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Abstract. Within the Industry 4.0/5.0 paradigms, manual assembly is
becoming increasingly complex, making digital assistance systems crucial
for guiding operators. However, as operators become more experienced,
they may become accustomed to highly granular and static instructions,
causing them to ignore the assistance and thus might miss critical infor-
mation (safety, quality, variations). Therefore, to remain relevant, assis-
tance systems must dynamically adapt their information density to the
user. To address this challenge, we propose a chunking engine (where
chunking refers to the grouping of sequential steps into meaningful in-
structional units) that enriches atomic assembly steps with complexity
and context attributes, using a dynamic programming algorithm to gen-
erate heuristically balanced instructional chunks. The paper concludes
with a computational demonstration showing that the engine reduces 23
atomic steps into balanced instructional chunks, adapting the output to
both novice and expert operator profiles.
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1 Introduction

In manual manufacturing, static paper-based instructions are increasingly being
replaced by digital assistance systems. As the industry transitions toward the
Industry 5.0 paradigm, the focus shifts to empowering the human worker within
highly connected, automated environments. Building on the Operator 4.0 con-
cept [11], Thorvald et al. [14] describe the "Cognitive Operator,” fundamentally
shifting the perspective of the modern worker from manual labor to knowledge
and reasoning capabilities. Cognitive Assistance Systems (CAS) pivot from mere
information delivery to actively supporting the operator’s cognitive information
processing [10] as the operator faces growing complexity due to mass customiza-
tion.

Despite these advancements, a practical information mismatch persists. Jo-
hansson et al. [6] interviewed operators across truck manufacturing plants re-
garding their digital work instructions. They found that 83% of operators in the
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most complex environments only use instructions to look up highly specific infor-
mation. One operator summarized the issue by stating that current instructions
are "too extensive for experienced operators and too poor for novices."

To address this, CAS designers must move beyond static delivery and em-
brace interfaces that support chunking dynamically. We propose an algorithmic
chunking engine that groups granular assembly steps into adaptive instructional
units. Assuming an underlying process planner outputs a flat sequence of tasks
at the most granular level, these atomic steps are first enriched with physical
complexity scores, semantic intent classifications, and context metadata. Our
engine then uses dynamic programming to optimize over these variables and ag-
gregate the operations into cohesive cognitive chunks from the bottom up. By
isolating this semantic chunking layer, this proof-of-concept framework demon-
strates how instructions can be mathematically tailored to an operator’s specific
expertise level without requiring manual authoring for every proficiency tier.

2 Related Work

2.1 Cognitive Constraints in Assembly Tasks

While the Johansson study identifies the symptoms of poor instruction design,
the cause lies in the biological constraints of the human brain. The primary bot-
tleneck is working memory, which has a fixed capacity that is rapidly exhausted
in stimulus-heavy environments. Cowan [1] established this capacity at approxi-
mately four discrete chunks of information. When an instruction set exceeds this
limit, cognitive overflow is likely. Sweller introduced the concept of element inter-
activity as a predictor of task difficulty [13]. Element interactivity is the degree
to which elements of a task must be processed simultaneously to be understood.
For instance, tightening a screw requires simultaneously knowing the correct
tool, the target torque, and the spatial orientation of the component. Crucially,
the level of operator expertise directly influences perceived element interactiv-
ity: as familiarity grows, previously distinct elements merge into single cognitive
units. In the context of manual assembly, providing overly detailed instructions
for experts results in an increase in extraneous cognitive load. This may lead to
the Expertise Reversal Effect [7]: as a worker becomes proficient, the element
interactivity of a task decreases because they chunk multiple steps into a single
mental schema. To an expert, “Take, position, and fasten bolt” is one chunk; to
a novice, it is three. When a CAS forces an expert to process these as separate
steps, it disregards their existing mental models and risks being ignored entirely,
which becomes a concern when product mass-customization requires the worker
to remain alert to non-routine changes.

2.2 Structuring Work Instructions

A solution to this problem is the dynamic adaptation of how an assembly se-
quence is instructed. By chunking the instructions for several steps into one
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unit according to the operator’s level of expertise, the system can deliver the
right level of detail to the right person. To build a dynamic chunking system,
the underlying physical and cognitive demands of the assembly process must
be structurally and mathematically understood. Kelm et al. [8] created a set of
syntax modules for assembly instructions based on instruction-relevant relation-
ships, such as supply locations, quantities, or required production equipment.
However, these operational factors are often not represented in a standard Hi-
erarchical Task Analysis (HTA), which primarily groups parts logically (i.e., all
parts of the engine block make up the engine block). HTA is a widely used tool to
inform work instructions [12]. Still, HTA structures fail to portray the difficulty
or complexity of any given atomic step. There have been efforts to objectively
calculate the complexity of manufacturing operations to fill this gap. EIMaraghy
et al. [3] created the “Operational Complexity Index” as a standardized metric.
This index mathematically quantifies the physical and cognitive demands of a
task by integrating the total volume of operational steps with a diversity ratio
of contextual changes (e.g., varying tools or locations) and a relative complex-
ity coefficient representing individual step difficulty. An alternative approach to
determining task difficulty are the Basic Assembly Complexity (CXB) criteria
defined by Falck et al. [4], which offer 16 objective physical problem areas (e.g.,
visual occlusion, lack of feedback, tight tolerances) that drive quality errors. As
established by Mattsson et al. [9], physical constraints dictate the operator’s
Perceived Production Complexity, translating geometric difficulties into direct
cognitive penalties. These complexity metrics provide the empirical inspiration
for the step-level scoring used in the chunking engine proposed in the next sec-
tion.

3 Algorithm Design

3.1 Anticipated Challenges in Algorithmic Chunking

Chunking atomic steps of any process into adaptive instructional units is a non-
trivial task, because summarization or abstraction introduces new structural
risks. A naive system might summarize a five-step process into one dense chunk
of four steps and one fragmented chunk of a single step. This imbalance may
break the flow of the operator. If the system applies incorrect semantic bound-
aries, it risks phase blurring: an algorithm may merge the final step of one
logical assembly with the initial step of a subsequent assembly, e.g. when the
immediate spatial context remains largely the same. Hence, the mathematical
rules need to produce consistent results, even for edge cases. When adapting
for complexity by limiting chunks with certain heuristics, the system may cause
hyper-fragmentation (i.e., producing chunks that consist of single operations).
Additionally, an algorithm may group steps that belong together conceptually
but should remain separated due to spatial attributes, such as needing to grab
a tool before changing position at the station.
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3.2 Quantifying Task Complexity

Before adapting instructions to the user, we must first establish what makes any
given atomic step difficult. We propose a base load of 1 for any given atomic step,
representing the minimum cognitive cost of initiating any action. Additional
complexity attributes capture the specific difficulty of the operation and are
added to this base load.

3.3 Adapting to the User

Adding adaptivity to the system requires modeling operator expertise at two
levels. The first is a global expertise level z,, € [0,1], which represents the
operator’s overall proficiency and scales the perceived complexity of every step
in the sequence. Following the ILUO methodology, we map novice operators to
T, = 1.0 and expert operators to x,, = 0.25, with intermediate levels in between.
In a production deployment, this value would be supplied automatically by a
skills matrix or Worker AAS.

The second level accounts for the fact that the impact of expertise is not uni-
form across all operations. “Tighten these screws” may be done automatically
by an expert, while a novice still needs specific instructions. However, “Take the
screwdriver” requires little cognitive effort regardless of expertise level. We there-
fore introduce a per-step expertise sensitivity parameter «(s;) > 0 to model this
non-linear relationship, allowing individual steps to be more or less responsive
to the global expertise scalar.

3.4 Context Matters

The physical context of each operation has a strong influence on how efficiently
it can be carried out. To capture this, we define three context metadata variables
for each step: tool_required, component_type, and location_zone. The dy-
namic programming engine checks whether these variables change between con-
secutive steps and assigns friction penalties accordingly. These penalties are not
simple binary flags. Instead, the system applies context-aware rules that reflect
real-world assembly behavior. For example, when either of two adjacent steps
has a MANIPULATE intent, the engine suppresses both location and component
penalties entirely, because physical manipulation spans across zones and parts.

A special case of this physical relationship exists between components and
their associated fasteners. Because a screw does not exist independently but be-
longs to the component it secures, we argue that any transition penalty between
a fastener and its primary component should be nullified. We call this principle
relational affordance. Furthermore, the system infers physical tool-swapping fric-
tion through sequential proximity. Transitioning between an empty-hand state
and a tool incurs baseline friction (w = 1.0), whereas swapping between two dis-
tinct hand-held tools incurs double friction (w = 2.0). This allows the algorithm
to separate physically disjointed workflows without over-penalizing simple tool
pick-ups.
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3.5 Semantic Intent and Transition Penalties

While the physical complexity of a step establishes its base load, the cognitive
friction experienced by an operator depends heavily on the semantic relationship
between sequential actions. We classify each step’s intent using DIN 8580 [2] for
core manufacturing processes and VDI 2860 [15]! for handling and controlling
operations, and model the pairwise transition costs as a matrix. The chunking
engine evaluates the semantic shift between two consecutive steps in order to
identify low-friction workflows. For example, MANIPULATE followed by ADD repre-
sents a logical sequence, so the transition penalty is zero. Conversely, interrupting
an action phase to handle a new object (ADD — MANIPULATE) disrupts the oper-
ator’s mental model and incurs a penalty of 1.0. Shifting from a physical action
to quality checking (e.g., ADD — INSPECT) introduces minor cognitive friction
(0.3). In contrast, transitioning out of an inspection incurs zero penalty, as it
represents the anticipated resumption of the workflow after quality has been
confirmed. Critically, this matrix also enforces high-level task boundaries by as-
signing an infinite transition penalty when two steps represent opposing DIN
8580 operations, such as SUBTRACT (disassembly) and ADD (assembly). Subordi-
nate steps like “take fasteners” or “take tool X” are classified as MANIPULATE and
do not represent independent cognitive events. In this case, the zero transition
cost ensures the DP engine groups these preparatory steps together with the pri-
mary action that follows them. While the matrix is designed to generalize across
assembly scenarios, the specific penalty values should be treated as potential
recalibration targets.

From \To ADD SUBTRACT MANIPULATE INSPECT
ADD 0.0 00 1.0 0.3
SUBTRACT 00 0.0 1.0 0.3
MANIPULATE| 0.0 0.0 0.0 0.0
INSPECT 0.0 0.0 0.0 0.0

Table 1. Cognitive transition penalties T'(s;—1, s;) between sequential semantic intents.
Note the directional asymmetry: moving from preparation to action (MANIPULATE —
ADD) is frictionless (0.0), while interrupting an action phase to prepare a new tool (ADD
— MANIPULATE) incurs a penalty (1.0).

3.6 Finding the Optimal Instructional Chunks

With step-level complexity and transition penalties defined, the chunking prob-
lem reduces to finding the best way to group a sequence of steps into balanced

1 While formally withdrawn in 2018, the VDI 2860 taxonomy remains the foundational
academic framework for classifying handling operations in assembly research.
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instructional units. We treat the cognitive ceiling 6 as a soft target rather than
a hard limit, so the algorithm strongly discourages exceeding it while still being
able to handle steps with high base complexity. This problem is solved using
dynamic programming, which evaluates all possible groupings and selects the
partition that keeps chunk loads as consistent as possible.

3.7 General Formulation

The components established across the preceding sections can be unified into
a single expression. For any chunk ¢, consisting of a sequence of atomic steps
from s, to sp, the total cognitive load L(cqp, w) perceived by a specific worker
w is:

b

b
Llcww) = Y (14 Cs) 2509 + 3 T(sios) (1)

i=a i=a+1

Where (1 + C(s;)) is the base complexity score of the step, combining the
load of initiating any action (1) with the normalized physical criteria of the task
(C(s;)). xp € [0,1] is the worker’s expertise level. a(s;) > 0 is the expertise
sensitivity of the step s;. When «(s;) = 0, the step costs the same regardless
of who performs it. When a(s;) = 1, difficulty scales proportionally with the
worker’s novice level. Values of a(s;) > 1 can model tasks where veteran oper-
ators experience greater cognitive discounts, such as highly routine operations.
For the specific implementation evaluated in this study, a(s;) is held steady,
effectively reducing :US,(S") term to a simple global scalar x,,. Finally, T'(s;_1, s;)
represents the context-aware transition penalty incurred when moving from one
step to the next. This term encapsulates the DIN 8580 semantic intent matrix,
the relational affordances for fasteners, the tiered tool friction, and the spatial
boundaries described above.

4 Proof of Concept

4.1 Results

To evaluate the chunking engine, we assess its output against the three struc-
tural risks identified in the section "Algorithm Design": load imbalance, phase
blurring, and structural integrity, which encompasses both hyper-fragmentation
and the absorption of tool-fetch steps. The test case is an existing HTA by Gav-
ish et al. [5], comprising 23 atomic steps across two branches (Disassembly and
Assembly), enriched with DIN 8580/VDI 2860 intent classifications and a sub-
set of the Falck CXB criteria [4] that can be evaluated from a standard task
description. We then examine how the system scales with expertise, including
a complexity sensitivity experiment that compares two execution variants: one
utilizing baseline complexity scores and another with elevated scores. See Table
2 for a summary of the results.
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Table 2. Cognitive Load and Chunking Results by HTA Complexity and Expertise
Level

HTA File Expertise Level Total Chunks Average Load Max Load

1.00 (Novice) 10 3.44 4.63
Normal 0.75 (Intermediate) 9 3.94 5.08
0.50 (Advanced) 7 4.04 4.61
0.25 (Expert) 6 3.50 4.47
1.00 (Novice) 12 3.62 5.30
Complex 0.75 (Intermediate) 11 3.86 5.22
0.50 (Advanced) 9 3.93 4.80
0.25 (Expert) 7 3.59 4.10

Load Balance. The novice profile produced 10 chunks with accumulated
loads ranging from 2.0 to 4.633, centered around the § = 4.0 target. The DP
optimization reduced load variance across the sequence, avoiding the drastic
imbalances a naive grouping strategy would produce.

Structural Integrity. No single-step chunks were produced in either profile,
as the 23 atomic steps consolidated into 10 chunks for the novice and 6 for
the expert. The intent transition matrix grouped and separated subordinate
preparatory steps around primary physical actions. As shown in Table 3, the
novice profile treats tool-fetching as a discrete cognitive boundary, isolating the
“Take pliers” step into Chunk 2. For the expert, the system leverages the load
discount to pack the physical subtraction logic and the subsequent tool-pickup
into a single cognitive schema (Expert Chunk 1). Furthermore, the engine utilizes
intent masking to bridge actions. Expert Chunk 2 groups “Cut with the pliers”
and “Remove board from support plate” because the transition occurs through
a MANIPULATE step (“Take a screwdriver”), suppressing structural penalties and
allowing the algorithm to merge separate physical tasks safely.

Phase Blurring. The Disassembly and Assembly branches were preserved
as distinct macro-goals in both profiles. The infinite transition penalty assigned
to opposing intents (SUBTRACT — ADD) acted as an absolute mathematical bound-
ary, and the DP engine did not merge the final disassembly step with the initial
assembly step. This indicates that context-aware transition penalties can enforce
high-level structural logic without requiring manual top-down segmentation.

Expertise Scaling. The expertise adaptation is visible across both disas-
sembly and assembly phases (Table 3). For the novice, CHUNK_1 contains 3 steps
at a load of 3.11. For the expert, CHUNK_1 absorbs 5 disassembly steps into a
single instructional unit at a load of 3.28, remaining within the cognitive ceiling.
This pattern repeats during the assembly phase (ADD), where the novice profile
yields 5 distinct groups (Chunks 6-10). The engine compresses this into 3 groups
for the expert (Chunks 4-6). Expert Chunk 4 aggregates the entire subroutine
of installing the board and securing the support plate into one cohesive unit.
This reflects the expertise scalar (x = 0.25) reducing the effective per-step load,
enabling the engine to group operations that a novice would need presented se-
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quentially. See Table 3 for a direct comparison of produced chunks for novice
and expert level of expertise.

Table 3. Chunk Boundary Comparison: Novice vs. Expert Profiles (Target Ceiling
0 =4.0)

Novice Chunk Intent Atomic Step (Task Sequence) Expert Chunk

[SUB| Remove the fixing screws
C1 (3.11) [SUB] Remove the actuator cover. ..
[SUB] Remove the clamp from the stem C1 (3.28)

[MAN] Take gripping pliers
[SUB] Disconnect the wires with the pliers

[MAN] Take cutting pliers
[SUB| Cut with the pliers

[MAN] Take a screwdriver
C4 (4.00) [SUB] Remove board from support plate. ..

C2 (2.00)

C3 (2.22) o2 (106)
2 (4.

[SUB| Unscrew the fixing screws

[SUB] Remove support plate from structure C3 (3.38)

[SUB| Remove screw holding the wires. ..

[ADD] Substitute the electronic board
[ADD] Prepare the electronic support plate

C5 (3.41)

C6 (3.33)
C4 (4.47)
[ADD] Reconnect the electronic board wires
[ADD] Fix support plate back onto structure

[ADD] Snap the electronic board back. ..
[ADD] Reconnect the electronic board wiring

C7 (4.63)

C8 (3.74)
C5 (2.44)
[ADD] Keep the wires tidy with a nylon clip

C9 (4.63) [ADD] Reconnect motor to electronic card

[ADD] Replace the actuator cover

[ADD] Fix into place with the relative screws Cé6 (341)

C10 (3.30) [ADD] Reassemble the clamp

Sensitivity to Step Complexity. To evaluate whether the engine responds
to physical task difficulty rather than operating solely on step count and tran-
sitions, we ran the same 23-step process with elevated Falck complexity scores
across all steps. The normal variant uses baseline physical criteria (C; ranging
from 0.0 to 0.33), while the complex variant raises these values to reflect more de-
manding geometric and positional conditions. For the novice profile, the complex
variant produced 12 chunks compared to 10, with an average load of 3.62 and a
peak of 5.30. The peak load of 5.30 in the complex novice profile reflects the soft
ceiling mechanism, which permits minor violations when steps are individually
indivisible.



Retrofitting Dynamic Assembly Instructions via Chunking 9

5 Conclusion

5.1 Summary

This paper presented a chunking engine that transforms a flat sequence of as-
sembly steps into instructional units using dynamic programming. Each step is
enriched with complexity scores, context metadata, and intent classifications,
which the DP engine uses to partition the sequence into heuristically balanced
chunks calibrated to the operator’s expertise level.

The engine was evaluated on an existing HTA of an industrial control unit
with 23 atomic steps. Using baseline complexity scores, the system produced
10 chunks for the novice profile, with no observed instances of load imbalance,
hyper-fragmentation, or phase boundary violations. For the expert profile, the
system produced 6 chunks, reflecting the expertise scalar reducing effective per-
step load. When evaluated with elevated physical complexity scores, the engine
produced finer-grained chunks (12 for novices, 7 for experts), confirming its sen-
sitivity to underlying task difficulty without requiring altered transition rules.

5.2 Future Research and Limitations

This evaluation serves as a computational proof of concept, demonstrating that
the engine adheres to its defined mathematical rules. However, because the § =
4.0 ceiling and the transition penalties are theoretical heuristics, future human-
in-the-loop studies are required to validate whether these boundaries translate
to measurable reductions in cognitive load for real operators. Furthermore, the
evaluation covered a single 23-step assembly; testing on a wider range of HTAs
with varying structural complexity is needed to generalize the findings. Future
iterations should explore per-step expertise sensitivity values (), rather than
the uniform setting used here, to capture the non-linear relationship between
expertise and task difficulty. Additionally, different experts may prefer different
rule configurations. For instance, reducing the emphasis on tool changes for
operators who are highly familiar with a given assembly. Finally, the manual
enrichment of steps with complexity scores and intent classifications is time-
consuming and heuristics are required to derive them automatically, e.g. with
the help of machine learning.
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