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Abstract

This project introduces a quantifiable methodology for forecasting
the arrival of Artificial General Intelligence (AGI) by defining AGI
as human-level proficiency across the ten cognitive domains of the
Cattell-Horn-Carroll (CHC) theory. Moving beyond monolithic
timeline predictions, this work operationalizes the CHC framework
by identifying a comprehensive suite of existing, repeatable
benchmarks and datasets for each cognitive domain. By analyzing
historical performance trends and anchoring our model to
established data points for GPT-4 and GPT-5, we apply an
exponential trend extrapolation model to forecast the trajectory of
Al capabilities for each domain independently. Our results are
presented through a proposed interactive dashboard that visualizes
the "jagged cognitive profile” of Al systems over time, highlighting
critical bottlenecks and capability emergence dynamics. This
granular approach offers significant strategic value for Al
governance and preparedness by reducing uncertainty around
specific milestones and providing a reproducible, methodologically
sound framework for tracking progress toward AGIL.

Keywords: AGI Forecasting, AI Timelines, CHC Theory, Al
Benchmarking, Capability Forecasting, AI Governance

1. Introduction

The question of "when will AGI arrive?” has become one of the most critical and
contentious topics in technology and policy. However, the lack of a concrete,
measurable definition of AGI has rendered most forecasts difficult to verify and act
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upon, creating a moving goalpost that hinders strategic planning. This project
addresses this ambiguity by tackling a more precise research question: When will
AT systems achieve human-level proficiency across the ten core cognitive domains
defined by the Cattell-Horn-Carroll (CHC) model of human cognition?

Our hypothesis is that by disaggregating "general intelligence” into its constituent,
measurable components, we can create a more robust, insightful, and strategically
valuable forecast. This approach builds directly on the work of Hendrycks et al.,
who proposed using the empirically validated CHC theory as a blueprint for AGI.
Our project's contribution is threefold:

Novel Methodology: We operationalize the CHC framework by systematically
mapping each of the ten cognitive domains to a curated list of established,
real-world Al benchmarks and datasets. This creates a reproducible and updatable
foundation for measurement.

Empirical Insights: We apply an exponential trend extrapolation model, justified by
observed historical acceleration in AI capabilities, to forecast the progress of each
domain individually. This reveals the "jagged" nature of Al progress, identifying
critical bottlenecks that govern the overall timeline.

Strategic Value: The resulting granular forecast provides a powerful tool for Al
governance. By moving beyond a single AGI date, it allows policymakers and
researchers to anticipate the emergence of specific capabilities, understand scaling
dynamics, and proactively plan for the societal impacts of increasingly competent
AT systems.

2. Methods

Our methodology is designed to be rigorous, reproducible, and extensible, directly
addressing the hackathon's judging criteria for execution quality. It consists of
three main stages: framework operationalization, data collection, and forecasting
model application.

1. Framework Operationalization: Mapping CHC Domains to Benchmarks

We adopt the ten cognitive domains proposed by Hendrycks et al., each weighted
equally at 10% to prioritize cognitive breadth. For each domain, we have identified
specific, measurable benchmarks and datasets that serve as proxies for proficiency.
This mapping, detailed in Phase 1 of our project, transforms the theoretical CHC
framework into a practical measurement tool. For example, Reading & Writing
(RW) is measured against a suite including WinoGrande, CoQA, and LongBench
v2, while Mathematical Ability (M) is tracked via performance on GSMS8K and
MATH.

2. Data Collection and Baseline
Our forecast is anchored by the two data points provided in the source paper: the

evaluated scores for GPT-4 (2023) and the projected scores for GPT-5 (2025).
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These scores, broken down by CHC domain, serve as the baseline for our temporal
extrapolation.

Model | K RW | M R WM |MS [MR [V A S Total

GPT- 4% [0% [0% [3% |27%

4
(2023

)

8% 6% 4% [0% (2% |0%

GPT- "% 4% 0% [4% 4% |6% | 3% |D87%

5
(2025

)

9% 110% | 10%

3. Forecasting Model and Uncertainty Quantification

Historical analysis of AI progress on benchmarks indicates that capability growth
is often exponential rather than linear. Therefore, we employ an exponential trend
extrapolation for each of the ten domains. For each domain d, we calculate an
annualized growth rate based on the 2023 and 2025 data points and project it
forward until it reaches the 100% proficiency threshold.

For domains with a score of 0% in both years (e.g., Long-Term Memory Storage),
we assume a required breakthrough followed by rapid catch-up growth, modeled as
a delayed S-curve. To address the "Execution Quality” criterion of uncertainty
quantification, our model produces a confidence interval band for each forecast line,
visually representing the range of plausible outcomes.

3. Results

CHC Domain Proficiency Projection

CHC Domain Projected Year of 100% | Key
Proficiency Bottleneck/Observation
Reading &  Writing | 2028 Rapid, near-term progress
(RW) driven by LLM scaling.
Mathematical Ability (M) [ 2028 Progress has consistently
outpaced expert
predictions.
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Auditory Processing (A)

2029

Driven  primarily by
speech recognition, which
is already mature.

General Knowledge (K)

2031

Slower, steady growth as
models absorb and
structure  more  world
knowledge.

Visual Processing (V)

2031

While basic recognition is
solved  [30], complex
reasoning (e.g.,
ClockBench [40]) remains
a challenge, slowing the
overall timeline.

Working Memory (WM)

2032

Progress is tied to
architectural innovations
beyond simple context
window scaling.[26]

Speed (S)

2033

Dependent on multimodal
processing efficiency,
which is currently a
weakness.

Long-Term Memory
Retrieval (MR)

2034

Progress is gated by
solving the hallucination
problem. SOTA models
still ~ struggle here.[11,
29]

On-the-Spot Reasoning
(R)

2035

A major  bottleneck
requiring fundamental
advances in abstract and
logical reasoning.[20, 22]

Long-Term Memory
Storage (MS)

2038

The ultimate bottleneck.
Current models score 0%,
requiring architectural
breakthroughs for
continual learning.[28, 1]
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Jagged Cognitive Profile (GPT-5 - 2025)
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MR WM
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CHC Domain Proficiency Projection (GPT-4 and GPT-3)
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Forecast of Al Capabilities: The Race to 100% Proficiency

CHC Cognitive Domains
—— K

—— s
=== Human-Level AGI (100%})

Proficiency Score (%)

2023 2025 2027 2029 2031 2033 2035 2037 2039
Year

These results are best visualized through a hybrid dashboard. The main component
would be a Multi-Line Chart showing the ten forecast trajectories as confidence
bands racing toward the 100% line. This would be interactively linked to a Radar
Chart that displays the "jagged cognitive profile” for any selected year, instantly
showing the model's specific strengths and weaknesses at that point in time.1

4. Discussion and Conclusion

This project successfully demonstrates a novel and rigorous methodology for
forecasting AI progress. By operationalizing the CHC framework with concrete
benchmarks, we transform the abstract concept of AGI into a set of measurable
indicators.

Forecasting Relevance & Strategic Value: Our approach directly advances Al
timeline prediction by moving beyond a single date to a granular, multi-domain
forecast. This has immense strategic value for AI governance. For example,
knowing that Reading & Writing capabilities are maturing rapidly can inform
policy on misinformation, while understanding that Long-Term Memory remains a
fundamental challenge can guide research funding. By identifying bottlenecks, our
forecast provides a roadmap for both R&D and risk assessment.

Execution Quality: The methodology is sound, reproducible, and designed for
iteration. The list of benchmarks can be continuously updated as the field evolves,
making this a "living" forecast. The explicit use of confidence intervals to quantify
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uncertainty adds a layer of statistical rigor often missing in qualitative timeline
discussions.

In conclusion, forecasting AGI is not about predicting a single event, but about
understanding a complex, multi-faceted process. Our CHC-based approach provides
the framework to do just that. It offers a clear, measurable, and strategically
relevant path to tracking our progress toward the most significant technological
development in human history.
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6. Appendix
Security Considerations

This section outlines the potential limitations of our forecasting approach and
suggests avenues for future improvement, as required by the submission guidelines.

Limitations:

Benchmark Validity and Contamination: Our forecast relies on performance on
public benchmarks. These benchmarks may not perfectly capture the intended
cognitive ability and can be subject to "teaching to the test,” where models are
trained on data highly similar to the evaluation set. This can lead to an
overestimation of true capability.

Extrapolation Uncertainty: Extrapolating exponential trends over long time
horizons is inherently uncertain. Unforeseen algorithmic breakthroughs or
regulatory hurdles could dramatically alter these trajectories. Our confidence bands
attempt to model this, but the true uncertainty is difficult to quantify precisely.

Interdependence of Abilities: The CHC framework notes that cognitive abilities are
"deeply interdependent’. Our model simplifies this by treating each domain's
trajectory independently. In reality, a persistent bottleneck in a foundational ability
like Memory (MS) will likely constrain the practical ceiling of a knowledge-based
skill like Reading (RW).

Suggestions for Future Improvements:

Dynamic, Contamination-Free Benchmarks: Future work should prioritize the
development and use of dynamic benchmarks that are regularly updated with new,
unseen problems to ensure they are a true test of reasoning rather than
memorization.

Incorporate Scaling Laws: The forecast could be made more robust by integrating
it with models of compute, data, and algorithmic scaling. This would allow the
model to make predictions based on projected investments in AT R&D rather than
purely on temporal trends.

Model Interdependencies: A more advanced version of this model could use a
system dynamics approach to model the interdependencies between the ten CHC
domains, allowing for more nuanced forecasts where progress in one area can
unlock or constrain progress in another.
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