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1. Defining Language Models

A language model is Al trained to analyze and generate human language by learning the
statistical patterns of words and sentences from text datasets. It assigns statistical
probabilities to observed word sequences and uses those probabilities to predict then
generate word sequences based on numerous input parameters.

Large Language Models (LLMs) are language models with an extremely large number of
parameters, typically trained on enormous datasets of text (e.g., the searchable internet).

Note: A parameter can be defined as a placeholder within a function used to define
required arguments. Within the context of language models, more parameters enable
more precise outputs.

For an example of multiple parameters within a function, consider the following input
parameters of direct cost, indirect cost, fixed fee, tax_rate

def calculate_total(direct _cost, indirect _cost, fee_rate, tax_rate):
cost = direct_cost + indirect_cost
subtotal = cost + (cost * fee_rate)
total = subtotal + (subtotal * tax_rate)

return total
calculate_total(100, 50, 0.20, 0.07)

192.60

Parameters allow language models to efficiently evaluate text inputs from end-users and
respond with outputs featuring a high probability of coherence and contextual relevance,
reinforced by substantial amounts of training on analogous data.
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The power of LLMs derives from their massive amounts of functional parameters and
training data. This enables LLMs to:

1. Decompose natural language prompts into string tokens

2. Transform tokens into vectorized data

3. Passvectorized data as arguments into numerous input parameters
4

. Systematically evaluate calculated parameter outputs against analogous training
datavia neural network inference

5. Synthesize results into extremely precise and polished responses that defensibly
predict correct and/or desired answers.

Because LLMs are trained on such massive datasets, the statistical significance of
predictive outputs (i.e., how defensible an answer is) tends to be very high.

Considering the massive amount of compute and associated energy required to train and
run LLMs, a significant enterprise tradeoff is high economic cost. Successfully developing
and deploying LLMs requires a huge allocation of enterprise funding for compute, energy,
and data storage, as well as engineering labor such as systems architecture, algorithm
development, and data curation. Other factors that contribute to cost include data
governance, cybersecurity, and business use-cases.

2. Overview of Small Language Models (SLMs)

Small Language Models (SLMs) are language models that are deliberately designed with
significantly fewer parameters and narrowly scoped training data. Whereas a LLM might
feature billions of functional parameters, a SLM might feature mere millions - while still
retaining many of the natural language processing (NLP) capabilities that make language
models useful.

In comparison to LLMs, SLMs prioritize specificity over generality. While the size and
scope of LLMs make them extremely versatile for most business use-cases, this same
benefit introduces tradeoffs in the form of complex infrastructure requirements and
prohibitive costs. Conversely, while the size and scope of SLMs are narrower and less
versatile than LLMs, these same limitations introduce benefits in the form of more focused
infrastructure requirements and manageable costs.

For many small- to medium-size enterprises, the lightweight nature of SLMs as well as their
design for specific use-cases makes them a practical choice. Essentially, SLMs only train
on data necessary to address specific use-cases, resulting in significantly reduced
parameter count. In addition to significantly less compute and storage requirements, this
can provide benefits in the form of finer parameter tuning, faster model retraining, and
overall less energy consumption.
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In comparison with LLMs, key benefits of SLMs include:

e More economical (e.g., fewer GPUs, less energy consumption, cheaper
desktop/cloud licenses)

e FEasierto design and train (e.g., fewer parameters to develop and/or fine-tune,
smaller training datasets, less APIs to manage)

e Faster processing (e.g., less memory requirements, lower inference latency,
smaller context windows)

e Tighter security (e.g., leaner system architecture, option to deploy on-premises,
simplified data management framework)

3. SLMvs. LLM Benchmarks

When evaluating tradeoffs between SLMs and LLMs, important benchmarks fall into five
main categories: parameter scope, training cost, usage cost, hardware configuration, and
architecture complexity.

1. Parameter Scope

LLMs typically range from 10 to 100 billion parameters, while SLMs generally range from 10
million to 10 billion parameters. Higher parameter counts increase a model’s contextual
analysis and adaptive learning capabilities but have a direct relationship with associated
memory and compute requirements. A simple way to understand this relationship is “ifa
language model should understand and interpret a wider breadth of information, it will
need more code (and associated compute) for enhanced analysis as well as data (and
associated memory) to observe more relationships”. Due to their smaller parameters,
SLMs typically exhibit lower performance ceilings for open-ended reasoning tasks but can
achieve comparable accuracy to LLMs when fine-tuned for narrowly defined tasks such as
classification, extraction, or domain-specific Q&A.

2. Training Cost

LLM training often requires large GPU clusters, distributed training pipelines, and
considerable energy consumption. In contrast, SLMs can often be trained or fine-tuned
using significantly smaller GPU clusters or even high-end single-node systems, reducing
upfront capital expenditures by orders of magnitude. For context, a point estimate for
model training on a single parameter can be $0.0012 (derived from OpenAl’s 2022 report
on GPT-3 training costs). This translates to a range of $12M-$120M in training compute
alone for LLMs vs $12K-$12M in training compute for SLMs (likely more in current year
dollars considering significant advancements in GPT models since 2022).

3. Usage Cost

LLMs require substantial memory and compute per inference request, leading to queries
with higher per-token costs in APl or cloud-hosted environments. SLMs typically require

significantly less memory and compute per query, resulting in lower per-token inference
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costs and reduced latency (especially if configured on-premise). For context, OpenAl lists
input (i.e., query) pricing for its flagship GPT 5 model at $1.75 per 1M tokens, whereas
output (i.e., inference) pricing is listed at $14 per 1M tokens. In comparison, OpenAl’s GPT
5-Mini model (which is smaller than a typical LLM, although still significantly larger than a
typical SLM) lists input pricing at $0.25 per 1M tokens, whereas output pricing is listed at
$2 per 1M. This difference in pricing reflects a cost contributor when applied at scale (e.g.,
thousands or millions of monthly inputs/outputs, with hundreds or thousands of tokens
per input/output).

4. Hardware Configuration

LLMs typically require high-memory GPUs and enterprise laaS for training, testing, and
deployment to a cloud-native production environment. Conversely, SLMs can leverage
commodity GPUs/CPUs for compute and typically feature the ability to run directly on edge
devices. This grants SLMs the unique option for on-premises deployment, which is highly
practical when infrastructure/data compartmentalization is a requirement.

5. Architecture Complexity

LLM deployments typically require enterprise-level workflow orchestration, monitoring,
scaling, and governance controls due to large-scale infrastructure requirements and
variable model behavior across humerous end-user sessions. As a result of their smaller
infrastructure footprint and constrained scope, SLMs are typically easier to monitor,
maintain, retrain, and govern, which is especially useful in tightly regulated or resource-
constrained environments.

Benchmarks: BLUF

For business decision-making, the choice between SLMs and LLMs typically hinges on the
following tradeoff:

e If your organization requires broad reasoning ability, cross-domain generalization,
and minimal task-specific fine-tuning — an LLM is typically advantageous despite
higher cost.

e If your organization operates within clearly defined tasks, cost constraints, privacy-

sensitive environments, or edge/on-premises requirements — an SLM may provide
comparable functional value at substantially lower capital and operating expense.

Key factors towards understanding which of the above tradeoffs is practical for a given
organization include:

e Business requirement (i.e., how should a language model address the needs of an
organization?)

e Reasoning (i.e., how comprehensive and/or complex does a language model need
to be in order to address business requirements?)
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e Latencyrequirements (i.e., how fast does a model need to process information, and
what is a practical ratio of latency and efficiency)

e Infrastructure availability (i.e., can a current or proposed IT architecture
accommodate the integration of a desired language model?)

e Total ownership cost (i.e., lifecycle training, testing, production, O&S, future
enhancements... and all enterprise infrastructure and labor resources needed to
facilitate)

e Governance (i.e., resource constraints that must be placed on model development
and deployment, from cost management to data compartmentalization)

4. SLM Use-Cases

SLMs are ideal for enterprise environments where tasks are well-defined, domain-scoped,
cost-constrained, and/or limited by infrastructure availability. In these situations, the
reasoning advantage of a LLM is marginal compared to the significant tradeoffs in both
capital and operational expense. Use-cases in which a SLM may serve as a practical
solution for enterprise requirements include:

1. Domain-Specific Chatbots

Organizations that require real-time knowledge assistance (e.g., HR policy Q&A, IT
helpdesk support, technical documentation retrieval) can deploy SLMs that are fine-tuned
on domain-specific information. Because domain knowledge is typically narrow in scope
and associated queries are highly predictable, fine-tuned SLMs often deliver domain-
specific outputs that are comparable to more generalized LLMs but at a fraction of the
inference cost.

2. Information Extraction

Use cases such as document summarization, sentiment analysis, and data mining from
unstructured files are highly systematic and repeatable. These tasks rely more on pattern
recognition than deep learning, making SLMs a cost-efficient and scalable solution.

3. On-Premises/Edge Deployments

Industries with highly sensitive data, compartmentalized work environments, or on-
premises computing requirements (e.g., defense, law enforcement, healthcare) can
benefit from SLMs as they maintain the ability to run on on-premises infrastructure and/or
edge devices. On-premises/edge deployments can result in lower latency via reduced
dependency on external cloud APIs as well as improved and/or simplified privacy controls.
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4. High-Volume, Low-Complexity Workflows

Use-cases such as customer support triage, automated email drafting, ticket routing,
chatbot pre-screening, and content moderation are typically high-frequency yet low-
reasoning workloads. With these use-cases, enterprise implementation of SLMs featuring
lower inference costs can translate to significant cost savings at scale, all while
maintaining quality workflow performance.

5. Model Customization

Organizations developing proprietary language models for highly specific use-cases (e.g.,
helpdesk chatbot for commodity software, contract templating for company requirements,
data governance and management for a regional office) may benefit from training distilled
SLMs on narrowly scoped datasets. Rather than paying costly APl and cloud hosting fees in
order to leverage LLMs for these relatively low-compute tasks, organizations can design a
localized SLM around hyper-focused parameters in order to optimize model training and
performance costs over time.

6. Conclusion

SLMs are not merely smaller versions of LLMs, but strategically right-sized alternatives that
are optimized for efficiency, cost control, and domain knowledge. While LLMs typically
feature more generalized inference and adaptive reasoning capabilities due to massive
parameter counts and training datasets, those advantages come with significant economic
tradeoffs. In contrast, SLMs deliberately constrain scale in order to achieve lower training
and inference costs, reduced latency, simplified deployment architectures, and tighter
security controls.

For small- to mid-sized enterprises, SLMs can serve as an optimal choice when balancing
business requirements with resource constraints. When tasks are narrow, predictable,
privacy-sensitive, and/or high volume yet low complexity, SLMs can deliver comparable
functional value with significantly improved economic and operational efficiency. This
inherent advantage is a result of scaling model design and performance to specific
business requirements, rather than defaulting to the large breadth of capabilities offered
by frontier LLMs.
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