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ABSTRACT

This paper examines a specific and underexplored problem in applied machine learning: how to train large language models
and neural workflow systems to reliably execute conditional logic — defined here as IF-condition structures — without
collapsing that logic into probabilistic guesses. We argue that the primary failure point in most enterprise Al deployments
is not the model's capability but the design of the workflow surrounding it. Drawing on principles from formal verification,
neuro-symbolic Al, and recent developments in instruction fine-tuning, we propose a framework for building conditional
training pipelines that hold their structural integrity across distribution shifts. We further examine workflow architecture
patterns that allow IF conditions to function as hard constraints rather than soft tendencies. The implications extend to
autonomous agent design, decision automation, and any application where a model must branch, halt, or escalate based on
structured criteria.

Keywords: conditional fine-tuning, neuro-symbolic Al, workflow design, IF-THEN logic, instruction following, decision
automation

1. INTRODUCTION

The central promise of modern Al systems — that a well-trained model can reason, act, and respond appropriately across a
range of situations — runs immediately into trouble when those situations involve branching logic. In practice, a language
model asked to follow a rule like "if the user's account balance is below zero, escalate to a human agent" will, on average,
do the right thing most of the time. That phrase — most of the time — is precisely the problem.

Probabilistic correctness and logical correctness are not the same thing. In a financial compliance context, a patient triage
workflow, or a legal document system, "most of the time" is not a threshold that regulatory frameworks or operational risk
teams will accept. Yet the design of Al training pipelines, and the workflows that surround them, has largely proceeded as
though probabilistic accuracy at scale is sufficient to substitute for structural reliability.

This paper takes a narrower and, we would argue, more honest view of what Al systems can do well when trained
deliberately, and what they cannot do absent careful architectural choices. We focus specifically on IF-condition logic:
conditional statements where a discrete input state must map to a discrete, deterministic output pathway. These are not edge
cases. In fact, most real enterprise workflows are built almost entirely out of such conditions.

The argument proceeds in three parts. First, we examine why standard neural architectures struggle with hard conditional
logic, distinguishing between models that learn to approximate conditional behavior and models that can actually hold those
conditions under pressure. Second, we propose a practical framework for training data design and fine-tuning strategy that
makes IF conditions more structurally robust. Third, we look at workflow architecture — the layer around the model —
and argue that much of what people attribute to model capability failures are actually workflow design failures.

A note on scope: we are not arguing that language models should be replaced by rule engines. The value of a model in a
conditional workflow is precisely that it can handle the fuzzy, language-shaped inputs that feed into conditions — parsing
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intent, resolving ambiguity, classifying context. The problem is the handoff between that interpretive capacity and the action
logic downstream of it. Getting that handoff right is the central design challenge this paper addresses.

2. WHY NEURAL NETWORKS RESIST HARD CONDITIONS

2.1 The Fundamental Tension

Neural networks, at their core, are continuous function approximators. They produce outputs by computing weighted
combinations of learned features, passing them through nonlinear activation functions, and producing a probability
distribution over possible next tokens or class labels. This architecture is extraordinarily powerful for tasks where the goal
is to approximate a complex mapping from noisy inputs to useful outputs.

But conditional logic — the kind instantiated by an IF statement — is discrete and non-differentiable. When you write IF
(balance < 0) THEN escalate, you are defining a boundary in input space where the action changes completely, regardless
of how close the input is to that boundary. A model that represents this condition as a learned soft boundary will, at values
near zero, produce outputs that are approximately correct, weighted by training frequency. Near that decision threshold, the
model is essentially averaging across examples it has seen — which means it will sometimes escalate and sometimes not,
even for identical input states.

This is not a bug in the sense of being fixable through more training data alone. It is a structural consequence of how the
model represents knowledge. The model has learned a probability distribution over what it has seen, not a logical function.
These are different objects.

2.2 What the Research Actually Shows

Work on logical reasoning in large language models has, broadly, reached a consistent set of conclusions. Models can be
prompted or trained to perform multi-step logical deduction on formal domains when the context is structured correctly
(Wei et al., 2022; Kojima et al., 2022). However, their success degrades substantially when logical conditions are embedded
in naturalistic language, when conditions involve numerical thresholds, or when the correct branch requires sustained
attention to a specific variable across a long context window (Ye and Durrett, 2022; Suzgun et al., 2022).

The chain-of-thought paradigm improved logical task performance considerably, but chain-of-thought works by translating
implicit logical structure into explicit stepwise reasoning that resembles the model's training distribution. This is valuable
but it does not resolve the deeper issue: the model is still doing pattern matching against its learned distribution, not
executing a logical procedure. When the logical structure departs significantly from training examples, performance
degrades. The model has not internalized the logic; it has learned to imitate the surface form of logical reasoning in familiar
contexts.

Neuro-symbolic approaches attempt to address this more directly by coupling neural components with symbolic reasoning
systems — using a model for perception and language tasks while routing the logic itself to a formal reasoner (Garcez and
Lamb, 2020; Marcus, 2020). This is architecturally sound for specific, well-scoped domains, but integration complexity
and brittleness at the interface between the neural and symbolic layers have limited real-world uptake.

2.3 What This Means for Practice

The practical implication is this: a language model embedded in a conditional workflow should be treated as responsible
for the interpretive layer — extracting structured information from unstructured input — while the conditional logic itself
should be moved out of the model's generation space wherever possible. The model should output a structured
representation (a classification, a slot-filled schema, a typed value) and the branching should happen in application code,
not inside the model's continuation.

This is not a limitation that more parameters solve. It is a design principle.

© 2026, IJSREM | https://ijsrem.com | Page 2



https://ijsrem.com/

Al 1Y

b %
. n’s5m International Journal of Scientific Research in Engineering and Management (IJSREM)

w Volume: 10 Issue: 06 | Jun - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

3. TRAINING PIPELINES FOR IF-CONDITION ROBUSTNESS

3.1 Reformulating the Training Objective

If we accept that the model should not be responsible for executing the branch — only for providing reliable structured
input to a branch — then the training objective shifts accordingly. We are not trying to teach the model to "do the right
thing" in a conditional situation. We are trying to teach it to correctly identify and output the variables on which a condition
will be evaluated.

This distinction has concrete implications for data design. A training example for a conditional workflow should not reward
the model for producing the correct final action. It should reward the model for producing a correct structured representation
of the input state, such that the correct final action follows deterministically from application logic. The model learns to
classify; the code branches.

This may seem like a technicality, but it changes the error mode significantly. A model trained to produce correct actions
learns an implicit conditional function that it can fail to generalize. A model trained to produce correct structured
representations can fail at classification, which is an error the workflow can detect, handle, and log — rather than an error
that silently produces the wrong action.

3.2 Training Data Architecture for Conditional Fidelity

Training data for conditional logic workflows should be organized around what we term condition boundaries — the
specific input configurations at or near which the relevant IF condition changes its evaluation. Most training datasets,
including those assembled from human demonstration, oversample the interior of each branch and undersample the
boundary region. This produces models that perform well in clear cases and poorly in ambiguous ones, which is precisely
the inverse of what operational reliability requires.

A principled approach involves deliberate boundary mining: generating or curating examples that sit at or near the condition
threshold, with correct labels. For a condition like "escalate if sentiment is negative and urgency is high," boundary
examples include cases where sentiment is negative but urgency is borderline, and cases where urgency is high but sentiment
is neutral. The model should be trained with substantial representation across these boundary cells, not just the interior.

Contrastive data pairs are particularly valuable here. For each condition boundary, a training set should include pairs of
inputs that differ in the feature that triggers the condition, holding other variables constant, with the correct structured output
labeled for each. This teaches the model to be sensitive to the right features and insensitive to irrelevant ones — a form of
conditional feature isolation.

3.3 Fine-Tuning Strategy

For organizations deploying base models rather than training from scratch, fine-tuning strategy matters more than the
volume of fine-tuning data. Several principles apply.

First, fine-tuning should use a structured output format that makes the model's internal classification explicit and
inspectable. A model that outputs "the user is frustrated and needs immediate assistance" gives you less to work with than
one that outputs a typed schema: {sentiment: negative, urgency: high, confidence: 0.91}. The latter is debuggable; the
former is not.

Second, fine-tuning loss should be computed on the structured output tokens specifically, not the entire response. If the
model produces a brief justification followed by a structured output, the justification is useful for human review but the loss
weighting should prioritize the fields that feed into downstream conditions.

Third, constitutional or RLHF-style training signals for conditional workflows should include negative reward for hedging
behavior in structured fields. Models trained on general human feedback learn to hedge because hedging is rewarded in
open-ended conversation. In conditional workflow contexts, a model that says "escalation may be appropriate" when the
condition evaluates to TRUE has failed, even if the prose reads as reasonable.
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4. WORKFLOW ARCHITECTURE FOR CONDITIONAL AI

4.1 The Workflow as a Constraint System

The most important architectural decision in any conditional Al workflow is not which model to use. It is where to locate
the logic. A workflow built around a model that is expected to implicitly honor IF conditions is a workflow that has
transferred accountability to a probabilistic system. A workflow built around a model that extracts structured state, while
application code handles branching, is a workflow with inspectable, testable, auditable decision points.

We propose thinking of the workflow as a constraint system with three layers: an interpretation layer, a state layer, and a
routing layer. The model occupies the interpretation layer. Its job is to transform unstructured or semi-structured inputs into
a typed, validated state representation. The routing layer applies IF conditions to that state representation and determines
the next action. The state layer sits between them, holding the validated output of the model and providing the inputs to
routing logic.

This architecture separates two failure modes that are often conflated: model failures (the model misclassified the input)
and routing failures (the routing logic is wrong or incomplete). Both are serious but they require different interventions.
Model failures require training data and fine-tuning changes. Routing failures require logic updates. Conflating them leads
to organizations that retrain models to fix what are actually logic bugs, or rewrite routing logic to compensate for what are
actually model capability issues.

4.2 Condition Specification and the Problem of Underspecification

One of the more persistent issues in conditional workflow design is underspecification — the gap between what the
condition is intended to capture and what it actually evaluates. An IF condition is written by a human designer based on an
implicit model of what inputs will look like. When real inputs deviate from that model — because language is ambiguous,
because users are adversarial, because edge cases are genuinely novel — the condition may evaluate in a technically correct
but practically wrong direction.

This problem is not specific to Al systems; it exists in rule-based automation as well. But it is amplified in Al contexts
because the model's interpretation layer can produce structured outputs that satisfy the surface form of a condition while
missing its intent. A condition checking whether a sentiment field is "negative" will evaluate correctly against a {sentiment:
negative} output regardless of whether that negative classification is accurate.

The mitigation here is multi-layered condition design. Critical conditions should have not just a primary criterion but a
confidence threshold and a fallback pathway. A well-designed condition reads: IF (sentiment == negative AND urgency
== high AND confidence(sentiment) > 0.85) THEN escalate ELSE request_clarification. The confidence threshold forces
the model to flag its own uncertainty, and the fallback prevents low-confidence classifications from triggering high-stakes
actions.

4.3 Failure Modes and Recovery Design

Any honest discussion of conditional Al workflow design must address failure recovery, not just performance under normal
conditions. Three failure modes deserve particular attention.

The first is the confidence collapse scenario, where the model assigns high confidence to incorrect classifications because
it has encountered an input that superficially resembles familiar examples. This is a training distribution problem and cannot
be fully solved architecturally, but it can be mitigated by designing workflows that expose high-confidence-but-incorrect
classifications to human review at a sampling rate proportional to the stakes of the decision.

The second failure mode is condition drift — the phenomenon where real-world inputs gradually shift such that conditions
designed around earlier data no longer capture the intended logic. This is an operational monitoring problem as much as a
design problem. Workflows should log the distribution of model outputs at each structured field over time, with alerts when
that distribution shifts significantly. A model that was producing {sentiment: positive} 60% of the time and suddenly
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produces it 30% of the time has encountered a distributional shift that warrants investigation before it propagates through
conditions.

The third is cascading condition failure, where an error early in a multi-condition pipeline propagates through subsequent
conditions and compounds. This is an argument for stateless condition evaluation where possible — each condition
evaluated against the original input state rather than intermediate outputs — and for checkpoint design that resets the state
representation at defined points.

5. IMPLICATIONS FOR AGENTIC AND AUTONOMOUS SYSTEMS

The framework developed here has direct bearing on a problem that has received considerable attention in the past two
years: how to build autonomous Al agents that operate reliably in multi-step task environments. The challenge is isomorphic
to what we have been describing. An agent must interpret an environmental state, select an action, execute it, observe
outcomes, and decide whether to continue, branch, or halt — all under IF-condition logic that the designer intended but did
not fully specify.

Current approaches to agent design tend to rely on either prompt-level instructions ("if you encounter X, do Y") or tool-
calling schemas that define available actions. Both approaches have the problem we have been identifying: they embed the
condition logic inside the model's generation, rather than outside it. An agent instructed via prompt to halt when it
encounters a certain error state will sometimes not halt, because the model is estimating the probability that this situation
matches the intended condition, not evaluating the condition deterministically.

The architecture proposed here translates directly: agents should be designed with explicit state extraction steps, where the
model is responsible for producing a validated representation of the current task state, and routing logic is implemented in
the orchestration layer rather than in model prompts. Tools should be called not because the model "decides" to call them
in a generative sense, but because application logic evaluates the model's state output against routing conditions and invokes
the appropriate tool programmatically.

This is more engineering work than the current paradigm of prompt-based agent design. It is also substantially more reliable.
The tradeoff is not ambiguous: the prompt-based approach optimizes for development speed; the structured-routing
approach optimizes for operational reliability. For consumer applications, prompt-based is often sufficient. For any
application with material consequences — financial, medical, legal, safety-critical — the additional engineering is not
optional.

Recent work on tool-use in language models (Schick et al., 2023; Yao et al., 2023) has begun to develop the infrastructure
for this kind of structured integration, but the evaluation frameworks used in most published benchmarks still reward final-
action accuracy rather than structured-output fidelity. This skews research incentives away from the kind of reliability-
oriented evaluation that operational deployment actually requires.

6. TOWARD AN EVALUATION FRAMEWORK FOR CONDITIONAL RELIABILITY

Current benchmarks for language model reasoning ability — BIG-Bench, HellaSwag, LogiQA, and their successors —
measure something like "average performance on a diverse set of tasks." This is useful for model selection but uninformative
about conditional reliability in a specific workflow context. A model that scores at the 90th percentile on a generalist
benchmark may be entirely inadequate for a workflow where a specific condition must evaluate correctly 99.9% of the
time.

We propose that evaluation for conditional workflows should be organized around three metrics that current benchmarks
do not typically report. The first is boundary accuracy — classification accuracy specifically at and near condition
thresholds, as distinct from interior accuracy. The second is confidence calibration at boundary — the degree to which the
model's expressed confidence scores are accurate predictors of classification correctness in boundary regions. The third is
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consistency under rephrasing — whether the model's structured output for a given input state is stable across natural
language variations in how that state is described.

These three metrics together characterize the operational reliability profile of a model in a conditional workflow in a way
that average accuracy does not. A model might have high average accuracy but poor boundary performance; it will fail in
production at a rate that bears no relation to its benchmark score. Conversely, a model with only moderate overall accuracy
but strong boundary calibration may be highly deployable in a well-designed workflow, because its uncertainty flags allow
the routing layer to handle borderline cases conservatively.

Building such evaluation sets requires investment in the operational definition of conditions for a given domain — the
designer must specify what "boundary" means for their workflow. This is domain-specific work that generalist benchmarks
cannot replace. The implication for organizations is that model evaluation should be conducted against workflow-specific
test sets, not just against general benchmarks. This is a higher bar, but it is the correct bar.

7. DISCUSSION

The framing in this paper cuts against some common intuitions about what Al development requires. The dominant narrative
in applied Al over the past several years has been one of capability scaling: larger models, more data, more compute,
stronger performance. That narrative is not wrong about what it claims. But it has created an implicit assumption that
capability improvements are the primary lever for workflow reliability, and that is not supported by operational experience.

Organizations that have deployed Al in consequential decision-making roles report that the majority of production failures
are not attributable to model capability shortfalls. They are attributable to mismatches between the model's output format
and the routing logic expecting it, to condition underspecification, to lack of monitoring for distributional shift, and to the
absence of fallback pathways. These are design and engineering problems. Swapping a model for a larger one does not fix
them.

There is also a cultural dimension to this that deserves acknowledgment. The field of machine learning has been organized,
institutionally and economically, around the improvement of models. Training pipelines, evaluation frameworks, research
incentives, venture funding — all of it tracks model capability. Workflow design, by contrast, is typically treated as a
downstream problem for software engineers to handle after the Al researchers have built something capable. The argument
here is that this separation is costing us operational reliability, and that workflow architecture deserves the same level of
first-principles thinking that model architecture receives.

This is not an argument that model capability is unimportant. Better models genuinely enable better workflows. A model
that classifies more accurately at condition boundaries makes boundary accuracy a smaller concern. A model with better
calibration makes confidence thresholds more reliable. The point is that capability improvements and workflow design are
complements, not substitutes. The current pattern in the field treats them as substitutes.

One limitation of the framework proposed here is that it is more readily applicable to structured task environments than to
genuinely open-ended ones. A customer service workflow, a document processing pipeline, a medical triage system — all
of these have well-defined state spaces and tractable condition sets. An Al system deployed in an exploratory research
environment or an open-ended creative process may not have conditions that can be fully specified in advance. For such
domains, the architecture proposed here applies partially but not completely, and a different set of design principles may be
more appropriate.

8. CONCLUSION

The training of Al models on conditional logic and the design of conditional workflows are problems that have been under-
theorized relative to their practical importance. This paper has argued for a clear conceptual separation between the model's
interpretive role and the routing layer's logical role; for training data architectures that prioritize boundary accuracy over
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interior performance; and for workflow designs that place IF-condition evaluation in application code rather than inside
model generation.

These principles are not technically exotic. They draw on long-established practices in software engineering, formal
verification, and decision system design. What is novel is the application of these principles specifically to the integration
of large language models into workflows that require behavioral reliability at condition thresholds.

The practical payoff is significant. Workflows designed according to these principles are more debuggable, more auditable,
and more robust to the distributional shift that is inevitable in any real-world deployment. They separate model failures
from logic failures in a way that makes both remediable. And they position Al systems not as autonomous decision-makers
— a framing that leads to responsibility gaps and reliability theater — but as powerful interpretation layers in well-
engineered decision systems.

Future work should focus on developing standardized evaluation protocols for conditional reliability, building open-source
tooling for structured output fine-tuning with boundary-weighted loss, and extending the workflow architecture framework
to multi-agent environments where conditions must be evaluated across distributed state representations. The convergence
of agentic Al deployment and enterprise automation makes this not an academic exercise but an operational priority.
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