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Abstract

Artificial intelligence is reshaping the world at an unprecedented pace. Much of today’s Al
infrastructure relies on centralized cloud systems, where models process data remotely on large
computing clusters. This architecture has enabled extraordinary progress, but it also introduces new
challenges in latency, privacy, reliability, and scalability.

A growing class of applications demands something different: Al that runs locally, instantly, and
privately, on the devices closest to the real world.

Most real-world environments already operate as distributed systems. To be effective, Al capabilities
must therefore be distributed as well — running closer to where data is generated and decisions are
made.

This whitepaper makes the case that edge Al — intelligence embedded directly into smartphones,
robots, sensors, vehicles, and systems — represents the missing block in the current Al era. It explores
the technical, economic, and strategic drivers compelling this shift, and introduces Falcon-H1-Tiny:
TIT's new family of compact, hybrid-architecture language models purpose-built for edge deployment.

Falcon-H1-Tiny and its reasoning-specialized variant Falcon-H1-Tiny-R demonstrate that
high-capability Al can be made genuinely small — down to 90 million parameters — without
sacrificing the intelligence needed for real-world tasks. These models deliver multilingual
understanding, strong instruction-following, robust coding and tool-use, and in the Tiny-R variants,
reasoning performance that rivals models many times their size.

The future of Al is distributed. Intelligence must flow outward from data centers to the edges of the

network, closer to where data originates and decisions are made. Falcon-H1-Tiny is TII's contribution
to making that future real.
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1. Introduction:
The Cloud Cannot Do Everything

Over the past decade, artificial intelligence has undergone a transformation of extraordinary scale.
Systems that once required entire research teams to operate can now be accessed by anyone with an
internet connection and a question to ask. Behind this democratization lies a massive infrastructure
of centralized computing: cloud data centers, operated by a small number of large technology
providers, processing queries from billions of users worldwide.

This centralized model has enabled remarkable progress, but it cannot represent the full picture

of how AI will operate in the real world. Consider what it means for a surgeon relying on Al-
assisted diagnostics in a region with limited connectivity — or with extreme latency in future space
exploration. Or a factory robot that must make safety decisions in milliseconds. Or a financial
institution processing highly sensitive transactions under strict data sovereignty requirements. Or a
defense system operating in a communication-denied environment. In each case, dependence on a
remote cloud is more than inconvenient: it is a fundamental limitation or an outright vulnerability.

Beyond these critical use cases, there is a broader structural reality: most of the world already
operates as a distributed system. Data is generated at the edges, on devices, in vehicles, at industrial
machines, and in medical equipment. Moving all that data to a central location to be processed and
returned introduces delay, cost, security risk, and energy waste. As Al use grows, these inefficiencies
will compound.

Edge Al addresses this gap. By enabling powerful AI models to run directly on end-user devices and
local infrastructure, without continuous reliance on remote servers, edge Al unlocks faster responses,
greater privacy, resilient operation in constrained environments, and dramatically lower energy costs
per inference.

But deploying Al at the edge comes with its own challenges and considerations. The prevailing
assumption has been that genuine intelligence requires scale — billions of parameters trained on vast
datasets using enormous computing resources. Delivering that intelligence at the edge seemed out of
reach.

TII's Falcon-H1-Tiny series challenges that assumption directly. Drawing on advances in hybrid model
architecture, data strategy, and training methodology, TII has produced a family of models that
delivers capabilities well beyond what their parameter count would suggest. Falcon-H1-Tiny proves
that intelligence can fit into small packages.
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2. The Case for Edge Al

Edge Al refers to Al systems that execute directly on end-user or near-user devices, without offloading
computation to external servers. This encompasses a wide spectrum of hardware: smartphones and
tablets, laptop and desktop computers, embedded industrial systems, autonomous vehicles, drones,
robots, smart sensors, and purpose-built edge inference accelerators.

This is distinct from hybrid or split architectures that still depend on cloud connectivity for core
processing. True edge Al operates independently — it is not simply a smaller version of cloud Al,
but a fundamentally different deployment philosophy that prioritizes autonomy, privacy, speed, and
resilience over raw computational scale. The model and its inference run entirely on the local device,
with no network requirement for standard operation.

Edge Al represents the convergence of two historically distinct disciplines: artificial intelligence and
embedded engineering. Together, they make it possible for energy-efficient processors to interpret
sensor data directly on-device, transforming previously passive hardware into systems capable of
perception and decision-making.

Edge Al transforms passive hardware into systems capable of perception and decision-making.

Embedding intelligence locally reduces reliance on data-hungry centralized servers and enables more
resilient, distributed systems.

There are several factors accelerating both the demand for and adoption of Al at the edge.

Real-time responsiveness

A growing range of AI applications operate in environments where decisions must be made within
milliseconds — too fast for any network round-trip to a remote data center. Autonomous vehicles
must detect obstacles and react in real time. Industrial robots require instantaneous hazard
detection. Medical monitoring systems must recognize critical vital sign anomalies the moment they
occur.

Cloud-based Al introduces latency. Even with optimized infrastructure, the physics of signal
propagation and network congestion impose delays measured in tens to hundreds of milliseconds —
unacceptable for safety-critical applications. Edge Al eliminates this dependency entirely.



2. The Case for Edge Al

Privacy and data sovereignty

When users interact with cloud-based Al services, their data travels to infrastructure they do not
control, governed by privacy policies set by third parties. Recent developments in the Al industry have
shown that providers may use interaction data to retrain models, creating a fundamental tension
between utility and privacy.

This tension is especially acute in regulated sectors. Financial institutions, healthcare providers, legal
firms, and government agencies operate under strict data handling requirements. The EU’s General
Data Protection Regulation, and equivalent frameworks worldwide, impose significant constraints
on the transmission and processing of personal data across borders. Edge Al allows organizations
to meet these requirements without sacrificing AI capability by processing data where it originates,
under local governance.

For individual users, the benefit is equally straightforward: interactions with an edge AI model are
inherently private. They leave no trace on external servers, cannot be intercepted in transit, and
generate no behavioral profile for a third party to exploit.

Energy efficiency

Artificial intelligence is undeniably a significant driver of global energy consumption. Large language
model training runs consume electricity comparable to entire towns. Even inference, the ongoing cost
of responding to queries, is becoming a material contributor to data center energy load.

One approach to improving efficiency is shifting Al tasks from centralized cloud infrastructure to
local edge environment. Processing tasks locally rather than in cloud data centers can reduce energy
consumption per task by two to three orders of magnitude. Edge AI systems are typically designed
for constrained power budgets and are therefore architecturally optimized for efficiency. Distributing
inference across billions of edge devices rather than concentrating it in a small number of hyperscale
data centers has the potential to fundamentally change the energy economics of Al at global scale.




2. The Case for Edge Al

Security and resilience

Cloud-dependent AI creates a concentrated attack surface. A compromise of a major Al provider’s
infrastructure can expose the data and interactions of millions of users simultaneously. The
transmission of sensitive information across public networks also creates interception opportunities at
multiple points.

Edge AI limits this exposure substantially. Data remains on the device or within a controlled
local network and there is no transmission to intercept. For high-security applications in defense,
intelligence, critical infrastructure, and government, this is essential.

Connectivity independence

Cloud Al requires reliable connectivity. Large parts of the world, and many of the most important
operational environments, cannot provide that. Remote industrial sites, maritime operations,

rural healthcare, military forward deployments, disaster response scenarios: all of these require Al
capabilities that cannot depend on a consistent network link. Edge AI makes intelligence available
everywhere.
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3. The Challenge of Small-Scale Al @

While the case for edge Al is compelling, the technical difficulty is not to be underestimated. Model
capability scales with size: larger models, trained on more data, generally perform better across a
wide range of benchmarks.

A combination of architectural innovation, training data curation, and optimization techniques is

enabling a new generation of small models that punch well above their weight. The key insight is that
raw parameter count is not the sole determinant of capability — how those parameters are used,
what data they are trained on, and what architectural innovations govern their operation all matter
enormously.

With traditional Al the goal is often to get the best performance possible — no matter the cost.
When compute is not an obstacle, the most accurate model is often the best choice. The benefits of
edge AI come with some serious constraints. Edge devices have less capable compute and there are
often tricky choices involved with trading off between on-device performance and dccuracy.

Falcon-H1-Tiny shifts the paradigm from “largest model wins” to “most efficient intelligence wins”,

a principle that is essential for the next generation of distributed Al systems. Rather than relying

on scale alone, Falcon-H1-Tiny is engineered for efficiency through targeted training strategies

and compact architectures to deliver strong language understanding and reasoning performance
within tight computational budgets. By training exclusively on reasoning-focused data, it achieves
performance levels typically associated with much larger models, without exceeding the constraints of
edge deployment.
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3. The Challenge of Small-Scale Al

The specific constraints of edge deployment

Running Al models on edge devices introduces constraints that differ fundamentally from cloud
deployment. Memory is limited and cannot be easily expanded: a smartphone may have 8GB of
RAM to share across all running applications; an embedded system may have far less. Compute is
constrained as edge chips optimize for energy efficiency, and thermal management imposes limits on
sustained performance.

The critical metric for edge deployment is not absolute benchmark performance, but performance per
parameter — how much useful capability can be extracted from each unit of model size. Over recent
years there have been many advances in optimization that have made it possible to run large and
sophisticated machine learning models on very small, low-power devices.

However, each technique involves trade-offs. Compression can reduce accuracy, sometimes in

ways that are subtle and only apparent in specific edge cases. The design challenge is to find the
configuration that meets hardware constraints while preserving the capability needed for the target
application. Not all applications demand the same fidelity: simple pattern-recognition tasks (for a
manufacturing robot: count the screws for quality control) may only require a few kilobytes of model,
while applications involving rich visual interpretation (for an environmental monitoring application:
photograph the target species, not any animal that wanders past) demand more. The key insight is
that the right model size depends entirely on the task and that a well-designed small model, properly
matched to its application, will outperform an oversized general model deployed carelessly.

One of the most powerful responses to the constraints of small models is specialization. A general-
purpose language model must allocate its capacity across an enormous range of domains and
tasks. A specialized model can concentrate its capability on a specific, well-defined set of objectives,
delivering performance in its target domain that rivals or surpasses much larger general models.

Edge Al applications are typically purpose-built: a code completion assistant on a developer’s laptop,
a customer service interface in a retail environment, a clinical decision support tool in a hospital
tablet. Each application has a defined scope and a specialized, small model, fine-tuned for that scope,
can meet the requirement with a fraction of the computational overhead of a general large model.

Together, these advances are bringing Al closer to the physical world. Edge systems connect
intelligent models to real-time sensory data, enabling new levels of autonomy and responsiveness
in robotics, autonomous vehicles, drones, and other systems that operate directly within real-world
environments.
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4. Falcon-H-1Tiny:
Intelligence at the Extreme Edge

The Falcon-H1-Tiny series is TII's response to the challenge of edge Al. It I the product of a
fundamental rethinking of how small models are designed, trained and deployed, drawing on
innovations in hybrid architecture, data strategy, and training methodology developed across the
broader Falcon-H1 family and pushed to their limits at the smallest scale.

The Falcon-H1-Tiny family
The Falcon-H1-Tiny series comprises two principal lines of models, each addressing different aspects
of the edge AI challenge:

Falcon-H1-Tiny: General-purpose edge intelligence

The Falcon-H1-Tiny models deliver multilingual understanding across 18 languages natively, with the
tokenizer architecture designed for scalability to over 100 languages. They provide strong instruction-
following capabilities for conversational and task-oriented applications, robust tool-use and coding
capabilities for developer-facing use cases — enabling efficient document processing and extended
multi-turn dialogue on edge hardware.

The headline capability achievement is performance relative to model size. The Falcon-H1-Tiny-90M
model delivers performance on par with typical 350M models from 2025: a 4x improvement in the
performance-per-parameter ratio. This represents a qualitative shift in what is achievable at edge
scale.

Falcon-H1-Tiny-R: Reasoning at the extreme

The Falcon-H1-Tiny-R variants represent further specialization: models trained exclusively on
reasoning data, designed to deliver sophisticated reasoning capabilities in the most constrained
configurations. Available in 0.6B and 0.09B configuration, these models redefine what reasoning at
small scale means.

The Tiny-R series was developed by applying reasoning-focused training methodology to the

compact Falcon-H1 architecture. The result is models that can engage in multi-step logical reasoning,
mathematical problem-solving, and structured inference tasks. They match the performance of
significantly larger reasoning models while fitting within the memory constraints of the most resource-
limited edge devices.

The 90 million parameter configuration (Falcon-H1-Tiny-R at 0.09B) is particularly significant. At this
scale, Falcon demonstrates that meaningful reasoning capability can be delivered in a model small
enough to run on virtually any modern device, including embedded systems and smartphones with
minimal memory overhead.
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4. Falcon-H-1Tiny:
Intelligence at the Extreme Edge

A new architecture for a new challenge

Falcon-H1-Tiny is designed using a hybrid architecture that combines two different approaches to
processing language. Each approach has its own strengths, and together they make the model both
capable and efficient.

The first approach comes from transformer models, which are widely used in modern Al systems.
Transformers understand relationships between words and ideas that may appear far apart in a
sentence or document. This ability helps the model generalize across different language patterns and
understand complex instructions.

The second approach uses State Space Models (SSMs), specifically an architecture known as
Mamba-2. These models are particularly efficient at handling long sequences of information and
remembering context over extended text. They also require far less computation during use, which
makes them well suited for environments with limited hardware resources.

In Falcon-H1-Tiny, these two components work together. The transformer-style attention mechanisms
and the Mamba-2 components run in parallel, balancing deep language understanding with efficient
processing. Importantly, the system does not need many transformer attention components to
perform well. TIT's research found that only a small portion is required, which significantly reduces the
amount of computation needed while preserving strong language performance.

This design is especially valuable for edge Al deployment. Traditional transformer models become
increasingly expensive to run as the amount of text grows. The Mamba-2 component processes
information much more efficiently, allowing the model to handle longer inputs while using less
memory and computing power. In practical terms, this means faster responses and lower hardware
requirements — two critical advantages for running Al at the edge.



4. Falcon-H-1Tiny: T@
Intelligence at the Extreme Edge

A rethought training strategy

But architecture alone does not determine capability. How a model is trained — and on what data
— is equally important. TII's development of Falcon-H1-Tiny involved a systematic re-examination of
training conventions.

Standard curriculum learning in Al training progresses from simple to complex: the model encounters
easy examples first and builds up to harder ones. Counterintuitively, TII found that the opposite
approach worked better for Falcon-H1. Exposing the model to advanced mathematical reasoning and
difficult problem-solving tasks from the very beginning of training gave it more time to develop the
representational structures needed for these capabilities.

Standard training practice avoids repeating data samples, driven by concern that repetition causes
memorization rather than genuine learning. TII's research found that this concern may be overstated.
By carefully estimating the model’s memorization window — the threshold at which repetition
transitions from learning reinforcement to rote memorization — TII was able to reuse high-quality
training samples more frequently without degrading the model’s generalization ability. The result is

a training mix that gives far more weight to the highest-quality data than conventional approaches
would allow.
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5. The Future of Edge Intelligence

This current moment in edge AI development is analogous to the early years of mobile computing.
The hardware is capable but constrained. The models are impressive but not yet at parity with the
best cloud systems. The use cases are emerging but not yet at full scale.

And yet the trajectory is unmistakable: as hardware improves, as model efficiency advances, and as
the ecosystem of tools and frameworks matures, the gap between cloud and edge Al capability will
narrow.

TIT's research agenda reflects this trajectory. Several directions will shape the next generation of
Falcon-H1-Tiny and its successors.

Multimodal edge Al

Language understanding is the foundation, but the richest real-world AI applications integrate
multiple modalities: vision, audio, sensor data, and text together. TII plans to extend Falcon-H1-Tiny
into multimodal domains, enabling models that can process images, video, and other sensory inputs
alongside text. This is particularly significant for robotic applications and physical Al systems, where
understanding the visual world is as important as understanding language.

Further architectural efficiency

The hybrid attention-SSM architecture is an innovation but not the final destination. TII's ongoing
research into mixture-of-experts designs, alternative SSM formulations, and hybrid transformer-
Mamba configurations will continue to improve the performance-per-parameter ratio. The goal is
models that are architecturally suited for the specific constraints of edge hardware, optimized for the
memory hierarchies, instruction sets, and thermal envelopes of the chips that power edge devices.

Reasoning at every scale

The Falcon-H1-Tiny-R series demonstrates that reasoning capabilities can be delivered even at the
most extreme model scales. TII's research into reinforcement learning for reasoning, verifiable data
curation, and test-time scaling will continue to push this frontier. The target is models that can reason
well, approaching the quality of the best large reasoning models while fitting within the hardware
constraints of edge deployment.

Model capability alone is insufficient. Edge Al requires a complete ecosystem: inference frameworks
optimized for diverse edge hardware, quantization tools that reduce memory footprint without
significant capability loss, fine-tuning pipelines accessible to non-specialist developers, and
deployment tools that enable smooth onboarding across device types. TII is actively developing and
leveraging existing frameworks to ensure that Falcon-H1-Tiny is not merely capable in the laboratory
but practically deployable in the real world.
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Conclusion:
The Edge is Where the World Is

The history of computing is, in a large part, a history of distribution. Mainframes gave way to
minicomputers, which morphed into personal computers, which found mobility in smartphones. Each
transition was driven by the same fundamental force: the recognition that computation is most
valuable when it operates closest to the people and processes it serves.

Al is following the same trajectory. The centralized cloud model that has dominated the past decade
is not the endpoint of Al development. It is a phase, and the next phase will bring intelligence to the
edges of the network, embedded in the devices and systems that interact with the physical world. The
benefits — in speed, privacy, energy efficiency, resilience, and accessibility — are too significant to
ignore.

TIT's Falcon-H1-Tiny series is built for this future. By combining a novel hybrid architecture with a
rethought training strategy and an unwavering commitment to efficiency, TII has produced models
that deliver genuine intelligence at scales previously thought impossible. The Falcon-H1-Tiny-R
variants extend this achievement to the domain of reasoning, demonstrating that even 90 million
parameters can support meaningful cognitive capability.

The release of these models as open-source, permissively licensed resources reflects TII's conviction
that the benefits of edge AI should be broadly shared. Every developer who deploys Falcon-H1-Tiny
on a local device is participating in a different kind of Al future: one that is distributed, diverse, and

sovereign.

The missing block in the AI era has been found. Intelligence at the edge is here.
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