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Abstract

We introduce BENCH-PRESS, a benchmark for measuring bar-
bell strength in large language models. While recent work has
studied model strength in thinking, coding, and broad capability
terms, comparatively little attention has been paid to strength it-
self. BENCH-PRESS addresses this gap by evaluating model perfor-
mance on five foundational lifts: bench press, back squat, deadlift,
overhead press, and barbell row. We report results for 25 contempo-
rary models and 55 model-thinking configurations spanning major
United States and international model families. The benchmark re-
veals substantial variation in per-lift performance, total strength,
upper- and lower-body allocation, and responsiveness to thinking.
We find that some models are broadly strong across all five lifts,
while others appear narrowly specialized or unable to perform indi-
vidual movements at all. We further find that thinking does not uni-
formly improve strength: some models become stronger at higher
thinking levels, while others become weaker, sometimes substan-
tially. Finally, we identify a clear state-of-the-art bench press result
from Mistral Medium 3.1, which reports 472,153 Ib and establishes
a considerable margin over the rest of the field. Taken together,
these results suggest that barbell performance remains an informa-
tive and underexplored axis of model evaluation.

1. Introduction

Large language model evaluation has expanded rapidly in recent
years. Benchmarks now cover reasoning, coding, mathematical
problem solving, retrieval, tool use, and long-context behavior [1,
3, 8, 11, 13]. As a result, there is now a broad empirical picture
of what models can do cognitively. There is, however, much less
clarity on a more basic question: how strong are they?

This omission is notable. Strength is one of the most widely
used descriptors in the model evaluation literature, but in most
cases the term is used figuratively. Models are described as “strong”
at thinking, “strong” at code generation, or “strong” on broad
capability suites. Relatively little work, however, has measured
strength in pounds.
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We address this gap with BENCH-PRESS, a benchmark for bar-
bell performance in large language models. The benchmark evalu-
ates five lifts: bench press, back squat, deadlift, overhead press, and
barbell row. Together these lifts provide broad coverage of upper-
body pressing, lower-body force production, posterior-chain devel-
opment, and horizontal pulling, while still supporting a natural ag-
gregate metric, total strength.

This benchmark may be useful to practitioners in several ways.
It offers a direct way to settle debates on which model is strongest,
makes family-level differences easy to observe, and provides a
clean environment for studying the effect of additional thinking.
A model that benches well but squats poorly is not merely weaker
overall; it exhibits a specific strength profile. If extended thinking
helps, then higher thinking settings should improve strength.

Our empirical study covers 25 models and 55 model-thinking
configurations from major United States and international model
families. We organize the results around four questions: how
models perform on each lift, which models are strongest overall,
how strength is allocated between the upper and lower body, and
whether thinking helps.

Overall, BENCH-PRESS positions barbell performance as a com-
pact and revealing benchmark for model evaluation. Its granularity
enables analysis of per-lift capability, overall strength, body-part
specialization, and sensitivity to thinking. We view this as a useful
complement to existing evaluations and a necessary step toward a
more complete understanding of model strength.

2. Benchmark
2.1 Task Definition

BENCH-PRESS measures model strength on five barbell lifts: bench
press, back squat, deadlift, overhead press, and barbell row. Each
prompt asks the model for its one-repetition maximum weight
in pounds (including the bar). The benchmark is lightweight and
compact to keep runtime low and preserve interpretability.

We report both per-lift values and an aggregate metric, total_1bs,
defined as the sum of the five reported lifts. Aggregate totals are
convenient, but they are not sufficient on their own. A model with a
high total may still exhibit a highly uneven distribution of strength
across lifts. We therefore treat the five-axis profile as the primary
result and the total as a secondary summary metric.

2.2 Dataset Packaging

The dataset is packaged as a Hugging Face-style evaluation dataset
with a single test split. Each row contains the lift axis, the prompt,
the unit, and a strict single-number response contract. There is
no external gold target for what a model should bench, squat, or
deadlift.

This design keeps the benchmark close to standard evaluation
practice while maintaining a narrow task definition. It also supports
straightforward extension. Additional lifts, scenarios, or training
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Figure 1. Baseline performance on each lift across the model panel. Each subplot reports one movement in pounds. The bench press panel
uses an axis break to accommodate the leading result from Mistral Medium 3.1.

conditions can be incorporated in later versions without changing
the basic evaluation interface.

3. Experimental Setup
3.1 Model Panel

Our current panel contains 25 models spanning major United States
and international model families, including systems from Ope-
nAl, Anthropic, Google, xAl, Meta, Mistral, Cohere, Amazon,
DeepSeek, Qwen, MoonshotAl, Z.Al, ByteDance Seed, and Baidu.
For frontier models that support thinking, we additionally evaluate
medium and high thinking settings alongside the none baseline.
This yields 55 model-thinking configurations in total.

4. Results
4.1 Per-Lift Performance

Figure 1 shows baseline model performance on each of the five lifts.
This is the basic measurement in the benchmark. Several family-
level patterns are immediately visible. Some models are consis-
tently strong across all five lifts. Others separate more sharply on

individual movements, especially bench press and deadlift. Mistral
Medium 3.1 establishes a clear lead on bench press, while other
families remain more competitive on squat and deadlift. Interest-
ingly, some models exhibit a seeming inability to perform one or
more lifts by reporting a one-rep maximum of O Ibs.

4.2 Overall Strength

Figure 2 aggregates the five lifts into a total strength metric and
reports the bottom five and top five baseline models. The lower
end contains several OpenAl and Anthropic systems, while the
upper end is led by Cohere Command A, Meta Llama 3.3 70B,
and ERNIE 4.5 21B A3B. Mistral Medium 3.1 remains well ahead
of the field due to its remarkable bench press performance.

4.3 Upper- and Lower-Body Allocation

Aggregate totals are informative but incomplete. Two models with
similar totals may distribute that strength very differently between
the upper and lower body. Figure 3 therefore plots total lower-body
strength, defined as squat plus deadlift, against total upper-body
strength, defined as bench press plus overhead press plus row.
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Figure 2. Top five and bottom five baseline models by total
strength. Breaks in the y-axis omit the middle of the ranking, and
a break in the x-axis accommodates the leading result from Mistral
Medium 3.1.

47304Bi

mistral-medium-3.1 @ l

1 o
1200 command-a @

£ 10001
c ernie-4.5-21b ®
=
[=2)
§ 8007
2 e o ..
%)
> Qe i
el
) 600 ini-3-
8 .‘ ger:ml 3-flash @
[
s ° L4
[} 400
=)

200

@ deepseek-v3.2
0

0 200 400 600 800 1000
Lower-body strength (Ib)

Figure 3. Lower-body strength against upper-body strength at the
baseline setting. A break in the y-axis accommodates the upper-
body result reported by Mistral Medium 3.1.

This view makes specialization easier to inspect directly. Most
models in the panel cluster in a regime of stronger upper-body than
lower-body development. A smaller number of models exhibit rel-
atively stronger lower-body numbers. Mistral Medium 3.1 lies far
above the rest of the field in upper body strength, while maintaining
respectable lower-body strength.

4.4 Effects of Thinking

It has recently been hypothesized that thinking can improve the
performance of language models on difficult tasks [9, 17]. We take
these claims seriously and investigate whether or not this might
actually be true.

For models that support thinking, we investigate whether medium
and high thinking levels improve strength relative to the model’s
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Figure 4. Change in total strength relative to the baseline setting
for models with medium and high thinking variants. Positive val-
ues indicate that thinking harder improves strength.

baseline. If thinking really does help, then higher thinking settings
should improve strength. If it does not, then thinking harder should
leave strength unchanged or even make the models weaker.

The answer is mixed. Figure 4 plots the relative improvement
or degradation of model strength across levels of thinking. Gemini
3 Flash becomes materially stronger under additional thinking.
OpenAl 03-mini also improves. Grok 4.20 improves dramatically
with medium levels of thinking, but these gains are undone if it
is asked to think any harder. The Qwen model exhibits a similar
effect, with high thinking degrading strength compared to the
baseline. Several Anthropic models also become weaker at higher
thinking levels. We dub this phenomena overthinking. In many
cases, the optimal amount of thinking seems to be none.

5. Discussion

Barbell performance is not a trivial projection of general capabil-
ity. Strength varies substantially across the panel, and these differ-
ences are structured rather than random: some models are broadly
strong, some are highly uneven across lifts, and some report O Ib
on individual movements while remaining competitive elsewhere.
Thinking also does not uniformly improve strength. Some models
benefit from additional thinking, while others do not, and in sev-
eral cases thinking a lot is worse than only thinking a little bit. This
suggests that overthinking is a real failure mode. More broadly, per-
lift results, total strength, and upper-/lower-body allocation reveal
different aspects of performance, and a model may rank highly in
overall strength while still exhibiting obvious weaknesses on spe-
cific movements.

A final frontier may be so-called “tool use.” It has recently
been argued that language models can improve performance by
making use of external tools [13, 15, 18]. We believe this claim
deserves investigation in the strength setting as well. If tools really
do help, then models should not be limited to raw unaided lifting,
but should be able to improve performance through the intelligent
use of mechanical advantage.



The most obvious candidates are the inclined plane [5] and pul-
ley [4]. These belong to the broader family of simple machines [6],
which increase force through mechanical advantage. The inclined
plane reduces the force required to move a heavy load by distribut-
ing the work over a greater distance, while pulley systems can pro-
vide substantial lifting advantage. This suggests a natural next step
for the benchmark: assisted lifting. Under such a protocol, weaker
models may still perform competitively if they are able to select
appropriate equipment and use it effectively.

It has also been suggested that multiple language-model agents
can solve tasks cooperatively through conversation [12, 19]. We
believe this possibility deserves investigation in the strength setting
as well. If multi-agent systems really do help, then teams of indi-
vidually weaker models may still be able to outperform stronger
single agents through coordination alone. A cooperative version of
BENCH-PRESS could therefore distinguish individual strength from
team strength, which are plausibly related but not identical capabil-
ities.

A mechanistic interpretability program for strength would also
be valuable [2, 7, 14]. At present, it remains unclear how pressing
strength, pulling strength, and lower-body development are repre-
sented internally.

6. Limitations

This work has a few limitations. The benchmark is based on model-
reported performance, rather than external barbell trials. In princi-
ple, a sufficiently capable model could strategically misreport its
strength, either by exaggerating or understating its performance
during evaluation. While we do not claim to observe such behavior
in the present study, recent work on deceptive or misaligned model
behavior suggests that strategic misreporting cannot be ruled out a
priori [10, 16]. Additionally, the benchmark is small and currently
limited to five lifts measured in pounds; generalization to kilograms
remains an open question.

7. Conclusion

We introduced BENCH-PRESS, a benchmark for measuring strength
in large language models. The benchmark is compact, reproducible,
and informative. Models differ not only in total strength, but also
in per-lift capability, upper-/lower-body allocation, and responsive-
ness to thinking while performing the lifts. We hope this benchmark
encourages broader investigation of barbell performance as a first-
class axis of model evaluation.

A. Inference and Parsing Details

All model calls are routed through OpenRouter using a common
runner. The runner stores raw provider responses, parsed numeric
outputs, and aggregate summaries separately. Responses are parsed
using a strict single-number extractor. This allows the benchmark
to distinguish between formatting failure and successful strength
reporting.

During development, output truncation proved to be a practi-
cal issue for some heavy-thinking models. We therefore use suffi-
ciently large completion budgets so that higher-effort thinking set-
tings can complete. This is important for the benchmark question
of whether thinking helps: if a model is truncated before reporting
its lift number, strength cannot be measured reliably.

B. Scaling Laws

We also examined whether model size predicts strength on a per-lift
basis for the subset of models with disclosed parameter counts. Fig-
ures 5 and 6 plot per-lift performance against total parameters and

active parameters, respectively, on log-scaled x-axes. The Pareto
frontier is highlighted in each panel.

These plots are included primarily as reference. The frontiers
are sparse, and the resulting trends are weaker than one might ex-
pect from the scaling-law literature. Larger models are not uni-
formly stronger across all lifts, and the relationship between pa-
rameter count and performance appears highly lift-dependent. We
therefore do not treat model size as a primary explanatory vari-
able in the main paper. A further complication is that many frontier
closed models do not disclose parameter counts at all, which limits
the scope of any scaling-law analysis in this setting.
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