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Chapter Objective 

Transformers are the architecture underlying a large portion of modern artificial intelligence systems. Large 

Language Models, Vision Transformers, embedding models, rerankers, multimodal models, and numerous 

foundation models use variations of this architecture. 

For a Staff AI Engineer, however, understanding Transformers does not mean memorizing every mathematical 

detail of attention. The goal is to build a mental model that makes it possible to understand how information is 

represented, how tokens interact, why context consumes memory and compute, which components determine 

capacity, and how architectural decisions affect training, inference, cost, and operations. 

When studying this chapter, several principles should remain clear: 

●​ Attention enables contextual communication between tokens: Each position can incorporate information 

from other parts of the sequence, enabling the construction of context-dependent representations; 

●​ Queries, Keys, and Values structure this communication: Queries represent what a position is looking for, 

Keys participate in determining relevance, and Values carry the content that will be incorporated; 

●​ Multi-head attention enables multiple simultaneous patterns: Different heads can capture 

complementary relationships, although there is no guarantee of perfectly interpretable specialization; 

●​ Attention does not represent the entire capacity of a Transformer: Feed-forward networks, residual 

connections, normalization, and positional information are also fundamental components; 

●​ Encoder, decoder, and encoder-decoder architectures serve different workloads: Architectural selection 

should follow the problem rather than simply the popularity of a model family; 

●​ Context length is a computational resource: More tokens can provide more information, but they 

increase memory consumption, prefill cost, latency, financial cost, and serving complexity; 

●​ Maximum context does not mean effective context: A model's ability to accept a large number of tokens 

does not mean it uses all of that information with the same quality; 

●​ KV cache is central to efficient autoregressive inference: It reduces recomputation, but also becomes one 

of the primary sources of memory pressure in concurrent workloads; 

●​ Transformers do not replace retrieval, persistent memory, or governance: These capabilities solve 

different problems and must continue to exist within the system architecture; 

●​ Capacity must be analyzed economically: The most capable model is not necessarily the one that 

produces the best business outcome under cost, latency, security, and operational constraints. 
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The central principle of this chapter is that Transformers should be understood as computational mechanisms for 

representing information and enabling communication between tokens. Their capacity must be managed within 

concrete constraints involving memory, compute, context, latency, security, and cost. 

As seniority increases, knowing every internal architectural detail in isolation becomes less important, while 

understanding which properties of those components affect system behavior in production becomes increasingly 

important. 

14.1. Transformer Architecture and Fundamental Mechanisms 

Transformers represented an important shift from earlier sequential architectures such as RNNs and LSTMs. In 

those architectures, information was processed predominantly through sequential states, creating dependencies 

between consecutive steps. 

This model introduced several relevant limitations: 

●​ Training offered less parallelism: One step depended heavily on representations produced earlier; 

●​ Long-range dependencies were difficult to model: Distant information had to propagate through multiple 

intermediate states; 

●​ Long sequences increased training difficulty: Gradient flow and memory became progressively more 

significant concerns. 

Transformers changed this model by using attention as the central communication mechanism. Instead of relying 

exclusively on the sequential propagation of state, different positions can establish more direct relationships. 

This change introduced important consequences: 

●​ Greater parallelization during training: Many tokens can be processed simultaneously; 

●​ Better capacity to model long-range relationships: Positions separated within the sequence can interact 

more directly; 

●​ Greater scaling capacity: The architecture demonstrated the ability to benefit from increases in data, 

parameters, and compute. 

These properties helped make Transformers the foundation of a large share of modern foundation models. For AI 

Engineering, however, the important point is not merely recognizing their capabilities, but understanding where 

those capabilities come from and which costs accompany their growth. 

14.1.1. Tokens, Embeddings, and Hidden States 

Transformers do not operate directly on words, images, or audio in their original form. Inputs must first be 

converted into numerical representations that can be processed by the model's layers. For language, this process 

typically begins with a sequence of tokens. Each token initially receives a vector representation that is 

progressively transformed as it moves through the model. 

Several concepts must be distinguished: 

●​ Token embedding initially represents a lexical identity: The token is associated with a learned 

representation in vector space; 

●​ Hidden state represents the internal state of a position at a specific layer: This representation may 

already carry information originating from other tokens; 



●​ Attention modifies the representation using relationships with other positions: The token is no longer 

interpreted in isolation; 

●​ Feed-forward transformations locally process contextualized information: Each position undergoes 

additional transformations after communication through attention; 

●​ Residual paths preserve information across layers: The previous representation remains available while 

new transformations are added. 

Consider the word bank. It may appear in expressions such as financial bank or river bank. Initially, the token has 

essentially the same lexical representation. After contextual processing, however, its hidden states may diverge 

significantly because the surrounding tokens are different. 

One of the fundamental capabilities of Transformers is therefore transforming initially static representations into 

contextual representations. 

When we informally state that a model “understands context”, there is not necessarily a single object inside the 

model called context. Contextual information is distributed across hidden states, attention patterns, internal 

transformations, and multiple layers. 

This perspective is important because it prevents us from interpreting a Transformer as a simple collection of 

explicit symbols. Its internal representation is distributed and progressively constructed. 

14.1.2. Self-Attention, Queries, Keys, and Values 

Self-attention allows positions belonging to the same sequence to exchange information. Each position can 

determine which other parts of the context should contribute to updating its representation. 

Consider the sentence “The server failed because it ran out of memory”. When interpreting the pronoun “it”, the 

model can use information previously associated with “server”. Self-attention provides the mechanism through 

which this type of interaction can emerge. A useful intuition for AI Engineering is to think of attention as a form of 

internal contextual retrieval, without confusing it with an external search or RAG mechanism. 

Conceptually, each position must resolve three questions: 

●​ Query represents what the position is looking for: The current representation is projected into a space 

that participates in searching for relevant information; 

●​ Key represents information used for matching: The Query is compared against the Keys of the available 

positions; 

●​ Value represents the content that can be incorporated: After relevance is determined, Values are 

combined to update the representation. 

The analogy with Information Retrieval can be useful: 

●​ Query conceptually functions as a query: It indicates the type of information a position is looking for; 

●​ Key functions as the representation used for matching: It participates in determining compatibility; 

●​ Value functions as the returned content: It is what effectively contributes to the new representation. 

This analogy has limitations and should not be interpreted literally. Attention operates inside the network using 

learned representations, whereas traditional retrieval systems operate over indexes and external sources. 

Queries, Keys, and Values also do not normally correspond to the original embeddings. They are produced 

through different learned projections. 



This separation allows the same information to be represented differently for different purposes: 

●​ One space can be optimized for matching: This makes it easier to determine which positions are relevant; 

●​ Another can carry information to be transferred: This allows useful content to be incorporated; 

●​ Different projections increase representational flexibility: The model does not need to use exactly the 

same vector space for every operation. 

This principle has an interesting analogy with real search systems, in which candidate generation, ranking, and 

final representation may also use different representations. The important consequence is that attention does not 

need to select a single token. A position can combine multiple Values simultaneously, allowing its new 

representation to reflect the subject, verb, temporal context, and other signals at the same time. For this reason, 

internal representations in Transformers tend to be distributed and cannot easily be reduced to a single 

human-readable association. 

14.1.3. Scaled Dot-Product Attention, Softmax, and Masks 

Once Queries, Keys, and Values have been produced, compatibility between positions must be determined. 

Conceptually, Queries are compared against Keys, and the results of these comparisons determine how much each 

Value contributes to the new representation. 

The flow can be understood through four steps: 

●​ Each position produces a Query, Key, and Value: Different projections transform the current hidden state; 

●​ Queries are compared against Keys: The result represents compatibility between positions; 

●​ Scores are converted into relative weights: Softmax assigns greater weight to comparatively more 

relevant positions; 

●​ Values are aggregated using these weights: The output becomes a new contextualized representation. 

The scaling used in attention serves an important function. As dimensionality increases, comparison results can 

also assume larger values. Excessively large scores may produce extremely concentrated distributions and make 

gradients less stable. 

Scaling keeps the scores within a range better suited to training. This detail represents a recurring pattern in Deep 

Learning: a conceptually elegant architecture often depends on numerical stabilization mechanisms to operate 

correctly at scale. 

Softmax also introduces an important property: attention is relative. If multiple positions have similar scores, 

weight can be distributed across them. If one position dominates the others, a large portion of the weight may 

concentrate on it. 

Attention weights, however, should not automatically be treated as causal explanations of model behavior. A 

position receiving a high weight does not mean it is the sole cause of the final output. Behavior emerges from the 

combination of multiple heads, multiple layers, feed-forward transformations, and residual paths. 

In addition to weights, masks determine which relationships are allowed: 

●​ Padding masks prevent interaction with artificial tokens: Tokens added only to complete batches do not 

need to influence the representation; 

●​ Causal masks prevent access to future positions: They are fundamental to autoregressive models; 

●​ Custom masks can restrict connectivity in specific ways: Different architectures can impose different 

interaction patterns. 



Masks effectively modify network connectivity. A similar attention structure can produce very different behaviors 

depending on which positions are allowed to interact. In causal attention, for example, each position can use itself 

and previous positions, but not future information. This enables next-token prediction without allowing the model 

to directly observe the answer it is expected to predict. 

During training, the entire sequence may be available while many tokens can still be processed in parallel because 

the causal mask prevents leakage. During inference, however, new tokens must be generated progressively. This 

distinction will be fundamental to understanding the economics of LLM inference. 

14.1.4. Multi-Head Attention, Feed-Forward Networks, Residuals, and Normalization 

A single attention operation can learn specific relationship patterns. Multi-head attention expands this capability 

by using different Q/K/V projections in parallel. 

Different heads may develop different behaviors. Conceptually, some patterns may relate to: 

●​ Local dependencies: Relationships between nearby positions may receive greater importance; 

●​ Syntactic relationships: Some patterns may reflect recurring language structures; 

●​ Entity references: Separated information may be associated; 

●​ Positional structure: Certain heads may respond more strongly to positional relationships; 

●​ Semantic patterns: Different dimensions of meaning may be combined. 

These examples do not mean that each head corresponds to a perfectly identifiable human-interpretable function. 

Significant redundancy may exist among heads, and large architectures do not necessarily use every component 

uniquely. This redundancy has motivated research into pruning, head importance, compression, and efficient 

attention. 

After different heads produce their representations, an output projection integrates their signals into a 

representation compatible with the rest of the block. One possible analogy is to think of multiple internal 

mechanisms observing different relationships and a subsequent transformation combining this information. This 

analogy, however, should not be confused with Mixture-of-Experts. 

Attention also does not represent all processing performed by a Transformer. Each block typically contains 

feed-forward networks that perform high-capacity nonlinear transformations over each position. 

A useful interpretation is to separate two functions: 

●​ Attention performs communication across positions: Contextual information is combined; 

●​ Feed-forward networks perform local processing: The contextualized representation undergoes 

additional transformations. 

In many Transformers, feed-forward layers represent a significant portion of total parameters. Therefore, model 

size, memory footprint, and compute cannot be attributed solely to attention. These blocks frequently expand the 

representation to a larger internal dimensionality before projecting it back to the original dimensionality. 

This choice produces a direct trade-off: 

●​ Larger internal dimensionality increases capacity: More space is available for nonlinear transformations; 

●​ Larger dimensionality increases parameter count: The model requires more memory; 

●​ More parameters increase compute: Training and inference become more expensive; 

●​ Reducing the expansion lowers cost: However, it may also limit capacity. 



The problem once again becomes model capacity vs. serving economics. Residual connections allow the input to a 

sublayer to remain available through a direct path while the transformation produced by the layer is added. 

They contribute to several important properties: 

●​ Better gradient flow: Information and gradients can traverse deep networks with greater stability; 

●​ Representation preservation: The layer can learn incremental transformations instead of completely 

reconstructing the representation; 

●​ Greater stability in deep networks: Stacking large numbers of blocks becomes more viable; 

●​ Preservation of useful information: Earlier representations may remain available even after multiple 

transformations. 

Layer normalization complements this mechanism by stabilizing representations during processing. Unlike 

mechanisms that depend heavily on batch statistics, it adapts well to Transformer structures and different batch 

sizes. 

The placement of normalization also matters. Pre-norm and post-norm variants alter the relationship between 

attention, feed-forward networks, and residual connections and can affect convergence, training stability, and 

even learning-rate requirements. 

For a Staff AI Engineer, memorizing every variant is unnecessary. The important point is recognizing that seemingly 

small details in the structure of a block can significantly affect the trainability and economics of large-scale 

models. 

A Transformer block can therefore be understood as the combination of four fundamental mechanisms: 

●​ Attention: Enables communication between positions; 

●​ Feed-forward network: Adds high-capacity local transformation; 

●​ Residual connections: Preserve information paths across depth; 

●​ Normalization: Keeps representations in conditions more favorable to training. 

Multiple blocks are stacked, enabling progressive refinement of representations. Within this context, certain 

architectural dimensions gain practical meaning: depth represents how many successive transformations can 

occur; hidden size represents the capacity of the representations; number of heads changes the diversity of 

attention projections; and feed-forward size changes the capacity for local transformations. All of these choices 

simultaneously affect quality, memory, compute, and latency. 

14.1.5. Positional Information and RoPE 

Self-attention does not naturally represent sequential order in the same way as a recurrent architecture. Without 

an additional signal, sequences containing similar elements in different orders would be difficult to distinguish. 

Consider “dog bites man” and “man bites dog”. The tokens are similar, but their order completely changes the 

meaning. Transformers must therefore incorporate positional information. 

Different strategies exist for doing this: 

●​ Absolute positional embeddings associate representations with specific positions: The approach is 

conceptually simple, but may become strongly tied to lengths observed during training; 

●​ Relative position representations model relationships between positions: The model can represent that 

a given token occurs before or after another, favoring patterns that generalize across different positions; 



●​ RoPE incorporates position directly into the representations used by attention: Positional relationships 

naturally influence comparisons between Queries and Keys. 

Rotary Position Embeddings, or RoPE, have become particularly relevant in modern generative models. Their 

integration with self-attention makes it possible to represent positional relationships in a way that is compatible 

with the token-comparison mechanism. 

RoPE also appears in strategies related to context extension. However, mathematically supporting larger positions 

does not guarantee that the model will use long contexts with the same quality. This distinction is essential: 

supporting a position is different from efficiently using the information located at that position. 

14.2. Transformer Families and Workloads 

The Transformer architecture can be configured in different ways depending on how a sequence should be 

processed. Encoder-only, decoder-only, and encoder-decoder architectures are not merely aesthetic variations; 

they have distinct computational and operational properties. For AI Engineering, correctly selecting the 

architectural family can eliminate cost and complexity before any infrastructure optimization takes place. 

14.2.1. Encoder-Only Transformers 

Encoder-only Transformers predominantly use bidirectional attention. Each position can incorporate information 

from both previous and subsequent tokens, producing strong representations of the complete sequence. This 

property is particularly appropriate when the primary objective is not to progressively generate text, but to 

understand or represent an input. 

Typical applications include: 

●​ Classification: The contextual representation can drive decisions about sentiment, intent, moderation, or 

document category; 

●​ Embeddings: The model can produce representations used for similarity, clustering, and retrieval; 

●​ Semantic search: Vector representations enable semantic comparison between queries and documents; 

●​ Reranking: Contextual interaction can help evaluate relevance more accurately; 

●​ Token classification and entity extraction: Each position can be analyzed using context from both 

directions. 

Encoders have an important economic advantage when the desired output is a representation or label. They do 

not need to pay the cost of autoregressive generation. 

This principle must inform architectural decisions: the best generative model does not need to be the best 

representation model. Using a large decoder-only LLM to produce embeddings or perform classification may 

introduce unnecessary cost, latency, and complexity when a specialized encoder better serves the workload. 

14.2.2. Decoder-Only Transformers 

Decoder-only Transformers specialize in autoregressive generation. The model receives a context sequence and 

progressively predicts subsequent tokens. 

This architecture has become the foundation of many LLMs used for: 



●​ Chat: The model continues a sequence conditioned on the conversation; 

●​ Code generation: Code is produced progressively; 

●​ Content generation: Text and other sequences can be generated; 

●​ Reasoning behaviors: The model can produce intermediate sequences used to reach an output; 

●​ Agentic systems: The model can generate decisions, tool calls, or workflow steps. 

Causal masking is central to this behavior. A position cannot inspect future tokens, preserving the next-token 

prediction problem. 

Training and inference, however, have different profiles. During training, the full sequence is known. The causal 

mask prevents leakage, but many positions can still be processed simultaneously. 

During inference, the situation changes: the newly generated token becomes part of the input required to 

produce the next one. This sequential dependency limits parallelism among tokens within the same generation. 

This property explains an important portion of LLM latency. Even with highly parallel hardware, a long response 

still requires a sequence of decode steps. 

Decoder models also enable in-context learning. Instructions, demonstrations, and retrieved context included in 

the prompt itself can modify generation behavior without permanently modifying the weights. 

This enables: 

●​ Few-shot learning: Examples included in the request guide behavior; 

●​ Prompt engineering: Instructions modify execution without changing model parameters; 

●​ RAG: Externally retrieved evidence can condition generation. 

This flexibility is substantial, but it has a recurring cost: context must be processed again in the requests where it 

is needed. In-context learning therefore does not represent persistent learning in the model weights. It is 

adaptation conditioned on information available during the current execution. 

14.2.3. Encoder-Decoder and Cross-Attention 

Encoder-decoder Transformers explicitly separate input representation from output generation. The encoder 

processes the input sequence and produces contextualized representations. The decoder generates a new 

sequence conditioned on those representations. 

This structure is natural for sequence-to-sequence problems such as: 

●​ Translation: A sequence in one language conditions the generation of another; 

●​ Summarization: A document is transformed into a more compact representation; 

●​ Structured transformation: An input sequence must be converted into another format. 

Cross-attention connects these two components. While self-attention relates positions belonging to the same 

sequence, cross-attention allows one sequence to query representations produced by another. This concept also 

appears in multimodal architectures. Text tokens, for example, can interact with visual representations produced 

by another component. 

The choice between encoder-only, decoder-only, and encoder-decoder architectures should follow the workload: 

●​ Encoder-only favors understanding and representation: It is natural for embeddings, classification, 

retrieval, and reranking; 



●​ Decoder-only favors generation: It is appropriate for chat, code generation, content generation, and 

agents; 

●​ Encoder-decoder favors conditioned transformation: It is natural when an explicit separation exists 

between an input and an output sequence. 

The Staff-level principle is simple: do not choose decoder-only merely because generative LLMs dominate market 

attention. When the problem requires only representation, classification, or ranking, specialized architectures 

can simultaneously be faster, less expensive, and more appropriate. 

14.2.4. Embedding Models and Rerankers 

Transformers also perform critical functions within retrieval systems. Embedding models process a sequence and 

produce a vector representation suitable for semantic comparison. The challenge becomes transforming multiple 

token representations into a single representation capable of preserving the signal required for a particular task. 

These models must be evaluated according to their actual use: 

●​ Retrieval must measure the ability to recover relevant documents: Generative quality is irrelevant if the 

objective is candidate generation; 

●​ Clustering must preserve useful semantic structure: Distances between vectors should reflect the 

organization required by the domain; 

●​ Semantic similarity must reflect proximity relevant to the application: General model popularity does 

not replace task-specific evaluation. 

Selecting an embedding model simply because it belongs to the same family as the LLM used for generation is an 

anti-pattern. The tasks have different requirements. 

Rerankers solve another stage of the problem. Cross-encoder rerankers can process a query and document jointly, 

allowing detailed interactions between them through attention. This often produces higher-quality ranking than 

comparing independent embeddings. However, the cost is also greater because every query-document pair must 

pass through the model. 

A common architecture therefore uses two stages: 

●​ Low-cost retrieval reduces the candidate universe: An efficient mechanism selects a small subset; 

●​ More expensive reranking improves the final ordering: The Transformer is applied only where its cost 

provides greater return. 

This pattern can be summarized as: cheap retrieval first, expensive reasoning later. The architecture saves 

compute by applying more sophisticated capacity only after the search space has been reduced. 

14.2.5. Vision, Multimodality, and Document Intelligence 

The Transformer paradigm is not restricted to text. Vision Transformers treat image regions as tokens or equivalent 

representations, allowing attention to model relationships between different visual regions. This generality 

contributed to the development of foundation models capable of operating across multiple modalities. 

Architectural universality, however, does not mean that Transformers are always the most efficient option. In small 

workloads or edge deployments, CNNs may continue to provide efficiency advantages. 

Multimodal models must represent and combine different types of information, including: 



●​ Text: Instructions, questions, and linguistic knowledge; 

●​ Images: Regions, objects, and visual structure; 

●​ Audio: Representations derived from the acoustic signal; 

●​ Video: Visual information combined with a temporal dimension. 

Attention and cross-attention can establish relationships among these representations. A textual question, for 

example, can be associated with specific regions in an image. This enables workloads such as visual question 

answering, document understanding, and image reasoning. 

Multimodal capability also changes infrastructure requirements. Multimodal inputs may be significantly more 

expensive because of encoding, token counts or intermediate representations, preprocessing, and bandwidth. 

Cost must therefore be analyzed by modality rather than merely by request count. 

This becomes particularly important in Document Intelligence. Enterprise documents may contain far more than 

text: 

●​ Layout may carry meaning: The relative location of elements can be relevant; 

●​ Tables have their own structure: Converting cells into a linear sequence can destroy relationships; 

●​ Charts carry visual information: Extracted text may be insufficient; 

●​ Images may contribute to meaning: Diagrams, signatures, and other elements may be essential; 

●​ Spatial position can distinguish fields: Forms frequently depend on geometry. 

Specialized Transformers can combine some of these representations for workloads such as invoice extraction, 

contract analysis, and form understanding. Indiscriminately converting every document into plain text can 

eliminate information required by the task. The pipeline must preserve what actually determines quality in the 

downstream workload. 

14.3. Context, Knowledge, and Memory 

Context window has become one of the most heavily marketed characteristics of modern LLMs. Treating it merely 

as a marketing number, however, leads to dangerous architectural decisions. Context provides real benefits, but it 

also represents memory, compute, latency, financial cost, and competition for the model's attention. 

A Staff AI Engineer must distinguish four different questions: how much context the model accepts, how much 

context it effectively uses, which information should enter the execution, and which information should remain 

outside it. 

14.3.1. Long Context, Effective Context, and Context Dilution 

Context window represents the maximum number of tokens that can participate in a given execution. Larger 

contexts allow different types of information to be provided: 

●​ Long documents can remain available: This reduces the need to fragment some inputs; 

●​ Long histories can accompany the interaction: More previous steps can be preserved; 

●​ Multiple sources can be provided simultaneously: The model can combine evidence; 

●​ Large codebases can be included: Software workloads can receive more context; 

●​ Long conversations can continue within the same execution: More temporary state remains accessible. 

These benefits are accompanied by costs: 



●​ More memory is required: More representations must be maintained; 

●​ More compute is executed: Context processing increases; 

●​ Prefill becomes more expensive: Time to First Token can increase significantly; 

●​ More input tokens increase financial cost: Token-based APIs directly reflect this growth; 

●​ Context dilution can reduce quality: Relevant information must compete with larger amounts of 

irrelevant content. 

Long context should therefore be treated as an expensive resource. Another common mistake is confusing 

maximum context with effective context. A model may technically accept an extremely large sequence while still 

using different regions of that sequence with unequal quality. 

Utilization may vary depending on: 

●​ Evidence position: Information located in different regions may have different impact; 

●​ Amount of distraction: Irrelevant content can compete with useful signal; 

●​ Number of documents: Many sources increase the difficulty of selecting evidence; 

●​ Similarity among information: Similar or contradictory evidence may increase ambiguity. 

The statement “the model supports X tokens” does not mean “the model uses X tokens perfectly”. This distinction 

requires evaluation using the product's actual context distribution. 

Lost-in-the-middle is an important manifestation of this problem. In some scenarios, information located in the 

middle of extremely long contexts may be used less efficiently than information located near the beginning or 

end. This means that sending dozens of documents to an LLM does not guarantee that all of them will be 

considered appropriately. 

An architecture may produce better results through: 

●​ More precise retrieval: Less irrelevant content enters the prompt; 

●​ Reranking: Evidence with a higher probability of usefulness receives priority; 

●​ Context ordering: Information position can be deliberately managed; 

●​ Compression: Redundant content can be removed. 

Context dilution occurs when useful information is mixed with an excessive amount of low-relevance content. 

Imagine that an answer depends on only two specific paragraphs, but the application sends fifty complete 

documents. The model must then locate the evidence within a large amount of noise. This can simultaneously 

degrade accuracy, latency, and cost. 

The relevant principle is: context engineering is, to a large extent, selection engineering. The objective is not to 

maximize the number of tokens used. It is to maximize the density of useful information within the available 

budget. 

14.3.2. Attention Complexity and Efficient Attention 

Traditional self-attention must consider relationships between different positions in the sequence. As context 

grows, the number of possible interactions also grows rapidly. 

This has important consequences: 

●​ Compute increases: More relationships must be processed; 



●​ Memory usage grows: Intermediate states and structures associated with the context become larger; 

●​ Throughput can decrease: Each request occupies more resources; 

●​ Capacity planning becomes more workload-sensitive: Different context-length distributions significantly 

change serving capacity. 

Context length therefore has a structural cost beyond the commercial price charged per token. 

One optimization direction is to reduce the number of relationships being computed. Sparse and efficient 

attention can use patterns such as: 

●​ Local attention: Each token primarily interacts with nearby regions; 

●​ Block attention: Relationships are computed within or between selected blocks; 

●​ Selected global tokens: A limited number of positions retain broader connectivity. 

The objective is to reduce cost. Restricting relationships, however, can also eliminate important interactions. This 

is another architectural trade-off: less connectivity reduces compute, but may limit the ability to model relevant 

dependencies. 

Efficient attention must therefore exploit some structure of the problem. In a very long sequence, local 

relationships may be sufficient for much of the processing while a limited number of global mechanisms connect 

distant regions. The decision should not be based merely on the existence of an efficient technique, but on the 

compatibility between its connectivity pattern and the actual workload. 

14.3.3. Attention, Retrieval, and Parametric Knowledge 

Self-attention and retrieval solve different problems. Attention operates on information already present within the 

current execution. RAG and other retrieval mechanisms search for information outside the context and decide 

what should be incorporated. 

The distinction can be expressed simply: 

●​ Retrieval provides access to external knowledge: It determines which information should be brought into 

the execution; 

●​ Attention governs interaction among internal representations: It determines how information already 

available participates in transforming the hidden state. 

Increasing attention capacity does not eliminate the need for retrieval when knowledge is very large, changes 

frequently, requires specific authorization, or must preserve provenance. Some of the knowledge acquired during 

pretraining remains encoded in the model parameters. This is commonly called parametric knowledge. 

It has important limitations: 

●​ It can become outdated: The weights represent information learned during earlier periods; 

●​ Provenance is difficult to establish: It may not always be possible to determine where specific 

information originated; 

●​ Updates require additional mechanisms: Changing model weights does not offer the same operational 

simplicity as updating a knowledge base; 

●​ Information may be incorrect: Probabilistic generation does not provide factual guarantees. 



For this reason, knowledge-intensive enterprise systems frequently combine Transformers with databases, search, 

RAG, and tools. An important principle for enterprise architecture is: do not treat model weights as an 

authoritative enterprise database.  

Model weights and enterprise knowledge bases have fundamentally different requirements for updates, 

authorization, provenance, versioning, and operations. 

14.3.4. Context Window and Persistent Memory 

Attention should also not be confused with persistent memory. It uses information available during the current 

execution. When the execution ends, the model does not automatically "remember" that information in future 

requests. Persistent memory must be implemented externally. 

Some alternatives include: 

●​ Conversation stores: Preserve structured interaction history; 

●​ Vector memory: Enables retrieval of previous information through similarity; 

●​ Databases: Maintain explicit, queryable, governable state; 

●​ Knowledge graphs: Can preserve structured relationships among entities. 

The fundamental distinction is that context is a temporary execution state, whereas memory represents a 

persistent state across executions. Increasing the context window can temporarily preserve more history, but it 

does not solve memory management. 

Problems remain: 

●​ History grows indefinitely: Sending everything forever is not viable; 

●​ Older information may lose relevance: Keeping everything may increase noise; 

●​ Cost increases with context: Persistence inside the prompt is not free; 

●​ Information may become contradictory: Different historical states may compete. 

Agents need policies capable of storing, selecting, summarizing, and forgetting information. This again 

demonstrates why increasing one Transformer capability does not eliminate the need for external architecture. 

14.3.5. Token Budget, Compression, and Context Ordering 

Every Transformer-based system has a token budget, even when the context window appears extremely large. This 

budget must be divided among different consumers: 

●​ Instructions occupy part of the context: System prompts and policies compete for space; 

●​ Conversation history progressively consumes tokens: Previous interactions accumulate cost; 

●​ Retrieved context uses the same budget: Evidence must compete for space with other information; 

●​ Tool descriptions can be extensive: Agents with many tools carry schemas and instructions; 

●​ Output must also be considered: Part of the total capacity may need to remain available for generation. 

Token budgeting is an architectural decision. The question should not simply be “does this fit into the context?”, it 

is necessary to ask whether the marginal value of that information justifies its cost, latency, and the space that 

consequently becomes unavailable for more important information. 

Context compression can reduce volume while preserving portions considered relevant. Strategies include: 



●​ Summarization: Long content is transformed into a more compact version; 

●​ Extraction: Only required facts or excerpts are preserved; 

●​ Deduplication: Redundant content is removed; 

●​ Chunk selection: Only portions considered relevant enter the execution. 

Benefits may include lower cost, lower prefill latency, and less context dilution. Compression, however, can also 

remove critical information. Its quality must therefore be evaluated on real tasks. The trade-off is: information 

completeness vs. token efficiency. 

Context ordering is also part of this architecture. The ordering of evidence may influence performance, 

particularly in long sequences. 

Reranking therefore does not need to determine only which documents enter the context. It can also participate 

in decisions such as: 

●​ Which documents will be included: Not every candidate needs to reach the LLM; 

●​ In which order they will be positioned: More important information can be placed strategically; 

●​ Which excerpts will be grouped: Related evidence can be organized together. 

Context assembly is not a trivial concatenation step. It is part of the retrieval pipeline and should be treated as a 

measurable system component. 

14.4. Inference, Scale, and Serving Economics 

A Transformer architecture can achieve excellent benchmark quality and still be unviable in production. The 

economics of the system depend not only on parameter count, but also on context length, output length, 

concurrency, KV cache, batching, hardware utilization, and traffic patterns. 

For Staff AI Engineers, understanding inference means connecting architectural details to properties observed by 

users and to operational cost. 

14.4.1. Prefill, Decode, KV Cache, and Prefix Caching 

LLM inference can be understood as two phases with distinct behaviors: prefill and decode. Prefill processes the 

initial context. All input tokens must pass through the model to produce the representations required for 

generation. 

Its cost is influenced by several factors: 

●​ Input length: Larger prompts require more processing; 

●​ Model size: Larger models execute more operations; 

●​ Batch: How requests are grouped affects utilization and memory pressure. 

Extremely long prompts can significantly increase Time to First Token. Consequently, reducing context through 

better retrieval, compression, or prompt design can improve latency without changing the model or adding 

hardware. 

Decode has a different profile. Output tokens are produced autoregressively. Each new token depends on previous 

tokens. This limits parallelism across tokens belonging to the same sequence. 



Output length therefore becomes an important operational variable. A 5,000-token response may take 

significantly longer and consume far more resources than a concise 500-token response, even when using the 

same model and infrastructure. 

Controlling output length can simultaneously serve as: 

●​ Latency optimization: Fewer decode steps reduce response time; 

●​ FinOps: Fewer tokens mean less compute or lower generation charges; 

●​ UX optimization: More concise responses can deliver value faster. 

KV cache makes this generation economically viable. Once the Keys and Values for previous tokens have been 

computed, they can be cached and reused when generating subsequent tokens. Without this mechanism, much of 

the previous context would need to be recomputed repeatedly. 

KV cache reduces recomputation, but introduces a memory cost. Its size grows according to characteristics such 

as: 

●​ Sequence length: Larger contexts and generations retain more state; 

●​ Batch and concurrency: More simultaneous sequences multiply consumption; 

●​ Number of layers: More layers maintain more associated structures; 

●​ Model dimensions: Larger representations increase the footprint. 

This means that KV cache competes with model weights for available GPU memory. A model may fit comfortably 

when serving a single request and fail when concurrency increases. Serving capacity therefore cannot be inferred 

solely from the size of the weights. 

Capacity planning must consider context length, expected output, and concurrent sequences. The conclusion is 

important: LLM capacity planning is workload-dependent. The same GPU can support radically different numbers 

of users depending on input and output patterns. 

Prefix caching exploits another type of redundancy. Many requests may share identical initial portions, such as 

system prompts, policies, long instructions, or tool schemas. 

When the runtime can reuse computation associated with this prefix, several benefits may emerge: 

●​ Lower prefill cost: Previously executed work can be reused; 

●​ Higher throughput: Infrastructure spends less compute repeatedly processing identical content; 

●​ Lower operational cost: Large prefixes no longer need to be fully processed for every request. 

In enterprise agents, where policies, tool schemas, and system instructions are frequently repeated, prefix reuse 

can become economically significant. 

14.4.2. Width, Depth, Heads, and Scale 

The model's internal structure has multiplicative effects on infrastructure. Hidden size represents the 

dimensionality of internal representations. Increasing width tends to increase capacity, but also increases 

parameter count, compute, memory usage, and KV cache requirements. 

Depth represents the number of Transformer blocks. Additional layers enable multiple successive transformation 

stages, but increase compute, latency, and memory requirements. Residual connections and normalization make 

deep models trainable, but they do not make depth free. 



The number of attention heads also participates in this configuration. More heads enable different attention 

projections, but interact with head dimension, total hidden size, and compute. 

Overly literal interpretations should be avoided. The number of heads should not be translated into “the number 

of things the model can think about at the same time”. It is a structural representational choice whose impact 

must be measured empirically. As models increase in parameters, data, and compute, certain capabilities may 

emerge or become significantly more robust. 

Behaviors observed in larger models include: 

●​ Few-shot learning: Examples present in the context can guide the task more effectively; 

●​ Coding: Code generation and manipulation may improve; 

●​ Instruction following: The model may respond more consistently to instructions; 

●​ Reasoning behaviors: Certain problem-solving patterns may become more robust. 

Frontier-model capability, however, should not be confused with product requirements. A smaller model may 

produce the same relevant KPI at a fraction of the cost. Task-specific evaluation and model routing become 

necessary to identify when additional capacity actually creates value. 

Consider a larger model that marginally improves a particular benchmark but doubles application latency. This 

result cannot be evaluated solely as a technical improvement. The gain must be compared against SLAs, user 

experience, and product economics. 

14.4.3. Distillation and Quantization 

One way to reduce serving economics is to transfer or preserve part of the capability of larger models in smaller 

representations. Distillation uses a larger model as a teacher to assist in constructing a smaller model. 

Potential benefits include: 

●​ Lower latency: Less computational capacity may be required per request; 

●​ Lower inference cost: The smaller model reduces operational consumption; 

●​ Greater feasibility for edge deployment: Restricted hardware may become sufficient. 

The trade-off is that the smaller model may lose generality, long-tail capability, or reasoning quality. Distillation 

tends to be particularly attractive when the actual workload is narrower than the general capability of the original 

model. Quantization operates differently: weights can be stored or executed using lower numerical precision. 

This can reduce: 

●​ Memory footprint: More models or requests can fit on the same hardware; 

●​ Memory bandwidth requirements: Less data needs to be transferred; 

●​ Inference cost: Execution can use resources more efficiently; 

●​ Execution time in some scenarios: Throughput may increase. 

Aggressive quantization can, however, reduce quality. The impact depends on architecture, task, and method. 

Therefore, the relevant question is not whether a particular quantization level works on average, but whether it 

preserves quality on the product's specific workload distribution. Evaluation must accompany every efficiency 

gain. 

14.4.4. Hardware, Memory Bandwidth, and Distributed Training 



Transformers are strongly influenced by the characteristics of the hardware on which they execute. Performance 

depends on multiple resources: 

●​ Compute throughput determines the ability to execute operations: Some phases may be 

compute-bound; 

●​ Memory bandwidth determines the speed at which data can be moved: Other workloads may be 

constrained by moving weights and KV cache; 

●​ Interconnect affects distributed execution: Communication between accelerators may become a 

bottleneck; 

●​ Available VRAM limits models, caches, and concurrency: Theoretical compute capacity cannot 

compensate for insufficient memory. 

Selecting a GPU solely on the basis of theoretical throughput can therefore lead to an inappropriate decision. 

Serving must be analyzed considering model size, batch, context length, and output length. 

In some workloads, the primary bottleneck is not performing mathematical operations, but moving data through 

the memory hierarchy. This explains the importance of memory bandwidth in LLM serving. A GPU may have 

enormous computational capacity and still leave compute units underutilized if weights and caches cannot be 

supplied quickly enough. 

Very large models may also not fit on a single GPU. Training must then use different distribution strategies. 

Approaches discussed in this chapter include: 

●​ Data parallelism: Work over data is distributed across devices; 

●​ Tensor parallelism: Portions of operations or parameters are distributed; 

●​ Pipeline parallelism: Different stages or layers can be distributed. 

Distribution introduces communication. When GPUs must frequently exchange data, network bandwidth and 

latency become components of training performance. This directly connects model architecture to infrastructure 

topology. Once again, AI architecture cannot be analyzed independently from the distributed system that supports 

it. 

14.4.5. Serving, Observability, FinOps, and Model Routing 

Transformer serving must simultaneously balance latency, throughput, memory, and cost. Different workloads 

may prioritize different dimensions: 

●​ Chat must minimize perceived latency: Time to First Token and decode speed directly affect the 

experience; 

●​ Batch generation may prioritize throughput: Maximizing hardware utilization may be more important 

than responding immediately; 

●​ Concurrent workloads increase memory pressure: KV cache and scheduling become central concerns; 

●​ Different models may require different strategies: There is no universal serving configuration. 

Batching, quantization, KV cache management, parallelism, and routing are some of the available strategies for 

managing these trade-offs. Observability must also go beyond endpoint availability. 

Important metrics include: 

●​ Input tokens: Expose context growth; 



●​ Output tokens: Help characterize decode cost; 

●​ TTFT: Measures the time until the response begins; 

●​ Tokens per second: Characterizes generation speed; 

●​ Request latency: Measures total interaction duration; 

●​ Memory usage: Exposes hardware pressure; 

●​ KV cache utilization: Helps explain concurrency limits. 

It is also important to track the context-length distribution. Imagine that latency increases significantly even 

though the model and infrastructure have not changed. If users have begun sending prompts three times longer, 

the problem may lie in the workload profile rather than in the serving runtime. 

Without token telemetry, the team may investigate the wrong component. FinOps for Transformers is also deeply 

tied to tokens. Costs are influenced by input length, output length, model size, concurrency, and hardware 

utilization. 

This creates several optimization opportunities: 

●​ Reducing context eliminates processing that produces no value: Better retrieval can reduce cost; 

●​ Limiting outputs prevents unnecessary decode: Shorter responses can be less expensive and faster; 

●​ Caching reuses computation: Repeated prefixes do not need to be processed in full; 

●​ Smaller models can serve simple tasks: Excess capacity no longer needs to be paid for; 

●​ Routing directs workloads according to their requirements: Expensive models are reserved for cases 

where they add value. 

In this sense, prompt engineering can also be FinOps. Removing redundant content from prompts executed 

millions of times can produce significant savings at scale. 

Model routing formalizes this principle. A compound AI system can use specialized components: 

●​ A small model can perform classification: There is no need to use the largest LLM; 

●​ An encoder can generate embeddings: Representation remains a specialized task; 

●​ A reranker can improve relevance: A dedicated model operates after candidate generation; 

●​ A larger LLM can handle only complex cases: Expensive capacity is used where it provides a return. 

Routing can consider task type, complexity, latency budget, cost budget, and confidence. The architecture stops 

treating “the model” as a single component and instead uses a portfolio of capabilities suited to the properties of 

each stage. 

14.5. Reliability, Security, Governance, and Business Impact 

Transformers introduce probabilistic capability into systems that still need to satisfy deterministic requirements for 

security, authorization, traceability, and operations. This tension is particularly important in enterprise systems. 

The model may produce convincing language, but that does not mean its output is true, safe, authorized, or 

economically appropriate. The architecture must account for these limitations from the beginning. 

14.5.1. Reasoning, Interpretability, and Hallucination 



Transformers can produce behaviors associated with reasoning through patterns learned during training and 

post-training. However, this capability does not represent a logical guarantee. The system still performs 

probabilistic inference. 

This can produce different situations: 

●​ The intermediate process may appear correct while the conclusion is wrong: Fluency does not guarantee 

validity; 

●​ Reasoning may be plausible yet flawed: A coherent sequence can conceal incorrect assumptions; 

●​ Executions may be inconsistent: The same problem may produce different behaviors. 

For critical tasks, reasoning may need to be complemented by tools, deterministic computation, verification, and 

structured workflows. Reasoning capability does not eliminate the need for architecture. 

Interpretability also requires caution. Attention maps may expose internal patterns, but they should not 

automatically be transformed into causal explanations. 

The final output depends on multiple heads, layers, feed-forward transformations, and residual paths. 

Consequently, explanations intended for users or governance processes should not rely exclusively on attention 

weights.  

In critical systems, external evidence, provenance, and decision rules may provide a substantially more reliable 

explanatory foundation. Hallucination should also not be interpreted simply as a localized failure of attention. 

Generative models are trained to produce plausible and coherent sequences. When sufficient information is 

unavailable, they may still produce linguistically convincing continuations. 

Mitigations must be architectural: 

●​ Retrieval can provide external evidence: This reduces exclusive dependence on parametric knowledge; 

●​ Tools can query deterministic sources: External systems can calculate or verify information; 

●​ Verification can detect inconsistencies: Outputs can undergo additional validation stages; 

●​ Abstention can be a valid response: The system does not need to answer when confidence or evidence is 

insufficient. 

Hallucination should not be treated solely as a bug that can be fixed through prompt engineering. The system 

must be designed under the assumption that plausible generation and factual truth are not equivalent properties. 

14.5.2. Prompt Injection, Context Isolation, and Cybersecurity 

Prompt injection exploits a fundamental property of the problem: instructions and data may appear within the 

same context processed by the model. A document retrieved through RAG, for example, may contain text 

designed to influence LLM behavior. 

A Transformer does not automatically provide a perfect trust boundary between: 

●​ Trusted instructions: Policies and instructions that should have authority; 

●​ Untrusted content: External data that should be interpreted but should not control the system. 

Prompt hierarchy can help, but it should not be the only defense. Critical tools and actions require external 

controls such as authorization, argument validation, policies, and sandboxing. 



Context isolation can also reduce risk. The application can externally preserve the origin and trust level of different 

prompt components. 

These include: 

●​ System policies: High-authority rules; 

●​ User input: Content controlled by the user; 

●​ Retrieved documents: External evidence that may be untrusted; 

●​ Tool results: Data returned by external systems. 

Even when all of this information is eventually serialized for the model, the architecture can preserve sufficient 

metadata to apply different policies. An important principle is that retrieved text should be treated as data, not as 

authority for tool execution. This distinction must exist in the orchestrator and in deterministic system 

components. 

In addition to prompt injection, Transformer-based systems can introduce other security surfaces: 

●​ Data exfiltration: Information present in the context may be reproduced or transmitted improperly; 

●​ Context poisoning: False or malicious content may alter response behavior; 

●​ Model extraction: Intensive usage may attempt to approximate model behavior; 

●​ Resource exhaustion: Extremely long inputs may increase cost and latency; 

●​ Unsafe generation: Outputs may be forwarded to critical systems without adequate validation. 

Defenses must therefore exist outside the model. Access control, context limits, tool authorization, output 

validation, rate limiting, and auditability remain necessary. The Transformer may participate in security decisions, 

but it should never constitute the system's security boundary by itself. 

14.5.3. Governance and Model Upgrades 

Governance requires an organization to know which models are in production, where they are being used, and 

under which constraints. Relevant information includes: 

●​ Model version: Enables behavior to be reproduced and investigated; 

●​ Context window: Can change cost, capacity, and operational limits; 

●​ Provider: Defines external dependencies and operational characteristics; 

●​ Data handling policy: Determines which information may be sent to the model; 

●​ Known limitations: Constraints must be understood by those designing the product; 

●​ Approved use cases: Not every capability should be enabled for every application. 

Changing a model can modify quality, latency, safety behavior, tokenization, and cost. Consequently, a model 

upgrade should not be treated as a simple change to a configuration string. A newer version may achieve a better 

benchmark while still introducing product regressions. 

Changes can occur in: 

●​ Style: Response format and tone may change; 

●​ Refusal behavior: Refusal policies may alter existing flows; 

●​ Instruction following: Previously stable prompts may behave differently; 

●​ Tool calling: Schemas or tool-use decisions may regress; 

●​ Reasoning behavior: Strategies used by the model may change. 



Upgrades therefore need to go through regression suites, shadow testing, canary deployments, and business 

metrics. The principle is: provider upgrade is a production release. This remains true even when no line of the 

application's internal code has changed. 

14.5.4. Business KPIs, Quality per Dollar, and Quality per Token 

Transformers must be evaluated through product and business metrics rather than only through technical 

benchmarks. A larger model may increase task success while simultaneously increasing latency, cost, and 

abandonment. The business outcome depends on the combination of these variables. 

Consider two hypothetical options from the original problem: 

Model A 

●​ Task success: 92%; 

●​ Response time: 1 second; 

●​ Cost: Low. 

Model B 

●​ Task success: 94%; 

●​ Response time: 6 seconds; 

●​ Cost: Five times higher. 

This list identifies the relevant dimensions but does not automatically determine which model should be used. 

The product must evaluate whether the additional two percentage points of task success compensate for greater 

latency and cost. The answer depends on the economic value of an error, user experience, and workload criticality. 

One useful way of reasoning is Quality per Dollar. 

The analysis can simultaneously consider: 

●​ Task success: Measures the actual outcome of the task; 

●​ Groundedness: Indicates adherence to available evidence; 

●​ Latency: Affects experience and operational viability; 

●​ Cost: Determines sustainability at scale. 

A frontier model may provide excellent absolute quality while still being economically inefficient for simple tasks. 

Model routing can improve this curve: simple cases remain on smaller models while difficult cases are escalated 

to more capable models. Context must also be analyzed through marginal return. Quality per Token asks how 

much additional value a specific set of tokens produces. 

Adding 20,000 tokens to a prompt to improve task success by 0.1% may be economically poor. Adding 1,000 

tokens containing critical evidence may produce a much larger gain. This analysis may require retrieval evaluation, 

context attribution, and ablations. 

The Staff-level principle is to measure marginal context gains rather than assume that more tokens automatically 

imply better quality. 

14.5.5. Key Trade-Offs and Anti-Patterns 



Transformers concentrate trade-offs between capacity, quality, and efficiency. There is no universally optimal 

configuration. 

The primary trade-offs must be addressed explicitly: 

●​ Context Length vs. Cost: More context makes more information available, but increases prefill, memory 

consumption, and cost; 

●​ Long Context vs. Retrieval: Large context windows reduce some search requirements, while retrieval 

preserves efficiency, freshness, and provenance; 

●​ Model Width vs. Memory: Larger representations may increase capacity and also resource consumption; 

●​ Model Depth vs. Latency: More layers enable more successive transformations and increase execution 

cost; 

●​ More Attention Heads vs. Complexity: More projections increase flexibility but also contribute to 

structural cost; 

●​ Encoder vs. Decoder: Encoders are efficient for representation, while decoders enable autoregressive 

generation; 

●​ Decoder-Only vs. Encoder-Decoder: Decoder-only offers broad generative generality, while 

encoder-decoder can be natural for conditioned transformations; 

●​ Absolute vs. Relative Positioning: Simpler positioning strategies may have greater difficulty generalizing 

to long contexts; 

●​ Dense vs. Efficient Attention: Broad connectivity preserves interactions but can be extremely expensive; 

●​ Large Model vs. Task-Specific Model: General capacity may increase potential quality while reducing 

economic efficiency; 

●​ Quantization vs. Quality: Lower precision reduces resource requirements but can introduce degradation; 

●​ Maximum Context vs. Effective Context: Accepting tokens does not mean using them uniformly well. 

The Staff-level role is not to eliminate these trade-offs, but to make them explicit and deliberately select which 

properties are truly necessary for the product. Several anti-patterns can help identify problematic decisions: 

●​ Sending everything into the context simply because it fits: Increases cost, prefill, and context dilution 

without guaranteeing improvement; 

●​ Confusing context window with persistent memory: History across executions still requires its own 

architecture; 

●​ Using a generative decoder for tasks that an encoder can solve: Introduces unnecessary latency and cost; 

●​ Assuming attention weights explain decisions: Can produce misleading interpretations; 

●​ Increasing model size before fixing retrieval: The bottleneck may be in the upstream pipeline; 

●​ Increasing context window to compensate for poor chunking: LLM capacity begins masking Data 

Engineering problems; 

●​ Ignoring KV cache during capacity planning: Concurrency can produce memory exhaustion even when 

the weights fit on the GPU; 

●​ Measuring only total latency: TTFT and decode speed affect UX differently; 

●​ Relying only on prompt hierarchy against injection: Security requires external controls; 

●​ Treating parametric knowledge as an authoritative enterprise knowledge base: Freshness and 

provenance become compromised; 

●​ Changing models without regression testing: Provider upgrades may introduce behavioral regressions; 

●​ Selecting a model exclusively by benchmark: Cost, latency, reliability, and business KPIs also determine 

value; 

●​ Ignoring evidence position in long contexts: Lost-in-the-middle may degrade utilization; 

●​ Transforming untrusted tool output into instructions: External data acquires authority it should not have. 



These anti-patterns share one characteristic: they treat model capacity as a substitute for systems engineering. 

Transformers are extremely powerful components, but retrieval, memory, security, serving, governance, and 

operational problems still require explicit solutions. 

14.5.6. Business Impact 

Transformers have significantly expanded the set of processes that can be automated or augmented through 

artificial intelligence. Their enterprise impact appears across several categories: 

●​ Knowledge automation: Large volumes of unstructured text can be processed at scale; 

●​ Natural interfaces: Users can interact with systems through language; 

●​ Code generation: Development activities can be accelerated; 

●​ Multimodal automation: Text, images, audio, and documents can participate in the same workflow; 

●​ Semantic search: Contextual representations improve information access; 

●​ Personalization: Responses can be adapted to available context; 

●​ Agentic systems: LLMs can coordinate tools and workflows. 

These capabilities do not guarantee financial returns by themselves. A sophisticated model used indiscriminately 

can increase cost, latency, risk, and vendor dependency. 

Competitive advantage does not simply come from accessing more powerful Transformers. It comes from 

correctly integrating probabilistic capability with data, retrieval, tools, infrastructure, security, governance, and 

business processes. 

Chapter Summary 

Transformers have become the central architecture underlying much of modern AI because they enable the 

construction of contextualized representations through communication mechanisms among different positions. 

For AI Engineering, however, understanding Transformers requires looking beyond the attention mechanism. The 

fundamental principles can be summarized as follows: 

●​ Tokens begin as representations and become contextual: Hidden states evolve as they move through the 

layers; 

●​ Queries search for information, Keys participate in matching, and Values carry content: These 

projections structure the communication performed by attention; 

●​ Self-attention connects positions within a sequence: Long-range relationships can be modeled directly; 

●​ Multi-head attention enables multiple simultaneous patterns: Different projections can produce 

complementary signals; 

●​ Attention does not represent the entire Transformer: Feed-forward networks play a significant role in 

model capacity; 

●​ Residual connections and normalization make depth viable: Large networks depend on these 

mechanisms for stability; 

●​ Positional information makes order accessible to the model: Strategies such as RoPE are particularly 

influential in long-context workloads; 

●​ Context window is not equivalent to effective context: Accepting more tokens does not guarantee 

uniform utilization or better quality; 

●​ Encoder models are strong at understanding and representation: Embeddings, classification, and 

reranking can be handled without autoregressive generation; 



●​ Decoder models are strong at generation: Their autoregressive nature explains a significant portion of 

inference latency; 

●​ Encoder-decoder models are natural for conditioned transformations: Cross-attention connects input 

representations to output generation; 

●​ KV cache is central to inference efficiency: At the same time, it becomes one of the primary sources of 

memory pressure under high concurrency; 

●​ Long context has a real cost: Retrieval, selection, compression, and ordering remain important; 

●​ Attention does not replace retrieval: One operates over content already present; the other determines 

which external knowledge should enter; 

●​ Context does not replace persistent memory: State across executions must be maintained externally; 

●​ Model weights do not replace enterprise knowledge bases: Freshness, provenance, and governance have 

different requirements; 

●​ Probabilistic reasoning does not eliminate deterministic controls: Tools, verification, and workflows 

remain important for critical tasks; 

●​ Security must exist outside the model: Prompt injection, tool abuse, and data exfiltration are not solved 

by the Transformer alone; 

●​ Serving economics depend on the workload: Context length, output length, concurrency, KV cache, and 

hardware utilization drastically change cost; 

●​ Model selection must consider marginal value: More parameters, context, or technical quality must 

produce measurable returns. 

The central lesson is that Transformers provide an extremely flexible architecture for representing and combining 

information, but production systems must consciously decide how much context to provide, which architectural 

family to use, how much compute to pay for, where to apply specialized models, and which responsibilities should 

remain outside probabilistic behavior. 

A Staff AI Engineer should not ask only “Which Transformer has the greatest capacity?”. The more useful question 

is: which combination of model, context, retrieval, infrastructure, and controls delivers sufficient quality within 

latency, cost, security, governance, and business constraints? 

Practical Framework for Evaluating Transformer Architectures 

When analyzing a new Transformer-based workload, a Staff AI Engineer can use a relatively straightforward 

decision sequence. First, determine which type of capability the application actually requires: 

●​ Representation: Determine whether the problem only needs to produce embeddings or other 

representations; 

●​ Classification: Determine whether the output is essentially a decision or label; 

●​ Retrieval and reranking: Evaluate whether the primary problem is locating and ordering information; 

●​ Sequence transformation: Determine whether an explicit transformation exists between input and 

output; 

●​ Autoregressive generation: Use generation when producing a new sequence is genuinely part of the 

requirement; 

●​ Multimodality: Add other modalities only when they carry information required by the task. 

This analysis helps select the architectural family before discussing specific models. Next, choose the architecture 

compatible with the workload: 

●​ Encoder-only: Consider for understanding, representation, embeddings, classification, and reranking; 



●​ Decoder-only: Consider when progressive generation, chat, coding, or agentic behavior is required; 

●​ Encoder-decoder: Consider when there is a conditioned transformation between sequences; 

●​ Multimodal Transformer: Use when text, images, audio, video, or document structure must be combined. 

Next, determine how much context the product actually requires: 

●​ Context requirement: Determine how much information is necessary to perform the task; 

●​ Information density: Identify which excerpts provide the greatest value; 

●​ Redundancy: Remove repeated or irrelevant information; 

●​ Retrieval: Determine whether dynamically retrieving knowledge reduces context requirements; 

●​ Lost-in-the-middle: Evaluate evidence utilization across different positions; 

●​ Provenance: Preserve origin information when traceability is important; 

●​ Compression: Use it only when information loss remains acceptable; 

●​ Ordering: Test how evidence organization affects quality. 

Context assembly should be treated as part of the architecture rather than as passive content concatenation. 

Next, analyze the inference profile: 

●​ Input length: Measure the actual prompt distribution, not only the permitted maximum; 

●​ Output length: Determine how much decode the product actually needs; 

●​ TTFT: Define limits compatible with interactive experiences; 

●​ Tokens per second: Evaluate generation speed; 

●​ Throughput: Determine how many requests must be served; 

●​ KV cache: Estimate the impact of context, output, and concurrency; 

●​ Concurrent sequences: Perform capacity planning using actual traffic behavior. 

These metrics transform abstract requirements into concrete serving decisions. Next, analyze the model and 

infrastructure jointly: 

●​ Model size: Determine whether the model is larger than necessary; 

●​ Specialization: Evaluate whether specialized encoders or rerankers can replace larger LLMs; 

●​ Quantization: Test whether lower precision preserves sufficient quality; 

●​ Distillation: Consider it when the workload is narrower than the original model's capabilities; 

●​ Batching: Use it when throughput can be increased without violating latency requirements; 

●​ Prefix caching: Identify repeated portions of prompts and schemas; 

●​ Compute vs. memory bound: Identify the resource that is actually limiting performance; 

●​ Distributed execution: Consider communication costs when a single GPU is insufficient. 

Infrastructure must be sized for the workload rather than only for the nominal size of the weights. Next, analyze 

security: 

●​ Trust boundaries: Determine which parts of the context are trusted; 

●​ Prompt injection: Treat retrieved documents and user input as potentially hostile content; 

●​ Tool results: Treat external outputs as data, not as authority; 

●​ Tool authorization: Control actions outside the model; 

●​ Output validation: Validate responses before using them in critical operations; 

●​ Resource limits: Restrict contexts and workloads capable of causing resource exhaustion; 

●​ Auditability: Preserve sufficient evidence to investigate behavior. 

The model can participate in the process, but critical policies should remain independent of it. Next, analyze 

governance and evolution: 



●​ Model version: Know exactly which version is active; 

●​ Approved workloads: Define where each model may be used; 

●​ Regression suite: Preserve cases capable of detecting behavioral changes; 

●​ Shadow testing: Observe a new version without affecting users; 

●​ Canary: Expose changes progressively; 

●​ Logging: Record model, prompt, and context metadata when appropriate; 

●​ Provider upgrades: Treat external changes as production releases. 

This process prevents model upgrades from becoming uncontrolled changes to system behavior. Finally, connect 

every decision to the business: 

●​ Incremental quality: Determine how much additional value each model actually produces; 

●​ Cost per successful task: Measure cost relative to outcomes rather than merely cost per call; 

●​ Quality per Dollar: Evaluate the economic efficiency of model capacity; 

●​ Quality per Token: Measure whether additional context produces proportional gains; 

●​ Latency impact: Understand how response time affects experience and abandonment; 

●​ Routing opportunity: Use expensive capacity only where the gain justifies it; 

●​ Vendor dependency: Consider the operational consequences of depending on a particular provider; 

●​ Business KPI: Validate whether technical improvements change metrics that actually matter. 

This is the mental model expected from a Staff AI Engineer: understanding Transformers not as magical 

intelligence boxes, but as computational architectures with specific properties related to representation, 

context, memory, compute, and cost. 

A mature decision does not seek to maximize model size, context window, or architectural sophistication. It seeks 

to maximize system outcomes within the existing technical, economic, operational, security, and business 

constraints. 
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