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ABSTRACT

Modern defense manufacturing and sustainment require timely engineering
decisions (e.g., inspection triage, rework/accept decisions, and process adjustment)
based on the as-built geometric quality. Advanced machining systems generate
rich multichannel controller and sensor streams, yet accurate geometric deviation
labels remain costly and delayed because they depend on downstream metrology.
This paper introduces ChronosGD, a retrieval-based virtual metrology framework.
ChronosGD predicts pointwise geometric deviation from multichannel time series
data by: (1) retrieving the most similar historical process windows in a frozen
Chronos-2 embedding space, and (2) transferring deviation information through
similarity-weighted aggregation.  ChronosGD avoids plant-specific gradient
retraining during deployment; adaptation is achieved by refreshing a labeled
historical memory as new inspected parts become available, while preserving
traceability through explicit neighbor provenance.
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1. INTRODUCTION AND RESEARCH
BACKGROUND

Advanced manufacturing for aerospace
and defense increasingly depends on the
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ability to produce complex, high-value
components with exceptional geometric
precision. Multi-axis CNC machining,
robotic machining cells, and integrated
metrology systems have made it possible
to manufacture free-form parts under tight
tolerance requirements, but maintaining that
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accuracy remains a persistent challenge [1].
In these environments, geometric deviation
is both a dimensional concern and directly
influences assembly fit, aerodynamic
behavior, structural reliability, inspection
burden, and overall production efficiency.
Recent studies in precision machining [2, 3]
and aerospace assembly [4, 5] continue
to show that geometric and spatial errors
remain major barriers when tight tolerances
must be sustained across complex tool
paths and multi-stage processes. In defense
manufacturing such deviations increase
rework, extend inspection cycles, and delay
return-to-service for mission-critical systems.
At the same time, modern manufacturing
environments are increasingly data-rich
but label-poor [6, 7]. High-frequency
multichannel process signals can be collected
directly from machine controllers, yet
reliable geometric quality labels remain
expensive and delayed because they depend
on downstream metrology and inspection.
This imbalance has made predictive quality
modeling and virtual metrology important
research directions, but their practical
deployment remains difficult under changing
production conditions. Recent work suggests
that concept drift caused by tool wear,
machine condition, and shifting operating
regimes continues to limit the robustness
of data-driven models [8, 9].  Although
conventional supervised approaches
such as decision trees, support vector
regression, and neural networks can learn
relationships  between process signals
and quality outcomes, they often require
repeated retraining to remain effective as
manufacturing conditions evolve [10, 11].
Time series foundation models
provide a promising alternative as they
separate  large-scale  pretraining  from
downstream task adaptation. Chronos
demonstrated strong zero-shot and transfer
performance across diverse forecasting
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benchmarks, while Chronos-2 extends this
capability to univariate, multivariate, and
covariate-informed settings, making it more
suitable for industrial sensor streams [12,13].
Motivated by these developments, this paper
proposes ChronosGD, a retrieval-based
framework for geometric deviation prediction
that combines frozen Chronos-2 embeddings
with similarity search over historical process
windows.  Instead of learning a single
global regression function, ChronosGD
retrieves similar historical signal patterns
and transfers deviation information from
these local analogs. This shifts adaptation
from repeated parameter retraining to
memory refresh, while also providing
a traceable prediction pathway through
explicit historical neighbors. Accordingly,
ChronosGD is not absolutely training-free,
since Chronos-2 is pretrained upstream, but
it is deployment-level no-fine-tuning for the
plant-specific deviation prediction task.

2. METHODOLOGY

We propose ChronosGD, a retrieval-based
framework for geometric deviation prediction
from multichannel process signals.  An
overview of the framework is shown in
Fig. 1. The model estimates deviation at
each inspection location by comparing local
signal behavior from a query part against
a historical memory of previously observed
parts and transferring deviation information
from the most similar historical patterns.
An overview of the proposed framework is
shown in Fig. 1. The method comprises
two stages: an online prediction path and
an offline memory path. In the online
path, query signals are segmented into local
windows, encoded into latent representations,
and prepared for inference time retrieval. In
the offline path, historical process windows
and their associated deviation records are
stored in a searchable database. The two
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Figure 1: Overview of ChronosGD. Query signal windows are encoded and matched against a historical retrieval
memory of prior process windows and deviation records. Retrieved neighbors are then aggregated to produce the final

geometric deviation prediction.

paths meet at the retrieval stage, where the
nearest historical analogs are identified and
their deviation information is aggregated to
generate the final prediction.

To keep the methodology general, we
describe the framework independently of
any specific encoder or retrieval engine.
ChronosGD is then obtained as a particular
instantiation in which the representation
model is Chronos-2 and the retrieval backend
is FAISS [14].

2.1. Problem Formulation

Let P denote the set of parts and let S
denote the set of selected process signals. For
each part p € P and signal s € S, we observe
a time series z,, s € R, where L, is the
signal length.

We assume all parts are registered to a
common finite set of inspection locations
7. For each part p € P and inspection
location ¢ € T, the corresponding ground
truth geometric deviation is denoted by y,,; €
R.

Given a query part ¢ € P, the goal is
to predict 7, for each inspection location
t € T, using the multichannel process signals
of ¢ together with a historical memory built
from previously observed parts. Performance

for query part g is evaluated by mean-squared
error:

1

m Z (gq,t - yq,t)2 .

teT

MSE, = (1)

2.2. Historical Memory Construction
The proposed framework uses a fixed
representation map ¢ : R — R? which
transforms a local signal window of length 11/
into a d-dimensional latent representation.
For each historical part p € P\ {q}
and signal s € &, sliding windows of
length W and stride A are extracted from
the corresponding signal. Using one-based
indexing, define the valid window-index set

Ts={JEN:1+(G-1DA+W-1<1L,,}.

2
Foreach j € J,,, let7; =14 (j —1)A, and
define the corresponding signal window as

Wpaj = Tpslrj 7 +W =1 € RY. (3)

Each window is mapped into the latent
space by

¢(wps;) € R 4)

Zpsj =

For each signal s, the historical retrieval
memory excluding the query part is defined
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as the set of tuples

I0D = {(zp05:025) 10 € P\ {a}, J € Ty}

)
Each memory entry stores the latent
representation and metadata identifying the
source part and window index. Since all parts
are registered to the common inspection set
T, aretrieved historical window from source
part p can be associated with the historical
deviation y,; at the same inspection location
t.
2.3. Point-wise Window
Construction

Prediction is performed independently for
each inspection location ¢t € 7. To
connect geometric inspection locations to the
process signals, we assume that the regional
construction defines, for each query part ¢,
signal s, and inspection location ¢, a local
signal-index region R,s; C {1,...,L,s}.
This region specifies the portion of signal s
associated with inspection location ¢.

From the local region R, s ;, up to R valid
windows of length W are extracted:

Wq,s,t = {wq,s,t,i}?iqus’ta 0< Mg,s,t < R,
(6)
where mg ., is the number of valid query
windows extracted for signal s around
inspection location 7.
Each query window is embedded into the
same latent space:

Query

Ugsii = O(Wysri) € R, i =1,... My

(N

For later aggregation, define the set of

signals that provide at least one valid query
window at inspection location ¢:

S;t ={seS:mys+ >0}. )

2.4. Retrieval-Based Deviation
Transfer

For each query representation g+,

the method retrieves a nonempty set of
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nearest historical neighbors from Z{~9. Let
N(q, s,t,i) C (-9 denote this neighbor set.

For each retrieved neighbor n €
N(q, s,t,i), writt n = (25, Pn, jn), Where
z, 1s the retrieved latent representation, p,, is
the source part, and j, is the corresponding
historical window index. Let

dn = D(uq,s,t,iv Zn) (9)

denote the distance or dissimilarity between
the query representation and the retrieved
historical representation, where D : RY x
RY — Ry, is a chosen distance or
dissimilarity measure.

Each neighbor contributes the historical
deviation of its source part at the same
registered inspection location ¢, namely y,,, ;.
The local prediction for query window
Wy st 18 Obtained by a similarity-weighted
aggregation:

Yq,s,ti = Z

neN (g,s,t,1)

WYp, - (10)

The normalized retrieval weights are defined
by

K(dy)

an = . neN(gs,t,1),
ZTEN(q,s,t,i) /{(dr)

(an

where £ : R>y — R>¢ 1s a nonnegative

nonincreasing kernel that assigns larger
weights to more similar historical neighbors.
We assume that 3, c g5 K(dy) > 0. Tt
follows that

Soa, =1 (12)

neN (g,s,t,1)

2.5. Regional Aggregation Within
Each Signal

A single inspection location may produce
multiple query windows within the same
signal region. For each signal s €
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S&f +» the local window-level predictions are

aggregated into a signal-specific estimate:

Jost = As (Ggsttr- - gstmgni)»  (13)

where A () is an aggregation operator over
the regional windows for signal s.

In the simplest case, A, is the arithmetic
mean:

1 Mq,s,t
~ — ~ +
Yq,s,t = Z Yq,s,t,i5 5 € Sqﬂf- (14)
Mgst =1

2.6. Cross-Signal Fusion

Since deviation is inferred from multiple
process  signals, the  signal-specific
predictions are combined to form the
final estimate:

Jor = Fi ({Jositsesy,) (15

where Fi(-) denotes the cross-signal fusion
rule at inspection location .
A common choice is convex fusion:

@q,t = Z 5q,s,tﬂq,s,t> (16)

sES;’t
with weights satisfying

Y Bese=1. D

+
SEqut

ﬁq,s,t Z 07

Here, (3, s+ denotes the contribution of signal
s to the final prediction at inspection location
t.

2.7. ChronosGD Instantiation
ChronosGD is obtained as a specific
realization of the general framework above.
In this work, the representation map ¢(-) is
implemented by a frozen Chronos-2 encoder,
the retrieval memory Z is implemented using
FAISS, the dissimilarity function D(-,-) is
squared Euclidean distance in the embedding
space, and the kernel x(d) is inverse-distance

(GVSETS)

weighting x(d) = (d + &)~ with e > 0 for
numerical stability. Under this instantiation,
adaptation is achieved by refreshing the
historical memory with newly observed
windows and their associated deviations,
without gradient-based retraining of the
encoder.

3. EXPERIMENTAL DESIGN AND
RESULTS

The ChronosGD framework was evaluated
using a rotor blade manufacturing experiment
conducted at the Connecticut Center for
Advanced Technology (CCAT). Figure 2
summarizes the overall fabrication, signal
acquisition, and inspection workflow used in
the study. Grade 5 titanium rods with a
diameter of 1 1/4 in (31.75 mm) were used
to manufacture rotor blades with a length of
3 in (76.2 mm) designed at CCAT. Siemens
NX CAM was used to generate the baseline
tool paths required to manufacture the blades
on a 4-axis Trak VMC10si.

Blade fabrication consisted of ten
machining operations: (1) tip engage,
(2) top half rough, (3) top half semi-finish,
(4) bottom half rough, (5) bottom half
semi-finish, (6) platform outer rough, (7)
platform outer finish, (8) platform top finish,
(9) blade finish, and (10) tip finish. For
the ChronosGD study, the process signals
associated with the blade finishing stage
were used as the input time series data
for prediction. During machining of each
part, the corresponding time series signals
were recorded at 500 Hz directly from
the SINUMERIK controller on the Trak
machine and stored for subsequent analysis.
Specifically, signals were collected for
the X, Y, Z, and A axes, as well as the
spindle, yielding a total of 65 channels. For
each axis/component, 13 signal variables
were recorded: Load, Encoder 1 Position,
Control Position, Torque, Velocity Feed
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Figure 2: Illustration of the experimental design from part design, tool selection, manufacturing, and inspection.
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Figure 3: Example showcasing the prediction of
ChronosGD model for a) Part 1 and b) Part 20.
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Forward, Command Speed, Destination
Position, Control Differential, Control
Differential 2, Current, Contour Deviation,
Power, and Torque Feed Forward. These
recorded signals form the multichannel
process traces used to construct the historical
retrieval memory and the query inputs for
ChronosGD.

A total of 20 rotor blades were
manufactured and inspected for geometric
deviation relative to the nominal CAD model
using a GOM ATOS ScanBox. For each
blade, the scanned surface was registered
to the nominal geometry and deviation

values were extracted at labeled inspection
locations. We defined 30 inspection points
distributed across the blade surface and
arranged them into matched pressure-side
and suction-side pairs using a consistent
pair-key convention of the form i + (i + 15)
(e.g., 2+17, 3+18, ..., 16+31) so that
corresponding blade locations could be

analyzed consistently across parts.  The
inspection results for all blades were
exported to CSV and aggregated into

a deviation database. These measured
deviations serve as the ground truth targets
for ChronosGD, while the recorded finishing
operation signals serve as the time series
inputs used to predict deviation at each
inspection point.

ChronosGD was implemented in Python
with a window size of 250 and stride
of 50. Figure 3 showcases example
prediction results of ChronosGD for two
query parts. Figure 3a) shows the predicted
and true geometric deviations for Query
Part 1 across 30 inspection points, while
Fig. 3b) shows the corresponding results for
Query Part 20. In both cases, ChronosGD
captures the overall deviation profile across
the blade, including the major peaks in
the early and middle inspection regions
and the gradual reduction in deviation
toward later test points. The predicted
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values generally follow the spatial trend
of the measured deviations with relatively
small local discrepancies, indicating that
the retrieval-based formulation preserves
the dominant part-specific variation pattern.
These examples illustrate that ChronosGD
can recover the overall geometric deviation
distribution of unseen parts from recorded
finishing operation signals while maintaining
point wise fidelity across the inspection
sequence.

We further evaluate ChronosGD predictive
performance against conventional machine
learning baselines and deep learning methods
under matched data construction and
segmentation settings.  The conventional
models included decision tree regression
and support vector regression (SVR). Deep
learning baselines included multilayer
perceptron (MLP), time series Convolutional
Neural Network (CNN) [15], Fully
Convolutional Neural Network (FCN) [16],
Residual Network (ResNet) [16], and
InceptionTime [17]. To preserve fairness,
all compared methods used the same test
point segmentation logic, window size,
and regional window construction.  The
ChronosGD and conventional regression
baselines operated on the same per-signal
query windows extracted from each test
point region, while the deep learning
baselines used multivariate windows formed
from the same region boundaries across
all selected signals. Under this protocol,
observed performance differences primarily
reflect the modeling approach rather than
inconsistencies in preprocessing or feature
construction.

Figure 4 summarizes the aggregate
prediction error across all evaluated query
parts.  ChronosGD achieves the lowest
error among all compared methods in
both root mean squared error (RMSE
= 0.00224) and mean absolute error
(MAE = 0.00156), indicating that the

(GVSETS)

B RMSE
10*  mmm MAE

102

Error

10°

o " " "
= I BN
0 e oy N e ot N
005 Deos\"“ve N ¥ cepmﬂx\m e o
AN

o

we
Model

Figure 4: Aggregate error comparison of ChronosGD

and baseline models using RMSE and MAE.

retrieval-based formulation provides the
most accurate overall deviation estimates
under the shared evaluation protocol.

Among the conventional baselines,
decision tree regression (RMSE = 0.00661,
MAE = 0.00523) and SVR (RMSE
= 0.00730, MAE = 0.00585) yield the
next-lowest errors, although both remain
above ChronosGD. The FCN, InceptionTime,
and ResNet baselines exhibit substantially
higher error levels (FCN: RMSE = 0.05248,
MAE = 0.04550; InceptionTime: RMSE
= 0.11841, MAE = 0.10427; ResNet:
RMSE = 0.30648, MAE = 0.26028),
suggesting reduced effectiveness under the
present training and evaluation setting.

CNN and MLP produce errors several
orders of magnitude larger than the other
methods (CNN: RMSE = 1.55 x 10*, MAE
= 1.29 x 10% MLP: RMSE = 1.20 x 105,
MAE = 8.27 x 10*) suggesting these methods
are not effective for high multi-channel
timeseries prediction.

Figure 5 reports part-wise performance
in terms of log;o(MSE) across the 20
query parts. ChronosGD maintains low
error across nearly all parts and exhibits
the most favorable overall heatmap profile
(mean —5.627, range [—6.270, —4.477]), and
achieving the lowest MSE on all 20/20 query
parts. Decision tree regression and SVR also
show relatively stable behavior across parts
(Decision Tree: mean —4.366, std 0.076;
SVR: mean —4.276, std 0.051), but their
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Figure 5: Part-wise prediction error comparison across 20 query parts.

errors remain consistently higher than those
of ChronosGD. FCN, InceptionTime, and
ResNet display greater variability across
query parts, indicating stronger dependence
on the specific query instance (FCN: mean
—2.842, std 0.619; InceptionTime: mean
—1.999, std 0.342; ResNet: mean —1.299,
std 0.570). By contrast, CNN and MLP
are associated with uniformly high error
across most parts, with mean values of
8.069 and 9.647, respectively. Overall, these
results suggest that ChronosGD improves
both predictive accuracy and consistency
across unseen query parts relative to the
conventional regression baselines and deep
learning models evaluated in this study,
indicating robust generalization across
diverse query conditions rather than an
advantage driven by only a small subset of
favorable cases.

4. CONCLUSION

This paper presented ChronosGD, a
retrieval-based framework for geometric
deviation prediction from multichannel
manufacturing  signals  using  frozen
Chronos-2 embeddings and historical
similarity search. ChronosGD is formulated
as a deployment-level no-fine-tuning
approach that replaces repeated task-specific
retraining with memory refresh over

historical process windows. Experimental
evaluation on rotor blade finishing data
showed that  ChronosGD  accurately
recovered part-wise deviation profiles
and achieved lower prediction error and more
consistent performance across unseen parts
than the conventional regression and deep
learning baselines considered in this study.
Future research will investigate real-time
prediction during machining, including
streaming inference from controller data,
as well as edge deployment strategies
that enable low-latency on-machine or
near-machine decision support for quality
monitoring and adaptive manufacturing
applications.
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