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Drawing upon contemporary research on Al-based automation and intelligent control
systems, this paper investigates the practical application of Multimodal Large Language
Models (mLLMs) for facilitating reactive and automatic adjustments within the 3D
Concrete Printing (3DCP) process, which lacks real-time adaptiveness to dynamic
environment changes during fabrication. The proposed computational framework
integrates mLLMSs with simulated sensor networks and monitoring apparatus to
holistically assess the quality of printed elements while simultaneously analysing
interrelated design specifications, environmental variables, and production parameters.
As a primary output, the mLLM dynamically suggests the optimal settings and operational
parameters required to achieve desired structural performance objectives under
Sfluctuating conditions. As an empirical proof of concept, we simulate diverse
environmental stressors (e.g., temperature fluctuations, humidity spikes) and stringent
performance requirements, under which the Al-controlled adaptive 3DCP system
autonomously adjusts its extrusion, material deposition, and geometric compensation
operations accordingly and in real-time.
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INTRODUCTION

3D Concrete Printing (3DCP) technology promises
unprecedented flexibility in design and rapid
prototyping capabilities. However, even in the
controlled environment of a fabrication
laboratory, many variables influence the quality of
the 3D printing process, subsequently impacting
the rheology and mechanical performance of the
3D-printed constructs, while printing in outdoor
settings introduces additional complexities,
primarily due to the unpredictable nature of
environmental conditions (Ambily,
Kaliyavaradhan and Rajendran, 2023, pp. 300-

328). The necessity for dynamic adjustments
increases with the scale of the 3D-printed
element.

Controlling such a complex process with
automatic predefined settings or manual
interventions can be extremely challenging,
prompting recent scholarly inquiries into the
feasibility of automating the printing process
optimisation (Otto and Maiwald, 2024).

Large Language Models (LLMs) are Atrtificial
Intelligence (Al) systems trained to understand
human language and generate text responses.
Multimodal Large Language Models (mLLMs) can
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process and generate data in different modalities
(typically text, images, audio, and Vvideo).
Integrated with computer vision, they are applied
in robotic control.

This study proposes an Al-enhanced adaptive
3DCP framework that employs an mLLM to assess
the quality of 3D-printed concrete, ultimately
contributing to controlling its mechanical
performance. The mLLM processes real-time
visual data (e.g., cracking, layer adhesion and
deformation imagery) with sensor network inputs
(e.g., temperature, humidity, and design load
metrics) to dynamically assess print quality,
enabling corrective adjustments to material
composition, extrusion parameters, and structural
design during fabrication. This approach ensures
compliance with predefined performance criteria
while  mitigating  defects in  dynamic
environmental conditions.

RESEARCH BACKGROUND

3DCP originated in the 1930s with the Machine for
building walls by William E. Urschel (Figure 1), a
mechanical circular gantry system where the
concrete mixture was manually fed, and
cementitious layers were extruded for basic
cylindrical structures; the end effector also
included a device for inserting reinforcement
elements within the layers.

Despite the notable technological evolution
embodied by large-format gantry 3D printers,
robotic  fabrication, and high-performance
concrete mixtures, the 3DCP process has
remained practically unchanged, and technical
issues, such as reinforcement, demand urgent
solutions.

The latest developments in industrial
applications involve the use of Al. By adopting
real-time sensor feedback and generative
algorithms, it is possible to optimise prints for
variable conditions, thus improving sustainability
(Raza, Besklubova and Zhong, 2024, pp. 1012—
1019) and load-bearing efficiency (Ambily,
Kaliyavaradhan and Rajendran, 2023, pp. 300-
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328). Big corporations offer commercial services
with pre-trained Al systems for several industrial
applications, including construction (Microsoft
SymphonyAl — Industrial LLM).

Challenges in outdoor and large-scale
3DCP environments

The absence of codes and regulations for 3DCP
industrial applications in construction (Diks, 2019;
Otto & Maiwald, 2024) makes big-scale
manufacturing, de facto, impossible, relegating
actual applications to small-scale prototypes and
constructs. However, considering the regulation
problem as temporary, it is foreseen that this
technology will be used in outdoor scenarios such
as construction sites, making it necessary to
reflect on various aspects of its deployment: the
integration in an articulated work timeline, the
manufacturing of large-scale constructs, and the
variable environmental conditions.

Unlike prefabrication, where the production
timeline is determined only based on its phases,
on-site 3DCP will occupy an assigned time slot.
Therefore, given its relatively slow execution time,
thorough planning of the printing jobs is
mandatory. Moreover, a comprehensive study of
curing elements in outdoor conditions s
necessary.

Figure 1

Machine for
building walls,
William E. Urschel,
patent drawing



Figure 2
LLM-controlled
Conversational
Architecture
diagram for a
performance hall
(Cheung & Di
Marco, 2024)

Another relevant aspect of industrial 3DCP is
the average size of printed constructs: the
duration of the process, combined with the
constantly changing environmental conditions,
requires real-time adjustment of materials and
settings. Environmental conditions such as
humidity, temperature, and wind speed must be
tracked simultaneously during the printing and
curing phases, eventually connecting these
dimensions to the dynamic regulation of all
relevant parameters within each phase of the
3DCP process.

The current rule-based (automatic) systems
are challenging to implement under complex,
unpredictable or rapidly changing conditions, as
this would require the definition of an incredible
number of presets. Therefore, this research
explores the possibility of real-time adjustments
during the 3DCP workflow.

LLMs in architectural design and
computational workflows

LLM is based on the transformer architecture that
processes sequence-to-sequence data such as
texts (Vaswani et al, 2017, pp. 5998-6008). The
flexibility and adaptability of the transformer
architecture allow the processing of other types
of data sequences, such as images, video, code,
etc., opening new applications in the Architecture,
Engineering and Construction (AEC) industry. For
instance, LLM is explored as the interaction
medium between users and the built space by
analysing real-time user behaviours and spatial
parameters such as lighting and acoustic
performance (Figure 2) (Cheung and Di Marco,

Inputs Analysis

2024, pp. 203-220). In the Al-enhanced
architectural design process, LLM is explored as
an active design partner (Cheung, Wang and Lei,
2025, pp. 173-182), providing real-time feedback
based on designers’ modelling behaviours and 3D
model metadata (Cheung, Dall'Asta and Di Marco,
2023, pp. 1059-1070).

LLMs have been explored as “controllers” of
interpreting designers’ verbal descriptions into
executable codes for technical modelling and
drawing applications. For example, Autodesk
explored LLM as a controller for tile layout design
(Gaier et al, 2024, pp. 823-831), while other
scholars proposed an LLM-enhanced
methodology for structural design (Qin et al,
2024).

These examples illustrate that by leveraging
LLMs"  context-awareness and  multimodal
processing capability, a wide range of design
applications are possible by using LLM beyond
verbal discussion, which also opens up the
potential for the LLM-enhanced fabrication
process.

LLMs and mLLMs in industrial
automation

The use of LLMs in industrial automation aims to
leverage the transformative potential of LLMs in
processing prompts and providing optimised
responses (Xia et al, 2024). According to the
definition of “automation” and given its real-time
loop feedback, an LLM-controlled industrial
process would be responsive rather than
automatic, but we maintain the terminology in
alignment with the referenced research.

Output
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Possible applications are the automatic
maintenance of equipment, where LLMs interpret
maintenance logs and sensor data to predict
equipment failures; quality assurance and defect
detection, where textual analysis of quality
assessment reports identifies recurring defects,
enabling automated corrective  workflows;
process automation and workflow management,
where LLM can generate executable instructions
for the equipment. Corporations like Microsoft
(Industrial LLM) and Siemens (Industrial Copilot)
have already developed such industrial
applications.

mLLMs like Flamingo and PalLl-X excel in tasks
requiring visual-textual reasoning, such as defect
detection in  manufacturing. During a
demonstration based on image and text analysis,
GPT4V (an mLLM developed by OpenAl) could
detect defects in different industry scenarios with
various materials (Figure 3), including fabrics,
metal, fruit, etc. (Yang et al, 2023). This illustrates
the potential of extending mLLM's detection
capability to 3D printing.

Prompt: Prompt:
What is wrang with the object in the image? What is wrong with the object in the image?

GPT4V:

There is & senall hole in Bie object, which appears
1 be 8 hazeinut. Ths could be & 8ign of msect
damage or rot

Prompt: Prompt:
What is wiong with the object in the image? What is wiong with @18 object in the image?

~ 7

GPT4V: GPT4V:

The cRyect in the IMage 30DEars 1o be 8 screw of 18 GMCUR 10 1ol exactly what the obyect in the image
bt with @ damaged or sirppad head The 9, Bt £ Appears 10 be & ear bumper of fender With o
grooves in the head, which would normally alow farge dent in 2. The probiem with the object is that & is
8 screwdriver of wrench to g and um the
serew, are wom away and no Ager funescnal

damaged and dented, which may affect the
appearanee and functionaly of the ear
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Automation and quality assurance in
3DCP

3DCP encompasses an articulated sequence of
preparation, execution and postproduction
phases affected and regulated by specific
environmental and production parameters:
temperature and humidity, ink composition,
water quality, water to binder (w/b) ratio, etc.
Such parameters ultimately affect the mechanical
properties and the structural performance of the
3DPC element.

The automation of 3DCP appears possible
because of the parametric nature of the process.
However, it is constrained to a controlled
environment of indoor settings rather than
outdoors with unpredictable, variable conditions.

RESEARCH QUESTIONS AND
RESEARCH GOALS

Following the introductory considerations and the
research background, this paper focuses on the
3DCP process automation and workflow
management with the following research
questions: Is it possible to leverage the potential
of mLLMs within the 3DCP process? What are the
benefits of such integration? Considering possible
future industrial applications, can mLLM-
controlled adaptive 3DCP tackle the issues of
dynamic changes in environmental conditions
(e.g., large-format outdoor printing)?

The proposed mLLM-enhanced framework
for 3DCP adopts multimodal data processing
based on real-time imaging analysis,
environmental and production parameters
tracking, and performance goals.

The proposed framework proposes a
responsive production workflow demonstrating
the feasibility of leveraging the multimodal
processing capabilities of mLLMs for controlling
and automating the 3DCP process.

Figure 3

GPT4V's defect
detection on
different materials
(Yang et al.,, 2023)



Figure 4
Al-controlled
adaptive 3DCP

A3DCP START ’{ /
re

QASTART  —rdf

{ Al INFERENCE NEW PATTERNS ZQ—» INF END

METHODOLOGY: AN LLM-ENHANCED
FRAMEWORK FOR ADAPTIVE 3DCP

To implement an adaptive 3DCP workflow, we
have designed an Al-controlled system consisting
of two interdependent processes adopting mLLM
and Al inference (Figure 4). In this paper, we focus
on the mLLM-enhanced adaptive 3DCP based on
the use of computer vision cameras, a sensor
network for tracking relevant environmental
parameters such as temperature and humidity, a
design-to-fabrication workflow for thoroughly
tracking production parameters, and an mLLM.

We overcome the previous uses of ResNet — a
Convoluted Neural Network (CNN) specialising in
image interpretation - in favour of mLLMs.
ResNet is based on multi-class classification,
requiring high-quality datasets for training (He et
al, 2015). On the contrary, mLLM, as described by
Google and OpenAl, is a “general-purpose”
model, enabling immediate applications in a wide
range of scenarios (Driess et al, 2023; Yang et al,
2023).

Adopting a “general-purpose” model instead
of an “expert” model means that no fine-tuning
on 3D printing or quality assessment data is
conducted. To compensate for the lack of
specificity, we adopt an in-context learning
technique (Min et al, 2022, pp. 11048-11064) to
instruct the LLM about how to adapt to specific
tasks without explicit training. This technique

allows for tackling specific research tasks and
objectives.

In this research, as illustrated in Figure 4, two
LLMs are deployed as a real-time observing,
analysing and suggestive system. An mLLM
(GLM4V-flash) performs quality assessment
based on real-time 3D-Printed Concrete (3DPC)
imaging. The response merges with production
parameters and environmental parameters, thus
becoming part of the second LLM (GLM4-flash)
prompt, whose task is to suggest possible
changes to production parameters and
environmental parameters.

It is worth mentioning that GLM4V-flash and
GLM4-flash are LLM Application Programming
Interfaces (APIs) provided by the ZhipuAl platform
that researchers can use for free, thus ensuring
the proposed approach is accessible and
repeatable with minimum hardware requirements.

EXPERIMENTAL SETUP AND
SIMULATION

Based on the diagram in Figure 4, we developed
a Grasshopper script containing the 2-step LLM-
based control process.

The first step is providing a real-time image
capture of the 3DPC construct. Computer vision
cameras can be mounted on the printing device
or strategically placed according to the design in
areas where the structural performance has
higher or more prescriptive requirements. All-
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around cameras or low-light cameras, for indoor
and outdoor applications, respectively, allow for
local visual analysis of the 3DPC construct: a time-
lapse capture is recommended instead of a
continuous video capture, as using LLM over the
web via APl inevitably leads to a lag in obtaining
results.

Such images are analysed by the mLLM, which
provides a first assessment of the 3DPC quality.
As a proof of concept, we simulated the
acquisition of three different images representing
dry, good or wet aspects (Figure 5).

The quality assessment conducted by the
mLLM produces a textual output that becomes
part of the prompt for the subsequent LLM query
together with environmental and production
parameters represented, in our simulation, by
temperature and humidity for the environmental
conditions, density and water-to-binder ratio
(w/b) for the concrete mixture composition,
speed for the printing hardware settings, and
layer height for the printing software settings. By
analysing this sequence, the LLM provides
indications on the necessary adjustments of
environmental and production parameters,
prioritising production parameters over the
environmental ones in favour of outdoor
applications.

It is important to underline that the values
used for production and environmental
parameters used to create the prompt for the LLM
are real experimental values derived from another
branch of our research, where we conducted a
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rigorous study of the 3DCP process, from design
to robotic fabrication to mechanical tests.

Prompt engineering for mLLMs
Prompt engineering techniques were applied to
prepare the prompt templates for the mLLMs.

While the condition of dryness has
identifiable discontinuities and cracks, wetness
has more irregular and subtle indications, such as
a slight reflection caused by moisture on the
surface of the construct. Identifying the 3DPC wet
aspect from imaging appears to be challenging
for mLLM. Therefore, by referencing an OpenAl's
example on how mLLM accuracy in counting
objects in a photo can be increased by instructing
it to count row-by-row (Yang et al, 2023), we first
explicitly defined what wetness looks like (what to
search for), then instructed the mLLM to analyse
by dividing the photo into four parts (image
segmentation), and finally analysed each part and
compared it step-by-step.

Another strategy adopted in our process was
not asking the Al to suggest controlling
parameters for 3DCP directly. Technically, mLLM
could directly analyse a sequence of multimodal
data, e.g., the imaging and environmental and
production parameters. However, we first asked
mLLM to provide its quality assessment of 3DPC
based on the imaging and, in the second step,
asked the LLM to suggest the necessary
adjustments to 3DCP parameters. Such a step-by-
step approach is a chain-of-thought technique,
which enhances the LLM’s judgment by providing
logical reasoning (Wei et al, 2022, pp. 24824-
24837).

Finally, several examples of output formats
were provided to LLM to provide answers and
suggested parameter adjustments in a specific
format. This technique, called in-context learning,
increases LLM's expertise capability without the
time and cost-consuming fine-tuning processes
(Min et al, 2022, pp. 11048-11064).

Figure 5

Left to right: dry,
good and wet
3DPC specimen



Table 1
Simulation results
of dry, good
quality and wet
3DPC

RESULTS AND DISCUSSION

This paper presents a mLLM-enhanced adaptive
3DCP workflow, where real-time adjustment of
relevant settings is suggested, according to
quality assessment of the printed construct and
the analysis of environmental and production
parameters, thus optimising the mechanical and
structural performance.

A Grasshopper script connected to an mLLM
via API simulated the quality assessment of the
3DPC constructs via computer vision, with
environmental (Env) and production (Prod) data
obtained from experiments conducted in our
robotic fabrication lab. As a proof of concept, we
created three scenarios, as shown in Table 1.

Env/Prod QA Suggested
Parameters Adjustments
w/b 0.13
df::]‘ 2320 Increase w/b
hun?42 Dry Decrease temp.
speed 100*50% Increase humidity
(]
layer H 15
w/b 0.15
dens. 2250
tﬁ:;:;jss Good No changes
speed 100*50%
layer H 15
w/b 0.17
df::]‘ 2;80 Decrease w/b
hurTF137O Wet Increase temp.
speed 100*50% Decrease humidity
(]
layer H 12.5

The mLLM could successfully interpret cases
of dry, good-quality, and wet 3DPC specimens.
Different prompt engineering techniques were
adopted to guide the mLLM in this task, including
image segmentation, chain-of-thought and in-
context learning, highlighting the importance of a
well-structured and effective set of instructions.
The output of the mLLM was in textual form and,
after merging it with environmental and
production data, was redacted as a prompt for the
LLM, finally suggesting the necessary adjustments

to the corresponding environment and
production parameters.

Production parameters were prioritised for
outdoor  applications, as  environmental
parameters can hardly be controlled in outdoor
scenarios.

During our tests, we also simulated a
continuous variation of the quality assessment;
consequently, we observed that, despite the lag
of the web-based LLM analysis, the suggested
adjustments changed accordingly, indicating the
possibility of real-time responsiveness.

Our simulation of an mLLM-controlled
adaptive 3DCP demonstrates that embedding Al
into the workflow enables real-time adjustments
to control the quality of the printed constructs,
laying the foundation for technical improvements
and industrial applications. The quality of 3DPC
implies good mechanical and structural
performance: real-time control and the
corresponding differentiated performance within
the 3DPC construct align with more general
sustainability requirements, ultimately
embodying the theorisation of performance-
based Architecture.

Opportunities, limitations and
challenges

The implementation of an mLLM-enhanced
adaptive 3DCP workflow presents several
opportunities:

- Real-time control of concrete mix, printing
settings, and printing hardware.

- Optimisation of materials use.

- Predictive assessment of optimal design.

- Predictive assessment of optimal printing
settings.

- Predictive assessment of optimal hardware
settings.

- Predictive assessment of the optimal
environmental conditions.

- Structural optimisation as a consequence of
material optimisation.
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On the other hand, some limitations must be
considered when thinking about the diffuse
adoption of this type of system:

- For web-based mLLMs, connectivity is
required, making this process hard to
implement in remote areas with limited access
to the internet.

- mLLMs over the web require relatively long
processing times (15-20 seconds), depending
on connection quality and speed; however,
the continuous quality assessment is not
necessary, and computer vision works as a
time-lapse, in line with the Al response time.
For more efficiency, a local fine-tuned Al
model would help reduce the lag.

- Web-based LLM API services cause potential
concerns about data privacy.

- Local LLM and mLLM implementation is
feasible to tackle the issues above but
requires additional costs for hardware setup.

Considering the diffuse industrial adoption of
the proposed system, implementing the adaptive
3DCP for outdoor settings will be a priority. With
constantly changing temperature, humidity, and
light conditions, it is necessary to include a
corresponding hardware setup for computer
vision and for tracking environmental parameters:

- Wind sensors.

- LiDAR.

- Low-light high-resolution computer vision
cameras for outdoor applications, including
night conditions.

On a different note, weather data can be
considered in two ways: as statistical data for
preliminary considerations (e.g. what are the
average historical conditions in the site?) and
corresponding design decisions, or as short- or
mid-term forecasts to fine-tune the scheduling of
operations in the building site.

Other challenges are:
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- Adjusting production parameters requires the
corresponding target dimensions to be
dynamically adjustable. One important
parameter is the material flow. Adjusting this
parameter requires the extruder end effector
to be controllable via G-code; however, this
feature is normally absent, denoting hardware
limitations that must be thoroughly analysed
and eventually addressed in collaboration
with hardware manufacturers.

- The developed Al system processes the data
and provides suggestions by in-context
learning techniques, so the effectiveness of
the Al system primarily relies on the
researchers’  knowledge and  prompt
engineering techniques. An agentic Al system,
able to reflect on the input enquiries, followed
by analysing and planning how to respond
(Sequoia Capital, 2024), could be integrated
for a more comprehensive workflow.

FUTURE DEVELOPMENTS

The formatting of mLLM and LLM prompts allows
for more effective assessments from the Al and
provides indications on how to structure and
format the output using the techniques illustrated
in the previous sections, especially in-context
learning. Through the prompt, it is possible to
format the Al output as all types of executable
commands based on the specific applications,
technologies, or phases of the process. In the case
of 3DCP, adding to the adjustments of
environmental and production parameters
already included in the simulation, the commands
can be directed to:

- 3D printing hardware settings — this possibility
would make the hardware responsive to the
quality of the 3DCP process in real-time by
sending G-code to the robot or 3D printer.

- Adjustment of the design when the detected
defects cannot be adjusted within the current
3D printing job.



The next step will be creating a working
prototype of adaptive 3DCP with computer vision
hardware and a sensor network connected to the
parametric script in Grasshopper.

The Al inference layer will be implemented in
a second expansion of the infrastructure, allowing
for improved detection of quality. This step will
add relevant capabilities and opportunities:

- Expand the capability of the mLLM-based
quality assessment and provide a broader
range of solutions for the adjustments
suggested by the LLM.

- By receiving the time-lapse of each computer
vision camera, the Al will analyse a sequence
of images representing the evolution of the
same portion of the 3DPC, thus allowing for
studying the rheology, deformations of layers
and initial setting of the material.

- Accelerate towards the definition of high-
quality and performance standards, tackling
another important issue preventing the
industrialisation of 3DCP.

CONCLUSION

In response to the current challenges observed in
3DCP, such as limitations on automation at simple
indoor conditions and real-time adjustments, this
research proposed an mLLM-enhanced 3DCP
process to tackle more complex 3DCP scenarios,
such as large-scale outdoor printing. After
discussing the existing research and identifying
opportunities, a proof-of-concept simulation of
the proposed framework is conducted.
Opportunities and challenges are identified, and
future opportunities are discussed.
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