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Executive Summary

Recent advances in artificial intelligence (Al), particularly around large language
models (LLMs), have made OpenAl’'s Generative Pre-trained Transformers (GPTs),
Google’s Gemini, Anthropic’s Claude, and Meta’s Llama household names. The
sequential releases of foundation models from a small number of big players tell a
linear story of innovation, but history suggests a more complex narrative. Just as
electricity in the Second Industrial Revolution would eventually spur more reliable and
distributed power systems, foundation models are paving the way for what some
researchers have termed “compound Al systems.” These systems encompass a set of
distinct components, including at least one Al model and other components that
manipulate the data in ways not learned by the model.” The components may
aggregate multiple calls to a model, insert context with retrievers, or extend
capabilities with tool use. Compound Al systems improve performance on tasks from
the base model and can enable the model to perform entirely new tasks.

Consider an autonomous vehicle. The vehicle itself is a complex system of systems,
including power, propulsion, sensor systems, and more. The vehicle is not
substitutable for a single Al model, but subsystems involve model and compound
system design decisions. For example, some manufacturers do not include LIDAR
(Light Detection and Ranging) in their self-driving vehicles, opting solely for cameras,
while others use a sensor suite, including cameras, LIDAR, and radar. Processing these
signals for a task, such as object detection, could take at least two approaches: Train
separate networks for each sensor or sensor type and combine the predictions (a
compound Al system approach) or train a single model that fuses all sensor inputs (an
Al model approach). At the level of object detection, the model and compound system
approaches can be direct substitutes. This interchangeability allows lessons from one
approach to spur improvements in the other. New model advances could enable
compound systems to take advantage of that capability; a compound system approach
could add a new sensor network, which might inspire a more efficient single network
data fusion model that shares representations between sensors for faster object
detection.

System-to-model innovation is an emerging innovation pathway that has driven
progress in several prominent areas over the last decade. System-to-model advances
include DeepMind’s incorporation of policy and value calculations in a single network
with AlphaGo Zero; chain-of-thought prompting leading to OpenAl’'s o1 model; the
OneGen single pass network and Cohere’s Command R family models in retrieval-

* More than one component may be an Al model, learned separately.
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augmented generation (RAG); and circuit breakers for Al safety training in language
models. System-to-model innovations close the feedback loop between model and
compound system advances, opening frontier Al breakthroughs to more diverse

contributions beyond the top labs.

Instead of one model-to-model pathway for progress, recent trends highlight the
dynamic interplay between Al model and compound system innovation, where
progress along one pathway leads to breakthroughs in the other pathway.

Figure A: Al Model and System Innovation Matrix

1. Model-to-Model Innovation
Advances in models to solve a specific
problem inspire further model advances
for that problem or the use of similar
techniques for a different problem.
Examples: ImageNet contest winners
from 2012 to 2017; the path from early
recurrent neural networks to
transformers

3. System-to-Model Innovation

Lessons from compound systems are
adapted for model training or new model
architectures to accomplish the system
task without the additional components.
Examples: AlphaGo to AlphaGo Zero;
chain-of-thought to OpenAl’s 01 model.

2. Model-to-System Innovation

A new model with advanced general
capabilities inspires compound systems
around the model to solve new
downstream tasks or improve existing
downstream tasks.

Examples: Language models to prompt
engineering and RAG

4. System-to-System Innovation
Limitations in compound system
performance inspire adapted systems to
improve performance under specific
conditions.

Examples: Vector RAG to Astute RAG
and GraphRAG

Policies that foster Al progress are likely to benefit model and compound system
developers, but today’s debates have focused more on improving model capabilities. If
recent system-to-model advances are indicative of future trends, then policymakers
should also devise tailored solutions for compound system developers to encourage
multiple bets on the future of Al. System-level innovations advance with the diffusion
of Al and expand the base of contributors to leading-edge progress in the field. While
the spread of general-purpose technologies across societies and economies is often
more consequential than the innovations themselves, the diffusion of Al will not
happen in a geopolitical vacuum.! Countries that can identify and harness system-level
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innovations faster and more comprehensively will gain crucial economic and military
advantages over competitors. This issue brief suggests a three-part framework to
navigate the policy implications of system-to-model innovation:

Protect smaller companies as incubators of tacit knowledge that could seed future
foundation model advances. Governments may need to consider subsidized services,
such as safety testing and red team assessments at a system level, for smaller and
medium-sized enterprises that lack the resources and expertise to remain compliant
with the evolving policy landscape or withstand adversarial attacks. This process
should include a detailed mapping of the companies, infrastructure, research
organizations, data analytics firms, and technical and nontechnical talent base that
comprise U.S. and allied compound Al system innovation networks to determine the
actors involved and resources needed for protection.

Diffuse innovation outside of leading foundation model providers by providing models
and inference compute access to develop new systems. The National Artificial
Intelligence Research Resource (NAIRR) should expand programs that widen access to
computational infrastructure not only for training Al models but also for inference.
Such an approach would enable researchers using pre-trained foundation models to
develop system-level innovations that drive progress in Al models and benefit from
the new inference-time compute scaling paradigm. For example, the research
community for prompt engineering is large and diverse and frequently produces new
techniques that improve model performance on downstream tasks. Policymakers could
facilitate the diffusion of Al by supporting work outside of the top research groups to
improve future iterations of foundation models.

Anticipate future innovations by monitoring countries diffusing Al models into systems
and by adapting tools and methodologies for horizon scanning, technology forecasting,
and supply chain risk analysis. A system-to-model mindset could encourage a new
generation of research and development agreements with U.S. allies and partners.
Research communities promoting the diffusion of compound system innovations would
also serve as early indicators of future capabilities in frontier models.

As with the rise of electricity in the Second Industrial Revolution, the transformation
from market competition to regulated monopolies in power generation represents one
possible future for foundation models and their cloud infrastructure providers.
Alternatively, foundation models may continue to become increasingly commoditized.
How leaders in government, industry, and civil society negotiate complex tradeoffs in
innovation, security, and values-based principles will have structural implications for
the distribution of resources that make up the Al stack.? Industry leaders are already
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implementing novel governance frameworks, while governments are pursuing myriad
regulatory approaches.? Understanding innovation cycles will be critical as
policymakers look to shape the trajectory of Al in directions that benefit the public
good.
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Introduction

“l can light the entire lower part of New York City,” Thomas Edison once mused as he
probed the intricacies of electric light and envisioned its broader applications.* As one
historian noted, what Edison had in mind was not just a light, but a “lighting system”
that would transform cities into interlocking thoroughfares of electrified industry and
commerce.® While Edison would need a bit more time to work through the practical
implications of incandescent light, electricity would leave an indelible mark on the
factories and industrial wares of the Second Industrial Revolution.

Fully realizing the benefits of electrification required managers and engineers to
reimagine dominant modes of organization.® Factories had previously centralized their
layouts around power sources, such as locating plants near coal mines or plentiful
water repositories for steam engines. By contrast, the electric current allowed for more
decentralized layouts, feeding machines buzzing with smaller motors located in
positions around the factory floor that streamlined production processes. Factories
were slow to adapt layouts and modernize assembly lines to harness this new form of
power at scale. As manufacturers implemented organizational reforms, however,
business cycles spurred improvements in electricity research. Growing demand for
reliable power encouraged innovation across electricity generation, distribution, and
transmission infrastructure; the adoption of electrified machinery in factories drove
advances in new control systems, motor design, and automated technologies; the
standardization of voltage and frequency enhanced interoperability and facilitated
economies of scale. While innovation and new production methods coexisted
alongside massive social upheaval and inequality, the electric lighting system would
progress far beyond Edison’s early forays into commercial power plants.”

Electricity was a marvel, but it also posed new challenges for safety and responsible
use. Its seamless integration into our societies took decades, and the battles over direct
and alternating currents were fierce.® Close observers of this historical period will
detect echoes today in the disruptive and transformative potential of artificial
intelligence. With the launch of ChatGPT in November 2022, consumers gained a
window into advances that had been percolating in the field for years. Models have
taken center stage, with OpenAl’s GPT family, Google’s Gemini, Anthropic’s Claude,
and Meta’s Llama occupying roles that were previously afforded to the latest
smartphone and operating system releases. Since then, a rich development ecosystem
has matured around these foundation models, including efforts to fine-tune them on
specialized data sets and advance retrieval-augmented generation (RAG) techniques
for enterprise deployments—in essence, tailoring model outputs for specific users and
applications by incorporating external data sources.
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Building systems around models can enhance performance on particular tasks, but
recent examples also indicate that systems can spur improvements in the models
themselves. As with the Second Industrial Revolution, today’s Al revolution demands a
close look at the system effects of recent advances and their implications for policy.
Foundation models are becoming increasingly commoditized as the costs per token
decline.® While the hyperscalers backing the foundation model companies could end
up becoming the new utilities, foundation model providers may also drive market
structures with high barriers to entry, high capital costs, and low product
differentiation. The industrial organization of Al today invites creative thinking about
the different layers of the so-called “Al technology stack.”!® A central policy challenge
is to ensure the safe and responsible design, development, and deployment of
foundation models, while also providing support for the broader ecosystems around Al
to innovate on top of that infrastructure. As with other general-purpose technologies,
the diffusion of Al across societies and economies will take years, if not decades.!!
Harnessing the capabilities of system-level innovation may prove to be one of the
most consequential pathways for spreading the benefits of powerful Al across
societies while also anticipating and mitigating the risks.
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Defining Compound Al Systems

To understand interrelationships in model- and system-level developments for Al, it is
first necessary to delineate key concepts. In this framing, we focus on input and output
structures and training processes in order to separate models from compound systems
and illustrate how they influence each other’s development. We present definitions for
Al algorithms, models, and compound systems in Box 1.

Box 1: Definitions of Key Terms
Al algorithm: A clearly specified set of mathematical rules for creating an Al model.

e This definition for algorithms is adapted from a NIST glossary; however, we
remove the second part of NIST’s definition, namely, “...a set of rules that, if
followed, will give a prescribed result.”!? Stochasticity, or randomness, is an
important component of many Al algorithms and successive iterations may not
produce the same, prescribed output.

e “Alalgorithms” could describe the architecture of a model, such as neural
networks, or the method for training a model, such as backpropagation.

Al model: A set of rules learned or developed that take data inputs of a specified
form and produce data outputs of a specified form. Rules could take the form of

learned parameters in machine learning models or crafted statements in expert
systems.

e This Al model definition is broader than IBM’s definition, which requires
learning from data, thereby precluding Al models outside of the machine
learning paradigm.!?

e In the case of expert systems, the algorithm is the structure of an expert
system or method of incorporating new knowledge while the model is the set
of rules in the fully built expert system.

Compound Al system: A set of distinct components, including at least one Al model,
which take data inputs of a specified form and produce data outputs of a specified
form to complete a task. All components of the compound Al system either take
inputs of a different form than the system or produce outputs of a different form than
the system. Transformations that happen outside of the model component(s), such as
combining or formatting data, are not learned within the training routine.
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e This definition builds on the original concept from Berkeley Artificial
Intelligence Research (BAIR), highlighting data structures and their place
within model training.!* Our added focus on data structures and training
regimes helps clarify the boundary between compound Al systems and
complex Al models, which use multiple architectural components but whose
parameters are learned in a single training routine.

e Compound Al systems are a subset of what previous analysis from CSET has
termed “Al systems,” which encompass “all components of the overall
system—including preprocessing software, physical sensors, logical rules, and
hardware devices.”*® The definition of compound Al systems in this report
focuses more on input and output structures, and less on hardware or other
physical components. For example, in prompt engineering, an initial query is
transformed from a basic user question to a form that elicits a stronger
response from the language model. This transformation exists outside the
model training routine, representing a second component in a compound
system, and therefore makes prompt engineering a compound Al system
deployment.

e As this definition suggests, a compound Al system could enhance the
performance of a single model or multiple complementary models. For
example, AlphaGo is a compound system that includes two separate neural
networks, a policy network and a value network; GraphRAG is a compound
system that combines a graph neural network for retrieval and a large
language model for generation. As BAIR notes, compound Al system
components include aggregation of repeated model calls, retrievers, and tool
use.

Distinguishing between Al models and compound Al systems is important for
understanding the complete picture of Al innovation. New compound Al systems can
extend the applications of cutting-edge models, while new Al models can improve
performance on existing tasks or reach performance thresholds that render novel
problems more tractable. Focusing on inputs and outputs highlights the differences in
efficiency and flexibility between Al models and compound Al systems. This approach
also illuminates a pathway between the two: incorporating features of the compound
Al system within the model training process. The distinction in approaches can be
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subtle but important; one must carefully consider the operations on data and their
inclusion within the training routine.

The example of mixture-of-experts (MoE) models is instructive.'® Such models match
tasks with expert subcomponents to maximize performance. In MoE applications, not
all subcomponents generate every prediction. Following the release of OpenAl’s GPT -
4, observers debated whether this LLM was a single model or a system of eight
models.'” By focusing on Al models and compound Al systems from an input-output
perspective, however, the question becomes clearer: Whether an MoE model is a
model or a compound Al system depends on the implementation of the gating
components. Those components can be trained within the same model where only
some parts of the model—the “experts”—are active during a single inference. In this
case, the output is generated in a single pass through the trained network, but only
one eighth of the network becomes active for a single example. By contrast, a gating
network for an MoE can determine independently how to weight the inputs for, or
outputs of, each expert and which of the eight separately trained models should be
used for a given task. The upshot is that GPT-4 could incorporate MoE techniques and
still be a single model, confirming both rumors and OpenAl’s claims.

The distinction between Al models and compound Al systems matters for
understanding the interplay between Al algorithms and models, on the one hand, and
characteristics of performance, on the other. An Al model may use several algorithms
in distinct components, but those components take and produce internal
representations of the data learned together in a single training process. No external
state exists as an input to a separately trained or non-Al component. By visualizing
language models, we see they are in fact made up of many such components.

Figure 1, which shows the architecture of the original transformer model,
demonstrates this property.'® The model architecture includes encoding components,
multi-headed attention components, and feedforward network components. But these
components are connected without interruption by weights learned in a single training
process. No intermediate outputs and inputs exist. Capturing tasks within a singular
training process of an Al model may produce more efficient outcomes, while building
compound systems around models may produce increased extensibility.
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Figure 1: The Transformer Model Architecture
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Source: Ashish Vaswani, Noam Shazeer, Niki Parmar et al., “Attention Is All You Need.”

The construction of an Al model through many subcomponents also highlights an
important distinction for assessing Al model improvements; namely, scaling-based
performance improvements versus innovative new methods. Many competitions and
leaderboards purport to evaluate model improvements based on performance, but
performance advances could come from scaling or algorithmic improvements.® Scaling
has been critical in recent advances, from GPT-4.1 to Google Gemini 2.5 to Claude 3.7
Sonnet. Researchers and companies can also drive massive performance gains by
introducing new algorithms, such as the multi-head attention component of
transformer architectures. When AlexNet kicked off the deep learning revolution, it
took advantage of both model size and algorithmic progress to improve on the image
classification error rates by substantial margins.?°

Many take Richard S. Sutton’s The Bitter Lesson to mean scale is all you need, but the
more precise lesson in his words is worth underscoring: “general methods that
leverage computation are ultimately the most effective” (emphasis added).?!
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Advancing from GPT-2 to GPT-3.5 required not only scaling compute but innovating
new training methods; namely, fine-tuning and reinforcement learning with human
feedback (RLHF).??2 Without fine-tuning, output could lock up in repetition or generate
trivial and unhelpful completions. Without RLHF, GPT-3 would not have been aligned
with certain human goals and language patterns. To paraphrase The Bitter Lesson
more simply, training improvements unlock improved performance through scaling.
Understanding where the innovations come from that produce training improvements
is critical. Model innovations, compound system innovations, or their interplay can drive
progress.
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System and Model Innovation Matrix

The dynamic between Al models and compound Al systems that generates
innovations and new progress occurs through four potential pathways. Those paths
can be pictured as a 2x2 matrix where an innovation in either Al models or compound
Al systems leads to a secondary innovation. This matrix and the hypothetical
mechanisms to trigger the secondary innovation are in Figure 2.

Figure 2: Al Model and System Innovation Matrix

1. Model-to-Model Innovation
Advances in models to solve a specific
problem inspire further model advances
for that problem or the use of similar
techniques for a different problem.
Examples: ImageNet contest winners
from 2012 to 2017; the path from early
recurrent neural networks to
transformers

3. System-to-Model Innovation

Lessons from compound systems are
adapted for model training or new model
architectures to accomplish the system
task without the additional components.
Examples: AlphaGo to AlphaGo Zero;
chain-of-thought to OpenAl's 01 model

2. Model-to-System Innovation

A new model with advanced general
capabilities inspires compound systems
around the model to solve new
downstream tasks or improve existing
downstream tasks.

Examples: Language models to prompt
engineering and RAG

4. System-to-System Innovation
Limitations in compound system
performance inspire adapted systems to
improve performance under specific
conditions.

Examples: Vector RAG to Astute RAG
and GraphRAG

First is the model-to-model pathway. This route lies at the heart of Al innovation and
draws the most attention. Model-to-model innovation occurs when a new model
kickstarts work to develop more powerful models. Developers could aim to build a
model focused on improving performance on the same task, or apply a technique
developed for one task to another. Model-to-model innovations can be tied to
performance on a specific benchmark, such as the series of innovations in the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC) contest that drove the state-of-
the-art in image classification. Model-to-model innovations can also spring from
research on a concept that is applicable to a broad range of problems, such as the need
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for memory mechanisms in neural networks that led from recurrent neural networks
(RNNSs) to transformers.”

Next are Al model innovations that lead to the creation of new Al systems. Model-to-
system innovation occurs when models display new capabilities that could be useful in
solving a particular problem or class of problems, but additional work is required to
perform sufficiently well in a given task. Examples of this innovation pathway abound
in recent applications of large language models (LLMs). LLMs displayed a new
capability—in-context learning—which allowed for systems to be constructed around
the foundation model. Prompt engineering generally, and chain-of-thought prompting
in particular, represent one such system innovation. Beyond these examples, RAG is a
fruitful system innovation that takes advantage of LLM’s ability to learn in-context.
RAG systems use an external database of knowledge to augment prompts with
additional context. The systems enable users to retrieve information from this
database, which is then appended to a prompt to allow LLMs to answer questions not
in their training data.

The third pathway is system-to-system innovation. System-to-system innovations
occur when a new system demonstrates extended capabilities on the underlying
model but areas for improvement remain in the original system. System-to-system
innovations can improve performance on an existing system task or enable adaptation
to new tasks previously too difficult for the original system. RAG systems provide
numerous examples of the system-to-system innovation pathway. RAG inspired
chunking and other processing improvements in retrieval databases as well as
prompting systems to bolster performance and robustness. Innovations in subclasses
of RAG, with component substitutions like GraphRAG that replace the retriever sub-
system with a knowledge graph, are better at handling highly structured information.

The final pathway, system-to-model innovation, is less clear but potentially highly
impactful. Can compound Al system innovations lead to Al model innovations? The
importance of this pathway becomes clear when looking at the cycles formed in Figure
3. If the prior three pathways exist, then Al model innovations can be mutually
reinforcing and lead to new compound Al systems, but system innovations display only
self-reinforcing effects. This outcome would imply that direct work on Al models is the
key to unlock further progress. But if there is a pathway from compound Al systems to
Al model innovations, then there may be a self-reinforcing cycle between model and
system advances. This cycle expands the scope of work potentially leading to Al model

* Details on these model-to-model innovations, as well as model-to-system and system-to-system
innovations, are in the appendix.
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improvements at the bleeding edge, including actors who may not otherwise be
involved in such efforts.

Figure 3: Al Model and System Innovation Cycle
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Source: Jonah Schiestle and Andrew Imbrie (designed by Jason Ly).
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System-to-Model Innovations

As with the prior pathways, system-to-model innovation takes multiple forms.
Compound Al systems can inspire new model architectures that integrate the system
components into the core model, or novel training changes that encourage
representations of system components within the model. They can take place within a
single organization or between organizations of varying types. These system-to-model
innovations have myriad implications for future Al innovation and reflect prominent
developments in the field over the last decade. We highlight several examples that
showcase how system-to-model improvements have produced strides in efficient
learning in gameplay, accessing Type 2 reasoning in language models, tuning
foundation models for specific systems, and training models for safety.

AlphaGo to AlphaGo Zero

The first such example is DeepMind’s work in reinforcement learning for gameplay. In
2016, DeepMind announced AlphaGo, a reinforcement learning approach to Go that
famously defeated world champion Lee Sedol just two months later, and many years
before experts anticipated such a feat.?? DeepMind achieved this landmark
development by creating a novel compound Al system containing many Al model
innovations. In games of perfect information like Go, it is possible to define a value for
any given board position that corresponds to a player’s likelihood of winning that
game. Alternatively, one can create policies that take a position and propose a next
move and then train to emulate expert human play. With a game the size of Go, these
Al models would be combined with Monte Carlo Tree Search (MCTS), a method for
looking ahead at certain possible future moves to determine the best current move, as
it would be impossible to use value or policy networks to evaluate all possible moves.
DeepMind adapted these model innovations, along with advances in reinforcement
learning and convolutional neural networks, to create a system with both value and
policy networks. The two-network compound Al system used the value network to
evaluate positions and the policy network to sample actions. Finally, the networks
leveraged MCTS to create a system that could predict the most promising future
moves, thereby playing Go at a superhuman level.

AlphaGo contained a limitation, however. One of the key advantages of reinforcement
learning is the potential to reduce or eliminate burdensome requirements for human-
labeled training data. AlphaGo did not eliminate the need for training data entirely,
beginning the policy and value network training with a supervised learning phase
using human expert play data. But a long-standing goal is to eliminate this phase
entirely, learning tabula rasa from self-play. In late 2017, DeepMind achieved
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superhuman play with the blank slate model AlphaGo Zero.?* AlphaGo Zero was so
good it never faced human play, beating AlphaGo 100 to 0. AlphaGo Zero was also far
more efficient than its predecessors, surpassing their performance after just 72 hours
of training using 4 TPUs on a single machine; by comparison, AlphaGo had trained over
several months and used 48 TPUs distributed across machines. One of the enabling
advancements in AlphaGo Zero was a system-to-model architectural innovation. In
AlphaGo Zero, the policy and value networks were part of a single deep neural
network that provided both the move probabilities and board value. By forming a
single network, AlphaGo Zero was able to learn more efficient representations that
helped predict both policy and value. The new architecture combined the policy and
value networks, thereby collapsing a two-network compound Al system into a single
model with improved performance.

AlphaGo Zero has spurred numerous advancements. In gameplay, DeepMind
researchers developed the more general AlphaZero within months to achieve tabula
rasa superhuman play on Go, chess, and shogi.?®> Additionally, DeepMind adapted the
system to beat StarCraft in a multi-agent system with AlphaStar and to conquer Atari
games using a learned model for rules with MuZero.?® The innovations from AlphaZero
extended beyond gameplay to hard optimization problems in quantum dynamics.?”

Chain-of-Thought to Reasoning Models

While the AlphaGo Zero system-to-model example shows how a compound Al
system can be incorporated in a singular, efficient model through architectural
changes, the recent release of OpenAl's 01 demonstrates the impact of system-to-
model innovation on model training.?® OpenAl incorporated the system-level
innovation of chain-of-thought reasoning into their model training process through
reinforcement learning to create a model that would elicit step-by-step thinking
without the need for prompt engineering. Training CoT behavior into the model by
default eliminates the need for the human or templated component of the system to
translate a question into a form that induces step-wise reasoning.

In the announcement of o1, OpenAl made several big claims about the performance of
the model. The new model family beat out the company’s previously best-in-class
models in a number of technically rigorous benchmarks, including competition math
and coding and PhD-level science questions, despite being at least an order of
magnitude smaller than GPT-4. But perhaps the most interesting claim from OpenAl
was a new scaling law: test-time (or inference-time) compute. The o1 model uses so-
called “time to think” as it generates responses. This hidden chain-of-thought uses
additional inference-time compute to produce content useful for in-context learning.
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Similar to the observed relationship in train-time compute, OpenAl claimed that as the
time allowed for this reasoning increased, there was a similar increase in performance.

At the TEDAI conference, Noam Brown, a research scientist at OpenAl, spoke
extensively about this new paradigm for scaling performance.?® Brown likened the
development to Daniel Kahneman's Type 2 thinking, claiming that the memory stored
in the model was the Type 1 fast thinking and o1 now opened the door to improved
performance through the use of slower Type 2 thinking.3° Demonstrating the potential
of the new paradigm, Brown suggested the need to go from $1 billion to $10 billion in
training costs could instead be replaced with a change from $0.01 to $0.15 in
inference costs to achieve the same performance on a single query. While this example
discounts the fact that the large volume of requests such a model sees may eventually
erode any cost advantage saved at training time, it does provide an additional lever to
tune performance.

In November 2024, Chinese Al startup DeepSeek announced a new model, R1, which
also uses the inference-time compute paradigm and exceeded o01’s performance on
two mathematical benchmarks.3! The diffusion of this system-to-model innovation to
DeepSeek is notable, as it was the first open weight inference-time compute model to
be announced. DeepSeek also demonstrates the ability to achieve performance gains
without the level of resourcing available to top U.S. Al labs. Former OpenAl policy
researcher Miles Brundage commented that the announcement presages “the early
stages of a [less compute-intensive] new paradigm.”? The release of R1 also shows
how deferring the cost of frontier-level performance to inference time may allow a
larger number of labs to produce threshold-breaking models. A week later, Alibaba
released their first reasoning model, QwQ-32B-Preview, becoming the first model
available for download in the new paradigm.3?

In December 2024, Google and OpenAl both announced new reasoning models,
demonstrating continuing investment and focus in this system-to-model innovation.3
Both models achieved impressive results on benchmarks, with Gemini 2.0 Flash
Thinking Mode achieving a high score on SWE-Bench and 03 achieving the top score
on ARC-AGI-PUB and a “step-function increase in Al capabilities,” according to
Francois Chollet, co-founder of ARC Prize.?® The inference-time paradigm is driving
even greater optimism among industry players, with OpenAl CEO Sam Altman
claiming, “We are now confident we know how to build AGI as we have traditionally
understood it.”3®

The new inference-time scaling law could drive similar system-to-model innovations in
the near future. Reinforcement learning could integrate any of a number of additional
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prompt engineering systems into a model in a way that similarly improves model
performance through extended inference time. For instance, re-reading has shown
additive improvements to chain-of-thought systems, where in addition to reasoning
step-by-step the model processes the same question more than once in the prompt.?’
Such a system could be similarly integrated into future versions of the o1 model by
adding repetition of the question to the hidden thought through reinforcement
learning.

RAG to OneGen

Returning to RAG, another previously described system-level innovation, a recent
paper from researchers with Ant Group describes a new architectural advancement for
RAG, OneGen.*® This innovation combines the retriever and generator components of
RAG into a single model. OneGen eliminates the need for two different representations
of a query—one created by the retriever and the other by the generator. This novel
framework instead uses the internal representation of the query within the language
model itself to retrieve documents from the knowledge store. In this system, the
representations of documents in the knowledge store are also generated by the
OneGen model as they are added. The combination of retrieval and generation into a
single representation is more efficient and showed competitive performance on a
variety of benchmarks for RAG tasks.

While the OneGen system-to-model innovation is relatively new and evidence of
widespread adoption does not exist yet, OneGen demonstrates the ability of outside
groups to contribute to architectural innovations, even for large foundation models.
Given the integration of RAG into many of the flagship offerings, such as NotebooklLM
from Google, or as part of the core product, such as Perplexity or Glean, adoption of
new system-to-model innovations could quickly spread across the sector. Consider
other system-to-system RAG innovations: OneGen is designed for vector RAG, but the
need for representations similarly applies to GraphRAG systems. Graph neural
networks generate embeddings for retrieval from a graph, similar to the process of
retrieval from a vector database. GRAG illustrates how a language model can produce
embeddings for the retriever component.” Such a retriever could be combined with the

* GRAG is an acronym for Graph Retrieval-Augmented Generation, more traditionally stylized GraphRAG.
We use GRAG to refer to the specific implementation cited, which embeds subgraphs for fast retrieval,
as opposed to the broader class of GraphRAG. For more information on the original source, please see:
Yuntong Hu, Zhihan Lei, Zheng Zhang, Bo Pan, Chen Ling, Liang Zhao, “GRAG: Graph Retrieval-
Augmented Generation,” arXiv preprint arXiv:2405.16506 (2024), https://arxiv.org/abs/2405.16506.
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OneGen framework to produce a version where the internal representation retrieves
relevant data from a graph database instead of a vector store.

While OneGen represents a system-to-model innovation through architectural
changes, RAG systems have also inspired training changes. Cohere launched the
Command R family of large language models expressly for use in RAG systems.
Command R was optimized for RAG with a mixture of supervised and preference fine-
tuning.®® Combined with Cohere’s models for the retrieval phase, Embed and Rerank,
these models represent a new class of purpose-tuned foundation models. With the
subsequent introduction of the larger Command R+ model for more complex and
longer context tasks, the model family more closely represents the practice of
releasing tiered models for efficient use where smaller models are appropriate.
Command R also comes with prompt templates to maximize performance on RAG
systems and trigger features like citations in model responses.*® System-to-model
innovations like Command R could drive new markets for competition in purpose-
focused foundation models. Models tuned for performance in specific compound
systems could outcompete larger and more powerful models designed as general
purpose.

Circuits to Short Circuits

A final example of system-to-model innovation comes from Al safety research on large
language models. One area of focus in Al safety research has been the application of
circuits research, inspired by prior work in computer vision, to transformer language
models.*! Circuits research looks at the interaction of small subsets of neurons that
form circuits and uses these groupings as a level of analysis to describe overall
network behavior. Anthropic has focused heavily on this research thread, beginning
with their finding on induction heads.*? Induction heads check the prompt context for
previous usage of a token and the token that comes immediately after it. If they find
relevant tokens, they predict the next one by suggesting the same pattern; if not, then
the circuit leaves the output unchanged.

Researchers at the Center for Al Safety took a different approach by focusing instead
on internal representations as the unit of analysis. Calling the approach representation
engineering (RepE), the researchers presented unsupervised methods for “reading”
and “control.”*® Reading finds the internal representations of high-level concepts in a
model, while control modifies those concepts to impact outputs. RepE methods
enabled the creation of control vectors, or vectors tied to a representation. For
example, the vectors for happiness or honesty could be located and then added or
subtracted from model weights at inference time to impact the network’s outputs. By
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using control vectors, developers can create compound systems that take inputs and
conditionally apply control vectors to bias outputs for a desired effect. The control
vectors are learned separately from the trained language model. They serve as one
component of the compound Al system, and are applied to the language model
component at inference time to promote different behaviors than the model exhibits on
its own. Control vector systems can be applied statically, meaning they always bias
the model in the same way, or dynamically, applying one or more control vectors
based on user input.

Building on their RepE work and spinning out a company, Gray Swan, the researchers
connected representations and circuits to propose circuit breakers for better aligned
models.** Circuit breakers apply the system-level innovation of control vectors to the
training process of model fine-tuning. Circuit breakers work by locating
representations of harmful behavior and adding short circuits to the network to impede
the flow to a harmful output generation. The circuit breaker method proved more
effective and robust than other prominent safety methods, such as refusal training and
adversarial training. Refusal training detects harmful representations and uses that
detection to induce a refusal response, thereby leaving the harmful state accessible
within the model and vulnerable to jailbreaking. Adversarial training looks to fix these
bypasses by training the model to counter attacks, but this technique does not
generalize, as it focuses on the attack method and not the harmful representation.
Moving from control vectors to circuit breakers demonstrates how studying a single
problem in a single model can lead first to a compound system solution that is
subsequently integrated into the base model training.

Circuit breakers showed an ability to counter general attacks without producing
harmful content, but in safety work this fix often means the model becomes less
helpful overall. In the case of circuit breakers, however, the researchers found that a
significant reduction in harmfulness corresponded only to a relatively small decrease in
helpfulness. Circuit breakers demonstrate a system-to-model innovation driven by
work in nonprofits and academia, and eventually resulting in a new start-up competing
at the frontier of Al safety.
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Why System-Level Innovation Matters

These examples underscore the role of system-to-model innovation and their impact
on key developments in Al, but they leave unanswered a central question: Why should
policymakers foster advances at the compound system level? If driving innovation is
the goal of Al policy, then it would seem to matter little which pathway the innovation
takes. After all, model-to-model innovations may be just as likely to drive efficiency
and performance gains as system-to-model innovations. EfficientNet, the final model
to win the ImageNet competition, required 44 times less compute than AlexNet while
saturating the ILSVRC benchmarks a mere seven years later.*®

The properties of system-level innovations offer unique technical advantages. As BAIR
researchers note, compound Al systems are easier to update and improve through
system design without retraining; add dynamism through connections to tooling and
sources; enable increased control and trust through structural components; and extend
cost-quality tradeoff options when allowing varying levels of model calls.*® Moreover,
as the system-to-model pathway demonstrates, compound systems may inspire new
model architectures or training routines that capture these gains.

System-to-model innovation can also shape geopolitical competition in at least two
ways. The first is through direct introduction of new Al technologies to the warfighter,
combined with novel operational concepts and organizational reforms so impactful
they represent a revolution in military affairs.*” The second is through increased
economic growth as Al generates broad productivity gains across the economy, which
in turn can enhance long-run national military power.®

To generate new military technologies and operational concepts, from drone swarms
to dynamic military planning tools, companies across the defense industrial base will
have to integrate models from leading Al labs into their platforms.*® Where model
capabilities on their own are insufficient, system-level innovations may fill the breach.
For example, military planning tools must be reactive to changing circumstances and
will likely require RAG compound Al systems until online learning in language models
becomes feasible. As system-to-model innovation shows, this pathway may inspire
the architectural or training improvements needed to consolidate functionality within
the model.

As for economic gains, both the Trump and Biden administrations embraced the idea
that economic security is national security.>® Traditional understandings of the impact
of new technologies on geopolitical competition have focused on what scholars have
termed “leading sectors,” with countries that generate breakthroughs and monopolize
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the profits of strategic industries poised to secure a relative power advantage.®! The
historical record of the first three Industrial Revolutions, however, indicates that
diffusion of general-purpose technologies is more likely to lead to productivity gains
across the whole economy and determine which countries gain the upper hand
geopolitically.>? By fostering system-level innovations outside of the Al labs,
policymakers can promote diffusion of Al across the economy and generate the
productivity gains necessary to ensure economic security and national security over the
long run.

Some argue that Al will not just be a driver of economic and military power, but the
driver. This mindset is perhaps most explicitly captured in Leopold Aschenbrenner’s
“Situational Awareness.”®® From this perspective, policymakers should give priority to
the top Al labs and ensure security for the model innovations they generate. A shiftin
focus on Al innovation to the compound system level expands the range of policy
options to promote and protect cutting-edge innovations. As the reaction to the
inference-time paradigm shows, system-level innovations may be the key that unlocks
ever-more powerful Al models. Policy must focus not only on supporting and
protecting the work of the Al labs, but also on nurturing relative advantages in applied
research, infrastructural support, and education and workforce developments that
encourage widespread adoption and responsible use of the technology. Rebalancing
policies to promote and protect both model and compound Al system development
will help create a more diverse portfolio of bets on Al innovation.

The contributions of system-level advances also have implications for the organization
of the Al sector. Apprehension over the concentration of power in Big Tech is a
bipartisan issue and the emergence of Al has only exacerbated those concerns.>* While
efforts to limit concentration at the infrastructure and model layers of the Al stack may
fall short of displacing the hyperscalers and Al labs, growing competition at the
application layer may catalyze system-to-model innovations that can widen the base
of contributors to the frontier.>®

The debate on open-source Al underscores the stakes. Proponents argue that
openness in Al research is the primary way to democratize the field, identify and
remediate vulnerabilities, and spur breakthrough innovations that will unlock new
reasoning capabilities and understanding of the physical world.>® Detractors express
concern that openness in Al research will invite catastrophic risks or fuel destabilizing
advances in adversarial countries. By promoting system-level innovation, policymakers
can bridge these two legitimate perspectives. Where models are relatively open in
their access and documentation, system-to-model innovations can occur outside of the
Al labs, as in circuit breaker innovations; where models are relatively closed, efforts in
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the wider community can impact the research direction inside the labs, as in inference-
time computing.®” System-level innovation is not a panacea for addressing the
concentration of power in Al innovation, adapting to societal-scale transformations, or
managing the complex tradeoffs involved in decisions over model weight releases, but
this pathway offers an opportunity for nations to tap into a wider pool of talent for Al
development.®® This talent base is small enough for policymakers to target with
appropriate policy interventions, while also being large enough to contribute
significantly to future Al advances.

Center for Security and Emerging Technology | 24



Policy Implications

Al policy to date has placed a greater focus on the continual advance of capabilities in
frontier models. From export control regimes that target advanced chips and
semiconductor manufacturing equipment to regulations that base enforcement
thresholds on training floating point operations (FLOP) or compute costs as a proxy for
capabilities, the priority has been to extend the United States’ lead in model
performance as far as possible.>® But the declining cost per token and the growing
importance of open-weight models should encourage adjustments to policy that
include bolstering compound Al systems.®® To harness the potential of system-level
innovation, policymakers will need to tailor solutions for the development ecosystems
around Al. The pathways for innovation exist at both the model and system level. U.S.
leadership should focus not only on advances at the frontier, but also on the diffusion
and adoption of affordable Al models that are safe, secure, and trustworthy. Such an
approach will benefit from new frameworks that foster system-level innovations.

System-level innovations open up new apertures for creative policymaking. First,
system-level innovations facilitate the diffusion of Al, which will provide crucial gains
to the country that can identify and harness them faster and more comprehensively
than their geopolitical competitors.®* Second, system-level innovations encompass a
wider base of contributors than model-level development. Countries that can nurture
system-level talent pipelines through education and workforce initiatives will reap
greater political, military, and economic benefits. In particular, national security leaders
and science funding agencies should pursue a calibrated approach to protect smaller
developers without stifling their innovative potential; adapt policies, regulations,
infrastructure, funding, and workforce development programs to nurture the dynamic
interplay between Al models and systems; refine safety tests and red teaming for the
system level; and evolve new tools and methodologies for tracking advances in
development ecosystems at home and comparative net assessments of progress in
other nations, including allies, partners, and competitors.

This brief suggests a three-part framework to navigate the policy implications of
system-to-model innovation: protect, diffuse, and anticipate.

Protect

Researchers and smaller companies developing Al systems are pioneering innovations
that will shape the next generation of models. As development ecosystems diversify
and the pool of talent contributing to frontier Al broadens, so will the attack surfaces
for bad actors and competitors to exploit. Policymakers should consider extending
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targeted protections beyond the defense industrial base, the largest technology
companies, and computationally intensive cloud configurations. Recent survey data
indicates that many companies are poorly equipped to meet basic cybersecurity
requirements.®? In the context of protecting rapidly evolving system-to-model
advances in Al, governments may need to consider subsidized services, such as safety
testing and red team assessments at a system level, for smaller and medium-sized
enterprises that lack the resources and expertise to withstand a determined
adversarial attack. Policymakers should also conduct a detailed mapping of the smaller
companies, infrastructure, research organizations, data analytics firms, and technical
and nontechnical talent that comprise U.S. and allied Al innovation networks. System-
level innovation highlights a broader pool of contributors, but this talent base and the
critical resources they rely on are small enough to be identified for protection
measures.

By monitoring and mapping the shared resources and supply chains for the broader
development ecosystem, governments will be in a stronger position to target counter-
transfer policies and promote information sharing among allies and partners. Foreign
investments from countries of concern into the U.S. Al development ecosystem could
affect firm-level governance and risk leakage of tacit knowledge.®® Therefore,
policymakers should consider embracing interpretations of relevant Al sectors and
developers in the National Security Memorandum (NSM) on Al that include academic
researchers and small and medium-sized firms that are driving system-level innovation
and, as the example of control vectors to circuit breakers shows, new start-up activity
in key fields.®* Cybersecurity support, research security training for academic
institutions, and timely sharing of threat indicators should extend to this broader
development ecosystem. The National Science Foundation’s SECURE Center could be
a natural home for bolstering domestic protections and security-related training for
smaller developers without undermining flows of Al talent and investment or stifling
competitiveness.®®

If system innovations drive future improvements of models, there may be reason to
consider capability and safety tests at a system level as a leading indicator of model
risks and performance. If a compound system today demonstrates risky behavior,
developers should incorporate that risk assessment as they train system capabilities
into the next generation of models. Evaluations from the U.S. Al Safety Institute and
the UK Al Safety Institute of one of Anthropic’s leading models underscore the point.%®
The system-level safety tests of the updated Claude 3.5 Sonnet on biological research
tasks demonstrated capabilities exceeding human expert baselines while the model-
level tests did not. Recent evidence further underscores the brittleness of today’s
systems to “gray-box” access.®” Fine-tuning with benign datasets can increase
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harmfulness, while document injection attacks to RAG systems can introduce new
vulnerabilities.®® Safety tests at a system level also matter for gauging capability
improvements. As researchers have speculated, “Prompting is not going to be that
important for that much longer.”®® Larger models appear to be more robust to prompt
sensitivity, which suggests that prompt engineering quality could be a leading
indicator for model performance in the future.”®

Diffuse

Policymakers should also tailor approaches for promoting Al development ecosystems.
National competitiveness may turn more on which countries can harness diffusion
processes for geopolitical advantage. That will require sustained investments not only
in a wider base of talent but also in the resources and compute infrastructure
necessary to support them.

System-to-model innovation can happen through multiple pathways, including
architectural changes or novel training regimes. Architectural changes are generally
more resource intensive, while new training methods can build on existing foundation
models. The NSM rightly notes that the field is moving too rapidly for the United
States to “rely exclusively on a small cohort of large firms.” The National Artificial
Intelligence Research Resource (NAIRR) should expand its programs to widen access
to computational infrastructure for inference with an emphasis on proposals for
compound Al system development. Such an approach would enable researchers using
pre-trained foundation models to develop system-level innovations that drive further
progress in Al models and benefit from the new inference-time compute scaling
paradigm. This support could also take the form of federal grants and field-building
activities for next-generation inference chips, including field-programmable gate arrays
(FPGA) and programs analogous to DARPA'’s Structured Array Hardware for
Automatically Realized Applications (SAHARA) program.”?

Targeted support would facilitate diffusion of system-level innovations.”? Funding for
applied research and investments in community colleges and nontraditional pathways
will encourage system-level innovations among a wider pool of talent. By focusing on
system-to-model advances, science funding agencies could also lay the groundwork
for innovations to come. For example, there may be cases where frontier models are
insufficiently advanced for the proposed systems-level innovations. Federal and state
funding coupled with infrastructure support for under-resourced academic
organizations could sustain efforts to develop systems for model advances that lie just
around the corner. Consider the example of combining GRAG with the OneGen
framework. This problem is resource intensive, as it requires modifying the architecture
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of a large language model. By making shared data sets and computational assets more
widely available to smaller companies and academic organizations, federal policy
could promote a diverse ecosystem for system-level advances. The Al Grand
Challenges Act, as proposed in Senate and House bills of the 118th Congress, would
establish grand challenges and prize competitions for Al research. If reconsidered in
the 119th Congress and authorized, the NSF should consider using Al Grand
Challenges to fund compound Al system projects.”?

A system-to-model mindset could also encourage a new generation of research and
development agreements with U.S. allies and partners. The research community for
prompt engineering is large and diverse, and frequently produces new techniques.
Inference-time scaling and system-to-model innovation could represent a pathway for
future work outside of the top Al research groups to improve future iterations of
foundation models. Countries that lag behind in foundation model advances may have
crucial advantages when it comes to promoting these system-to-model innovations.
Consider fast-growing research clusters for algorithmic advances in the Center for
Security and Emerging Technology’s (CSET) Map of Science.’* Researchers across
many U.S. allied and partner nations are pursuing work in relevant areas, such as
physics-informed neural networks, graph neural networks, Bayesian methods, transfer
learning, and optimization techniques.’®

Anticipate

The rise of system-to-model advances also necessitates a shift in tools and
methodologies for horizon scanning, technology forecasting, and assessments of
supply chain risks to focus on actors driving innovation not just in Al models but also in
compound Al systems. The United States boasts many smaller companies and
academic organizations that have been crucial to recent system-to-model advances. To
be a fast follower and collaborator when such advances occur in allied and partner
nations, the United States will need to develop its capabilities for spotlighting and
adopting system-level advances. The Department of Commerce’s SCALE tool could
incorporate relevant data and interfaces for assessing supply chain risks among the Al
development ecosystem.’® Similarly, the State Department could leverage the
International Technology Security and Innovation (ITSI) Fund to adapt new analytical
tools and methods for assessing Al development ecosystems in allied and partner
countries for potential R&D partnership opportunities.””

Greater focus on system-to-model innovations would enhance U.S. technology net
assessments. Horizon-scanning methodologies and studies of comparative advantage
tend to focus on model-level funding, patenting, investment, and publication activity
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over progress at the system level. Assessments of leadership in Al will also vary
depending on whether one’s metrics highlight frontier model developers and
computational resources for training or broader development ecosystems and
computational resources for inference. Consider the new inference-time computing
paradigm. The trend toward inference scaling may end up strengthening the rationale
behind export controls on advanced Al chips, and model-level algorithmic innovations
will continue to improve performance. As this brief shows, however, model-driven
innovation is not the only pathway for compute efficiency gains. In addition to
continuing efforts at model-level tracking, policymakers will also need to devote more
time and resources to tracking system-level innovations that diminish the compute
required for training and inference.”® Horizon scanners should pursue novel approaches
to identify not only which individual resources to track but also the shared resources
and international research networks that would benefit from information sharing,
resources, and dedicated services from governments to defend against cyber and
physical attacks against U.S. and allied Al development ecosystems.”®
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Structural Transformations in the Al Stack

Edison’s lasting accomplishment was not simply to create a more efficient product. He
invented a lighting system that lay the groundwork for distributed power through
parallel circuits and filaments that required less current.®’ His system-level innovation
rivaled the gas companies of the day and took the form in 1882 of the Pearl Street
Station, “a full-scale central power station with a system of conductors to distribute
electricity to end-users in the high-profile business district in New York City.”8! Market
competition defined the early years of this nascent industry, but over time the
government legislated a network of utilities that operated regulated monopolies in
defined areas.

It is worth considering whether foundation model providers and the hyperscalers that
back them will assume similar roles. The answer depends, in part, on the interplay
between efficiencies of scale and compute expenditures, on the one hand, and the
social costs and national security risks, on the other.®? The industrial organization of Al
is rapidly evolving, with increasing commoditization at the foundation layer and
growing concentration among the major cloud service providers. Foundation model
providers exhibit some of the characteristics of natural monopolies, such as high
barriers to entry, high capital expenditure, and low product differentiation. These
trends may change as DeepSeek’s R1 and other open-source models drive competition
in the foundation model layer. But the medium- to longer-term indicators appear to
point in the direction of a new market structure, with hyperscalers such as Google and
Microsoft providing the infrastructure (cloud computing); Al labs and well-resourced
companies such as OpenAl and Anthropic offering a power source (the model); and
governments facilitating permitting and modernizing the grid, while smaller, less
capital-intensive companies build on top of that infrastructure.

If system improvements lead to model improvements, then a new dynamic will take
shape to bring those innovations into foundation model providers. If national security
concerns predominate, then governments may assume a more direct role in securing
model weights and other sensitive Al infrastructure.®® Just as the electric utilities did
not end up making the bulk of the profit from the Second Industrial Revolution, today’s
hyperscalers and foundation model providers may operate a high capital expenditure,
tightly regulated business model that enables other innovative firms to sustain thriving
Al ecosystems and capture a greater share of the value add.” How government, private

* High capital expenditures and tight regulation could apply to both hyperscalers and foundation model
providers, but low profit margins apply largely to the foundation model providers. While hyperscalers’
margins may be low relative to the Software-as-a-Service providers that build on their infrastructure,
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sector, and civil society leaders influence the design of market structures and diffusion
of essential capabilities to enable a wider base of innovation will define the future of
Al's industrial organization.8* These questions will grow in importance as calls for a
“Manhattan Project-like program” for Al gather steam, including in the U.S.-China
Economic and Security Review Commission’s 2024 Report to Congress.®®

At a minimum, it is time for creative thinking about the institutions that will guide the
trajectory of Al.2® New technologies are not frictionless; they shape and are shaped by
socioeconomic conditions and institutional arrangements.?” Anthropic’s Public Benefit
Corporation and Long-Term Benefit Trust governance model and debates over the
strengths and limitations of industry self-governance suggest that the field is
experimenting with new designs and structures for managing a potentially
transformative technology.® Policymakers and civic leaders must steer these efforts in
directions that benefit the public good. Regulations on the hyperscalers or foundation
model providers and lighter-touch approaches for development ecosystems could
offer the prospect of a middle ground between growing market concentration and the
nationalization of Al assets.® A patchwork approach to regulation and enforcement in
the absence of structural reforms will not create a durable framework for Al
innovation.®® At the same time, putting too much store in systems-level innovation may
create new risks and vulnerabilities. Increasing the memory of LLMs, for example,
appeared harmless until researchers discovered “many-shot jailbreaking” techniques
that exploit longer context windows.®! Decentralized training runs may lower the costs
of compute for researchers, but progress on distributed techniques will create new
challenges for policies that rely on centralized computing clusters as an instrument of
Al governance.®? Treating the major cloud service providers and foundation model
companies as utilities may also induce complacency in keeping up the base layer, just
as perverse incentives caused years of underinvestment in the electrical grid.

Lights do not beget lighting systems on their own. System effects are powerful but
also unpredictable.®® They require social and political institutions to mitigate the risks
and diffuse the benefits. A system perspective can help illuminate the path to
progress, but policy choices will define it.

they remain highly profitable and appear poised to capture a large portion of Al-driven economic
growth.
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Appendix: System and Model Innovation Examples

Model-to-Model Innovation

Model-to-model innovations can arise from a series of improvements to the state of
the art for a single task. The ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) contest represents a classic example of the model-to-model innovation
pathway. In the 2012 contest, AlexNet achieved state-of-the-art results by bringing
together a series of model innovations. AlexNet leveraged architectural improvements,
including multiple convolution layers with max pooling followed by fully connected
layers.®* It also made training improvements through data augmentation and dropout.
To augment training data, the AlexNet team applied transformations that would allow
for training of larger networks with the increased volume of data. Dropout removes
some neurons randomly during training passes to force the network to learn more
robust associations and reduce overfitting. AlexNet kickstarted a chain of model
innovations in object recognition. It showed that deep learning could greatly improve
performance, and deeper networks could yield further improvements. The 2014
winner, GoogleNet, introduced a new convolution layer architecture called the
Inception module, which used sparsity and dimension reduction techniques to allow
deeper networks without overfitting.®® The 2015 winner, ResNet, introduced another
innovation to aid in training deeper networks: the residual learning framework.%® This
new paradigm avoided degradation issues arising in deep networks. ResNet spurred
such rapid advances that by 2017, the benchmarks were saturated and the contest
was no longer held.

Another type of model-to-model innovation incorporates memory into neural
networks. Feedforward networks process data in a single pass; they have no memory
and make it difficult to account for sequential features in data, such as time series data
or natural language. Recurrent neural networks (RNNs) address this issue through
loop structures, which require multiple passes to resolve. RNNs have a long history,
starting with Frank Rosenblatt’s cross-coupled perceptrons in the 1960s.%” But basic
RNNs struggle to retain memory across large gaps in semantic information or
sequential data. The effect can be twofold: The mechanism for retaining memory can
become vanishingly small over time, losing the desired effect, or the mechanism
explodes and becomes sufficiently large to wash out the recent memory.

In 1995, Hochreiter and Schmidhuber introduced Long Short-Term Memory (LSTM) to
address this challenge.’® The LSTM architecture uses a cell state mechanism to pass
memory down the line and gating mechanisms to determine how that memory is
incorporated. In the mid- to late-2000s, researchers demonstrated the effectiveness of
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LSTM architectures across a variety of natural language processing tasks, thereby
inspiring more adaptations. In 2014, a team at Google, including Ilya Sutskever,
introduced seq2seq.®® This approach used the newly developed encoder-decoder
structure to chain two LSTM networks for machine translation. The encoder
subcomponent creates an internal representation of the original language, which the
decoder subcomponent then transforms into the output language.

This series of innovations in recurrence still suffered a disadvantage. The recurrence
mechanisms for memory render training considerably more difficult than single pass
networks. The “Attention Is All You Need” paper references these developments in its
motivation but eschews the recurrence mechanism in favor of attention heads,
previously used within RNNs, for memory.1% Attention heads provided a nonsequential
way to use data across sequences, which improved parallelizability and reduced
training costs while improving performance. The transformer model has since
dominated natural language processing tasks. As these examples show, model
innovations can spark further model advances across a range of mechanisms inspired
by a common need for memory.

Model-to-System Innovation

Model-to-system innovations may take inspiration from emergent capabilities in
models that enable new systems. The rise of large language models represents one
such case where a new model, GPT-3, demonstrated a level of performance well
beyond previous language models. Particularly important was the claim that
“Language Models are Few-Shot Learners.”°! The ability to take examples in the
model’s input and produce effective results beyond the model’s training data (referred
to as in-context learning) opened up possibilities for adapting foundation language
models to myriad downstream tasks without specialized training.

Perhaps the simplest class of compound systems built on in-context learning was the
field of prompt engineering.1°2 Prompt engineering has the interesting characteristic
that the first component in the compound Al system may in fact be the human user.
Consider the case of chain-of-thought reasoning. Researchers at Google Brain showed
language models performed better on certain tasks when prompting elicited step-by-
step reasoning in the response.'®® Chain-of-thought improves answer quality through
the in-context learning mechanism. When the model finds a solution through steps,
those steps impact the eventual answer because of the autoregressive nature of
generative language models. The underlying mechanism of language models, next-
token generation, means that the tokens representing the final answer are predicted
using the steps generated along the way. This property inspired the development of a
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compound system to enhance performance on complex tasks that could be reduced to
intermediate steps.

Such a compound system could include the human operator as a component. When
asking a question, the user first transforms their question from its original form into
one that elicits intermediate reasoning, such as “show your work.” The user’s goal is
not the rehearsal of the steps but the correct final answer. When considering the
input-output formulation of Al systemes, this alteration to the prompt represents the
intermediate output required to qualify as a compound system. This step can also be
automated via prompt templating, where prompts are automatically formatted to elicit
chain-of-thought, returning to a more traditional formulation of a compound Al system
without a human stage.%

Another system-level innovation is retrieval-augmented generation (RAG), where a
prompt for a language model is first sent to an external database for retrieval of
relevant information and then paired with the original question to inform the model’s
response. RAG techniques draw on the power of in-context learning and expanding
context windows, or the ability of a language model to take in longer prompts.
Researchers at Facebook, University College London, and New York University
introduced RAG systems to accomplish knowledge-intensive tasks. Language models
by themselves were limited to knowledge learned during training and stored in
parameters, also called parametric memory.!% By adding a non-parametric memory
(knowledge stored outside the model; in this case, a database), a compound system
could handle a broader range of tasks by first retrieving relevant information from the
database, then providing that data to the model along with the question before finally
generating a response. The response goes through the same in-context learning
mechanism, which enables the model to extract the knowledge it needs from the
retrieved data in the prompt. The original formulation of RAG used the seqg2seq model
previously discussed, but researchers quickly adapted the technique to the latest LLMs.

RAG systems expand the potential use cases for powerful LLMs by addressing a
number of their shortfalls. The most apparent improvement is that of the original
proposal: solving knowledge-intensive tasks. RAG alleviates the need to retrain LLMs
constantly by incorporating new or niche information in the retrieval component of the
compound Al system. But RAG systems can also address some less obvious problems
with out-of-the-box LLM usage. One of the most famous challenges in using LLMs is
the tendency to produce hallucinations—also described as “stochastic parroting.” One
driver of hallucinations is when a prompt is outside the distribution of the training
data.'°®* RAG systems can address this problem by introducing retrieved data in the
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areas where the model did not have sufficient data. RAG has reduced hallucinations,
though it cannot eliminate the issue entirely.?”

RAG systems can also help address privacy concerns and the risk of data leakage.%®
Either through failure to sanitize outputs or through adversarial attacks, LLMs could
expose their training data in response to certain prompts. Instead, sensitive data can be
excluded from training data and introduced through the retrieval component. While
this approach does not totally eliminate potential leakage, it represents an easier
problem than preventing data leakage mechanisms of the LLM itself, which are not
well understood. Additionally, some evidence suggests implementing RAG also
lessens the underlying data leakage concern, though the mechanism by which this
leakage occurs is unclear.1%?

Both prompt engineering and RAG represent the types of compound Al systems that
make possible the foundation model concept.''® These compound systems built off the
innovative work that produced powerful models with new capabilities, and introduced
the missing piece that allowed for usage in myriad downstream tasks.

System-to-System Innovation

As with model-to-model innovations, system-to-system innovations often involve
modifications to compound Al systems for a specific performance metric. Returning to
the example of RAG systems, researchers have made significant improvements to the
way knowledge is stored in and used from the retrieval component. Long context
language models have a tendency to forget the context in the middle, such as
intermediate documents in multi-document question answering.!!! Given that RAG
systems often involve precisely this task, loss of extended context represents a crucial
problem for performance. Performance could be highly sensitive to the number of
documents added to the question context as well as the order in which the documents
are added. Researchers added document chunking to RAG systems to address this
problem.? Given that the answer to a question likely comes from a specific part of a
document and not the whole document, documents can be broken down into smaller
chunks and stored. Only the relevant chunks of the document are retrieved and used to
augment generation, reducing the “forgetting in the middle” dilemma of long context.

But chunking introduces its own challenges. Chunking documents is a difficult task,
with a variety of methods ranging from naive chunks of fixed size to complex, semantic
chunking that uses specialized models—which can greatly impact the quality of the
chunked database. Additionally, documents may not always contain all relevant
information in close proximity so chunks may lose vital context. Anthropic recently
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developed a chunking mechanism to combat this challenge, known as contextual
retrieval.'3 Contextual retrieval breaks a document down into chunks and then
provides document-chunk pairs to a language model prompting the model for context
on the chunk in the document. Researchers then take these two-part chunks, direct
text from the source and a generative contextual explanation, and add them to the
retrieval component to allow for shorter, information dense RAG prompts.

Another challenge for RAG performance in existing tasks is what to do when faced
with conflicting information, either due to noisy data or adversarial attack. A number of
system-to-system innovations address this challenge. RobustRAG addresses the
adversarial retrieval problem by implementing RAG as a series of single document
question-answering tasks and then aggregating to a final response.!* By eliciting
responses from individual documents, robust aggregation techniques ensure the
system can handle adversarial retrieval manipulation. InstructRAG uses in-context
learning, inspired by CoT prompting, to address noise in retrieved documents by
synthesizing the documents before answering the question.!'®* But both methods do
not account for the other source of RAG systems: the model’s training data. Astute
RAG addresses this pitfall by adding a stage to the system that creates a synthetic
document representing the model’s trained knowledge.!'® With this new context, the
compound system then uses similar techniques to synthesize a response and even
presents instances of conflict to the user. This system-to-system innovation raises the
performance floor of RAG systems, allowing them to perform almost as well as direct
usage of the model even in the worst-case scenario where the retriever component
yields wrong or useless information.

More substantial system-to-system innovations adapt compound Al systems to
address new problems. GraphRAG represents one such innovation for RAG systems.!?’
The prior methods all use the same vector retrieval methods proposed in the original
RAG formulation, but there are other retriever systems, such as knowledge graphs.*!8
Knowledge graphs capture global relationships across documents and better handle
highly structured information—both of which are challenges for traditional RAG
methods. Researchers have used GraphRAG in domains where citation linkages are
important, as well as for multi-document summarization where the knowledge graph
provides efficient compression of the documents to avoid the challenges of long
context in language model performance. Building on the GraphRAG approach,
HybridRAG introduces a more complicated system, which integrates the advantages of
both systems to produce better answers than either system can on its own.''° The
VectorRAG to GraphRAG to HybridRAG system-to-system innovation demonstrates
the expansion of tasks a system is equipped to handle.
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