitative review
suggests this is because the medicine prompts rely
more on the source evidence to specify the details
of the prompt compared with the other domains.
The mean number of criteria per rubric is 29.09,
ranging from 7 to 54, with 5,818 criteria in total.
There are large differences in the mean criterion
count per rubric across domains, from 20.32 for
investment banking to 36.20 for medicine. Our
qualitative review suggests this is because rubrics
in medicine tend to be very precise about outcomes,
often referencing specific industry-standard guide-
lines and regulations. However, it is difficult to gen-
eralize as there is a large spread of values in every
domain. The mean number of evidence sources for
each case is 5.83, ranging from 1 to 18. The mean
number of tokens for all sources associated with
each case is 26,677, ranging from 89 to 93,667.

3 Experimental setup

3.1 Models selection and access

We tested 23 models on APEX-v1.0. All mod-
els were released in 2025 apart from Amazon’s
Nova Pro (released December 2024) and OpenAl’s
GPT 4o (initially released in May 2024 and last up-
dated in November 2024). The most recent model
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Table 2: Performance and rankings of models on APEX-v1.0 across four metrics: mean score (%), pairwise wins
(%), times ranked first (%), and times ranked last (%). For the first three metrics, a higher score is better. For the %
of times that a model is ranked last, a lower score is better. Models are grouped by whether they are closed source

(top section) or open source (bottom section).

| Mean Score | Pairwise Wins | Ranked 1st | Ranked Last

Model Provider | % Rank % Rank % Rank % Rank
Nova Pro (Thinking = CoT) Amazon | 36.3 20 20.5 20 0.0 19 7.0 4
Opus 4.1 (Thinking = On) Anthropic| 55.3 12 55.5 13 2.0 11 0.0 17
Opus 4 (Thinking = On) Anthropic| 53.6 15 50.9 15 0.5 17 1.0 8
Sonnet 4 (Thinking = On) Anthropic| 54.4 14 54.3 14 1.0 15 0.0 17
Gemini 2.5 Flash (Thinking = On) Google | 60.4 3 69.6 3 11.5 3 0.5 10
Gemini 2.5 Pro (Thinking = On) Google | 60.1 4 69.2 4 5.0 6 0.5 10
GPT 5 (Thinking = High) OpenAl | 64.2 1 71.5 1 27.5 1 0.0 17
03 Pro (Thinking = High) OpenAl | 60.0 5 67.7 7 2.0 11 0.5 10
03 (Thinking = High) OpenAl | 59.9 6 67.9 6 35 8 0.0 17
04 mini (Thinking = High) OpenAl | 56.3 11 58.5 11 2.0 11 0.0 17
GPT 4o OpenAlI | 359 21 18.2 21 0.5 17 14.0 2
Grok 4 XAl 61.3 2 72.5 2 9.5 4 0.0 17
Grok 3 XAl 59.3 8 66.3 8 35 8 0.5 10
DeepSeek R1 DeepSeek| 57.6 9 63.1 9 13.5 2 1.0 8
Gemma 3 27B Google | 36.6 19 21.5 19 0.0 19 5.0 5
Llama 4 Maverick Meta 44.7 17 32.5 17 1.0 15 2.0 6
Phi 4 Multimodal Microsoft | 20.7 23 43 23 0.0 19 50.5 1
Mistral Medium 3 Mistral | 43.0 18 31.3 18 0.0 19 0.5 10
Kimi K2 Instruct Moonshot| 51.1 16 47.4 16 2.0 11 0.5 10
Nemotron Super vl 49B Nvidia 32.5 22 14.9 22 0.0 19 14.0 2
GPT OSS 120B (Thinking = Medium) OpenAl | 57.1 10 61.5 10 7.5 5 0.5 10
Qwen 3 235B Qwen 59.8 7 68.3 5 5.0 6 0.0 17
GLM 4.5 Z 55.1 13 56.5 12 2.5 10 2.0 6

is GPT 5 (Thinking = High), which was released
in early August 2025. Model responses were col-
lected at the start of August 2025. The 13 closed
source models were accessed through their respec-
tive APIs and the 10 open source models were
accessed through open source providers. We use
the recommended temperature for each model. If
a setting is not recommended, we set temperature
to 0.7. Thinking is turned On if available and set
to the recommended level (usually, High) if it can
be configured. We do not explicitly set the system
prompt, apart from Nova Pro where it is used to en-
able “thinking”.? Implementation details are given
in Appendix A.

3.2 Model scoring

We collect responses from each model three times
for each prompt and score them with an LM judge
(see below). Because models are non-deterministic
they can give different responses to the same
prompt, resulting in different scores each run.
Across all models, the mean range of the scores
for the three runs is 11.9 percentage points. This

3See nova/prompting-chain-of-thought.html.

is fairly consistent across models, from a mean
range of 9.0 percentage points for Grok 3 to 16.2
percentage points for Gemini 2.5 Flash (Thinking
= On). We use the median of the three scored re-
sponses for our leaderboard and analysis. We con-
sidered reporting the maximum score across runs
(i.e. pass@3) as this would show the upper bound-
ary of model performance with multiple attempts.
However, this risks inflating scores for models that
produce more variable outputs — a single lucky com-
pletion could obscure low performance on average.

The length of model responses varies considerably,
as given in Figure 4, from a mean of 3,679 charac-
ters for GPT 40 to 29,914 for Qwen 3 235B. Gem-
ini 2.5 Flash (Thinking = On) has the third longest
mean responses at 14,522 characters. However, this
is not representative due to the large standard devi-
ation. It is primarily due to five cases that have an
exceptionally high number of characters (821,912,
704,329, 364,202, 175,267 and 155,257), partly
due to long and irrelevant sequences of consecutive
spaces. Outside of these cases, Gemini 2.5 Flash


https://docs.aws.amazon.com/nova/latest/userguide/prompting-chain-of-thought.html
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Figure 5: Models’ pairwise win rate on all n = 200
cases in APEX-v1.0. Pairwise win rate is based on a
head-to-head comparison of models’ autograded scores
on each task. The model that scores higher wins and the
other model loses. Both models are awarded half a point
for exact ties. The error bars show 95% Confidence
Intervals, bootstrapped n = 1, 000.

(Thinking = On) responses are not much longer
than other models’.

4 Grading responses with a panel of LM
judges

LM judges are widely used to scalably grade the
quality of model responses (Baumann et al., 2025;
Gu et al., 2025; Zhu et al., 2025). LMs can be
biased judges and require careful prompting and
adequate evaluation. LM judging is well-suited
for grading rubrics as each criterion is a short self-
contained statement. In principle, these statements
are easier to judge than overall quality or abstract
concepts like “usefulness” or “helpfulness”. We
used a panel of three LMs to grade model responses
on APEX-v1.0: 03 (Thinking = Low), Gemini 2.5
Pro (Thinking = Off), and Sonnet 4 (Thinking =
Off). The same prompt is passed to all three LM
judges. It is given in Appendix B.

Each judge independently graded each criterion as
Pass or Fail, and we took the majority vote (i.e.,
3/3 or 2/3 agreement) as the final grade. The score
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for each response is the percentage of criteria in
the rubric that it passes. For instance, if a response
passed 16 out of the 20 criteria in a rubric we score
it 80%. This approach lets us calculate a scalar
grade for each response from the overall percentage
of criteria passed. We assess the performance of the
LM judges on four metrics: (1) judge consistency,
(2) inter-judge agreement, (3) judge preference for
itself, and (4) agreement between the judges and
human labels. Overall, we find our LM judge panel
is a consistent and high-quality grader.

Judge consistency. Each judge graded the re-
sponses from one arbitrarily selected model (Grok
4) three times. Their grades are internally consis-
tent, with very high levels of agreement: 99.5% for
03 (Thinking = Low), 99.4% for Gemini 2.5 Pro
(Thinking = Off), and 99.6% for Sonnet 4 (Think-
ing = Off).

Inter-judge agreement. We checked whether
judges agree on the Pass/Fail grades given to each
criterion in the dataset (comprising over 400,000
data points). The three judges agree on criterion
grades 3/3 in 81.16% of cases. For cases where
there is not 3/3 agreement, there is a fairly even
spread of 2/3 majorities: 42.1% majority agreement
between Sonnet 4 (Thinking = Off) and Gemini
2.5 Pro (Thinking = Off), 33.1% majority agree-
ment between Sonnet 4 (Thinking = Off) and o3
(Thinking = Low), and 24.8% majority agreement
between Gemini 2.5 Pro (Thinking = Off) and 03
(Thinking = Low). The three models are also mod-
erately correlated: Gemini 2.5 Pro (Thinking = Off)
and Sonnet 4 (Thinking = Off) have a correlation of
0.80, 03 (Thinking = Low) and Sonnet 4 (Thinking
= Off) have a correlation of (.75, and 03 (Thinking
= Low) and Gemini 2.5 Pro (Thinking = Off) have
a correlation of 0.72.

Judge preference for itself. As all three LM
judges are models evaluated on APEX-v1.0 (al-
though with thinking turned off for Gemini 2.5
Pro and Sonnet 4 and set to Low for 03) we check
judge self-preference by calculating the gap be-
tween the grade given by the LM judge to itself and
the mean grade from the other two judges. Sonnet
4 (Thinking = Off) is the harshest judge, scoring
itself 50.8% while Gemini 2.5 Pro (Thinking = Off)
scores it 59.4% and o3 (Thinking = Low) scores
it 54.2%. This is a gap of —6 percentage points.
03 (Thinking = Low) is the best calibrated, scor-
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ing itself 59.9% while Gemini 2.5 Pro (Thinking
= Off) scores it 64.7% and Sonnet 4 (Thinking =
Off) scores it 56.2%. This is a gap of —0.6 percent-
age points. Gemini 2.5 Pro (Thinking = Off) is the
most generous judge, scoring itself 63.5% while
Sonnet 4 (Thinking = Off) scores it 55.8% and 03
(Thinking = Low) scores it 60.4%. This is a gap
of 5.4 percentage points. These differences align
very closely with judges’ overall biases when grad-
ing models. Compared with the other two judges,
Sonnet 4 (Thinking = Off) typically scores crite-
rion —5.6 percentage points, 03 (Thinking = High)
scores —0.5 percentage points, and Gemini 2.5 Pro
(Thinking = Off) scores +-6.1 percentage points.
Therefore, we do not find that judges prefer them-
selves but instead a general bias, which is partly
mitigated by using a panel.

Agreement between judges and humans. For
the responses from one model (Gemini 2.5 Pro
(Thinking = On)) we collected Pass/Fail grades
from the expert annotators (n=5,818 total). Note
that these ratings were not validated by reviewers,
creating a greater risk of errors than with our other
annotations. Using majority vote, the LM judge
panel is in 89% agreement with the human grades.
This is a small lift compared with the individual
judges — Gemini 2.5 Pro (Thinking = Off) is in
87.7% agreement with the human grades, Sonnet
4 (Thinking = Off) is 88.1% and o3 (Thinking =
Low) is 88.4%. There are minor differences in
judge-human agreement across the four domains:
84.3% in law, 85.7% in medicine, 88.0% in in-
vestment banking and 94.5% in management con-
sulting. These differences could be a product of
model’s different reasoning capabilities across do-
mains, stylistic differences in how the criteria are
worded creating errors, confounding factors like
different complexity of criteria, or mistakes from
the expert annotations. We aim to investigate these
differences in the future and improve LM judge
performance.

5 Results

GPT 5 (Thinking = High) has the highest mean
score on APEX-v1.0 at 64.2%, followed by Grok
4 (61.3%) and Gemini 2.5 Flash (Thinking = On)
(60.4%). Just two percentage points separate the
2nd to 7th best models, from 59.3% to 61.3%. Per-
formance differences are much larger at the bottom
of the leaderboard, where seven models score un-
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der 50%. The lowest performing models are Phi
4 (20.7%), Nemotron Super vl 49B (32.5%) and
GPT 40 (35.9%). Using a Kruskal-Wallis signifi-
cance test, the differences between models are sta-
tistically significant at o« = 0.00001. We fit an Or-
dinary Least Squares regression model with score
as the outcome variable, and can explain 22.8% of
variance using just the model name and no other
coefficients. Models’ mean score on APEX-v1.0 is
shown in Table 3.

Domains differ in difficulty. Across all models
the mean score for medicine is 47.5%, invest-
ment banking is 47.6%, management consulting
is 52.6%, and law is 56.9%. This is a range of
9.4 percentage points. The highest model scores in
each domain are similarly varied (62.0%, 59.7%,
64.8%, 70.5% respectively). Yet, despite differing
difficulty and the different knowledge and reason-
ing skills they require, models’ rank positions are
fairly consistent across domains. GPT 5 (Thinking
= High) is the best performing model in every do-
main and Phi 4 Multimodal is the worst. Grok 4 and
Gemini 2.5 Pro (Thinking = On) are tied second
in management consulting, and DeepSeek R1 and
Gemini 2.5 Pro (Thinking = On) are tied second in
investment banking. Interestingly, Gemini 2.5 Pro
(Thinking = On) performs much worse in medicine
(ranked 9th) and law (ranked 7th). Gemini 2.5
Flash (Thinking = On), in contrast, performs well
on medicine (tied 2nd with GPT OSS 120B (Think-
ing = Medium) and medicine (tied 3rd with o3 Pro
(Thinking = High), after 03 (Thinking = High) in
second) but is worse on management consulting
(ranked 4th) and investment banking (ranked 9th).

To better understand how models compare we cal-
culate (1) the percentage of times each model per-
forms best on a given task, (2) the percentage of
times each model performs worst, and (3) the per-
centage of pairwise head-to-head battles that each
model wins. Results are given in Table 2. There
is a large spread in the pairwise win rate, from
GPT 5 (Thinking = High) winning 77.5% of all
head-to-heads, and Phi 4 winning just 4.3%. GPT
5 (Thinking = High) is also clearly differentiated
from the second best-performing model, Grok 4
at 72.5%, and the third-best performing, Gemini
2.5 Flash (Thinking = On) at 69.6%. This shows
how even fairly small differences can translate to
larger differences in ranked position. We calculate
95% confidence intervals for the pairwise win rate
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Table 3: Model performance across knowledge domains in APEX-v1.0 (investment banking, law, management
consulting, and medicine). Scores are the mean percentage of criteria passed for tasks in each domain. In all four
domains, GPT 5 (Thinking = High) is the highest performing model.

Model Provider | povet Law Mgmt. Medicine
anking Consulting
Nova Pro (Thinking = CoT) Amazon 31.4% 44.2% 36.2% 33.5%
Opus 4.1 (Thinking = On) Anthropic 55.2% 59.7% 56.6% 49.8%
Opus 4 (Thinking = On) Anthropic 53.8% 57.4% 54.6% 48.5%
Sonnet 4 (Thinking = On) Anthropic 53.7% 57.8% 55.3% 50.7%
Gemini 2.5 Flash (Thinking = On) Google 55.0% 67.2% 60.6% 58.9%
Gemini 2.5 Pro (Thinking = On) Google 57.8% 65.2% 62.7% 54.9%
GPT 4o OpenAl 32.6% 41.6% 38.9% 30.5%
GPT 5 (Thinking = High) OpenAl 59.7% 70.5% 64.8% 62.0%
03 (Thinking = High) OpenAl 56.9% 68.0% 58.4% 56.2%
03 Pro (Thinking = High) OpenAl 57.1% 66.7% 58.6% 57.7%
04 mini (Thinking = High) OpenAl 54.8% 63.6% 56.8% 50.1%
Grok 3 XAl 55.9% 65.2% 59.1% 57.1%
Grok 4 XAl 56.6% 66.2% 63.1% 59.3%
DeepSeek R1 DeepSeek 58.2% 59.4% 60.4% 52.4%
Gemma 3 27B Google 25.5% 45.5% 40.6% 34.9%
Llama 4 Maverick (I) Meta 46.5% 45.7% 51.8% 34.7%
Phi 4 Multimodal (I) Microsoft 10.4% 30.7% 21.5% 20.1%
Mistral Medium 3 Mistral 37.6% 50.3% 45.8% 38.3%
Kimi K2 Instruct Moonshot 47.3% 58.2% 50.4% 48.4%
Nemotron Super vl 49B Nvidia 29.0% 37.9% 36.1% 26.9%
GPT OSS 120B (Thinking = Medium) OpenAl 50.0% 62.2% 57.7% 58.6%
Qwen 3 235B Qwen 56.2% 65.7% 61.3% 56.0%
GLM 4.5 Z.ai 52.7% 59.0% 56.6% 52.1%

by bootstrapping n = 1, 000. Error bars are small
for each model, as shown in Figure 5. The per-
centage of times that models are best performing
and worst performing is mostly highly-associated
with the other two metrics. Interestingly, Sonnet 4
(Thinking = On), which is a mid-performing model
(ranked 14/23 for mean score), is not ranked last
on any single task; and DeepSeek R1 (ranked 9/23
for mean score), is ranked 1st the second most of
all models.

5.1 Do models find similar cases difficult in
APEX-v1.0?

For a small number of cases in APEX-v1.0 nearly
all models score 90%+ while, at the other extreme,
for a small number of cases nearly all models score
under 5%. This reflects our design choices as
we wanted APEX to capture the variety of real-
world tasks, which differ in complexity and time-to-
complete. To understand whether models find the
same cases difficult we computed models’ pairwise
correlations. This accounts for models’ different
means and standard deviations, allowing us to as-
sess how relatively difficult they find cases rather
than their absolute performance. Higher correlation
indicates that models find the same cases similarly
difficult / easy.

As expected, models from the same provider are of-
ten highly correlated. o3 (Thinking = High) and 03
Pro (Thinking = High) have correlation of 0.93 (the
highest reported), Opus 4.1 (Thinking = On) and
Opus 4 (Thinking = On) have correlation of 0.91,
Opus 4 (Thinking = On) and Sonnet 4 (Thinking
= On) have correlation of 0.88, Gemini 2.5 Flash
(Thinking = On) and Gemini 2.5 Pro (Thinking =
On) have correlation of 0.82. Interestingly, mean
correlation between closed-source models (0.73) is
higher than mean correlation between open-source
models (0.68). This is somewhat surprising given
the latter often share architectures and training
methods (Eiras et al., 2024). Phi 4, the lowest-
performing model, has lowest mean pairwise corre-
lation at 0.50, indicating orthogonal performance.
Surprisingly, the best performing model, GPT 5
(Thinking = High), has a mean pairwise correlation
of just 0.65, making it only the 20th most correlated
model out of 23.

5.2 Does performance of open source and
closed source models differ on
APEX-v1.0?

There is a moderate performance gap between the
open source and closed source models. The mean
score of all closed source models is 55.2% whereas
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Figure 6: Correlation between pairs of models on APEX-v1.0. Higher values indicate greater similarity. Across the
23 models there are 253 unique pairwise combinations. Values range from 0.39 (for Phi 4 and GPT 5 (Thinking =
High)) to 0.93 (for 03 (Thinking = High) and 03 Pro (Thinking = High)).

for open source models it is 45.8%, a drop of 9.4
percentage points. The gap is even larger in terms
of pairwise win rates at 57.6% and 40.2%, which is
a drop of over 15 percentage points. However, there
are some notable exceptions where open source
models perform well. Qwen 3 235B is ranked
seventh on mean score and DeepSeek R1 is ninth.

5.3 Do more powerful models perform better
on APEX-v1.0?

Providers often do not share all details of model
training, resulting in a patchwork of information
about compute, the number of parameters, and
model architecture (Eiras et al., 2024). Given the
lack of information, we compare different mod-
els from the same family where performance is
clearly differentiated by the provider (e.g., 03 pro
is pitched by OpenAl as a better version of 03).
There are some surprising gaps. Opus 4 (Thinking
= On) performs worse than Sonnet 4 (Thinking =
On) on all four performance metrics, as shown in
Table 3, and beats Sonnet 4 (Thinking = On) in
only one domain based on mean score (investment
banking). 03 Pro (Thinking = High) outperforms
03 (Thinking = High) by just 0.1% in terms of
mean score, and performs worse on the other three
metrics. Gemini 2.5 Flash (Thinking = On) is 0.3%
better than Gemini 2.5 Pro (Thinking = On) on
mean score. It also outperforms in terms of pair-
wise win rate and the percentage of times ranked

first. These results suggest that the more powerful
versions of models, which are often more expen-
sive, are not necessarily better at performing the
real-world high economic value tasks that comprise
APEX-v1.0. There is a small performance improve-
ment across different generations of models within
the same family. Grok 4 outperforms Grok 3 on
all metrics, Opus 4.1 (Thinking = On) outperforms
Opus 4 (Thinking = On), and GPT 5 (Thinking =
High) is substantially better than all other OpenAl
models, and GPT 4o is substantially worse.

5.4 Do thinking models perform better on
APEX-v1.0?

16 of the 23 models offer “thinking” tokens. They
perform better than non-thinking models, with
mean score of 55.8% (versus 40.4%) and pairwise
win rate of 58.9% (versus 29.6%). However, mod-
els with thinking are more likely to be closed source
and released more recently, which is associated
with higher performance and could confound this
finding. To reliably assess whether thinking deliv-
ers a performance boost on APEX-v1.0 we would
need to run ablations with thinking turned on/off
or set to high/low (where options are available).
This is non-trivial to implement given that “think-
ing” functionality varies across model providers,
as shown in Table 4. Similarly, due to the different
information available about models’ architecture
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we cannot make reliable claims about parameter
scaling.

5.5 Does response length impact scores on
APEX-v1.0?

We were concerned that models could achieve high
scores on APEX-v1.0 by “scattergunning” — pro-
viding very long responses that are hard to read
but have enough information to pass many of the
criteria. There is some evidence to support this.
For instance, qualitative inspection of responses
shows that on several tasks both Qwen 3 235B and
DeepSeek R1 provide a lot of detail about their
thinking process, and are highly repetitive and in
places off-topic. Yet both have high mean scores
as we do not penalize length, and they provide
enough of the correct information to pass many
criteria. At the other end of the spectrum, several
lower performing models (e.g., GPT 40, Phi 4 Mul-
timodal, and Nova Pro (Thinking = CoT)) have the
shortest mean response lengths (1st, 2nd and 4th
shortest, respectively). However, overall, we do not
find evidence this is a substantial problem. We fit
an Ordinary Least Squares regression model with
mean response score as the outcome variable and
response length as the only coefficient. The R?
is only 0.02 (significant at o = 0.001), indicating
almost zero relationship.

5.6 How does APEX-v1.0 compare with other
benchmarks?

The primary benefit of APEX-v1.0 as a benchmark
is in evaluating models for well they perform at
economically valuable tasks, which remains under-
addressed in Al benchmarking. To understand how
APEX-v1.0 differs from existing benchmarks, we
correlated models’ scores with their reported val-
ues on four existing benchmarks: Humanity’s Last
Exam (HLE) (Phan et al., 2025), MMLU (Pro)
(Hendrycks et al., 2021), MMMU (Val) (Yue et al.,
2024), and GPQA (Rein et al., 2023). Of the 23
models we test on APEX-v1.0, 12 have been pub-
licly graded on HLE, 12 on MMLU Pro, 13 on
MMMU (Val) and 22 on GPQA. Mean correlation
is 0.79 between models’ score on APEX-v1.0 and
their score on the other four benchmarks. This com-
pares to 0.58 for MMLU Pro versus the other four
benchmarks, 0.75 for HLE, 0.79 for MMMU (Val),
and 0.84 for GPQA. This suggests that APEX-v1.0
is approximately as different as the other bench-
marks are. Note that the missing model scores
limit the robustness of these results.
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6 Discussion

6.1 Investment banking

Models’ mean scores are second lowest for invest-
ment banking (47.6%). It also has the lowest top
scoring model of the four domains, with GPT-5
(Thinking = High) at 59.7%. APEX-v1.0 was de-
signed to capture the primary groups of products
and sectors that bankers typically work on, with
coverage concentrated on buy-side mergers and
acquisitions advisory, equity capital markets, valu-
ation methodologies, sponsor-led transactions, and
FP&A. However, given the breadth of specialties
in banking, certain niche transaction types are not
substantially covered, such as sell-side mergers and
acquisitions advisory, debt capital markets, project
finance, and restructuring or distressed investing.
There are particularly significant gaps in tasks re-
quiring non-public data, including debt issuances,
refinancings, and private placements. Sector cover-
age is weighted toward consumer and retail, phar-
maceuticals, and technology, media, and telecom-
munications, with areas such as industrials, avi-
ation, and financial institutions less represented.
Future iterations of APEX will expand coverage
across products and sectors, with a particular focus
on live deal execution tasks—such as using prece-
dent transactions as a valuation cross-check and
drafting core transaction materials.

6.2 Management consulting

Models’ mean scores are second highest for man-
agement consulting (52.5%) and it has the second
highest top score model of the four domains, with
GPT 5 (Thinking = High) at 64.8%. APEX-v1.0
reflects a broad set of core work in management
consulting, covering major practice areas, indus-
tries, and analytical approaches, including strategy,
operations, finance, and organizational effective-
ness. Coverage was strongest in corporate and
commercial strategy, financial performance eval-
uation, operational improvement, and market and
competitive intelligence. Specialty areas—such as
social impact, ESG and sustainability strategy, and
change management—were less represented. In-
dustry coverage was strongest in consumer, technol-
ogy, finance, and healthcare services, with less rep-
resentation in utilities, materials, communication
services, and energy. Future iterations of APEX
will aim for more granular measurement across in-
dustries and consulting practices, with deeper rep-
resentation of implementation-focused and people-
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centric engagements. This will include a richer set
of prompts for transformation programs, PMO, and
organizational change, as well as more nuanced
prompts for innovation, product strategy, and dig-
ital enablement. Further development will focus
on simulating the full arc of real-world engage-
ments—from diagnostic to recommendation to ex-
ecution—requiring more judgment, prioritization,
and stakeholder alignment alongside technical anal-
ysis.

6.3 Law

Models’ mean scores are highest for Law (56.9%)
and it has the highest top score of the four domains,
with GPT 5 (Thinking = High) at 70.5%. APEX-
v1.0 covers a diverse set of tasks and legal areas that
are of primary importance to practicing lawyers.
But since legal tasks and practice areas are so var-
ied, certain tasks and areas were not substantially
covered, such as contract redlining, writing regu-
lation drafts, writing a will or a trust, responding
to freedom-of-information requests, and assessing
whether regulations are lawful. There was also lit-
tle coverage of specialty areas, such as handling
trusts and estates. Feedback from experts suggest
the need to distinguish clearly between corporate
and civil law, and the work of in-house versus out-
side counsel, as well as the differing roles of parties
and counter-parties. Future iterations of APEX will
provide more insight by providing breakdowns for
scores by task types and areas of practice, aiming
for more systematic and comprehensive coverage.
Additionally, we see particular value in providing
qualitative assessments of the significance of model
scores as our legal partners suspect there are thresh-
olds at which the value of LMs in live work settings
will change.

6.4 Medicine

Models’ mean scores are lowest for medicine
(47.5%) and it has the second lowest top score of
the four domains, with GPT 5 (Thinking = High) at
62.0%. The majority of model failures stem from
a lack of depth in responses, reflecting an inability
to account for the nuances of real-world scenar-
i0s. Our medical collaborators note that there is
significant room for improvement both in LLM per-
formance and in measuring their true clinical value
and efficacy. Tasks in APEX-v1.0 were designed
by physicians, focusing on high-impact situations
from clinical practice. As a result, the dataset em-
phasizes emergency department presentations, but
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also includes broader challenges such as navigat-
ing CMS coverage requirements, triaging under
resource constraints, and addressing ethical dilem-
mas involving multiple patients. Future iterations
will expand coverage to include more areas such
as outpatient care, address “gray-area” decisions
(e.g., off-label use), and incorporate a wider range
of specialties. Medicine proved to be the most
challenging domain for prompt and rubric creation,
with the highest levels of internal disagreement
between contributors and reviewers. Clinical re-
viewers also had the lowest tolerance for ambigu-
ity or gaps in reasoning. We caution that clini-
cal value depends on local standards of care, and
that greater rigor is required to achieve certainty
in this complex domain. Despite strong perfor-
mance on structured diagnostic benchmarks, our
findings show that frontier LLMs still struggle with
open-ended clinical reasoning tasks as judged by
practicing physicians—and remain far from expert
performance.

7 Limitations

Measurement error. There is a risk of measure-
ment error given the challenges of creating rubrics
and calibrating annotators, especially as we prior-
itized hiring annotators with domain-specific in-
dustry expertise. We collected model responses
three times on each prompt, and saw inter-run vari-
ance (see Section 3.2). In future work, we could
reduce biases due to inter-run variance by collect-
ing responses more times. Our use of LM judges
also introduces another potential measurement er-
ror. They are likely to make more errors on com-
plex prompts and criteria in technically-advanced
domains, such as medicine. Our analyses and qual-
ity control processes suggest this risk is unlikely to
substantially change our results. It is worth noting
that our testing setup is relatively easy for models
to reason over as we pass them the sources they
need in context. In a live production setting finding
the right information would be much harder, likely
requiring a document searching system or other
tool usage, and scores would be lower.

Penalizing bad responses. Rubrics in APEX-
v1.0 do not have negative criterion that penalize
responses for containing incorrect or irrelevant
claims. In theory, a response could pass many
criteria but also hallucinate, i.e., create factually
incorrect claims. This is related to the problem
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of scattergunning, where responses are far longer
than needed. These responses are less valuable to
end users than ones that are equally insightful and
correct, but far shorter. Although it is not guaran-
teed that higher scored responses contain fewer er-
rors, our qualitative reviews do not show systematic
evidence of wrong claims appearing in otherwise
highly scored responses.

Matching real-world value. The scores that mod-
els achieve on APEX-v1.0 are not necessarily cor-
related with real-world value. Value is often stage-
gated, which means that a model scoring 60% does
not have 60% of the value that one scoring 100%
delivers. Instead a response that scores 60% might
be effectively useless. On the other hand, if a strong
product is built on top of a relatively weak model,
possibly one that clearly communicates what it
does not know, it can still be incrementally valu-
able to users. Ultimately, value depends on how Al
models are used and in what context. In the future,
as models improve, we aim to integrate assessing
cost and latency as well as performance.

Saturation and contamination Long-term, mod-
els could saturate performance on APEX-v1.0,
making it less useful as a benchmark to guide train-
ing efforts. We see this as an exciting development
and is actually our main ambition with APEX —
providing they are not overfitting, it would mean
that models are delivering far more economic value.
At the same time, we note that the best performing
model, GPT 5 (Thinking = High), only achieves
64.2% on APEX-v1.0 despite scoring very highly
on other benchmarks such as AIME 2025 without
tools (94.6%), SWE-bench Verified (74.9%) and
MMMU (84.2%).* This indicates substantial head-
room to improve due to the difficulty of APEX-
v1.0. A related concern is that models saturate
performance because the data becomes contami-
nated rather than because they have improved their
capabilities. This happens when model providers
pre- or post-train on a dataset, possibly unintention-
ally. We have kept APEX-v1.0 as a heldout hidden
set to minimize this risk but we acknowledge that
it cannot be fully mitigated, especially as we have
publicly shared details on its design and creation.

4https ://openai.com/index/introducing-gpt-5/
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8 Future expansions of APEX

Scope and coverage. APEX-v1.0 contains evals
for four important knowledge-intensive jobs. Fu-
ture iterations of APEX should include a wider
range of roles, as well as more granular measure-
ment of performance withing common workflows
and specialties. We see software engineering, teach-
ing, insurance, and graphic design as promising
new roles to benchmark.

Tool use and data rooms. The evals in APEX-v1.0
can be extended to more closely mimic the day-to-
day activities of knowledge workers. This includes
adding software and tooling, knowledge stores for
large volumes of documents, and multi-turn interac-
tions with an LM live. In particular, we see benefits
in creating data rooms that contain all of the rel-
evant files and resources for a set of prompts. A
single data room could support multiple tasks that
a professional might undertake.

Loss analysis with criteria and prompt tags. We
see a lot of potential in applying finegrained tags to
the data in APEX. Each criterion could be tagged
for secondary information, such as importance,
cross-criteria dependencies, the type of model be-
havior it relates to (e.g., reasoning, stating infor-
mation, generation and instruction following), and
domain-specific topics. Similarly, prompts can be
tagged for their complexity, impact, workflow, and
the type of tools they require. These tags can be
used to run loss analyses, providing granular in-
sight into models’ strengths and weaknesses. They
could also be used to weight rewards during train-
ing.

9 Related work

Numerous benchmarks have been developed to test
the reasoning, tool use, instruction following, and
generative capabilities of LMs. GAIA introduces
a benchmark of 466 real-world multi-step tasks
that require advanced capabilities such as reason-
ing, tool use (e.g. web browsing, coding), and
multi-modal comprehension to be solved (Mialon
et al., 2023). Answers are generally unambiguous,
enabling high-quality scoring. MMLU tests mod-
els on general knowledge and reasoning across 57
academic and professional subjects using multiple-
choice questions (Hendrycks et al., 2021). It is
widely used to measure general knowledge and
reasoning, but has been criticized for data errors
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(Gema et al., 2025) and saturation (Wang et al.,
2024), especially as the data is open-source. GPQA
is a dataset of 448 expert-crafted, graduate-level
multiple-choice questions in biology, physics, and
chemistry that even PhD-level experts achieve only
approximately 65% (Rein et al., 2023). This high-
quality resource only has multiple choice ques-
tions, and is focused on academic performance
rather than real-world value. Similarly, Humanity’s
Last Exam (HLE) is a benchmark of expert-level,
high-stakes questions from professional and aca-
demic domains, created by PhDs in each respective
field (Phan et al., 2025). It also lacks focus on
economically-valuable outputs. GSM8K is a less
challenging but widely used dataset. It contains
high-quality, grade-school math word problems
that need to be solved step-by-step (Cobbe et al.,
2021), and is designed to evaluate models’ arith-
metic reasoning. Many other question answering
datasets evaluate model’s knowledge and reasoning
capabilities in specific domains, like FinanceBench
(Islam et al., 2023), PubMedQA (Jin et al., 2019)
and ScienceQA (Lu et al., 2022). There are also ab-
stract reasoning benchmarks such as ARC-1 (Clark
et al., 2018) and ARC-2 (Chollet et al., 2025),
which are part of the AI2 Reasoning Challenge.
ARC contains visual reasoning tasks, assessing
models’ ability to perform complex reasoning with-
out explicit instructions.

Al models’ ability to improve workers’ productiv-
ity is a growing area of interest in research. Ope-
nAI’'s GDPval is a benchmark for testing Al ca-
pabilities at performing real world economically
valuable tasks (OpenAl, 2025). It covers 44 oc-
cupations across the top 9 sectors contributing to
U.S. Gross Domestic Product. Industry profession-
als created the prompts and rubrics, and GPDval
is one of the first benchmarks to reflect real-world
high-value tasks. The authors open source 220 gold
cases and show that for some tasks frontier models
are approaching industry experts’ quality of work.
Anthropic’s Economic Index (Handa et al., 2025)
aims to understand the impact of Al on the econ-
omy over time. An open source project, it uses
real data from Claude to track where and how Al is
used, focusing on broad groupings like “Computer
& Mathematical” and “Business & Financial”. It
shows that partial automation, and use of Al to
augment human workers, is the dominant paradigm
of Al use. Evaluations of Al models’ ability to
perform knowledge is mixed.
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VendingBench (Backlund and Petersson, 2025)
tests LLM-based agents’ ability to operate a simu-
lated vending machine. Agents have access to tools
and must execute simple tasks (e.g., placing or-
ders), managing workload over a long time horizon.
Models are capable of returning a profit in many
runs, but sometimes derail by losing track of the
task or making poor decisions and losing money.
TheAgentCompany is a benchmark for evaluating
agents’ performance at the tasks of a digital worker,
where they can browse the Web, write code, run
programs, and communicate with other coworkers.
They find that the best agent can complete 30%
of tasks autonomously (Xu et al., 2025). Hendrix
et al. (2022) look at use of Al among clinicians and
argue that while it could increase productivity, it
will increase workloads if badly implemented, and
needs to be used for suitable tasks. Becker et al.
(2025) run a controlled study on 16 developers with
moderate Al experience. Participants complete 246
tasks in mature projects on which they have a mean
of 5 years of prior experience. Although partic-
ipants anticipate that Al will reduce completion
time by 24%, the authors found it increased com-
pletion time by 19%. This finding challenges other
research that shows Al coding assistants can gen-
erate a significant uplift in output and speed (Peng
et al., 2023; Paradis et al., 2024). Miserendino
et al. (2025) introduce SWE-Lancer, a benchmark
of over 1,400 freelance software engineering tasks
from Upwork, valued at 1 million dollars. Tasks
vary from simple bug fixes to complex tasks involv-
ing advanced reasoning and management. Three
frontier models earn between 30% (03) and 40%
(Claude 3.5 Sonnet) of the money available.
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Xiang Yue, Yuansheng Ni, Kai Zhang, Tianyu Zheng,
Ruoqi Liu, Ge Zhang, Samuel Stevens, Dongfu Jiang,
Weiming Ren, Yuxuan Sun, Cong Wei, Botao Yu,
Ruibin Yuan, Renliang Sun, Ming Yin, Boyuan Zheng,
Zhenzhu Yang, Yibo Liu, Wenhao Huang, Huan Sun,
Yu Su, and Wenhu Chen. 2024. Mmmu: A massive
multi-discipline multimodal understanding and reason-
ing benchmark for expert agi.

Lianghui Zhu, Xinggang Wang, and Xinlong Wang.
2025. Judgelm: Fine-tuned large language models are
scalable judges.

A Models Under Test

We parse the PDFs and CSVs of the evidence
sources using Reducto and append to the prompt in
the context window.’ We did not use the native file
handling functionalities in closed source models’
respective APIs as early testing shows it can mas-
sively increase the total number of tokens. By using
a single file parsing strategy we also create a fair
evaluation setting for all models. Without the evi-
dence sources it is very difficult for a model to give
a high-quality response. As such, we believe that
models can only be fairly graded against APEX-
v1.0 if passed the full set of documents, and will
otherwise have deflated and uninformative scores.

B Judge LM

Implementation details: 03 has thinking turned
on by default and temperature cannot be set. We set
thinking to Low. For Gemini 2.5 Pro and Sonnet 4
we leave thinking turned off and set temperature to
0.01, minimizing the risk of intra-model inconsis-
tency.

Prompt: You are evaluating a model-generated
response against a specific criterion. Your task is
to determine if the response satisfies this criterion
and provide a concise explanation.

Criterion to evaluate: evaluation_case
Response to evaluate: model_response

Instructions:

1. First, analyze the response against the given
criterion.

5h'ctps ://docs.reducto.ai/overview
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2. Determine if the response fully satisfies the
criterion (result = 1) or not (result = 0).

3. Provide a concise explanation (maximum 2-3
sentences) that:

* States whether the criterion is met or not,

* Points to specific evidence from the re-
sponse,

* Avoids unnecessary details or repetition.

Return your evaluation in the following JSON
format:

{
"result”: <1 or 0>,
"reason”: "<concise explanation>"

b

Keep your explanation brief and focus on the key
points that justify your result.


http://arxiv.org/abs/2412.14161
http://arxiv.org/abs/2412.14161
http://arxiv.org/abs/2311.16502
http://arxiv.org/abs/2311.16502
http://arxiv.org/abs/2311.16502
http://arxiv.org/abs/2310.17631
http://arxiv.org/abs/2310.17631
https://docs.reducto.ai/overview
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C Workflows reported by experts in each
domain

We surveyed all contributing experts before about
their day-to-day tasks. The activities reported in
Table 5, Table 6, Table 7, Table 8, and Table 9 are
an estimate based on the experts’ responses. We
split law into litigation and corporate law given
substantial differences in day-to-day work.

D Example prompts and rubrics for each
domain

The four example prompts and rubrics given here
are not in the APEX-v1.0 heldout set but they were
created by the same group of experts with the same
set of instructions. We provide one example from
each domain.
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Table 5: Law Workflows — Corporate

2025 2(4) Benchmarks - Metrics - Limitations

Workflow Description of workflow Tlm(?
allocation
Contract Drafting & Draft, review, and negotiate transaction
e 30%
Negotiation contracts
Due Diligence & . . . .
Document Review Review corporate records to identify legal risks 20%
Regulatory Compliance | Research regulations and craft compliance
. 15%
& Legal Research advice
Client Ad.wsl.ng & Provide written advice and updates to clients 15%
Communication
Transaction . . . .
Management & Filings Coordinate closings and prepare official filings 10%
Administrative & Conduct meetings and workshops to collect
. . . L 10%
Training Duties inputs and present interim results
Table 6: Law Workflows — Litigation
Workflow Description of workflow Tlm?
allocation
Legal Rese.a.rch & Research precedent and draft legal memoranda 30%
Memo Writing
Drgftmg Pleadings & Draft complaints, motions, and briefs for court 25%
Filings
Discovery & Evidence | Review and categorize documents during 15%
Review discovery °
Court Appearances & Prepare for and attend hearings, depositions,
. . 15%
Trial Prep and trials
Client Communication Update clients and refine litigation strate, 10%
& Strategy P ) & gy 7
Administrative & Manage billing, case files, and CLE
- . : 5%
Professional Duties requirements
Table 7: Medicine Workflows
Workflow Description of workflow Tlm(?
allocation
Documentation & Record encounters and complete required
. X - 25%
Charting medical documentation
Patient Consultation & | Conduct patient interviews and exams to reach 20%
Diagnosis diagnoses 7
Treatment Planning & Develop and adjust treatment plans and 20%
Management prescriptions v
Procedures & Acute Perform clinical procedures and urgent care 15%
Interventions interventions v
Patient Communication | Communicate results and coordinate with care
o 10%
& Coordination team
Administrative Tasks Handlq insurance forms, scheduling, and staff 50
supervision
Continuing Education Engage in CME, literature review, and clinical 50

& Research

research
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Table 8: Investment Banking Workflows

2025 2(4) Benchmarks - Metrics - Limitations

Workflow Description of workflow Tlm?
allocation
Financial Modeling & Create valuation analyses and financial 30%
Valuation projections supporting transactions 7
Client Pitch Material Draft written client pitch materials describing
.. Lo 25%
Writing transaction ideas and market context
Industry Research & Research sectors and targets; compile diligence
2. . 20%
Due Diligence notes from public sources
Deal Execution & Coordinate transactions and prepare deal 15%
Documentation documents 7
Internal Memos & Write internal approval memos summarizing 59
Committee Materials opportunity and risk 7
Client Communication | Provide written updates and correspondence to
- . 5%
& Meetings clients
Table 9: Consulting Workflows
N Time
Workflow Description of workflow .
allocation
Report & Memo Written reports and memos that convey findings
- . - 25%
Writing and guidance to clients
Data Analysis & Evaluating data sets and building models to
. . . . 25%
Modeling quantify business impacts
Market & Competitive Gather and synthesize market, competitor, and
. . 15%
Research trend information
Strategy Formulation & | Develop strategic options and business cases
. . . 15%
Business Case with projected outcomes
Project Management & | Plan tasks, timelines, and coordination across
- . 10%
Coordination team and client
Client Meetings & Conduct meetings and workshops to collect
. L 5%
Workshops inputs and present interim results
Proposal Development Create proposals and thought-leadership content 5%

& Thought Leadership

to win work and share insights
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Table 10: Law (ID 1045). “A client approached our firm in June 2025 concerning an estate issue. The client is
the sole heir (and the living spouse) of a musician who died in 2007. Before her death, the musician released
three albums to critical acclaim. In her will, the musician left behind all her assets to the client. The musician’s
three albums were released in 1989, 1990, and 1995. Prior to recording these albums, on December 31, 1988, the
musician entered into a single contract with Warner Music Group (the “Company” or “WMG”). The contract sets
out the musician’s and the Company’s rights to the musician’s three subsequently-released albums. Importantly for
present purposes, the contract contains the following two clauses, both of which were heavily negotiated: Clause A
(Independent Status): “For all purposes, including international tax and liability, the Artist* shall be considered
an independent contractor. Nothing in this agreement shall be construed to create a partnership, joint venture, or
employer/employee relationship.” Clause B (Work for Hire): “The parties expressly agree that all sound recordings
created hereunder shall be considered ‘works made for hire’ as defined in 17 U.S.C. § 101, with the Company
(WMG) being deemed the sole author of the works in perpetuity. This stipulation is a material inducement for the
Company entering into this agreement.” As it is used in the contract, “Artist” refers to the musician. As set out above,
the agreement stipulated that the musician would not be considered an employee of WMG and that the musician
would assign the recording copyrights to all albums released between 1988 and 1999 to WMG. The agreement
further stipulated that the albums would be considered “works made for hire.” The client wants to know whether
or not he owns the copyrights over the sound recordings of the musician’s three albums. If not, the client would
like to know if he can ever regain ownership over the copyrighted sound recordings and if so, how. Write a legal
research memo of no more than 1,500 words that answers the client’s questions. Assume that (1) the musician meets
the definition of an independent contractor under the relevant agency test established in Community for Creative
Non-Violence v. Reid, 490 U.S. 730 (1989); (2) any argument that the albums should be considered compilations is
invalid; (3) the albums were made solely by the musician (i.e., were not joint works with another artist); and (4) the
agreement does not cover the right of publication with respect to the albums. The analysis in your memo should
reflect the state of the law as of Sunday, June 8, 2025. Confine your legal research to the uploaded sources. Do not
rely on outside sources. Your memo must cite every authority and source on which it relies. Every citation should
be in Bluebook format.”

Criterion | Description
1 Styles the work product as a legal memorandum.
2 Ensures that the memorandum does not exceed 1,500 words.
3 States that copyright ownership vests initially in the statutorily-defined “author” of the original
work.
States that the person who creates the work is its author unless the work was made for hire as
4 defined by 17 U.S.C. § 101, in which case the employer or person whom the work was prepared

for is considered the author.

States that, under 17 U.S.C. § 101, there are two ways in which a work may be created as a work
made for hire: (1) if it is created by an employee acting within the scope of his or her
employment; or (2) work-made-for-hire status may attach to works that are “specially ordered or
commissioned” under a written work-made-for-hire agreement, but only if the works fall into
one of nine exclusive categories of copyrightable works specified: a contribution to a collective
work, as a part of a motion picture or other audiovisual work, as a translation, as a
supplementary work, as a compilation, as an instructional text, as a test, as answer material for a
test, or as an atlas.

6 States that the musician was an independent contractor, not an employee, so the first avenue for
characterization as a work for hire is not met.

Concludes that the albums are not works made for hire, even though the contract purportedly

7 deems them to be so, because sound recordings are not within the nine enumerated categories of
works that may be deemed works for hire under 17 U.S.C. § 101.
8 Concludes that ownership of the copyright to the sound recordings first vested in the musician.

States that the musician, as original copyright holder, assigned the rights to the albums to Warner
Music Group (WMG) pursuant to Clause B in their 1988 agreement.

10 Concludes that the client does not currently own the copyrights to the albums.
States that the Copyright Act grants the musician author or her heirs the right, subject to certain
11 conditions, to terminate grants of copyright transfers or licenses that were executed on or after

January 1, 1978.
States that the right to terminate grants of copyright transfers or licenses cannot be waived or

12 alienated.
13 Concludes that the client, as the author’s sole heir and living spouse, maintains transfer rights
over the sound recordings.
States that for assignments executed on or after January 1, 1978, termination may be effected at
14 any time during a five-year period beginning at the end of 35 years from the date of execution of

the grant.
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Law (ID 1045 cont.)

Criterion | Description

15 Concludes that the five-year termination window for all the works at issue opened on January 1,
2024.

16 Concludes that the five-year termination window for all the works at issue will close on
December 31, 2028.

17 States that to give effect to the termination of rights, the client must serve a written notice upon
WMG.

18 States that the written notice to terminate must state the effective date of termination.

19 States that the written notice to terminate must be served to WMG at least two years before, and
at most ten years before, the stated effective date of termination.

20 States that a copy of the termination notice must be recorded with the Copyright Office before
the effective date of termination.
Recommends that the client serve a termination notice as soon as possible, and before the end of

21 . - . .
2028, with an effective termination date of two years from the date of service.

22 The model provides accurate Bluebook formatting for each citation.

Table 11: Investment Banking (ID 810). “Imagine you’re advising Medtronic, which is looking for ways to create
shareholder value. One of the strategies they are considering is spinning off their diabetes segment. You are asked
to create a valuation for a stand-alone public entity of the diabetes segment. The information you need to calculate
is the present value of free cash flow for the next five years and the present value of the terminal value for the
diabetes segment based on an EV/EBITDA multiple. Your comp set is Dexcom, Inc., and Insulet Corporation, and
keep present value calculations as of April 26, 2024. Moreover, round your answers to two decimals and use the
assumptions below. Assume that 10% of diabetes segment’s assets, less goodwill and other intangible assets, is
PP&E, and the rest is considered Other Operating Assets. Further assume that these Other Operating Assets are
current. Assume the diabetes segment’s intangible assets are 5% of Medtronic WholeCo’s intangible assets, and
that the segment’s amortization expense each year is at the same percentage of WholeCo’s. Additionally, assume a
working capital ratio of 2, a WACC of 8%, and a tax rate of 23%. Lastly, assume that the previous years’ NWC for
the diabetes segment was 500 million dollars. Below are the following deliverables: 1) Please calculate the following
information attributed to the diabetes segment for FY2024: the amount of PP&E, capex, other operating assets, net
working capital, change in net working capital, the amortization attributed to the diabetes segment, EBITDA, and
free cash flow. 2) Please calculate the following information as of April 26,2024: Median EV/EBITDA multiple for
the comparables. 3) Assume for the next 5 years (projected period), that FCF grows at 4% y/y and EBITDA grows
at 6% yly. Calculate the present value of cash flows for the 5 years, as well as the present value of the terminal
value. Use the EBITDA exit multiple method. 4) Finally, add the present value of cash flows during the projected
period and terminal value to come up with a valuation for Medtronic’s diabetes segment.”

Criterion | Description

1 Calculates PP&E related to the diabetes segment to be $107.98 million as of April 26, 2024
(acceptable range is between $106.90 to $109.05 million).

2 Calculates $108.70 million in capex for the diabetes segment in FY2024 (acceptable range is
between $107.61 and $109.78 million).

3 Calculates other operating assets related to the diabetes segment to be $971.78 million as of
April 26, 2024 (acceptable range is between $962.06 and $981.49 million).

4 Calculates net working capital related to the diabetes segment to be $485.89 as of April 26, 2024
(acceptable range is between $481.03 and $490.75 million).

5 Calculates the change in net working capital related to the diabetes segment to be —$14.11
million in FY2024 (acceptable range is between —$13.97 and —$14.25 million).

6 States amortization related to the diabetes segment to be $84.65 million for FY2024 (acceptable
range is between $83.80 and $85.50 million).

7 Calculates $572.65 million in EBITDA related to the diabetes segment for FY2024 (acceptable
range is between $566.92 and $578.38 million).

3 Calculates $387.45 million in free cash flow related to the diabetes segment for FY2024
(acceptable range is $383.57 and $391.32 million).

9 Calculates the median EV/EBITDA multiple for the comparables to be 47.62x (acceptable range
is between 47.57x and 47.67x).

10 Calculates the present value of free cash flow during the projected period to be $1,732.33
million as of April 26, 2024 (acceptable range is between $1,715.00 and $1,749.65 million).

1 Calculates the present value of terminal value to be $24,833.82 million as of April 26, 2024
(acceptable range is between $24,585.49 and $25,082.16 million).

12 Calculates the value of the diabetes segment as of April 26, 2024 to be $26,566.15 million
(acceptable range is between $26,300.49 and $26,831.81 million).
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Table 12: Management Consulting (ID 828). “Your client recently started working on a business idea to reduce the
number of plastic bottles that are not recycled. The idea is to commercialize a feedstock recycling solution for PET
plastic, which is the most common plastic used in plastic bottles. Feedstock recycling is a way of breaking down
PET back into its building blocks (monomers) using either chemical or biological methods. The big advantage
is that new, high-quality PET can be created from these recovered building blocks. Your client would like an
estimation of the world’s consumption of PET plastic bottles from January 2024 through December 2030. Assume
that the average weight of an empty PET bottle is 10 grams. Task Objectives: 1. Estimate the number of plastic
bottles consumed from January 2024 through December 2030 using the following process: a) Using the files “828 -
Important Plastic Water Bottle Stats.pdf”” and “828 - Worldbank Population - Original.csv”, determine the average
consumption of plastic water bottles per person per year based on global daily consumption and the world population
in 2023. Round to the nearest whole number. Assume the figure has remained constant since 2023, and will remain
constant through 2030. b)Using the file “828 - Worldbank Population - Original.csv”, determine the 2019 and 2023
World population and 2019-2023 compound annual growth rate (CAGR) rounded to two decimal places. Then
forecast the World population in 2024-2030 using rounded CAGR, rounding the population to the nearest whole
number. c¢) Using the calculations in 1a and 1b, determine the projected number of plastic bottles in 2024-2030,
rounded to the nearest whole number 2. Global annual demand for PET plastic bottles: a) Using the file “828 -
Percent of Plastic Water Bottles.pdf”, determine the % of bottles that are made from PET, assuming the figure is for
2024. The % made from PET is expected to increase by 1 percent every year, compounded (i.e., each year’s value is
1.01x the prior year), until 2030 (e.g., 50% would grow to 50.5% in one year). Round answer to one decimal place
when displayed in % (e.g., 50.51% would round to 50.5%). b) Using the calculation in 2a, determine the global
annual demand for PET plastic bottles from 2024-2030 in metric tons, rounded to the nearest whole number. This
will serve as a proxy for the total volume of PET potentially available for recycling.”

Criterion | Description
1 Identifies the World population in 2023 as 8,061,876,001.
2 Identifies the average consumption of bottles per person per year as 59.
3 Identifies the World population in 2019 as 7,776,892,015.
4 Calculates the 2019-2023 World population CAGR as 0.90%.
5 Forecasts the World population in 2024 as 8,134,432,885.
6 Forecasts the World population in 2025 as 8,207,642,781.
7 Forecasts the World population in 2026 as 8,281,511,566.
8 Forecasts the World population in 2027 as 8,356,045,170.
9 Forecasts the World population in 2028 as 8,431,249,577.
10 Forecasts the World population in 2029 as 8,507,130,823.
11 Forecasts the World population in 2030 as 8,583,695,000.
12 Calculates the number of plastic bottles in 2024 as 479,931,540,215.
13 Calculates the number of plastic bottles in 2025 as 484,250,924,079.
14 Calculates the number of plastic bottles in 2026 as 488,609,182,394.
15 Calculates the number of plastic bottles in 2027 as 493,006,665,030.
16 Calculates the number of plastic bottles in 2028 as 497,443,725,043.
17 Calculates the number of plastic bottles in 2029 as 501,920,718,557.
18 Calculates the number of plastic bottles in 2030 as 506,438,005,000.
19 Identifies the % of bottles made from PET in 2024 as 78.8%.
20 Calculates the % of bottles made from PET in 2025 as 79.6%.
21 Calculates the % of bottles made from PET in 2026 as 80.4%.
22 Calculates the % of bottles made from PET in 2027 as 81.2%.
23 Calculates the % of bottles made from PET in 2028 as 82.0%.
24 Calculates the % of bottles made from PET in 2029 as 82.8%.
25 Calculates the % of bottles made from PET in 2030 as 83.6%.
26 Calculates the global annual demand for PET plastic bottles in 2024 as 3,781,861 metric tons.
27 Calculates the global annual demand for PET plastic bottles in 2025 as 3,854,637 metric tons.
28 Calculates the global annual demand for PET plastic bottles in 2026 as 3,928,418 metric tons.
29 Calculates the global annual demand for PET plastic bottles in 2027 as 4,003,214 metric tons.
30 Calculates the global annual demand for PET plastic bottles in 2028 as 4,079,039 metric tons.
31 Calculates the global annual demand for PET plastic bottles in 2029 as 4,155,904 metric tons.
32 Calculates the global annual demand for PET plastic bottles in 2030 as 4,233,822 metric tons.

25



Superintelligence — Robotics — Safety & Alignment 2025 2(4) Benchmarks - Metrics - Limitations

Table 13: Medicine (ID 929). “A 6-year-old boy (new patient) presents to your clinic with wheezing. Per parents,
he is on Fluticasone Propionate/Salmeterol (Advair® HFA), 2 puffs twice daily (total 460 mcg fluticasone/day)
and montelukast. He also uses albuterol as needed. In the past 12 months, he has been to the ER 10 times for
wheezing and given inhalers and oral medications. Three of the ER visits resulted in prolonged hospital stays
for a “lung infection,” and he is “always sick”. Other than asthma, he has no medical problems that they are
aware of. Parents also state that he is UTD on all his vaccines except for his 4-year vaccines. Parents have been
hearing more about Tetanus and want to ensure that he is immune. On physical examination, he exhibits diffuse
wheezing, which improves with albuterol and oral steroids in the office. He is sent home with an oral steroid burst,
albuterol, and continuation of Advair. The rest of the ROS and physical exam are negative, and he has a normal
height and weight. Initial labs and imaging are completed CBC with Diff: elevated eosinophils at 300 cells Mu.
Reassuring CMP Immunoglobulins: normal IgE and IgM, lower IgG (<2 standard deviations below the norm),
low IgA Tetanus non-immune Chest x ray: normal Two months later, the family returns and wants to discuss labs
and additional medications for his symptoms. What labs should be drawn at this visit? Please include both visit
specific labs and any follow-up labs needed from the last appointment. Based on the patient’s history, presenting
symptoms, and available lab work, what is the most likely diagnosis? What is the most appropriate medication to
start immediately, and what other medications and treatments should be considered? Information should be based
on the latest peer-reviewed medical literature as of May 2025.”

Criterion | Description

Mentions that Common Variable Immunodeficiency (CVID) has lower IgG accompanied to
reduced IgA and/or IgM concentrations.

Mentions that patients with Common Variable Immunodeficiency (CVID) have low IgG

2 concentration (<2 standard deviation below age-appropriate references) for 2 measurements 3
weeks apart.

Mentions that the patient’s medical history, recurrent severe sinopulmonary infection with 10 ER

1

3 visits and 3 hospitalizations, is indicative of a possible Common Variable Immunodeficiency
(CVID) diagnosis.
4 Mentions that the patient’s non-immune Tetanus status is indicative of a possible Common

Variable Immunodeficiency (CVID) diagnosis.
States the likely diagnosis is Common Variable Immunodeficiency (CVID).
States that the patient’s age, greater than 4 years old, meets diagnostic criteria for Common

6 Variable Immunodeficiency (CVID) diagnosis.

7 Recommends completing a repeat quantitative serum immunoglobulin panel to confirm low IgG
concentration with a second measurement greater than 3 weeks apart.
Mentions that patients may be diagnosed with Common Variable Immunodeficiency (CVID)

8 with only one serum study if the serum IgG level is very low (<100-300 mg/dL depending on the
age).

9 Mentions that for a Common Variable Immunodeficiency (CVID) diagnosis, no secondary

causes of hypogammaglobulinemia can be present.
10 Mentions memory B-cells may be reduced in Common Immunovariable Deficiency (CVID).
Recommends completing a B-cell subset analysis by flow cytometry for immunophenotyping of

1 B-cells and to rule out X-linked Agammaglobulinemia.

12 Recommends completing a T-lymphocyte subset analysis by flow cytometry to evaluate for T
cell deficiency.

13 Recommends testing an adequate immune response to previous vaccinations by measuring
specific antibody titers to protein antigens (such as tetanus toxoid, diphtheria toxoid).

14 Mentions testing an adequate immune response to previous vaccinations by measuring specific
antibody titers to polysaccharide antigens (such as pneumococcus).

15 Recommends infection avoidance (hand hygiene, drinking treated water, respiratory protection)
as the first step in the treatment plan.

16 Recommends IV immunoglobulin replacement therapy as the first medical intervention to treat
Common Immunovariable Deficiency (CVID).

17 Recognizes that the patient’s immunoglobulin levels will need to be monitored every 6 months,
with appropriate dose adjustment based on IgG production and weight.

18 Highlights that the patient will need to be screened for anti-IgA antibodies to prevent
anaphylactic reactions to the treatment.

19 Recognizes that IV immunoglobulin therapy (IVIG) alleviates the state of chronic immune
activation in CVID, helping improve cellular immunity.

20 Recognizes that IV immunoglobulin therapy should help to decrease the recurrence
sinopulmonary in infections in this patient.

21 Considers antibiotics for infection prophylaxis given patient’s notable history of recurrent

sinopulmonary infections.

22 Recognizes that the patient is not up-to-date on 4-year vaccines.

23 Recognizes that the patient’s upcoming vaccine schedule may need to be modified to delay or
spread out the administration of live vaccines (MMR, varicella).
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24 Recommends educating the patient’s parents regarding the risks and benefits of live-attentuated
vaccinations and reaching a joint decision together.
25 Recognizes that autoimmunity, and specifically autoimmune cytopenias, are the most common
noninfectious complication of Common Immunovariable Deficiency (CVID).
2% Recommends drawing a complete blood count with differential to screen for cytopenias

(thrombocytopenia, anemia, neutropenia).
27 Mentions completing a repeat eosinophil count in lab work.
Mentions the patient’s history of diffuse wheezing with elevated blood eosinophils (last visit) are

28 indicative of eosinophilic asthma.

29 Classifies the patient’s asthma as severe and poorly controlled given frequent exacerbations
despite being prescribed the combination of Advair and montelukast.

30 Notes the anti-IL-5 monoclonal antibody, Mepolizumab, is indicated for severe eosinophilic

asthma in this patient’s age group.

Recognizes that of the three biologics (Dupilumab, Mepolizumab, Omalizumab) approved to
31 treat severe asthma in patients 6 years and older, only Mepolizumab has an FDA label indicating
eosinophilic asthma.

Recommends mepolizumab to treat the patient’s severe eosinophilic asthma, recognizing that an
32 eosinophil count 300 cells/ Mu L or greater in the past 12 months is sufficient to begin treatment
without a repeat lab value.

Mentions the typical dose of mepolizumab for a 6 year old is 40 mg subcutaneously every 4

3 weeks.

34 Recognizes the need for parent education to administer an injectable biologic to a 6 year old and
maintain medication adherence.

35 Mentions recent literature suggest that interleukin 5 (IL-5) receptor blockage can be safely

co-administered with IVIG in patients who require both therapies.
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