The building blocks of reliable large language
models

What makes an LLM accurate, efficient, and safe?

Accuracy, efficiency, and safety are three pillars that determine whether a large language model
can be trusted in real use. Accuracy means the model produces correct, relevant, and
consistent responses. Efficiency covers the computational resources required to train and run
the model, including latency, memory, and energy consumption. Safety ensures the model
behaves within acceptable ethical and operational boundaries, avoiding harmful outputs, bias,
or security vulnerabilities. These three qualities are not independent: improving one often
affects the others, and the architecture of the model itself is the foundation that shapes how
they trade off against each other.

LLM architecture refers to the structural design choices that define how a model processes
input, stores knowledge, and generates output. The most prominent architecture today is the
transformer, introduced in 2017, which uses self-attention mechanisms to weigh the
importance of different parts of the input sequence. But the architecture goes beyond the core
transformer block: it includes the number of layers, the hidden dimension size, the number of
attention heads, the feed-forward network design, the positional encoding scheme, and the
training objectives such as next-token prediction or masked language modeling. Each of these
choices influences accuracy, efficiency, and safety in specific ways.

Accuracy depends on capacity and data quality

Accuracy is the most visible quality of an LLM. A model that gives wrong answers, contradicts
itself, or fails to follow instructions is not useful. Accuracy starts with the architecture's
capacity: a larger model with more parameters can store more facts and learn more complex
patterns. But raw size is not enough. The architecture must support effective learning from the
training data. For instance, the depth of the network (number of layers) allows the model to
build hierarchical representations, while the width (hidden dimension) determines how much
information can be represented at each layer. Attention heads let the model focus on different
parts of the input simultaneously, which is crucial for understanding context and resolving
ambiguities.

Training data quality is equally critical. A model trained on noisy, biased, or incomplete data will
be inaccurate regardless of its architecture. However, the architecture influences how well the
model can generalize from its training data to unseen inputs. Techniques such as mixture of
experts (MoE) allow the model to activate only a subset of parameters for each input, which
can improve accuracy by specializing different parts of the network for different types of tasks.



Similarly, retrieval-augmented generation (RAG) connects the LLM to an external knowledge
base, letting it look up facts instead of relying solely on its parameters. This architectural
pattern directly improves factual accuracy without requiring a larger model.

Another factor is the training objective. Most LLMs are trained to predict the next token in a
sequence, which encourages them to learn statistical patterns in language. But this objective
can also lead to hallucination: the model generates plausible-sounding text that is not true.
Some architectures address this by incorporating contrastive learning or reinforcement
learning from human feedback (RLHF) as a fine-tuning step, which teaches the model to prefer
accurate and helpful responses. The architecture must support these additional training
signals without destabilizing the learning process.

Efficiency is about compute and memory

Efficiency determines whether a model can be deployed at scale. A model that is accurate but
requires a datacenter to answer a single query is impractical for most applications. Efficiency
considerations span training and inference. During training, the architecture affects how many
floating-point operations are needed per step, how much memory is required to store gradients
and optimizer states, and how well the model parallelizes across multiple GPUs or TPUs.



During inference, the key metrics are latency (time to generate a response), throughput
(responses per second), and memory footprint (how much RAM or VRAM the model occupies).
The transformer architecture's self-attention mechanism has quadratic complexity in the
sequence length, meaning that longer inputs become disproportionately expensive. This has
led to a range of architectural innovations aimed at reducing this cost: sparse attention
patterns (where each token only attends to a subset of others), linear attention approximations,
and sliding window attention. Models like Longformer, BigBird, and Mistral use these
techniques to handle longer contexts efficiently.

Quantization is another architectural-level technique that improves efficiency. By representing
weights and activations with fewer bits (e.g., 8-bit or 4-bit integers instead of 32-bit floats), the
model becomes smaller and faster, at the cost of some accuracy. The architecture must be
designed to tolerate this compression; some architectures are more quantization-friendly than
others. Pruning (removing unimportant weights) and distillation (training a smaller model to
mimic a larger one) also depend on the architecture's structure to preserve accuracy while
reducing size.

Hardware co-design is an emerging area. Some architectures are specifically optimized for
certain hardware, such as Google's TPU-v4 or NVIDIAs H100. The interaction between
architecture and hardware can yield significant efficiency gains: for example, using Flash
Attention to optimize the attention computation for GPU memory hierarchies. A model
architecture that is designed with hardware constraints in mind can run faster and use less
energy than a generic one, even at the same parameter count.

Safety is baked into architecture choices

Safety is the most complex of the three pillars because it involves human values, legal
compliance, and robustness against attacks. Architectural decisions affect safety in multiple
ways. One is alignment: how well the model's behavior matches human intentions. The
architecture of the reward model used in RLHF, for instance, determines what kind of feedback
the LLM receives. A poorly designed reward model can lead to reward hacking, where the LLM
learns to maximize the reward signal in unintended ways, producing unsafe or deceptive
outputs.

Another safety concern is memorization. LLMs can memorize verbatim passages from their
training data, including personally identifiable information, copyrighted text, or harmful
instructions. The architecture influences how easily this happens: models with more capacity
and longer training tend to memorize more. Techniques like differential privacy during training
can reduce memorization, but they require architectural modifications such as gradient
clipping and noise addition. The trade-off is often lower accuracy or slower training.



Adversarial robustness is a third dimension. An attacker can craft inputs that cause the model
to produce incorrect or harmful outputs, even if the model is well-behaved on normal inputs.
Architectural defenses include input preprocessing (e.g., perplexity filtering), using ensembles
of models, or incorporating adversarial training during the training phase. The architecture's
sensitivity to small input perturbations is partly determined by the attention mechanism and
the activation functions used. Some architectures, such as those with spectral normalization
or Lipschitz constraints, are inherently more robust.

Bias is another safety concern. Training data often contains societal biases related to gender,
race, or other attributes. The architecture can amplify or mitigate these biases depending on
how it represents and processes information. For example, the use of positional encodings can
affect how the model treats token order, which can interact with biases in the data.
Researchers have proposed architectural modifications such as adversarial debiasing, where a
separate network tries to predict the protected attribute from the LLM's representations, and
the main model is trained to make this prediction difficult. This is an active area of research
with no consensus on the best approach.

Trade-offs and practical considerations

In practice, building an LLM that is accurate, efficient, and safe requires making trade-offs. A
larger model might be more accurate but less efficient and harder to align safely. A model



optimized for speed through aggressive quantization might lose accuracy on rare or complex
queries. A model designed for safety through heavy filtering and constrained training might be
less creative or less useful for open-ended tasks.

The art of LLM architecture design is understanding these trade-offs for a given application.
For a customer service chatbot, accuracy and safety are paramount, while efficiency matters
for cost, but latency can be a few seconds. For a real-time translation tool, efficiency is critical
to keep latency under a second, and safety is less about bias and more about not leaking
private data. For a creative writing assistant, accuracy may be less important than fluency and
diversity, and safety constraints might be looser.

Evaluating these trade-offs requires careful benchmarking. Standard benchmarks like MMLU
(accuracy), HELM (efficiency), and TruthfulQA (safety) provide some guidance, but they do not
capture all real-world scenarios. The architecture itself should be designed to make these
evaluations meaningful: for example, using a modular design where components can be
swapped or fine-tuned independently. This is where platforms like Futurestack.online offer

analysis and discussion of architectural patterns, comparing how different design choices
affect real-world performance across accuracy, efficiency, and safety. The engineering
community benefits from shared understanding of what works and what does not, especially
as new architectures emerge.

One practical approach is to start with a well-understood architecture like the transformer and
then apply targeted modifications. For instance, adding a retrieval module can improve
accuracy without a large model size. Using mixture of experts can improve efficiency by
activating only relevant parameters. Incorporating a safety classifier as a separate component
that filters outputs can be more effective than trying to embed safety directly into the LLM's
weights. These modular architectural decisions allow teams to iterate quickly and adapt to
changing requirements.


https://futurestack.online/

The role of open research and community knowledge

The field of LLM architecture evolves rapidly, with new ideas published weekly. Keeping up
requires not just reading papers but understanding how each architectural choice affects the
three pillars. Open-source models like Llama, Mistral, and Falcon have made it possible for
practitioners to experiment with different architectures and share results. This collective
learning is valuable because no single team can explore all the design space.

For engineers and researchers, the key is to think about architecture as a set of interdependent
decisions rather than a fixed template. Each decision - how many layers, what attention
pattern, what training objective - has consequences for accuracy, efficiency, and safety. The
best choice depends on the specific use case, the available compute, and the acceptable level
of risk. Resources like Futurestack.online provide a platform for discussing these architectural
trade-offs, helping the community build more reliable and responsible LLMs. By combining
theoretical understanding with practical experimentation, the field moves closer to models that
are not only powerful but also trustworthy.
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