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Abstract

Evaluating the real-world capabilities of Al sys-
tems requires grounding benchmark performance
in human-interpretable measures of task difficulty.
Existing approaches that rely on direct human
task completion time annotations are costly, noisy,
and difficult to scale across benchmarks. In this
work, we propose BRIDGE, a unified psychomet-
ric framework that learns a latent difficulty scale
from model responses and anchors it to human
task completion time. Using a two-parameter lo-
gistic Item Response Theory model, we jointly
estimate latent task difficulty and model capabil-
ity from model performance data across multiple
benchmarks. We demonstrate that latent task diffi-
culty varies linearly with the logarithm of human
completion time, allowing human task comple-
tion time to be inferred for new benchmarks from
model performance alone. Leveraging this align-
ment, we forecast frontier model capabilities in
terms of human task length and independently
reproduce METR’s exponential scaling results,
with the 50% solvable task horizon doubling ap-
proximately every 6 months. Code is available at
¢)McGill-NLP/BRIDGE.

1. Introduction

As Artificial Intelligence (AI) systems are increasingly de-
ployed in open-ended, real-world settings, their capabilities
are typically reported via benchmark scores and aggregate
metrics. However, such scores are difficult to interpret as
measures of task difficulty or real-world effort. improve-
ments may reflect gains on short, routine instances while
leaving longer, multi-step tasks largely unchanged, and com-
parable score changes can correspond to very different shifts
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Figure 1. Overview of BRIDGE. Model responses across different
benchmarks (clustered by colors) are used to fit a two-parameter
logistic Item Response Theory (2PL IRT) model, estimating latent
task difficulty and model capability. Calibrating latent difficulty
against tasks with known human task completion times yields
accurate predictions of human task duration for new benchmarks.
We leverage this alignment to forecast frontier model capabilities
in terms of human task length even in the absence of human task
duration annotations.

Model Responses Model Release Date

in practical capability. Consequently, benchmark perfor-
mance alone provides limited guidance about what Al sys-
tems can reliably do or how quickly practical capability is
improving. A more actionable evaluation should express
performance on human-aligned scales, most directly, the
time a human would require to complete a task.

A prominent attempt to express Al capability in human
terms is by Kwa et al. (2026) at METR, which measures
performance in terms of the length of tasks Al agents can
complete and reports exponential growth, with task-length
horizons doubling roughly every 7 months. While com-
pelling, this paradigm depends on human task completion
time annotations from people with relevant expertise. These
annotations are expensive collect and are difficult to extend
consistently across diverse benchmarks. As model capa-
bilities continue to scale, relying on new human studies
to anchor each benchmark becomes increasingly imprac-
tical, creating a growing gap between benchmark-centric
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evaluation and human-centric notions of difficulty.

In this work, we introduce BRIDGE,' a unified psychome-
tric framework (illustrated in Figure 1) that addresses this
gap by aligning task difficulty for humans, measured by task
completion time, with task difficulty for models, measured
by benchmark performance.

Item Response Theory (IRT) (Baker, 2001), and in particular
the two-parameter logistic (2PL) model, has been adopted
to analyze large language model (LLM) performance and
benchmarks (Lalor et al., 2019; Rodriguez et al., 2021; Hof-
mann et al., 2025). We adopt a 2PL IRT model to jointly
estimate the latent difficulty of individual tasks and the ca-
pability of individual models using a binarized indicator
(success vs. failure) as performance data across multiple
benchmarks.

Our central empirical finding is that IRT-inferred latent task
difficulty closely tracks human completion time: across
benchmarks with annotations, latent difficulty varies ap-
proximately linearly with the logarithm of human task dura-
tion. This relationship anchors the latent scale to a human-
interpretable time axis and enables prediction of human
task completion time from model performance alone. Af-
ter calibrating the scale using existing human annotations
(e.g., METR), we can map IRT difficulty values for new
benchmarks onto this time scale without conducting new hu-
man studies. We show that for newly introduced tasks (e.g.,
SWE-bench (Jimenez et al., 2024) and Cybench (Zhang
et al., 2025)), our predicted completion times align well with
both available human annotations and qualitative expecta-
tions, indicating that the IRT-based latent scale effectively
transfers difficulty estimates between humans and models.

Building on this alignment, we use BRIDGE to forecast
frontier model capabilities in terms of human task-length
horizons using only model performance logs, without requir-
ing human task-time annotations. We estimate that solvable
task length continues to grow exponentially, with a dou-
bling time of approximately 6 months. These trends are
consistent with the findings of Kwa et al. (2026), providing
independent validation that model-centric data can recover
human-centric task length forecasting.

2. Background and Motivation

2.1. Measuring capability through human task
completion time

Estimating task completion time provides a meaningful
bridge between benchmarks and real-world applications, en-
abling Al capability to be expressed in human-interpretable
units and to forecast progress over different time horizons

'"BRIDGE refers to Benchmark Response Inferred Difficulty
Grounded in Elapsed human time

(Ngo, 2023). METR (Kwa et al., 2026) operationalized this
idea through the “50%-task-completion time horizon,” de-
fined as the duration of tasks that an Al system can complete
with 50% probability. Using this metric, they showed that
the frontier task-length horizon has grown exponentially in
recent years. Their analysis relied on human time annota-
tions for 170 tasks, collected from annotators with relevant
domain knowledge but no task-specific context.

Although the METR framework provides a valuable human-
centered scale, its reliance on direct time annotations tightly
couples each benchmark to a bespoke human study. This
coupling makes it difficult to propagate a calibrated notion
of difficulty across benchmarks with different formats, do-
mains, or task distributions. METR’s subsequent work par-
tially addresses cross-domain transfer by estimating human
completion time under alternative modeling assumptions;
however, this approach still depends on benchmark-specific
heuristics and strong priors about task structure (METR,
2025), which become increasingly fragile as benchmarks
grow more heterogeneous and open-ended (e.g., GDPval
(Patwardhan et al., 2026)). More broadly, repeated human
studies do not scale with the pace at which new bench-
marks and task variants are introduced. These limitations
raise a natural question: can we predict human task comple-
tion time without conducting new human studies for each
benchmark? Our work addresses this question by introduc-
ing a latent, model-derived difficulty scale that is explicitly
calibrated to human completion time, enabling scalable pre-
diction of human task duration for new benchmarks.

2.2. Item response theory for LLM benchmarking

Psychometric methods originally developed for educational
testing, particularly IRT (Baker, 2001), provide a princi-
pled framework for modeling latent ability? of individu-
als and latent difficulty of tasks. Given a set of tasks
T = {t1,... ,t|T|}, each task t¢; is characterized by a
discrimination parameter a; > 0, which measures how
strongly the task differentiates models with different capa-
bilities and a difficulty parameter b. For the set of models
M = {mu,...,my}, each model m; has its ability es-
timate 6;. For ¢; € T and m; € M, the probability of
having the correct response P(y; ; = 1) is defined by the
item response function for the 2PL IRT model as:

Pyi; =1]6;,a:,b;) = o(a;(0; — b;))
e0i(0;—bi) (1)

where o is the logistic function, and a;, b;, and 6; are learned
parameters.

*We use ability to denote the latent trait parameter @ estimated
via IRT and capability to refer to the underlying construct it ap-
proximates.
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Intuitively, task ¢; is not informative when a; = 0. Both
b; and ¢; are scale invariant: their absolute values are not
identifiable, and only their difference 6; — b; matters for the
probability of success. Hence b; and 6; are centered at zero
and are on the same scale. When P(y; ; = 1| 6.,a;,b;) =
0.5, 8, = b;, unless a; = 0. 6, naturally provides the
definition for the ability required to achieve a 50% success
rate on a specific question with difficulty b;.

IRT models have recently been adapted to language model
evaluation to characterize task difficulty and model capabil-
ity from performance data. Lalor et al. (2019) introduced
the use of IRT models from machine-generated responses
rather than human responses to estimate the difficulty of
NLP tasks. Rodriguez et al. (2021) proposed Difficulty
and Ability Discriminating (DAD) leaderboards, using IRT
to infer task difficulty, discriminativeness, and feasibility.
More recently, Fluid Benchmarking (Hofmann et al., 2025)
applied IRT to estimate latent model ability and item diffi-
culty and combined it with adaptive item selection to reduce
variance and improve benchmarking efficiency and validity.

IRT maps performance to a shared latent space, enabling
principled comparison and joint estimation of task difficulty
and model capability. However, because IRT is inherently
scale-invariant, its latent difficulty and ability parameters are
identifiable only up to an affine transformation and therefore
lack intrinsic semantic meaning. Consequently, although
IRT offers a useful psychometric structure, it does not yield
an interpretable measure of task difficulty in human terms
or model capability relative to real-world effort.

We address this limitation by anchoring the IRT latent diffi-
culty scale to human completion time, resolving the scale
ambiguity and endowing IRT difficulty and ability estimates
with a concrete, human-centric interpretation that enables
prediction of human task duration from model performance.

3. Predicting Human Task Time with BRIDGE

While direct human studies provide expensive but valuable
estimates of task difficulty in human terms, IRT offers a
scalable but intrinsically uncalibrated measure of task dif-
ficulty from model performance. We introduce BRIDGE,
a framework that connects these two regimes by anchoring
latent IRT difficulty to human completion time.

Given binary outcomes for each model-task pair, we fit
a 2PL IRT model and estimate the discrimination a; and
difficulty b; for each task, along with an ability 6; for each
model. The IRT model is fitted to maximize the likelihood
1 ; P(yij | 0, a:,b;) using Markov chain Monte Carlo
with hierarchical priors, based on Natesan et al. (2016).
The binary run matrix can be sparse due to limited compute

3We use the implementation from Lalor & Rodriguez (2023).

and incomplete historical evaluations, but the observed re-
sponses (51% in our experiments) are sufficient to support
stable estimation under the 2PL model.

Expressing model capability in terms of the odds P/(1— P),
we can rewrite Equation (1) in log-odds form,

log = ai(0; — bi) @)

1-P
Thus, the latent ability parameter 6 is a log-scale measure
of model capability. If capability grows exponentially over
time ¢ as prior scaling analyses suggest, then 6 grows lin-
early with ¢. Independently, METR’s results show that the
human task-time horizon & also grows exponentially with
t (i.e., h o €', equivalently ¢ o< log h). Combining these
two observations: € « log h. Because task difficulty b; is
defined on the same latent scale as 6, this implies a linear
relationship between task difficulty b; and the logarithm of
the human time required to complete task ¢;.

Let T}, C T denote the subset of tasks with human com-
pletion time annotations. For each task t; € T}, let by
denote its latent task difficulty and hy, its human completion
time. As the task difficulty is on the log scale of human
completion time, we can fit a linear relationship between
{by : tx, € T,} and {log hy, : ty, € T }:

log(hy) = slope x by, + intercept 3)

This mapping enables prediction of human completion time
for tasks in Ty, ¢ T using only their IRT latent difficulties,
without requiring task descriptions or human studies.

Building on this calibration, we forecast the evolution
of frontier model capability in human-interpretable units.
Specifically, within each 2-month release window, we iden-
tify the best-performing model m, with its estimated ability
0s. At a 50% success rate, by = 0, characterizes the max-
imum task difficulty solvable. More generally, when the
success rate is not 50%, given model capability 6, we find
tasks with a, and b,, which leads to the desired success
probability with the 2PL model (Equation (1)).* Applying
the calibration in Equation (3) on b, then yields the asso-
ciated human completion time h, producing time-horizon
forecasts of model capability that are directly anchored to
human task duration.

4. Experiments

We use METR to learn the calibration mapping between
latent task difficulty b and human completion time. Con-
cretely, after fitting the 2PL IRT model on the response
matrix from all benchmarks, we regress log h; on b; to ob-
tain the log-linear mapping used throughout the paper.

*Primary analysis focuses on 50% success threshold. A detailed
example for the 80% success rate is discussed in Appendix B.2.



BRIDGE: Predicting Human Task Completion Time From Model Performance

We apply this calibration to estimate human completion
time on benchmarks without exact time annotations. We val-
idate this on a set of out-of-distribution benchmarks, which
require extended multi-step reasoning or workflow execu-
tion. We use SWE-Bench verified (Jimenez et al., 2024),
MLE-bench (Chan et al., 2025), GDPval (Patwardhan et al.,
2026), and Cybench (Zhang et al., 2025), to test how well
we can estimate human completion time and to forecast
trends without human time annotations.

4.1. Data
4.1.1. METR (CALIBRATION BENCHMARK)

METR (Kwa et al., 2026) released a unified dataset aggregat-
ing model performance on 170 tasks spanning three bench-
marks: Software Atomic Actions (SWAA), which comprise
single-step computer operation tasks; HCAST, which fo-
cuses on software engineering tasks (Rein et al., 2025); and
RE-Bench, which evaluates Al research and engineering
tasks (Wijk et al., 2025). Each task is annotated with how
long a domain-knowledgeable human without task-specific
context would take to complete it.

METR reports repeated trials for each model-task pair. To
obtain a single binary outcome per pair compatible with our
IRT fit, we treat a model-task pair as successful if the model
succeeds in at least 50% of the reported trials.

4.1.2. OUT-OF-DISTRIBUTION VALIDATION
BENCHMARKS

SWE-bench Verified: SWE-bench (Jimenez et al., 2024)
evaluates software engineering capability by measuring
whether an agent can resolve real GitHub issues. SWE-
bench Verified is a curated subset of 500 instances that
have been manually validated and annotated with coarse
completion-time categories: <15 minutes, 15 minutes to 1
hour, 1 hour to 4 hours, and >4 hours. A task is successful
if the generated patch resolves the corresponding GitHub is-
sue, as verified by passing the benchmark evaluation harness
(i.e., the relevant unit tests). In addition to our own runs, we
incorporate publicly available SWE-bench Verified leader-
board logs, which provide task-level success outcomes for
multiple model-agent configurations.

MLE-bench: MLE-bench (Chan et al., 2025) evaluates
the capabilities of LLMs on end-to-end machine learning
workflows, including data preparation, model training, and
hyperparameter tuning. The benchmark comprises 75 Kag-
gle competitions spanning diverse domains and problem
types, with tasks categorized into difficulty levels ranging
from low to hard. For each competition, we construct three
binary success indicators: (i) whether the agent produces a
valid submission under the competition rules, (ii) whether
the submission achieves above-median performance on the

public leaderboard, and (iii) whether it earns any Kaggle
medal (bronze/silver/gold). We treat these indicators as
three separate tasks per competition and rely on the official
evaluation pipelines. We select a subset of 38 problems,
consisting of 20 low difficulty tasks and 18 medium or hard
difficulty tasks, due to computational constraints.

GDPval: GDPval (Patwardhan et al., 2026) evaluates eco-
nomically significant, real-world tasks spanning 44 occu-
pations across nine major U.S. GDP-contributing sectors.
Tasks are designed by industry professionals (average 14
years of experience) to reflect real workflows, following
occupational definitions from the U.S. Bureau of Labor
Statistics. Because GDPval is open-ended, it does not admit
a fully automated, verifiable evaluator. We therefore use an
LLM-as-a-judge pipeline with Gemini 3 Pro as the judge.

Cybench: Cybench (Zhang et al., 2025) evaluates cyber-
security capabilities by measuring whether agents can solve
professional-level Capture the Flag (CTF) challenges. The
benchmark comprises tasks drawn from four CTF competi-
tions spanning cryptography, forensics, reverse engineering,
web exploitation, and binary exploitation, with difficulty
levels ranging from very easy to hard, and human first-solve
times (FST) from under 5 minutes to over 24 hours. A task
is deemed successful if the agent recovers the correct flag
string, verified by exact match. We run agents using the
Cybench agent framework® with tool access to a bash shell
and standard CTF utilities. We use the unguided setting and
restrict analysis to the tasks for which at least one model
succeeds, as tasks unsolved by all models yield unreliable
IRT difficulty estimates and would not support meaningful
human time prediction.

For SWE-bench Verified, MLE-bench, and GDPval, we
run agents using the InspectAl framework® with the de-
fault ReAct-style scaffold and tool access to a bash shell
and python interpreter. For each task, generation is capped
at 1000 turns or until context window is full. We use a
temperature of 0.0 (greedy decoding) and sufficiently large
maximum output token budgets to avoid truncation of inter-
mediate reasoning steps or final outputs.

The included models are described in Appendix A and addi-
tional evaluation details are described in Appendix C.

4.2. Baselines

4.2.1. LOGIT SUCCESS RATE

Beside the probabilistic IRT model, we include a heuristic
baseline that estimates task difficulty and model ability via
success rates. Such accuracy-based methods are widely

Shttps://github.com/andyzorigin/cybench
®https://inspect.aisi.org.uk/
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used and offer an intuitive notion of task difficulty and
model capability. Let Y € {0, 1}/71*IM| denote the binary
response matrix of observed model-task outcomes, with
rows corresponding to tasks and columns to models.

For each task t;, we compute its empirical success rate
across models over observed entries, r; = ﬁ > JeM; Yij,
where M; denotes the set of models with available responses
for task i. We define the baseline difficulty score as d?*¢ =
— logit(1 — r;), where logit(p) = log 2.

Analogously, for each model m;, we compute its empirical
success rate across tasks, s; = 77 3_, Vi;, and define its

base

baseline ability as a;** = logit(s; ).

We apply the logit transform to both task- and model-level
average success rates to place the scores on a unbounded
scale that is comparable to the log-odds structure of the 2PL.
IRT model. To enable human task completion time predic-
tion, we fit the same log-linear calibration as in Equation (3)
by regressing log h; on d®®¢ for METR tasks with human
time annotations. This yields a mapping from success rate
based difficulty to human completion time.

We use this baseline as a point of comparison for BRIDGE
in task-time estimation to assess the added value of explicitly
modeling discrimination and latent ability via IRT.

4.2.2. LLMS AS ESTIMATORS

Prior works has shown that LLMs can be used to estimate
both the latent difficulty (Razavi & Powers, 2025; Tabib &
Deedar, 2025) and human task completion time (Veeramani
et al., 2024). As an additional baseline, we prompt fron-
tier LLMs (Gemini 3 Pro and GPT-5.2) to predict human
completion time for tasks from task descriptions.

For each task, we construct a prompt that provides task-
specific context and requests a point estimate of expert hu-
man completion time in minutes. While adapted to the do-
main characteristics of each benchmark, all prompts follow
a consistent schema: (1) relevant metadata (e.g., repository
or competition information), (2) the full task description or
problem statement, (3) domain-appropriate calibration an-
chors spanning the expected difficulty range, and (4) explicit
instructions to output a single numeric estimate accompa-
nied by a structured justification. We use greedy decoding in
a single turn and a maximum output token budget of 32000.
The full prompt templates are shown in Figures 11 and 12.

4.3. Estimating Human Task Completion Time

After fitting the 2PL IRT model on the response matrix from
all benchmarks, using the METR aggregated dataset, we fit
a linear model relating latent task difficulty b; to the loga-
rithm of human task completion time log h; (in minutes),
as defined in Equation (3) and shown in Figure 2. With

Human time increases ~2.26x per +1in b
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Figure 2. Task length (human completion time) vs. latent task diffi-
culty (b) estimated via 2PL IRT across METR task suites (SWAA,
HCAST, RE-bench), based on Equation (3). The log-linear fit
(R? = 0.81) shows that each unit increase in b corresponds to
~ 2.26x increase in human completion time. This calibration
anchors the IRT latent difficulty scale to human-interpretable units
to enable prediction of task duration directly from model perfor-
mance.

R? = 0.81, the fitted model indicates a strong log-linear
alignment between latent difficulty and human completion
time. According to the fitted slope, a one-unit increase in
difficulty b corresponds to about a 2.26 x increase in human
completion time.

Having established the log-linear relationship between latent
task difficulty b and human completion time h, we apply
this mapping to estimate human task durations for tasks
without exact time annotations: SWE-bench Verified, MLE-
bench, GDPval, and Cybench. For each task, we infer task
length h; from its IRT latent difficulty b; using the learned
log-linear relationship. Figure 7 in Appendix B.1 shows the
task-length distributions.

We evaluate the transferability of this calibration on SWE-
bench Verified and Cybench by comparing predicted times
against human-annotated completion-time. On SWE-bench
Verified (Figure 3), BRIDGE produces predictions that in-
crease monotonically across annotated buckets, with median
estimates that track the bucket ordering and scale. Despite
unavoidable discretization error introduced by coarse bucket
boundaries, BRIDGE achieves substantially better align-
ment with the annotated time buckets than both heuristic
and LL.M-based baselines. In contrast, the logit success-
rate baseline systematically underestimates task duration,
while Gemini 3 Pro and GPT-5.2 yield compressed predic-
tions with limited dynamic range, leading to poor separation
between longer-horizon buckets.

On Cybench (Figure 4), BRIDGE’s predicted human com-
pletion time estimates align closely with recorded human
first-solve times, achieving the strongest correlation (R? =
0.45) and placing 92.3% of tasks within a 0.5 x — 2x tol-
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Figure 3. Alignment between annotated human completion time buckets and estimated human completion times on SWE-bench Verified.
We report per-bucket classification accuracy (Acc) and the number of tasks (n), as well as overall accuracy, weighted macro F1 score,
and weighted kappa. We compare a logit success-rate heuristic, LLM-based time predictions (Gemini 3 Pro, GPT-5.2), and BRIDGE.
BRIDGE achieves substantially better alignment with the annotated time buckets than both heuristic and LLM-based baselines.
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Figure 4. Alignment between actual human completion time (first-solve time) and estimated completion times on Cybench. The logit
success-rate baseline substantially underestimates task duration, while LLM-based estimates consistently overestimate it. In contrast,
BRIDGE aligns closely with actual human times, with 92.3% of tasks falling within a 0.5x—2 X tolerance band.

erance band. The logit success rate baseline substantially human completion time on a logarithmic scale. We partition
underestimates task duration, reflecting its inability to ac-  models into 5-month release windows and, within each
count for heterogeneity in model capability. Gemini 3 Pro window, select the model with the highest estimated ability,
and GPT-5.2 capture the correct qualitative ordering of tasks denoted M.y With ability 6,,,,. For tasks in METR, SWE-
but consistently overestimate absolute completion times, bench Verified, MLE-bench, and GDPval, we use the IRT-
resulting in markedly lower tolerance-band coverage. estimated latent parameters (a;, b;) together with 0y, to
compute task success probabilities p; via Equation (1). Each
task’s latent difficulty b; is then mapped to estimated human
completion time h; using Equation (3). We plot p; against
h; across tasks in Figure 5.

On MLE-bench (Figure 7), tasks yielding only valid sub-
missions are estimated to require substantially shorter com-
pletion times than achieving above median performance on
the leaderboard or earning any medal.

Frontier models released in 2025 achieve 50% success on
tasks estimated to require ~ 1-2.5 hours of human effort.
Raising the success threshold from 50% to 80% substan-
tially contracts the range of solvable task lengths: as shown
in Figure 8, even the most recent models are largely limited
to tasks requiring less than one hour of human completion
time. The plotted probability—time relationships are not
perfectly smooth inverse sigmoids due to heterogeneity in
task discrimination a; and difficulty b; even within the same

To track the evolution of frontier model capabilities, we benchmark, underscoring the importance of task-level gran-

analyze task success probability as a function of estimated ~ ularity. We further observe markedly steeper curves for
METR and SWE-bench than for MLE-bench and GDPval,

Overall, these results show that BRIDGE yields human
task completion time estimates that are quantitatively accu-
rate where ground truth is available and qualitatively well
calibrated across benchmarks, consistently outperforming
success rate based and LLM based human completion time
prediction baselines.

4.4. Forecasting Capabilities Without Human Studies
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Figure 5. Success probability versus estimated human task completion time for different models, smoothed with a window of 15 tasks.
Solvable task lengths at the 50% success threshold are indicated across model release dates, with darker blue denoting more recent models.
SOTA models achieve 50% success on tasks estimated to require ~1.4—2.5 hours of human effort. Steeper curves reflect higher task
discrimination parameters a. Non-smoothness arises from heterogeneity in task-level difficulty and discrimination (a;, b; ), highlighting

the importance of task-level granularity.

consistent with their higher discrimination parameters a.

Finally, we use BRIDGE to forecast how the human comple-
tion time horizon of frontier models evolves over model
release dates without human annotations. We partition
models into 2-month release windows and select the best-
performing model m in each window with estimated ability
0s. For 50% success rate, by = 6. bs is then mapped to
human completion time hg with Equation (3). Figure 6
visualizes task length horizon h; vs. model release date.
At a 50% success rate, frontier models exhibit exponential
growth in solvable task length over time, with capabilities
doubling approximately every 6 months. The current state-
of-the-art (SOTA) model reaches a task-length horizon of
roughly two hours at 50% success rate. We observe analo-
gous behavior at an 80% success threshold (Figure 9), albeit
with a reduced achievable task length and a similar doubling
time.

Opverall, these results show that BRIDGE enables forecast-
ing of frontier model capabilities in human-interpretable
units using model performance alone. The resulting growth
rates closely align with estimates obtained from direct hu-
man studies, as in Kwa et al. (2026), supporting the use
of model performance-derived latent difficulty as a scal-
able and reliable proxy for human time annotations when
tracking long-horizon capability progress.

4.5. Sensitivity to model pool and sparsity

As models are not evaluated on all tasks, we assess ro-
bustness to incomplete model-task coverage via a sparsity
ablation, randomly removing 10% to 70% of observed en-
tries and refitting IRT. Sparsity (%) denotes the fraction of
originally observed model-task responses removed, and Ob-

served (%) denotes the fraction of the full model-task matrix
that remains observed after ablation. p(b) is the Spearman
correlation between ablated-data task difficulty estimates
and the full-data estimates, and p(#) is the corresponding
correlation for model ability.

Table 1. Robustness of IRT parameter estimates under different
sparsity levels in model-task binary success indicator response
matrix. The actual estimates use 51% observed values in the
response matrix.

Sparsity (%) Observed (%) p(b) p(6)
10 45 0.9947  0.9980
20 40 0.9913  0.9970
30 35 0.9869 0.9955
40 30 0.9810 0.9947
50 25 0.9735 0.9903
60 20 09614 0.9872
70 15 0.9424  0.9798

The latent difficulty parameter b; used for time calibration
remains highly stable. Its correlation with the full-data esti-
mate stays above 0.97 after removing 50% of observations
and above 0.94 even at 70% removal. The latent model
ability 0; is even more stable, with consistently higher cor-
relations across all sparsity levels. This suggests that the
current 51% observed values in the model-task response
matrix is sufficient for reliable estimation, and BRIDGE is
robust to different model-task coverages.

5. Related Work
5.1. Estimating latent task difficulties

Although fitting IRT models using model outputs requires
significantly less effort than human annotators, it still re-
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Figure 6. Forecasting trends of task length horizon over model release date without human task-time annotation. The task length at
which model can achieve 50% accuracy grows exponentially over time, with an estimated doubling time of approximately 6 months.
The left subfigure shows this trend on a logarithmic scale for task length while the right subfigure presents the same trend on a linear
scale. The shaded region represents 95% confidence intervals computed via bootstrapping. BRIDGE enables forecasting of frontier model
capabilities in human-interpretable units using model performance alone.

quires a large and diverse set of tasks with a sufficient num-
ber of attempts. Consequently, a parallel line of research
has focused on estimating latent task difficulty more effi-
ciently, with the goal of reducing the number of required
attempts. Byrd & Srivastava (2022) used traits correlated
with features of questions, answers, and associated con-
texts, to predict both difficulty and discrimination for new
questions. Scarlatos et al. (2025) estimate task difficulty by
simulating responses from a population of LLM-based stu-
dents, each conditioned on a scalar IRT ability parameter so
that the model generates answers as if written by learners at
different skill levels, automatically scoring these responses,
and fitting an IRT model to infer item difficulty. Truong
et al. (2025) trained a model that predicts question difficulty
from its embedding features. This line of work is focusing
on estimating the latent difficulty of newly added tasks and
can be used in parallel with our work.

5.2. Aligning human and latent task difficulty

TaskSense (Yin et al., 2025) estimates task difficulty in the
context of graphical user interface tasks by modeling the
cognitive processes that precede each user action. It decom-
poses tasks into sequences of cognitive steps, and assigns
each step a difficulty index based on information-theoretic
and cognitive principles. Task difficulty is computed as a
linear aggregation of these step-level difficulties. The result-
ing difficulty estimates are validated against human data and
shown to correlate strongly with both step-level and task-
level human completion times. Such an approach requires
task-specific modeling and annotations. Our approach dif-
fers by treating task difficulty as a latent variable inferred
from large-scale model performance across benchmarks,
rather than from explicit cognitive decomposition, provid-
ing a unified generalizable difficulty estimation framework

aligned with human completion time.

5.3. Aligning human and latent model capability

Concurrently, Epoch Al proposed an IRT-based framework
to estimate benchmark difficulty and model capability (Ho
et al., 2025). Unlike our Bayesian inference, they learned la-
tent parameters with L2-regularized non-linear least-squares
and derive the latent model ability score. They show that the
latent model ability score correlates with METR human time
across models and yields capability growth trends broadly
consistent with ours.

Our approach differs in granularity and calibration: whereas
Epoch Al operates at the benchmark level and anchor at
the model level, we estimate difficulty at the individual task
level and anchor it to human completion time, enabling task-
level time prediction and horizon estimates. Our framework
yields different predictions for certain frontier models com-
pared to Epoch Al For instance, Epoch Al ranks Gemini
3 Pro as the top-performing model, whereas our estimates
place Claude 4.5 Opus ahead. We hypothesize that such
differences likely stem from different benchmark compo-
sitions, highlighting the inherent uncertainty in capability
forecasting. We believe that it is valuable to have multi-
ple independent forecasting efforts: comparing predictions
across methodologies can reveal where estimates are robust
and where greater caution is warranted, ultimately aimed to
provide a more calibrated view of frontier model progress.

6. Conclusion & Future Work

We present BRIDGE, a psychometric framework that aligns
latent task difficulty inferred from model performance with
human task completion time, enabling interpretable, scal-
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able evaluation and forecasting of Al capabilities without
requiring human time annotations. By fitting a 2PL IRT
model to performance data across benchmarks, BRIDGE
induces a unified latent scale that jointly captures task diffi-
culty and model capability.

We show that latent task difficulty is strongly and linearly
related to the logarithm of human completion time, allowing
human task durations to be inferred for benchmarks lack-
ing explicit timing annotations. Leveraging this alignment,
we characterize model success probability as a function
of task length and find that recent frontier models achieve
50% success on tasks requiring approximately 2 hours of
human effort. Tracking frontier models over time, BRIDGE
reveals an exponential expansion of the solvable human task-
length horizon, with capabilities doubling every 6 months,
reproducing and corroborating METR’s human-time—based
findings using only model performance data.

Looking forward, BRIDGE provides a foundation for a
broader class of human-interpretable evaluations. One
promising direction is to extend the framework to human—AlI
collaborative settings, modeling how task responsibility is
dynamically shared, how partial automation reshapes effec-
tive task difficulty, and how human interventions can act as
signals of difficulty as model capabilities advance.

BRIDGE can also be expanded beyond long-horizon pro-
cedural tasks to support knowledge-intensive evaluations
by enriching the psychometric model with task attributes
that capture information requirements, external tool use, or
reliance on knowledge beyond a model’s training cutoff.

Finally, as task horizons lengthen, human completion times
are expected to exhibit increased inter-individual variability.
Accounting for this variability offers a natural direction
for extending BRIDGE toward uncertainty-aware difficulty
estimation and capability forecasting.

Overall, BRIDGE demonstrates that robust, human-
grounded, and interpretable capability evaluation and fore-
casting can be achieved without direct human studies,
substantially lowering the cost and friction of tracking real-
world Al progress while remaining consistent with human-
time—anchored evaluations.
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A. List of Models

Table 2 lists all models and their evaluation coverage across task sources. We use the binary outcome (success or failure)
of each model on each task across all these task sources to fit a 2PL IRT model, estimating item-level difficulty b; and
discrimination a; as well as model ability 6,,,, as described in Section 3.

Table 2. Model evaluation coverage across task sources. A v in each benchmark column indicates that evaluation logs for that model were
available and included when fitting the 2PL IRT model. The “Ours” column denotes models we evaluated ourselves on the corresponding
benchmarks; all remaining evaluation logs are derived from publicly available leaderboards.

Model METR SWE-bench Cybench GDPVAL MLE-bench Ours
OpenAl Models

GPT-2 v X X X X X
GPT-3 v X X X X X
GPT-3.5 Turbo Instruct v X X X X X
GPT-4 (0314) v X X X X X
GPT-4 (0125) v X X X X X
GPT-4 (1106) v v X X X X
GPT-4 Turbo v X X X X X
GPT-40 (2024-05-13) v v v X X X
GPT-40 (2024-08-06) X v X X X X
GPT-40 Mini X X v v v v
GPT-5 (2025-08-07) X v v v X v
GPT-5 Mini X v v v v v
GPT-5 Nano X v v v v v
GPT-5.1 X X v v v v
GPT-0SS-20B X v X v v v
GPT-OSS-120B X v X v v v
ol v X X X X X
ol-Preview v v X X X X
o3 X v v v v N
03-Mini X v X X X X
04-Mini X v v X X v
Anthropic Models

Claude 3 Opus v v X X X X
Claude 3.5 Sonnet (2024-06-20) v X X X X X
Claude 3.5 Sonnet (2024-10-22) v v X X X X
Claude 3.7 Sonnet (2025-02-19) v v X X X X
Claude 4 Opus (2025-05-14) X v X X X X
Claude 4 Sonnet (2025-05-14) X v X X X X
Claude 4.5 Opus Medium X v X X X X
Claude 4.5 Sonnet (2025-09-29) X v X X X X
Google Models

Gemini 2.5 Flash X X X v v v
Gemini 2.5 Pro X v X v v v
Gemini 3 Pro Preview X v v v v v
Owen Models

Qwen 2.5 Coder 32B X v X N X v
Qwen 3 Coder 30B X v X v v v
Qwen 3 Coder 480B X v X v v v

Continued on next page
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Table 2 — Continued from previous page

Model

METR SWE-bench Cybench GDPVAL

MLE-bench Ours

Other Foundation Models

DeepSeek V3.2 Reasoner X v X X X X
GLM 4.5 X v X X X X
GLM 4.6 X v X X X X
Kimi K2 X v X X X X
Llama 3.3 70B Instruct X X X v X N
MiniMax M2 X v X v v N
Entrpo Ekto 30B X v X X X X
FrogBoss 32B X v X X X X
FrogMini 14B X v X X X X
SWE-bench Agents

RAG + Claude 2 X v X X X X
RAG + GPT-3.5 X v X X X X
RAG + SWE-Llama 7B X v X X X X
RAG + SWE-Llama 13B X v X X X X
RAG + Claude 3 Opus X v X X X X
RAG + GPT4 X v X X X X
Amazon Q Developer (Apr) X v X X X X
MASAI + GPT-40 X v X X X X
AppMap Navie + GPT-40 X v X X X X
Factory Code Droid X v X X X X
SWE-agent + Claude 3.5 Sonnet X v X X X X
AutoCodeRover v2024-06-20 X v X X X X
Amazon Q Developer (Jul) X v X X X X
SWE-agent + GPT-40 X v X X X X
EPAM AI Run + GPT-40 X v X X X X
Honeycomb X v X X X X
GRU (Aug) X v X X X X
Lingma Agent 72B (Sep) X v X X X X
Lingma Agent 7B (Sep) X v X X X X
Solver (Sep 20) X v X X X X
Solver (Sep 24) X v X X X X
nFactorial (Oct 1) X v X X X X
Lingma Agent 72B (Oct) X v X X X X
Lingma Agent 7B (Oct) X v X X X X
nFactorial (Oct 7) X v X X X X
Composio SWEKit (Oct 16) X v X X X X
Tools + Claude 3.5 Haiku X v X X X X
Tools + Claude 3.5 Sonnet X v X X X X
Emergent (Oct) X v X X X X
Composio SWEKit (Oct 25) X v X X X X
Solver (Oct 28) X v X X X X
EPAM AI Run + Claude 3.5 Sonnet (Oct) X v X X X X
nFactorial (Oct 30) X v X X X X
nFactorial (Nov 5) X v X X X X
Navie 2 + GPT-40/Sonnet X v X X X X
AutoCodeRover v2.0 + Claude 3.5 Sonnet X v X X X X
Devlo (Nov) X v X X X X
Nebius Search X v X X X X
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Table 2 — Continued from previous page

Model

METR SWE-bench Cybench GDPVAL

MLE-bench Ours

Artemis Agent

Engine Labs

MarsCode Agent

SWE-Fixer + Qwen 2.5 72B (Nov)
Agentless 1.5 + Claude 3.5 Sonnet
Amazon Q Developer (Dec)

GRU (Dec)

EPAM AI Run + Claude 3.5 Sonnet (Dec)
Google Jules + Gemini 2.0 Flash
Devlo (Dec)

CodeStory Midwit + Claude 3.5 Sonnet
Emergent (Dec)

BlackboxAI Agent v1.1

Learn by Interact + Claude 3.5
UGAIForge

CodeShell Agent + Gemini 2.0 Flash
Bracket

AutoCodeRover v2.1 + Claude 3.5 Sonnet
OpenHands 4x Scaled

AgentScope

Tools + Claude 3.7 Sonnet
SWE-agent + Claude 3.7 Sonnet
SWE-RL + Llama 3 70B

EPAM AI Run + Claude 3.5 Sonnet (Feb)
SWE-Fixer + Qwen 2.5 72B (Mar)
Augment Agent v0

Amazon Q Developer (Apr)
SWE-Rizzo + Claude 3.7

Cortexa

Zencoder Al

SWE-agent + LM 32B

AIME Coder

Refact Agent

Cortexa + 03

Devlo (May)

Trae (May)

OpenHands + Devstral Small
SWE-agent + Claude 4 Sonnet

Tools + Claude 4 Opus

Tools + Claude 4 Sonnet
OpenHands + Claude 4 Sonnet
Amazon Nova Premier v1.0
PatchPilot Co-PatcheR

Refact Agent + Claude 4 Sonnet
Augment Agent v1

Moatless + Claude 4 Sonnet

Trae (Jun)

Skywork SWE 32B

Skywork SWE 32B + TTS Bo§
Warp (Jun)

X

XX XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX

A N N N N N N N N N N N N N N N N N N N N N N N N N N N N N N N N N N N NENEN

X

XXX XXX XXX XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXNXNXXX XXX

X

XXX XXX XXX XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXNXNXNXX XXX

X

XXX XXX XXX XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXNXXXXXXXX
XXX XXX XXX XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXNXXXX XXX
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Table 2 — Continued from previous page

Model METR SWE-bench Cybench GDPVAL MLE-bench Ours
Agentless MCTS-Refine 7B X X X X
DeepSWERL R2E Agent

DeepSWERL R2E Agent + TTS

Bloop

Qodo Command

OpenHands + Kimi K2

Mini v0.0.0 + Llama 4 Maverick 17B
Mini v0.0.0 + Claude 3.7 Sonnet
SWE-agent + Devstral Small

Mini v1.0.0 + Claude 4 Sonnet

Mini v1.0.0 + 04-Mini

Harness Al

Mini v1.0.0 + Qwen 3 Coder 480B
CodeSweep + Kimi K2

EPAM AI Run + Claude 4 Sonnet
SWE-Exp + DeepSeek V3

Mini v1.7.0 + GPT-5

Mini v1.7.0 + GPT-OSS-120B

Mini v1.7.0 + Kimi K2

OpenHands + GPT-5

ACoder

Mini v1.9.1 + GLM 4.5

EntroPO R2E + Qwen Coder 30B + TTS
Warp (Sep)

Atlassian Rovo Dev

JoyCode

Artemis Agent v2

Trae + Doubao Seed Code
Prometheus v1.2 + GPT-5

Salesforce SAGE (Bash)

Salesforce SAGE + OpenHands
Sonar Foundation + Claude 4.5 Sonnet
Mini v1.15.0 + Gemini 3 Pro Preview
Mini v1.17.0 + MiniMax M2

Mini v1.17.1 + GLM 4.6

XX XX XXX XX XXX XXXXXXXXXXXXXXXXXXXXXX
AN N N N N N N N N N N N N N N N N N N N N NN NEN
XX XXX XXX XXX XXXXXXXXXXXXXXXXXXXX XXX
XX XXX XX XXX XXXXXXXXXXXXXXXXXXXXX XXX
XX XXX XX XXX XXXXXXXXXXXXXXXXXXXXXXXXX
XX XXX XX XXX XXXXXXXXXXXXXXXXXXXXX XXX
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B. Additional Results
B.1. Task Length Estimation

Figure 7 presents the distribution of predicted human task completion times using BRIDGE for the three benchmarks
without exact time annotations: SWE-bench Verified, GDPval, and MLE-bench. For SWE-bench Verified, predicted task
lengths follow a roughly log-normal distribution centered around 4—15 minutes, with a long right tail extending to 64 hours.
The majority of tasks fall in the 1 minute to 1 hour range, consistent with the benchmark’s focus on resolving individual
GitHub issues that vary from straightforward bug fixes to multi-component feature changes. GDPval exhibits a similar
modal range of approximately 4—15 minutes, though with a somewhat more concentrated distribution and fewer tasks at the
extreme tails, reflecting the benchmark’s design around occupational tasks of moderate scope.

For MLE-bench, we use three binary success indicators: a) valid submission, b) above median performance, and c) earning
any Kaggle medal, as defined in Section 4.1.2. The valid submission criterion has the widest spread, with tasks ranging
from < 1 minute to several hours, since generating a conforming output can be either trivial or moderately involved
depending on competition-specific pipeline constraints. In contrast, the above-median and any medal criteria shift markedly
rightward, with medal-level tasks mostly concentrated between 4-64 hours of estimated human effort. This ordering
matches the intuition that competitive Kaggle performance typically requires iterative experimentation (e.g., model selection,
feature engineering, and hyperparameter tuning) beyond a baseline submission. Overall, the clear separation across criteria
suggests BRIDGE’s latent difficulty estimates capture meaningful within-task gradations when evaluated against increasingly
stringent performance thresholds.

SWE-Bench GDPval MLE-Bench
21
50 21 Valid Submission
L 18 Above Median
18 =0 Any Medal
40 ™ -
2 2 m 215
[ & [
g a \ L
« 30 “— 12 = 12
(=} o (=} ‘
1] ‘ - I} ‘ g 4
o Q 9 o
€ 20 € ‘ € ‘
] S ]
z ‘ Z 6 Z 6
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Figure 7. Distribution of predicted human task completion times using BRIDGE across benchmarks. Histograms show the number of tasks
(y-axis) binned by estimated completion time on a logarithmic scale (x-axis) for SWE-bench (left), GDPval (center), and MLE-bench
(right). For MLE-bench, three success criteria are shown: valid submission, above-median performance, and earning any medal.

B.2. Forecasting Capabilities at 80% Task Solve Rate

While our primary analysis focuses on the 50% success threshold to characterize the frontier model capabilities, many
practical deployment scenarios demand higher model reliability. We therefore extend our analysis to 80% success rate
threshold, which corresponds to tasks that models can complete with high certainty. This more stringent criterion provides a
conservative estimate of reliable model capability and reveals how the solvable task-length horizon contracts when higher
success rates are needed.

Figure 8 shows the relationship between success probability and estimated human task completion time at the 80% threshold
across different benchmarks. We observe that the frontier task-length horizons contract substantially at this elevated 80%
threshold compared to the 50% case (see Figure 8). METR tasks are solvable up to approximately 54 minutes, SWE-bench
up to 44 minutes, MLE-bench up to 1.1 hours, and GDPval up to 20 minutes. The current frontier models reach a task-length
horizon of approximately 40 minutes across all tasks at 80% threshold, which is roughly % of the ~ 2 hours horizon observed
at 50% success.

The benchmark-specific variation in frontier task lengths reflects differences in both latent difficulty b; and discrimination
a; across different tasks. METR shows the highest discrimination parameter (a = 3.92), resulting in steep probability-
time curves, while GDPval’s lower discriminator parameter (¢ = 1.10) yields more gradual transitions, highlighting that
benchmarks with higher discrimination provide more precise capability boundaries. The temporal progression across release
windows is clearly visible: earlier models (lighter shades) achieve 80% success only on tasks requiring seconds to minutes
of human effort, whereas recent frontier models (darker shades) extend this reliable capability to tasks in the 15 minutes to 1
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2022-01 2022-11 2023-09 2024-02 2024-07 2024-12 2025-05 2025-10
(GPT-3.5) (GPT-4-0314) (GPT-4-1106) (Claude 3.5 Sonnet) (o1) (Claude 3.7 Sonnet) (Claude 4 Sonnet) (Claude 4.5 Opus)
METR SWE-bench MLE-bench GDPval All Tasks

Frontier: 54 min
Avg a: 3.92, Avg b: -1.44

Frontier: 44 min
Avg a: 1.80, Avg b: 0.14

Frontier: 1.1 hr
Avg a: 3.15, Avg b: 1.30

Frontier: 20 min
Avg a: 1.10, Avg b: -0.50

Frontier: 40 min
Avg a:2.17, Avg b: -0.13
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Figure 8. Success probability versus estimated human task completion time for different models, smoothed with a window of 15 tasks.
Solvable task lengths at the 80% success threshold are indicated across model release dates, with darker blue denoting more recent models.
SOTA models achieve 80% success on tasks estimated to require ~40 minutes to ~1.1 hours of human effort. Steeper curves reflect
higher task discrimination parameters a. Non-smoothness arises from heterogeneity in task-level difficulty and discrimination (a;, b;),
highlighting the importance of task-level granularity.
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Figure 9. Forecasting trends of task length horizon over model release date without human task-time annotation. The task length at which
model can achieve 80% accuracy grows exponentially over time, with an estimated doubling time of approximately 7 months. The left
subfigure shows this trend on a logarithmic scale for task length while the right subfigure presents the same trend on a linear scale. The
shaded region represents 95% confidence intervals computed via bootstrapping.

hour range, demonstrating consistent capability growth even under a more stricter success threshold criterion.

Figure 9 tracks the evolution of the 80% task-length horizon across model release dates. At the 80% success threshold, the
simplifying relationship b5 = 65 no longer holds; computing b from 6, via the inverse of Equation (1) would additionally
require an estimate of the discrimination parameter as. Instead, we define the 80% task length as the task difficulty (or
corresponding human task length) at which the model’s predicted success probability equals 80%, with success probabilities
estimated using a smoothing window of 15, as shown in Figure 8. On a logarithmic (left subfigure), the trend is approximately
linear, indicating exponential growth in solvable task length over time. We estimate a doubling time of approximately 6
months, consistent with the rate observed at the 50% threshold (see Figure 6). This consistency across success thresholds
suggests that the underlying rate of capabilities improvement is relatively uniform across the performance distribution.

Similar trends are observable for the linear scale forecasting (right subfigure). From GPT-3.5 (early 2022) to Claude 4.5
Opus (later 2025), the 80% task-length horizon has expanded from near-instantaneous tasks to approximately under 1
hour of estimated human effort. It is also interesting to note that reasoning-focused models (o1, 03) do not substantially
outperform their contemporaries at the 80% success threshold. 03 actually falls below Claude 3.5 Sonnet despite being
released later, suggesting that extended reasoning capabilities may provide greater benefits at marginal success rates than at
higher thresholds.
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C. Evaluation Methods
C.1. GDPval

We run models via InspectAl under the same agentic workflow and similar decoding settings as described for SWE-bench
in Section 4.1.2. Because GDPval is open-ended, it does not admit a fully automated, verifiable evaluator. We therefore
use an LLM-as-a-judge pipeline with Gemini 3 Pro as the judge. The judge applies a task-specific 1-5 rubric, where 1
corresponds to “almost no work done,” 4 denotes “good deliverable text with minor mistakes in deliverable files,” and 5
indicates “perfect deliverable text and files,” intended to approximate expert-level performance. We treat a score of at least 4
as success. However, a caveat of using the LLM judge is that it did not have access to expert human responses to compare
against, thus it is at best a proxy to the actual pairwise expert preferences.” The full prompt template is shown in Figure 10.

C.2. Cybench

Tasks are evaluated in an unguided setting, using default decoding parameters and a maximum of 15 iterations per attempt;
to support longer reasoning traces from frontier models, we increase the input and output token limits to 64,000 and 32,000,
respectively.?

C.3. Prompt Templates

GDPval LLM-as-a-Judge Prompt Template

# Judge Role Setup

You are an expert in the sector: {sector} and occupations: {occupation}. You are

a judge model tasked with evaluating whether an agent was able to do the task or not.
You will be given the task instruction passed to the agent as prompt along with the
reference_files_content. And you are given the answer of the agent as deliverable_text
and the deliverable_files_content that they returned.

# Evaluation Instructions

First think if the agent has successfully completed the task as per the instructions
provided. Consider the relevance, accuracy, and completeness of the deliverables

in relation to the prompt and reference files. Do this thinking step by step inside
<think> </think> tags.

# Scoring Rubric
Next score the agent on a scale of 1 to 5:
- 1: The agent completely failed to meet the task requirements

— 2: The deliverable_text is working in the right direction

— 3: The deliverable_text and the deliverable_files_content are both partially complete
- 4: The agent is close to meeting the requirements

— 5: The agent fully met or exceeded the task requirements

First write a brief justification for the score you assign. Write this score at the

end between <score> </score> tags. THE SCORE MUST BE AN INTEGER.

# Task Instruction and Reference Files

Here is the task instruction given to the agent and the reference files:
—-— TASK PROMPT START -—-

{prompt}

—-— TASK PROMPT END —-

—— REFERENCE FILES START ——

{reference_files content}

—— REFERENCE FILES END --—

# Agent Deliverables

"We have submitted our outputs to OpenAI’s public GDPval autograder, but results were not yet available at the time of analysis.
8We acknowledge that some requests may be refused by certain models due to security constraints.
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Here is the deliverable text and deliverable files content provided by the agent:
—— DELIVERABLE TEXT START —-

{deliverable text}

—— DELIVERABLE TEXT END —-

—— DELIVERABLE FILES CONTENT START ——

{deliverable files content}

—— DELIVERABLE FILES CONTENT END —-—

B Metadata M Task description M Scoring rubric M Output instructions

Figure 10. Prompt template for LLM-as-a-Judge evaluation on GDPval. Placeholders {sector}, {occupation}, {prompt}, {refer-
ence_files_content}, {deliverable_text}, and {deliverable_files_content} are populated with task-specific content. The judge outputs
reasoning in <think> tags and an integer score (1-5) in <score> tags.

SWE-bench Time Estimation Prompt Template

# Task Time Estimation

You are an expert software engineering analyst. Your task is to estimate how many
minutes it would take an experienced human software engineer to complete the following
GitHub issue.

## Context
Repository: {repo}
Task Type: Bug fix / Feature implementation based on GitHub issue

## Important Assumptions
When estimating time, assume the human engineer:

1. Has moderate familiarity with the repository (not a first-time contributor, but not
the original author)

2. Has access to standard development tools and documentation

3. Will write proper tests and follow repository conventions

4. Needs to understand the existing code before making changes

5. Will need to verify the fix doesn’t introduce regressions

6. Is working without AI assistance (traditional development workflow)

## The GitHub Issue
<problem_statement>
{problem statement}
</problem_statement>

## Your Task
Analyze the problem statement and estimate the total time in minutes. Your response
MUST be in the following JSON format:

{
"estimated_minutes": <number - your point estimate in minutes>,
"justification": "<A detailed 2-4 sentence explanation>",
"time_breakdown": {
"understanding_and_investigation": <minutes>,
"implementation": <minutes>,
"testing_and_verification": <minutes>
b
"complexity_indicators": {
"code_investigation_needed": "<none/minimal/moderate/extensive>",
"number_of_ files_likely_affected": "<1/2-3/4-6/7+>",
"testing_complexity": "<trivial/simple/moderate/complex>",
"domain_knowledge_required": "<none/basic/intermediate/expert>",
"debugging_difficulty": "<straightforward/moderate/challenging/very_challenging>|
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## Estimation Guidelines

Consider these factors when making your estimate:

1. Problem Clarity: Is the issue well-defined or vague?

2. Scope of Changes: How many files/components are likely affected?

3. Debugging Complexity: Straightforward bug or subtle issue requiring deep
investigation?

4. Testing Requirements: Existing tests to update or new tests to write?
5. Domain Knowledge: Does the issue require specialized knowledge?

6. Code Familiarity: Time spent understanding existing code patterns?

7. Edge Cases: Does the issue imply multiple edge cases?

8. Integration Points: Does the fix touch external systems or APIs?

## Time Reference Points
Use these as calibration points for your estimates:

— 5-15 minutes: Trivial fixes like typos, simple one-line changes, obvious bugs with
clear solutions

— 15-60 minutes: Tasks requiring some investigation, changes to 1-3 files, moderate
debugging

— 60-240 minutes (1-4 hours): Complex tasks requiring understanding of multiple
components, significant testing

— 240+ minutes (4+ hours): Very complex tasks requiring deep codebase knowledge,

architectural changes, extensive debugging

## Important Notes

— Be realistic and consider all phases: understanding, implementing, testing, and
reviewing

- A "simple" one-line fix might still require significant investigation time

— Consider the overhead of understanding unfamiliar code patterns

- Err slightly toward higher estimates when uncertain (engineers typically
underestimate)

— The repository context matters: popular, well-maintained repos often have complex
conventions
- Provide your estimate as a single number (e.g., 45, 90, 180), not a range

Provide your estimation now:

B Metadata M Task description M Calibration anchors M Output instructions

Figure 11. Prompt template for LLM-based time estimation on SWE-bench. Placeholders {repo} and {problem_statement} are populated
with task-specific content.

CyBench Time Estimation Prompt Template

# CTF Task Time Estimation

You are an expert cybersecurity analyst and CTF (Capture The Flag) competitor. Your
task is to estimate how many minutes it would take an experienced human security
researcher to complete the following CTF challenge.

## Challenge Context

Competition: {competition} ({competition_year})

Category: ({categories}

Labeled Difficulty: {difficulty_label}

Task Name: {task_name}

Tools Required: {tools}

Internet Required: {internet_necessary} (Useful: {internet_useful})

Requires Stateful Shell: {stateful_shell}
Number of Subtasks: {num_subtasks}

## Important Assumptions

When estimating time, assume the human:

1. Has solid CTF experience (has competed in several CTFs before)

2. Is familiar with the category (e.g., knows common crypto attacks, web exploits,
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reverse engineering tools)

3. Has access to standard security tools (Ghidra, Burp Suite, pwntools, etc.)
4 Is working alone without AI assistance

5. May need to research specific vulnerabilities or techniques

6 Needs to understand the challenge before exploiting it

## Challenge Description
<challenge_prompt>
{challenge_prompt}
</challenge_prompt>

## Your Task
Analyze the challenge and estimate the total time in minutes. Your response MUST be in
the following JSON format:

{

"estimated_minutes": <number - your point estimate in minutes>,
"Justification": "<A detailed 2-4 sentence explanation>",
"time_breakdown": {
"reconnaissance_and_analysis": <minutes for understanding the challenge,
analyzing files/code>,
"research_and_learning": <minutes for looking up techniques, vulnerabilities,
tools>,
"exploitation_development": <minutes for writing exploits, scripts, payloads>,
"execution_and_flag_capture": <minutes for running exploits, debugging,

capturing flag>
}I

"complexity_indicators": {
"category_expertise_needed": "<basic/intermediate/advanced/expert>",
"tool_complexity": "<simple/moderate/complex/specialized>",
"attack_chain_length": "<single_step/few_steps/multi_step/complex_chain>",
"research_required": "<none/minimal/moderate/extensive>",
"debugging_difficulty": "<straightforward/moderate/challenging/very_challenging>|

## Estimation Guidelines
Consider these factors when making your estimate:

1. Category Complexity: Different categories have different baseline times
- Crypto: Often requires mathematical analysis and custom script writing
— Web: May involve enumeration, multiple vulnerability types, chained exploits
- Pwn/Binary: Requires reverse engineering, exploit development, dealing with
protections

- Reverse: Time-intensive analysis of binaries or obfuscated code

— Forensics: May require specialized tools and careful artifact analysis

— Misc: Highly variable, often involves creative problem-solving
2. Challenge Scope: How many components/steps are involved?
3. Research Requirements: Does the challenge require looking up specific CVEs,
techniques, or algorithms?
4. Tool Setup: Are specialized tools needed that might require setup time?
5. Difficulty Label: Use the labeled difficulty as a calibration point, but analyze
the actual challenge

## Time Reference Points for CTF Challenges

Use these as calibration points (for an experienced CTF player) :

— 5-20 minutes: Trivial challenges, simple encoding, obvious vulnerabilities
— 20-45 minutes: Easy challenges requiring basic exploitation or analysis

— 45-120 minutes (0.75-2 hours): Intermediate challenges with some complexity
— 120-300 minutes (2-5 hours): Hard challenges requiring significant effort

— 300-600 minutes (5-10 hours): Expert challenges with complex attack chains
- 600+ minutes (10+ hours): Master—-level challenges requiring deep expertise

21



BRIDGE: Predicting Human Task Completion Time From Model Performance

## Important Notes

- Be realistic about all phases: understanding, research, implementation, debugging
— CTF challenges often have rabbit holes that consume time

— Consider that challenges may require iterative approaches

— Labeled difficulty is a hint but may not reflect actual time required

- Provide your estimate as a single number (e.g., 45, 90, 180), not a range

Provide your estimation now:

B Metadata M Task description M Calibration anchors M Output instructions

Figure 12. Prompt template for LLM-based time estimation on Cybench. Placeholders in {italics} are populated with task-specific content
from challenge metadata.
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