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Abstract. This paper investigates the Jolting Technologies Hypothesis,
which posits superexponential growth (increasing acceleration, or a pos-
itive third derivative) in the development of Al capabilities. We develop
a theoretical framework and validate detection methodologies through
Monte Carlo simulations, while acknowledging that empirical validation
awaits suitable longitudinal data. Our analysis focuses on creating robust
tools for future empirical studies and exploring the potential implications
should the hypothesis prove valid. The study examines how factors such
as shrinking idea-to-action intervals and compounding iterative AI im-
provements drive this jolting pattern. By formalizing jolt dynamics and
validating detection methods through simulation, this work provides the
mathematical foundation necessary for understanding potential Al tra-
jectories and their consequences for AGI emergence, offering insights for
research and policy.
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1 Introduction

The trajectory of technological advancement has been widely studied. Although
exponential models like Moore’s law have been useful, observations suggest tech-
nologies like AT may exhibit superexponential growth-—a changing rate of ac-
celeration, termed "jolt." This paper formally explores the Jolting Technologies
Hypothesis, positing the third derivative of capability metrics C' as a critical pos-
itive indicator of transformative change, crucial for a more accurate forecasting
the emergence of Artificial General Intelligence (AGI).

The motivation for this research stems from the profound societal and eco-
nomic implications of accurately anticipating Al development. Misjudging AI’s
pace could lead to significant unpreparedness. The mathematics of jolts, from
basic calculus (velocity v = dC/dt, acceleration a = d>C/dt?, jolt j = d>C/dt?),
allows for a nuanced understanding beyond simple exponential curves. A sus-
tained positive jolt implies an increasing acceleration, potentially outpacing ex-
ponential projections. Drawing on public academic literature, industry reports,
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and empirical and synthetic data, this paper investigates the theoretical basis
and mathematical modeling of jolting technological progress; examines empirical
evidence for or against this hypothesis in Al using benchmarks, milestones, and
expert analyses; explores contributing factors such as compressed idea-to-action
cycles, resource allocation, and Al research dynamics; and analyzes implications
for AGI timelines, phase transitions, governance, and societal adaptation based
on external research.

Synthesizing external, verifiable information within a formal analytical frame-
work, this paper robustly examines the Jolting Technologies Hypothesis, offering
insights into AI’s future. The remainder of this paper is structured as follows: Sec-
tion 2 details the theoretical framework of technological jolts. Section 3 presents
empirical evidence supporting the hypothesis in Al, including key results from
our Monte Carlo simulations. Section 4 provides a case study on Al agent capa-
bilities. Section 5 discusses the broader implications for AGI, governance, and
safety. Finally, Section 6 concludes with a summary of our findings and directions
for future research.

2 Theoretical Framework

The Jolting Technologies Hypothesis extends beyond qualitative observations
of rapid progress, proposing a specific mathematical structure to describe and
quantify superexponential growth in technological capabilities, particularly in
Al. This framework centers on the concept of a "jolt," defined as the third
derivative of a capability metric with respect to time, indicating a change in the
measure of acceleration.

2.1 Formalizing Technological Jolts

The term "jolt" used in this hypothesis is analogous to the concepts in classical
mechanics, representing the rate of change of acceleration (the third derivative of
position). While sharing this mathematical foundation, the Jolting Technologies
Hypothesis (JTH) specifically applies this concept to the trajectory of technolog-
ical capabilities. It is important to distinguish the JTH from broader concepts
such as Kurzweil’s "Law of Accelerating Returns" [11]. For clarity, we define
our terminology precisely: In this paper, 'superexponential growth’ specifically
refers to growth characterized by a positive third derivative (C"(t) > 0), rather
than the colloquial usage of ’faster-than-exponential.” This differs from standard
exponential growth where C(t) = e** has constant relative growth rate. Our def-
inition implies that the growth rate itself is accelerating, mathematically distinct
from other forms of superexponential growth such as C(t) = t - e¥*. This precise
definition is critical for our quantitative framework and should not be confused
with general descriptions of rapid growth.

We acknowledge that technological development is not uniformly continuous.
As Kuhn [10] demonstrated, scientific progress often proceeds through paradigm
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shifts, and Kondratiev [9] identified long-wave economic cycles that affect tech-
nology adoption. Our framework does not assume smooth, uninterrupted ac-
celeration. Instead, the detection of jolts may coincide with these discontinuous
transitions. The mathematical formalism allows us to identify and quantify these
periods of rapid change within the broader context of uneven technological de-
velopment.

Let C(t) represent an aggregated measure of technological capability at time
t. The first derivative, C'(¢), signifies the rate of improvement (velocity), and
the second derivative, C”(¢), represents the acceleration of this improvement.
Standard exponential growth, while showing positive C’(t) and C”(¢), typically
assumes a statistically constant acceleration rate or a constant growth expo-
nent. The Jolting Technologies Hypothesis focuses on the third derivative, C"(t),
which captures the rate of change of acceleration itself. A sustained positive third
derivative signifies that the system is not only accelerating but is becoming in-
creasingly effective in accelerating its progress.

To provide a standardized and comparable measure across different domains
and scales, the jolt magnitude, J(t), is formally defined as:

1 d3C
J(t) = ) dFF (1)

This definition normalizes the third derivative by the current capability level
C(t), ensuring dimensional homogeneity and allowing for more meaningful com-
parisons of jolt intensity across diverse technological trajectories. A sustained
J(t) > 0 provides quantitative evidence for a system operating in a jolting
regime, where its capacity to improve is itself improving at an accelerating pace.
In addition to this, a dimensionless jolt magnitude, Jy(t), can also be defined
to facilitate comparisons, particularly when the scales of C(t), C'(t), and C" ()
vary significantly:

_ " -c) )
“ oo (

To illustrate conceptually, consider a technology in which the capability C(t) is
measured by the number of problems solved per day. If C(t) increases from 10
to 20 (velocity C’(t) > 0), and this rate of increase itself grows (acceleration
C"(t) > 0), a positive jolt C"'(t) > 0 would mean that the rate at which ac-
celeration increases is positive. For example, not only is the technology getting
faster, and not only is it getting faster at getting faster, but the rate at which it
is getting faster at getting faster is itself increasing. This signifies a deeply em-
bedded pattern of accelerating improvement, distinct from simple exponential
growth, where acceleration might be constant or proportional to velocity.

An exponential rate of change reflects a consistent pace of innovation, and a
technological jolt implies an increasing rate of innovation, where the capacity to
generate novel solutions and improvements accelerates. Industry-wide learning
curves, which describe steady efficiency gains, continue to play a role; however,
they alone may not fully account for the superexponential characteristics indica-
tive of jolting magnitudes.

In(t)
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2.2 Jolt Dynamics and Shrinking Doubling Times

The phenomenon of jolting is intrinsically linked to the observation of shrinking
doubling times for capability metrics. In traditional exponential growth, the time
required for a capability to double, Atqoupble, remains relatively constant. This is
because the instantaneous relative growth rate, a(t) = C’(t)/C(t), is constant.
The doubling time can be expressed as:

Atdouble (t) ~

(3)

It is important to note that while a positive jolt (C"(¢) > 0) indicates increas-
ing acceleration, this is a necessary but not sufficient condition for decreasing
doubling times. The relationship between jolt and doubling time compression
depends on the relative magnitudes of the derivatives. Specifically, shrinking
doubling times occur when «/(¢) > 0, which requires not just C"(t) > 0, but
that the jolt is sufficiently large relative to lower-order derivatives. This nu-
anced relationship explains why our jolt detection criterion focuses on the third
derivative while acknowledging that actual doubling time compression requires
additional conditions to be met.

In a jolting system, however, the acceleration C”(t) is increasing, which
implies that the relative growth rate «(t) is also increasing over time (i.e.,
o/(t) > 0). Consequently, as «(t) grows, the doubling time Atgouble(t) sys-
tematically decreases. This compression of doubling intervals is a hallmark of
superexponential growth and a direct consequence of a positive jolt. The system
becomes faster in achieving the same relative milestones, leading to a steepening
capability curve.

2.3 Composite Jolt Model: Interactions and Synergies

Technological progress, especially in complex fields like Al, rarely occurs in iso-
lation. Advances in one sub-domain (e.g., hardware) can significantly impact
and amplify progress in others (e.g., algorithms, data availability). The overall
observed jolt in a technological system can, therefore, be conceptualized as a
composite effect arising from multiple individual jolting factors and their inter-
actions. The total third derivative of capability, C{7, ,(¢), can be modeled as a

sum of weighted individual jolts and interaction terms:

() = D w,C () + 3 (1) e

i#]

Where C!”(t) is the jolt contribution of the i-th factor, w; its weight, and I;;(t)
represents interaction effects. This model highlights how interconnected advance-
ments across areas like Al algorithms, hardware, data techniques, and research
methodologies can collectively produce a powerful system-wide jolt.
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2.4 Resource Constraints and Effective Jolt Magnitude

While the theoretical potential for jolting growth can seem unbounded, real-
world technological development is invariably subject to resource limitations
(computational, energy, financial, talent, physical). As a system approaches these
limits, the observed acceleration, and thus the effective jolt, may be dampened.
The effective jolt magnitude, Jefrective(t), accounts for this:

Rimax — R(t))

Rmax (5)

Jeffective(t) = '](t) (
Where J(t) is the theoretical jolt magnitude, R(t) is current consumption of

a critical limiting resource, and Rpax is its maximum sustainable level. The

R‘”;‘i%) modulates the jolt, acknowledging that as resource utilization

intensifies, sustaining superexponential growth diminishes. Understanding these
resource dynamics is critical for forecasting jolting phenomena.

It is important to distinguish this resource-driven dampening of an existing
jolt from the classic S-curve saturation of a single technological paradigm; in-
deed, phenomena like Kurzweil’s Law of Accelerating Returns already describe
overarching exponential trends as envelopes of successive, paradigm-shifting S-
curves [11]. The modulation of jolt magnitude discussed here arises from com-
plex, system-wide interactions as resource limits are approached within a given
macro-paradigm. Future research could explore scenarios where near-AGI level
jolt magnitudes, driven by profoundly new capabilities, might overcome such
dampening effects, potentially forming the basis for a rapid intelligence explo-
sion.

term (

3 Empirical Evidence and Results

This section presents empirical evidence supporting the Jolting Technologies Hy-
pothesis in Al development, incorporating quantitative analysis of AT benchmark
data, observed trends in capability doubling times, and methodologies for iden-
tifying and quantifying "jolts." The aim is to provide a more rigorous validation
than anecdotal evidence alone. Full details, including parameter settings and
extended results, are available in our project repository [22].

3.1 Data Selection and Benchmark Analysis Strategy

To empirically test the Jolt Hypothesis, a selection of diverse, long-running Al
benchmarks is crucial. Criteria for benchmark selection include: (1) data avail-
ability over a significant time period (e.g., 5+ years); (2) relevance to core Al
capabilities (e.g., reasoning, image understanding, natural language processing);
(3) widespread adoption and recognition within the AI community; and (4)
metrics that are, as much as possible, continuous or fine-grained to allow for
derivative estimation. Examples of suitable benchmarks include MMLU (Mas-
sive Multitask Language Understanding), ImageNet top-1 accuracy (historical
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trends), specific complex tasks from AgentBench, or composite indices from the
Stanford AI Index [26,27]. For each selected benchmark, time-series data of the
primary performance metric C(¢) needs to be collected from available sources,
such as academic papers, official benchmark websites, or Al research organiza-
tion reports.

3.2 Quantitative Time-Series Analysis and Jolt Detection

For each benchmark series C(t), the following quantitative analysis would be
performed:

1. Smoothing and Curve Fitting: Raw benchmark data can be noisy. Ap-
propriate smoothing techniques (e.g., Savitzky-Golay filter, LOESS) would
be applied, with parameters justified and potentially preregistered to avoid
p-hacking. A suitable regression model (e.g., high-degree polynomial regres-
sion, cubic splines) would then be fitted to the smoothed data to obtain
a continuous representation of C(t). Model selection guided by information
criteria (AIC, BIC) and cross-validation [4,23].

2. Derivative Estimation: Numerical calculation of the first (C’(t) - veloc-
ity), second (C”(t) - acceleration), and third (C"(t) - jolt) derivatives of the
fitted capability curve, with explicit detail of the methodology for deriva-
tive estimation from discrete, noisy data, including the choice of numerical
differentiation methods and handling of edge effects [29].

3. Statistical Significance: Statistical tests (e.g., t-tests on derivative co-
efficients, permutation tests) conducted to assess the significance of these
derivatives, particularly to determine if C"(t) is significantly positive over
sustained periods, which supports the Jolt Hypothesis, with reports on P-
values and confidence intervals for the derivatives.

4. Jolt Quantification: The normalized jolt magnitude J(t) or the dimension-
less Jy (t) [16] calculated for each benchmark to quantify the intensity of the
jolt and allow comparison between different benchmarks and time periods.

Our Monte Carlo simulations, designed to validate our jolt detection method-
ologies, provide key insights. The hybrid jolt detector, which combines peak ratio
analysis, pattern matching, and duration metrics, demonstrated robust perfor-
mance in identifying true jolts within synthetically generated time series data
across various noise levels. Table 1 summarizes the performance of this hybrid
detector. Figure 1 visualizes the performance of our hybrid detector across differ-
ent parameter settings. The heatmap shows the total error rate (1 - accuracy),
where accuracy is defined as the weighted average of true positive rate and
true negative rate. Darker regions indicate lower total error rates, representing
better detector performance. The axes represent different hyperparameter con-
figurations of our detection algorithm, with optimal performance achieved in the
darker regions where both false positives and false negatives are minimized.
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Table 1. Summary performance of the hybrid jolt detector from Monte Carlo simula-
tions.

Noise Level True Positive Rate False Positive Rate

Low 0.95 0.05
Medium 0.92 0.08
High 0.85 0.15
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Fig. 1. Heatmap illustrating error rates of the hybrid jolt detector from Monte Carlo
simulations. Darker regions indicate lower error rates.

3.3 Visualization of Empirical Findings

The results of the quantitative analysis would be presented through a series of
visualizations for each benchmark:

— Plots showing raw data points, the fitted capability curve C(t), and its con-
fidence intervals.

— Separate plots illustrating the time evolution of the estimated C'(t), C”(t),
and C"(t), with their respective confidence intervals.

— Comparative plots showing idealized linear, exponential, and jolting growth
patterns to help readers intuitively grasp the differences.

These visualizations are critical for transparently communicating the evidence
for or against jolting dynamics in specific Al capabilities.

3.4 Addressing Methodological Challenges

Benchmark Saturation: The issue of benchmark saturation (where perfor-
mance approaches 100% or a practical limit) need to be explicitly addressed.
Analysis would focus on periods before saturation, or on transitions to newer,
harder benchmarks if data allows. The use of composite metrics that aggre-
gate performance across multiple evolving benchmarks must also be considered
[5,20,15].

Sensitivity and Robustness: To address concerns about false positives
(Type-I errors), a simple sensitivity analysis has to be performed. This can in-
volve simulating data under known growth models (e.g., exponential or logis-
tic with varying noise levels) and observing how frequently the jolt detection
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methodology incorrectly identifies a jolt. This provides insight into the robust-
ness of the findings.

Resource Constraints in Jolt Dynamics: While the theoretical frame-
work includes a model for resource constraints (Equation 4), a full quantitative
application is complex. The empirical analysis acknowledges this by qualitatively
discussing how current resource scaling (e.g., compute trends from sources like
Sevilla et al. [21] or industry announcements [19,28,8]) could contribute to ob-
served acceleration, and how future resource limits could modulate jolts. A brief
discussion on how a multidimensional resource model (compute, data, talent,
energy) might refine the concept would be included.

4 Case Study: AI Agent Capabilities

This section covers a case study that focuses on the capabilities of Al agents,
drawing conceptual parallels with benchmarks like AgentBench [14] and the task
structures defined in METR’s long-task completion research [12,18]. The goal is
to explore how jolting dynamics might manifest in the context of AI agents
performing complex, multi-step tasks.

4.1 Defining Agent Capability Metrics

Measuring Al agent capability is multifaceted. For this case study, we conceptu-
alize capability C(t) as a composite metric reflecting: (1) task completion rates
on a standardized set of complex tasks; (2) efficiency in task completion (e.g.
steps taken, resources consumed); and (3) the complexity of tasks an agent can
successfully perform. Data for such metrics would ideally be derived from stan-
dardized agent evaluation platforms or through systematic experimentation with
agent architectures over time.

4.2 Simulating Jolts in Agent Performance

Given the challenges in obtaining long-term, consistent real-world agent perfor-
mance data suitable for third-derivative analysis, our study employed simula-
tions. We generate synthetic agent performance trajectories designed to exhibit
exponential, logistic, and jolting growth patterns. These simulations allowed us
to test the sensitivity of jolt detection algorithms to various forms of acceleration
in agent capabilities. Factors such as the introduction of new algorithmic break-
throughs, significant increases in model scale, or improvements in agent learning
strategies are modeled as potential drivers of jolts in these synthetic datasets.
We acknowledge significant challenges in obtaining the data required for full
empirical validation. The correlation coefficient in Equation (4) could be esti-
mated through analysis of concurrent advances across Al subfields, using publi-
cation data and performance metrics from different domains. The resource coef-
ficient R in Equation (5) could be approximated using publicly available data on
compute usage (e.g., from Epoch AT’s compute trends database [6,25]), though
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precise values would require industry collaboration. We propose that future work
should focus on: (1) establishing partnerships with AT labs for access to detailed
training logs, (2) developing proxy metrics that can be reliably measured from
public benchmarks, and (3) creating synthetic datasets that capture realistic
resource constraints for method validation.

4.3 Analysis of Simulated Agent Data

The jolt detection methodology (Savitzky-Golay smoothing, derivative estima-
tion, hybrid detector) was applied to the simulated agent performance data.
The analysis focused on identifying periods of statistically significant positive
third derivatives (C"(t) > 0), which would indicate a jolt. The impact of differ-
ent types of simulated intervention (e.g., a step-change improvement in a core
module vs. continuous improvement in learning efficiency) on the likelihood and
magnitude of detected jolts was also investigated. Visualizations of these tra-

jectories and the corresponding detected jolts are available in our repository
[22].

AgontHench Prrformance jalt Analysis {Extrame Paramatars)

AgentRench Peifoimancs Ouei Tima

First and Second Dervathes

Fig. 2. Visualization of extreme jolt scenario in AgentBench simulation. (Further de-
tails in repository [22]).

4.4 Implications for Agent Development and Safety

Real-world AT agent capabilities exhibiting jolting patterns, have significant im-
plications. Rapid, unanticipated increases in agent capabilities pose safety chal-
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lenges, if alignment and control mechanisms do not advance at a comparable
pace. Furthermore, jolts in agent performance could lead to sudden changes
in their economic or societal impact. This case study, through simulation, un-
derscores the importance of developing robust monitoring and forecasting tools
capable of detecting and characterizing such jolts in Al agent development.

5 Discussion

The theoretical framework and empirical explorations presented in this paper
support the Jolting Technologies Hypothesis, suggesting that Al development
may be characterized by periods of superexponential growth. The ability to
detect and quantify these "jolts" is critical to understanding the trajectory of
AT and its implications.

5.1 AGI Timelines and Phase Transitions

If AT capabilities are indeed jolting, this has profound implications for the correct
forecasting of AGI timelines. A sustained positive jolt implies that the rate of
acceleration is itself increasing, leading to dramatically shorter doubling times
for key capabilities compared to simple exponential or linear models [1,12,18].
This necessitates a re-evaluation of existing AGI forecasts, many of which may
underestimate the potential for rapid, nonlinear progress. In fact, the persistent
trend of expert AGI forecasts being revised to earlier dates, as observed on
platforms like Metaculus [17], may suggest that many initial predictions were
anchored in merely exponential growth assumptions, failing to fully account for
the potential jolting nature of Al development. Furthermore, jolts could signify
the onset of phase transitions in Al development, where qualitative shifts in
capability occur rapidly and with little warning, making the emergence of AGI
potentially less predictable and more abrupt than often assumed.

5.2 Al Governance and Regulatory Preparedness

The prospect of jolting AI development poses significant challenges for gover-
nance and regulation. Traditional governance models, which are often reactive
and slow to adapt, are ill suited to manage technologies undergoing superex-
ponential acceleration [2]|. If jolts can lead to rapid and unforeseen capability
gains, then regulatory frameworks must become more agile, anticipatory, and
adaptive. This could involve developing mechanisms for the continuous monitor-
ing of AI progress, establishing flexible regulatory sandboxes, adopting sunset
clauses that force the re-discussion of potentially obsolete regulations, creating
rapid response teams for emerging Al risks, and investing in foresight capabili-
ties to better anticipate potential jolts [13]. The core challenge lies in minimizing
the lag between technological advancement and effective governance responses.
International cooperation will be critical to address these global challenges.
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5.3 Societal Adaptation and Economic Impacts

Jolting AI progress accelerates the societal and economic impacts of AI. Rapid
improvements in Al capabilities could lead to faster than expected labor market
disruptions, requiring robust proactive measures for workforce retraining and
social safety nets [2,30]. The distribution of benefits and risks of jolting Al tech-
nologies also becomes a more acute concern, necessitating careful consideration
of equity and access. Public discourse and education are vital to foster an in-
formed understanding of AI’s potential trajectories and to prepare society for
the possibility of rapid, transformative changes [3,24,7].

6 Conclusion and Future Research

This paper has presented a theoretical framework for understanding potential
superexponential growth in Al capabilities through the Jolting Technologies Hy-
pothesis. While our Monte Carlo simulations demonstrate that jolt detection is
methodologically feasible under various noise conditions, we emphasize that em-
pirical validation with real-world data remains essential before drawing definitive
conclusions about AI development trajectories. Our work provides the mathe-
matical foundation and detection tools necessary for future empirical studies
when suitable longitudinal data becomes available.

Future research should prioritize empirical investigation of the JTH using
real-world Al benchmark data, refining jolt detection methodologies, and estab-
lishing statistical significance for observed jolts. Theoretical work on composite
jolt models, feedback loops in Al development, and the impact of resource con-
straints on jolting trajectories should also continue. Crucially, interdisciplinary
research involving Al scientists, ethicists, policymakers, and social scientists is es-
sential to address the complex ethical, societal, and governance challenges posed
by the prospect of jolting Al technologies.

All code, methodologies, data from our simulations, and supplementary ma-
terials referenced in this paper are available at our project repository[22].
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