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Enterprise GenAI as Generalized
Search Intelligence
Why Performance Is Jagged and Where Humans Remain Essential

Yakov Pyotr Shkolnikov · Soundness

Generative AI (GenAI) has made substantial progress in performance and usability. Yet its
adoption in enterprises has been uneven, and many applications have failed to scale from
prototypes to production. To help explain this uneven progress, we suggest that current
enterprise GenAI systems can be interpreted as a generalized search intelligence (GSI).
Such a system combines knowledge learned from large volumes of text, training that im‐
proves the selection of useful outputs, and information retrieved from databases, web
searches, and connected tools to enrich the model’s context. This view yields practical
heuristics for how organizations should integrate GenAI into their processes.

Knowledge engineering remains a critical
bottleneck to success, even as AI accelerates
the discovery of individual processes.

Full research paper: SSRN preprint forthcoming
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Introduction
Large language models (LLMs) have transitioned from laboratory experiments into a large-scale industry.
Their uneven performance in enterprise applications raises a practical question: what makes these systems
useful when they work, and what limits their deployment?

H O W  L L M S  G E N E R AT E  O U T P U T

LLMs generate output through autoregressive token prediction. At each step, the LLM uses the preceding tokens
as context to predict the next token, which is then added to the context. This process repeats until the output se‐
quence is complete (Bengio et al., 2003; Vaswani et al., 2017). The generated tokens may form part of a direct an‐
swer to the user or specify a tool call executed by the surrounding harness (Schick et al., 2023).

Two complementary mechanisms have been used to increase the chances that model outputs are useful.
The first has been improving the model’s ability to predict the next token from the preceding context, in‐
cluding when and how to call tools. The second has been adding tools that enrich the model’s context and
enable interaction with external systems (Figure 1).

Figure 1. Prediction scaling, model inference, and the surrounding harness jointly support enterprise GenAI under the
generalized search intelligence (GSI) interpretation. Human process knowledge and judgment supply goals, constraints,
and criteria for success.

Interpreting enterprise GenAI as generalized search
In enterprise GenAI, combining the scaling of prediction and tooling has produced a system that can be in‐
terpreted as a generalized search intelligence (GSI). The user’s request guides the model’s retrieval and
tool use, which augment the context from which the model generates output token sequences. The harness
serves as a knowledge-engineering mechanism that enables this retrieval, as well as the verification and
ranking of information. The information available for search includes documentation, data definitions,
tool schemas, and decision rules that were missing or underrepresented during model training. Additional
approaches such as Tree of Thoughts explicitly search multiple candidate reasoning trajectories before se‐
lecting a result (Yao et al., 2023).
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S C A L I N G  P R E D I C T I O N

Prediction capability has improved through the in‐
vention of several techniques. In the original de‐
coder models, the weights were optimized primarily
to predict the next token in the training corpus.
Subsequent work retained next-token prediction
while changing which sequences the model was
trained or rewarded to produce.

First, supervised fine-tuning increased the probabili‐
ty that a prompt would be followed by a complete
answer. Reinforcement learning further optimized
the model weights toward results that humans pre‐
ferred (Ouyang et al., 2022). Chain-of-thought-
based training increased the quality of the user-fac‐
ing answer by having the model first generate inter‐
mediate reasoning tokens (Guo et al., 2025). Finally,
models were trained or rewarded to generate tool-
call tokens that request external operations whose
returned information can help complete the task
(Schick et al., 2023).

S C A L I N G  TO O L I N G

Tooling underwent a parallel development. First, re‐
trieval-augmented generation (RAG) augmented the
model context with retrieved external information,
including information more current than the model’s
training data (Lewis et al., 2020). Tool calling then al‐
lowed models to interact with computer systems
through application programming interfaces (APIs)
and retrieve data from databases and other services.

Harnesses soon added the ability to store informa‐
tion in flat files and databases and return previous
outputs to the model as context. They also allowed
models to write scripts and other code that the sur‐
rounding system could execute to invoke software li‐
braries. They now coordinate planning, decide when
to call the LLM, and reprompt it or rerun generation
when outputs fail verification. Standards such as the
Model Context Protocol (MCP) let models call new
tools without retraining (Model Context Protocol,
2025).

A historical analogy for generalized search is IBM’s Deep Blue, which achieved strong results in chess, a
domain with explicit rules and measurable outcomes, by utilizing search (Campbell et al., 2002). Its suc‐
cess on this well-defined problem did not show that the same approach could extend to activities valuable
to enterprises, such as independently discovering processes and criteria for success in an organization. The
same question now applies to enterprise GenAI. This article uses the GSI framework to compare how cur‐
rent systems handle well-defined problems with how they handle open-ended enterprise problems: can the
combined system reliably discover undocumented processes and exercise sound judgment, or will it in‐
stead keep the burden of knowledge engineering on humans?

Why enterprise GenAI performance is jagged
Interpreting current enterprise GenAI systems as GSI may help explain the “jagged technological frontier”:
AI improves performance on some tasks but degrades it on others of seemingly similar difficulty (Dell’Ac‐
qua et al., 2026). Consider what happens when retrieval and tool access are removed. Without retraining
to incorporate new knowledge, performance declines as the model’s representation becomes outdated.
Even tasks commonly considered to require reasoning alone, such as coding, suffer without access to cur‐
rent documentation (Zhou et al., 2023). The experiment is imperfect: because many LLMs are now trained
to use tools, removing access to those tools can itself reduce performance. It is nevertheless informative.
The inability to use APIs, access current information, or inspect data in organizational databases is not
simply a failure of model reasoning. It reflects a lack of access to the information the enterprise system
may need to produce a useful answer.
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For many businesses, this experiment is already underway. When systems are disconnected and processes
are undocumented, people may not know what to search for or how to verify the result, and even with a
human in the loop, the system may produce results that do not meet the organization’s requirements.
Moreover, much of the information models encounter during training and inference consists of finalized
artifacts produced by human and organizational decisions. These artifacts often omit the process by which
the content was generated: the rejected alternatives, the influence of organizational incentives, and the
negotiations that produced a common solution. Learning to retrieve and reproduce patterns of past deci‐
sions does not necessarily correspond to an ability to make those decisions.

Learning to retrieve and reproduce patterns of past decisions does not neces‐
sarily correspond to an ability to make those decisions.

These gaps in access and process knowledge may explain much of the falloff between prototypes and pro‐
duction. Organizations attempting to apply AI where systems are disconnected, processes are poorly de‐
fined, people cannot judge the quality of outputs, or tasks require a jump beyond the available representa‐
tion are expecting autonomous process discovery and judgment that current enterprise deployments have
not reliably demonstrated. The result can be high average performance on routine, constrained decisions
alongside costly failures on undocumented exceptions and under shifting conditions, especially when de‐
ploying AI itself can cause such a shift.

Enterprise deployment evidence
T H E  D E P LOY M E N T R E C O R D

50%
at least 50% of GenAI projects had
been abandoned after proof of con‐
cept by the end of 2025

Gartner (2026a)

37%
only 37% of broader AI initiatives
launched in the previous 12 months
were live and delivering value

S&P Global (2026)

70%
of enterprises will abandon agentic AI
systems built through vendor forward-
deployed engineering by 2028

Gartner (2026b), forecast

The current enterprise deployment record provides observational evidence consistent with a GSI interpre‐
tation. Large numbers of AI prototypes fail to make it to production. Gartner (2026a) reported that at least
50% of GenAI projects had been abandoned after proof of concept by the end of 2025, while S&P Global
(2026) found that only 37% of broader AI initiatives launched in the previous 12 months were live and
delivering value. Based on interviews with AI practitioners, RAND identifies misunderstood problem defin‐
itions, including mismatched metrics and poor workflow fit, and missing data as leading root causes of
AI/ML project failure (Ryseff et al., 2024). Under the GSI interpretation, these can reflect failures of
knowledge discovery and problem formulation, as well as the costs of creating and maintaining an appro‐
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priate knowledge harness. While these measures use different populations and definitions, the outcomes
are consistent with an architecture in which the harness provides essential process information and verifi‐
cation. They do not, by themselves, establish the cause of any particular project failure.

The responses of OpenAI, Anthropic, and Microsoft are also informative, with growing investments in for‐
ward-deployed engineers (FDEs) and consultancies to help with workflow redesign, data integration, and
organizational adoption (OpenAI, 2026; Althoff, 2026). Anthropic (2026) also announced a $100 million
commitment to train 10,000 “Frontier Deployed Engineers” from its customers and partners by the end of
2027. Given the code-writing capabilities already demonstrated by these models, the continued need for
specialized deployment labor is consistent with a remaining bottleneck in discovering process require‐
ments and performing the knowledge engineering required for reliable integration.

Shallow and deep search
Applied to enterprise tasks, the GSI interpretation also raises a conundrum.

When a task is well documented, with a clear representation of its processes, easily located data, and easi‐
ly verified results, when are extensive reasoning capabilities economically justified? In software, if a task is
repeated frequently and is well defined, writing a library once and reusing it can provide cheaper and
more reliable code, and once documented, the library can be found and called by simple autocomplete
tools. For business reporting, creating a reusable dashboard may be more economical than a natural-lan‐
guage interface for exploring it.

Both examples are shallow searches that often do not require frontier GenAI (Figure 2). The required in‐
formation is known, easily available, and current; the output is easily checked; and the task ends with a
reusable artifact whose value exceeds the value of the search itself.

Figure 2. Shallow searches favor inexpensive, reliable mechanisms for well-defined tasks. Deep searches use an iterative
Socratic loop in which people refine questions and verify results.

But for applications without these required components, the burden of making the system work, defining
its goals, and verifying its outputs often falls on people. This is something that many people using AI have
observed. A user asks a chatbot for an answer. The result misinterprets the request. The user reasons about
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the failure and changes the question to be more precise, but the model returns another wrong answer. The
user figures out what the model misunderstood and corrects it while fixing the data. This continues until
the model finally provides an acceptable answer.

This example demonstrates a deep search in which the initial question may be wrong, important knowl‐
edge is tacit, success criteria are undefined, edge cases dominate, errors can be hidden by fluency, and val‐
ue comes from the search for an answer rather than the answer found. Through this questioning, the user
supplies information about the underlying processes that was omitted from the presentation of work used
in model training, while also helping define the knowledge and tools the harness must provide.

In these deep searches, human expertise remains an important part of the current system, and users gain
value from refining the questions themselves. The GenAI system can thus function as a Socratic engine
that challenges users to examine their assumptions, much like an AI sparring partner (Herrmann, 2025) or
a source of productive friction (Su et al., 2026).

Heuristics for using GenAI in enterprises
The accidental Socratic function therefore provides a simple set of heuristics for deciding where to apply
AI within a company. For shallow search tasks, robotic process automation, conventional software, and in‐
expensive models are often sufficient.

For deep search tasks, frontier GenAI is particularly useful in the following areas:

Additionally, consider how frequently decisions fall outside established patterns represented in the model
or made accessible through the harness, whether exceptions can be easily detected, and the severity of the
consequences of errors. Processes that are stable and have reversible errors are better candidates for au‐

Apply it in research and development and early prototyping, where Socratic search can provide un‐
even but meaningful gains through exploration and innovation.

1

Apply it when mapping and standardizing company processes, where the Socratic method can ac‐
celerate discovery. Here, however, AI provides only part of the function. AI offers persistence,
breadth, and a willingness to revisit contradictions indefinitely. It does not reliably supply missing
organizational experience, negotiate organizational politics, or assume responsibility for difficult
recommendations.

2

Apply it in employee training, where an engine can be intentionally configured as a Socratic inter‐
rogator that asks employees questions so they learn actively and through introspection rather than
reading or memorization, as found with university programming students (Sun et al., 2026).

3

Apply it in large and complex software development tasks, where a combination of many require‐
ments with existing code and systems makes it difficult for developers to locate relevant informa‐
tion and satisfy every constraint simultaneously, particularly when coding in an unfamiliar lan‐
guage or codebase.

4
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tomation. Processes with costly errors, especially those with delayed consequences, are more likely to re‐
quire frequent human intervention and burdensome review.

Organizations must also consider how frequently processes change due to markets and regulations, requir‐
ing updates to the harness. This includes changes due to the introduction of AI itself. These changes create
ongoing harness maintenance costs.

Finally, organizations must retain sufficient staff with process expertise to manage changes, evaluate ex‐
ceptions, and recognize when established decision rules no longer apply. The economic value of GenAI-en‐
abled automation should therefore account for the additional costs of maintaining the harness, verifying
outcomes, and retaining human expertise.

Enterprise value and cost of the Socratic engine
The organizational Socratic method is valuable but prolonged, expensive, and uncomfortable. The valu‐
able questions are likely to overlap with the uncomfortable ones: whether the processes followed match
the documentation, whether KPIs are measuring desired outcomes, who has authority to make decisions,
and whether the evidence supports the strategy. An AI system used this way does not merely retrieve infor‐
mation. It forces the organization to account for itself. Its durable output may nevertheless be a company
that understands itself better.

An AI system used this way does not merely retrieve information. It forces the
organization to account for itself.

But the cost of using AI through a Socratic method can be extremely high inside an organization.
Organizations often rely on outside consultants to solve this problem because consulting firms perform the
same function while bearing the brunt of the discomfort. The cost is not simply model inference, but also
the labor required for discovery, documentation, implementation, architecture, security, and verification.
For processes that change frequently or are executed infrequently, these costs may be difficult to amortize,
particularly given ongoing maintenance requirements. The result can be negative net value compared with
continuing to rely on existing processes supported by human expertise and judgment. Consistent with this
risk, Gartner (2026b) forecasts that 70% of enterprises will abandon agentic AI systems built through ven‐
dor forward-deployed engineering by 2028, due to escalating costs and the inability to evolve these sys‐
tems independently.

Conclusion
Viewing enterprise GenAI through the GSI framework does not diminish its practical achievements or im‐
ply that transformer inference is a conventional search algorithm. Rather, it clarifies the conditions under
which current enterprise architectures are useful and provides practical heuristics.
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Shallow searches are the best candidates for the least expensive and most reliable implementation, such as
with deterministic software, standard retrieval, and potentially with the assistance of small models. Deep
searches, on the other hand, can benefit from the use of frontier GenAI models with humans in the loop to
refine the questions, expose contradictions, and map out what the organization does not yet understand.
In these cases, the system functions as a Socratic engine, and humans remain part of the intelligence, sup‐
plying missing context and judgments of success.

These patterns are not merely theoretical predictions. The observed outcomes of enterprise AI deploy‐
ments have not demonstrated that even access to all company data is sufficient to independently recon‐
struct undocumented processes and automate them reliably. Knowledge engineering remains a critical bot‐
tleneck to success, even as AI accelerates the discovery of individual processes. Until reliable autonomous
models and algorithms for process discovery and judgment are demonstrated, organizations should deploy
enterprise GenAI where the decision space and evaluation criteria are already explicit, or budget for and
retain the human expertise required to discover, define, and maintain the processes on which GenAI
depends.

Prioritizing well-defined and verifiable use cases, choosing the least expensive reliable mechanisms, and
retaining human expertise for ambiguous or changing processes can improve the likelihood of positive ROI
as enterprise GenAI and its supporting systems continue to evolve.
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