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Abstract. Wearable sensing models are rarely static. A model trained
for one device, placement, or sensor layout may later need to absorb new
sensing configurations, from wrist-only accelerometry to multi-inertial-
measurement-unit (IMU) or physiological setups. This creates a capacity-
extension problem: new sensor domains must be added without disturb-
ing what the model already represents. Fine-tuning risks interference,
while training one model per domain duplicates capacity and compli-
cates deployment. We introduce PACE-HAR (Partitioned Adapter-
based Capacity Extension), a partitioned adapter-based Vector-Quantized
Variational Autoencoder (VQ-VAE) for interference-free cross-dataset
capacity extension. PACE-HAR freezes the shared encoder—decoder path
and extends it with domain-specific codebook partitions and lightweight
input adapters, isolating discrete latent capacity while aligning hetero-
geneous sensor inputs to the frozen representation space. Across five het-
erogeneous HAR datasets, a shared codebook shows clear cross-domain
interference, while partitioning alone preserves earlier domains exactly
but remains sensitive to input shift. PACE-HAR combines both mech-
anisms: previous-domain reconstruction is preserved exactly (Domain
Preservation Ratio, DPR = 1.00) at every extension step, and mean re-
construction error (MSE) drops by 8.28x relative to partitioning alone,
at a cost of only 166 trainable non-codebook parameters per added do-
main. This preservation guarantee, not classifier accuracy, is the central
claim of the paper. Downstream classification probes indicate that the
representation retains some activity-relevant information, though probe
accuracy remains modest; we report this as a narrow, exploratory check
rather than a competitive recognition result, and discuss what limits it
directly in the paper.

Keywords: Human Activity Recognition - Cross-Dataset Representa-
tion Learning - Vector-Quantized Autoencoders - Capacity Extension.
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Fig. 1. PACE-HAR extends HAR representation models across sensor domains by
freezing a shared VQ-VAE backbone and adding lightweight domain-specific adapters
and codebook partitions.

1 Introduction

In deployed wearable sensing pipelines, the sensing configuration often becomes
a moving design constraint rather than a fixed training assumption [7,15]. A
phone-based model may be extended to a smartwatch; a wrist-only setup may
add ankle or chest IMUs; a motion-only system may incorporate ECG or other
physiological channels [24,25,3]. Such changes alter the input geometry of the
underlying model, including channel structure, signal statistics, and temporal
patterns. Long-lived wearable systems therefore need more than a single well-
trained model: they need a controlled way to grow capacity across changing
sensing setups without the cost of retraining or the overhead of maintaining
separate models per configuration.

Common update strategies handle this growth poorly. Fine-tuning a shared
model gives the new domain full access to the representation, but can overwrite
structure used by previous domains [11, 14]. Maintaining one model per dataset
avoids this interference entirely, but duplicates capacity and complicates deploy-
ment, especially for compact wearable systems [13,15]. We study an alternative
that targets this growth cost directly, rather than aiming to replace existing
recognition pipelines outright: domain-aware cross-dataset capacity extension,
where a known new sensor domain is added through isolated components while
the shared representation path and previously allocated domain capacity remain
exactly fixed. Our primary evidence for this is reconstruction preservation; we
treat downstream activity recognition as a secondary probe of representation
utility rather than as the paper’s main performance claim, for reasons we return
to in Section 5.4 and Section 7.

We introduce PACE-HAR, a partitioned adapter-based capacity extension
method for wearable sensor representation learning. PACE-HAR builds on
a VQ-VAE, whose discrete codebook provides an explicit unit of latent ca-
pacity [20]. Each sensor domain receives a disjoint codebook partition and a
lightweight domain embedding, while the shared encoder—decoder backbone is
frozen after the initial domain. Because isolated latent capacity alone cannot
compensate for input-side mismatch, PACE-HAR also adds a lightweight do-
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main adapter that maps each sensor stream into the representation space ex-
pected by the frozen backbone.

We evaluate PACE-HAR across five heterogeneous HAR domains: UCI-
HAR, WISDM, PAMAP2, OPPORTUNITY, and MHEALTH (2,12, 24, 25, 3].
The evaluation separates three questions: whether shared codebooks cause cross-
domain interference, whether partitioning alone preserves earlier domains but
fails under sensor-input mismatch, and whether adapters with partitions can
preserve previous domains while reconstructing newly added ones. Downstream
probes further test whether the learned representations retain activity-relevant
information. This paper makes four contributions:

— We formulate cross-dataset capacity extension for domain-aware, interference-
free growth across heterogeneous wearable-sensor datasets.

— We introduce PACE-HAR, a partitioned adapter-based VQ-VAE with frozen
shared reconstruction, domain-specific codebook partitions, and lightweight
input adapters, giving an exact (DPR = 1.00) preservation guarantee at only
166 trainable non-codebook parameters per added domain.

— We show that partitions and adapters target complementary failures: la-
tent interference and sensor mismatch, and that both are necessary for low
reconstruction error under a frozen backbone.

— We evaluate preservation, reconstruction quality, domain-order sensitivity,
and parameter efficiency across five HAR domains, and report a narrow
downstream classification check as an exploratory, secondary signal of rep-
resentation utility, together with an explicit discussion of what the common
input canvas does and does not let us conclude from it.

2 Related Work

2.1 Cross-Domain and Long-Lived HAR Models

Sensor-based HAR is strongly affected by domain mismatch: models trained
on one sensing setup often degrade when users, devices, placements, sampling
regimes, or modalities change. Cross-dataset HAR has addressed this largely
through transfer and adaptation to a target domain. Qin et al. [21] adapt spatial-
temporal representations across domains, while Lu et al. [16] use semantic-
discriminative mixup for domain generalization. Adversarial alignment has been
explored for cross-domain activity recognition [27], and transformer-based ad-
versarial learning with self-knowledge distillation targets similar cross-device
shifts [28]. Dhekane and Ploetz [5] survey transfer learning approaches broadly
across HAR, and Chakma et al. [4] study domain adaptation specifically for
sensor-based recognition. These works establish heterogeneous HAR as a central
deployment challenge, but usually focus on adapting or generalizing to a target
domain rather than preserving a previously allocated representation model.
Long-lived HAR systems have also been studied through incremental and
continual learning. Gudur et al. [6] propose on-device active learning for HAR,
Jha et al. [9] benchmark continual learning methods empirically on activity data,
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Ye et al. [32] use generative adversarial replay for continual activity recognition,
and Adaimi and Thomaz [1] propose prototypical networks for lifelong adapta-
tion. Their primary objective is typically recognition performance under chang-
ing activity data. In contrast, PACE-HAR treats extension as a reconstruction-
compatible representation problem: new sensor domains are added while the
shared encoder—decoder path and earlier domain capacity remain fixed.

2.2 Capacity Allocation and Discrete Latent Representations

Avoiding interference in sequential learning often requires capacity separation.
Rusu et al. [26] introduce progressive networks that add a new column per task,
and Yoon et al. [33] dynamically expand network capacity as needed. Residual
adapters [23] and the parameter-efficient adapters of Houlsby et al. [8] instead
insert small trainable modules into an otherwise fixed backbone. PackNet [19]
and Piggyback [18] isolate capacity through iterative pruning and learned binary
masks, respectively, while L2P [31] and DualPrompt [30] isolate capacity in a
learned pool of prompts. These approaches isolate capacity in weights, heads,
masks, or prompt pools, but they do not directly assign explicit latent capacity
to sensor domains.

Vector-quantized representation learning provides such explicit latent units
through discrete codebook entries [20], with hierarchical and higher-fidelity vari-
ants proposed since [22, 29|. Closer to continual learning, Malepathirana et al. [17]
use vector quantization for neighborhood-aware prototype preservation, and Jiao
et al. [10] use discrete VQ-based prompt selection, but both target discriminative
or class-incremental settings rather than reconstruction. PACE-HAR instead
couples a partitioned VQ codebook with lightweight input adapters for het-
erogeneous HAR reconstruction: adapters handle sensor-input mismatch, while
private codebook partitions prevent latent-capacity interference.

3 Cross-Domain Capacity Extension

We consider a HAR representation model that must grow beyond the sensor
domain it was first built for. A domain denotes a dataset-level sensing config-
uration: device type, body placement, sensor channels, preprocessing, sampling
regime, and activity taxonomy. We assume that domain identities are known
and can be used for routing, matching deliberate integration scenarios where a
new device, placement, or dataset is added to an existing HAR system [15, 13].
The goal is therefore not domain-agnostic inference, but domain-aware exten-
sion without retraining the shared backbone or modifying components assigned
to earlier domains.

Let Dy, ..., Dy denote a sequence of HAR domains, where D; = {(:vgt)7 yz(t))}f\;tl
contains sensor windows and activity labels. The extension model is trained
through reconstruction; labels are used only for downstream evaluation. After
adding domain D;, the model is denoted by ©;.
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Fig. 2. PACE-HAR architecture. For a new sensor domain D, only the domain
adapter A, codebook partition C}, and domain embedding w; are trained. The shared
VQ-VAE backbone remains frozen, while quantization is restricted to the active parti-
tion to isolate latent capacity across domains.

For domain D; after extension step t, reconstruction error is

1 .
MSE;(01) = = D llz — Ze,l3- (1)

v x€D;

We quantify preservation with the Domain Preservation Ratio:

MSE;(6;) .

DPRY = 207 -y oy 2
i T NISE,(6) ' @
A value of DPR = 1.00 means that adding later domains leaves the recon-

struction error of domain D; unchanged; values above 1.00 indicate degradation.
Downstream HAR classifiers are trained on the learned representations only to
assess recognition utility.

4 PACE-HAR

We introduce PACE-HAR, a capacity-extension architecture for cross-dataset
HAR representation learning, shown in Fig. 2. PACE-HAR freezes a shared
VQ-VAE backbone after the first domain and assigns each later domain three
trainable resources: a lightweight input adapter A;, a private codebook partition
C}, and a domain embedding w;. The adapter controls how a new sensor stream
enters the frozen model, the partition controls where its latent patterns are
stored, and the embedding provides a small domain-specific decoder shift.

4.1 VQ-VAE Backbone for Sensor Reconstruction

The shared backbone of PACE-HAR is a Vector-Quantized Variational Au-
toencoder (VQ-VAE) trained to reconstruct sensor windows [20]. Because later
HAR domains may differ in channel structure, placement, and signal statistics,
PACE-HAR does not feed each domain directly into the frozen encoder. In-
stead, each domain first passes through a lightweight domain adapter A;, which
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maps the input window into the representation space expected by the shared
backbone.
For an input window z® from domain D,, the adapter produces an aligned
input
7 — At@;(t))’ (3)

and the shared encoder maps this adapted signal to a continuous latent repre-
sentation,

2 = By(2). (4)

A pre-quantisation layer maps this representation into the codebook space,
where it is replaced by its nearest discrete codeword:

: (5)

(t)
z €,
e J 2

t .
z((z) =e;, k= argmjm‘

The decoder reconstructs the sensor window from the quantised latent:
™ = Dy(2). (6)

The reconstruction objective combines mean squared error with a standard
VQ commitment term:

| X L X
~ 112 2
L= —NZHM *xi”2+5*NZHZe,i*Sg[Zq,i]HQ, (7)
=1 i=1

where sg[-] denotes stop-gradient. We use 8 = 0.25 and update the codebook
with exponential moving average, following common VQ-VAE practice [20, 22].
The key design choice in PACE-HAR is not the VQ-VAE backbone itself, but
how its discrete codebook is allocated during extension.

4.2 Codebook Partitions as Isolated Latent Capacity

A shared codebook makes all domains compete for the same discrete latent ca-
pacity. With a new sensor domain, its updates can move codewords that earlier
domains already depend on. PACE-HAR avoids this by partitioning the code-
book into disjoint domain-specific subsets:

T
c=Jc, cnCj=0 fori#j. (8)

t=1

During training and inference for domain Dy, quantisation is restricted to its
partition Cy:

: (9)

2

Thus, one domain never uses or updates codewords assigned to another do-
main. In our five-domain HAR setting, the codebook contains 192 entries with
32-dimensional code vectors, and each domain receives 32 codewords. The to-
tal codebook is pre-allocated, so extension does not require growing the shared
backbone.

2 —e

(t) — — ;
2\ =ep, Kk =arg min
a ’ ge]‘GCt
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4.3 Freezing the Shared Representation Path

Partitioning the codebook protects earlier domains only if the surrounding rep-
resentation path remains stable. If the encoder changes, earlier inputs may no
longer map near their assigned codewords; if the decoder changes, the same code-
word may reconstruct differently. PACE-HAR therefore freezes the encoder,
pre-quantisation layer, and decoder after the first domain.

For the initial domain Dy, the full VQ-VAE is trained. For each later domain
Dy, t > 1, the shared backbone remains fixed and training is restricted to the
current domain’s adapter A;, codebook partition C}, and embedding w;. The
embedding is added before decoding;:

.f?(t) = D¢ (Zét) + U}t> , W € R32. (10)

This gives each domain a minimal amount of decoding flexibility without up-
dating the decoder itself. After a domain has been added, its adapter, partition,
and embedding are frozen as well.

4.4 Domain Adapters for Sensor Alignment

HAR domains differ not only in labels, but in the structure of the input signal
itself: channel count, placement, preprocessing, sampling behavior, and sensor
statistics. A frozen backbone trained on one domain may therefore be poorly
aligned with later domains, even when those domains receive private codebook
capacity. In PACE-HAR, the domain adapter is the interface between hetero-
geneous sensor inputs and the frozen representation path.

For each domain, a lightweight adapter transforms the input before it reaches
the frozen encoder:

i = A, (z®), 2 = Ey(z®). (11)

We implement A; as a lightweight 1x 1 convolution followed by batch normal-
isation, following the broader idea of parameter-efficient domain adaptation with
lightweight trainable modules [23, 8]. It performs a channel-wise transformation
that maps the current sensor stream into the representation space expected by
the frozen backbone. The adapter is trained only together with the current par-
tition C; and embedding w;, then frozen. Each adapter adds 134 parameters;
together with the 32-dimensional domain embedding, each new domain adds
only 166 trainable non-codebook parameters.

4.5 Extension Procedure

The first domain trains the full VQ-VAE. For each later domain D,;, PACE-
HAR allocates a fresh adapter A;, codebook partition Cy, and embedding wy,
trains only these components, and then freezes them. Thus, extension requires
neither replay, full retraining, nor a separate model per dataset.
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Table 1. HAR domains used for capacity extension, spanning feature vectors, single-
device IMU streams, multi-IMU setups, and physiological sensing.

Dataset Act. Subj. Input Sensor setup

UCI-HAR [2] 6 30 561  Smartphone IMU features
WISDM [12] 6 36 3x128 Phone/Watch IMU
PAMAP?2 [24] 12 9 27 x 128 Chest/wrist/ankle IMU
OPPORTUNITY [25] 17 4 113 x 128 Full-body IMU
MHEALTH [3] 1210 23 x 128 IMU + ECG

5 Experimental Setup

We evaluate PACE-HAR in two stages. First, we study reconstruction-based
capacity extension, where the model must add heterogeneous HAR domains
while preserving previously supported ones. Second, we run a narrow down-
stream classification check to see whether the learned representations retain any
activity-relevant information at all.

5.1 Datasets and Domain Chains

We use five HAR datasets with different sensor configurations, input formats,
and activity distributions, summarized in Table 1: UCI-HAR [2], WISDM [12],
PAMAP2 [24], OPPORTUNITY [25], and MHEALTH |[3]. Together, they span
compact smartphone-derived features, wrist accelerometry, multi-sensor body-
worn IMU streams, high-dimensional full-body sensing, and motion signals com-
bined with physiological channels.

We evaluate reconstruction on three domain chains, labeled easy, medium,
and hard according to their expected initialization and shift conditions. The easy
chain starts from the rich multi-sensor PAMAP2 domain; the medium chain fol-
lows a canonical progression from compact smartphone features to richer sensor
streams; the hard chain starts from narrow WISDM wrist accelerometry and
adds larger shifts later.

Easy: PAMAP2—MHEALTH— WISDM — OPPORTUNITY — UCI-HAR

Medium: UCI-HAR — WISDM —PAMAP2 — OPPORTUNITY —MHEALTH
Hard: WISDM — UCI-HAR —MHEALTH —PAMAP2— OPPORTUNITY

5.2 Reconstruction Variants

For reconstruction, we compare three variants that isolate the main design
choices, summarized in Table 2. Shared VQ-VAE uses one shared codebook that
is updated across domains, testing whether shared latent capacity is sufficient
under heterogeneous sensor shifts. Partitioned VQ-VAE assigns each domain
a private codebook partition and domain embedding while freezing the shared
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Table 2. Ablation variants separating shared-capacity interference, latent isolation,
and input alignment. Parameter counts exclude codebook entries.

Variant Backbone Codebook Input align. Non-CB params
Shared VQ-VAE updated shared no all params
Partitioned VQ-VAE  frozen  private Ct no 32
PACE-HAR frozen  private C yes 166

Table 3. The two classification variants compared in Section 6.3.

Variant Uses VQ repr. Retention strategy Added capacity
Freeze + Probe Yes Frozen features Small head
PACE-HAR-}Probe Yes Partitioned features Small head

backbone, testing whether isolated latent capacity alone preserves earlier do-
mains. PACE-HAR adds a domain adapter before the frozen backbone, testing
whether input alignment is necessary in addition to isolated latent capacity.

We report reconstruction error using MSE and preservation using DPR, as
defined in Section 3. We also summarize adapter gains and order sensitivity
across the easy, medium, and hard chains.

5.3 Classification Baseline

Beyond reconstruction, we run a lightweight check of whether the learned repre-
sentation supports downstream activity recognition at all. This check is auxiliary:
reconstruction remains the primary capacity-extension objective, and we keep
the comparison deliberately narrow rather than benchmarking broadly against
the continual-learning literature (see Section 7). We use a probe to mean a
lightweight supervised classifier trained on top of a learned representation, while
the reconstruction backbone is kept fixed. Thus, probe accuracy measures how
much activity-relevant information is retained in the representation rather than
how well the full model can be optimized for classification.

We compare two variants, summarized in Table 3. Freeze + Probe is the
simplest reconstruction-compatible baseline: it trains a lightweight classifier on
frozen reconstruction features from the shared (non-partitioned) backbone. PACE-
HAR + Probe is our reconstruction-compatible variant: the probe is trained on
the partitioned PACE-HAR representation while the reconstruction path re-
mains preserved. We report final mean accuracy, parameter count, accuracy per
million parameters, and old-domain retention.

5.4 Implementation Details

All datasets are mapped to a shared reconstruction format. UCI-HAR uses
its standard 561-dimensional feature vectors; WISDM, PAMAP2, OPPORTU-
NITY, and MHEALTH are windowed with sizes/strides of 200/100, 256/128,



10 V. Banwari et al.

Table 4. Reconstruction and preservation across the canonical five-domain sequence.
Lower MSE is better; DPR=1.00 indicates no reconstruction degradation.

Shared  Partitioned PACE-HAR

Domain MSE DPR MSE DPR MSE DPR
UCI-HAR 0.0304 5.69 0.0021 1.00 0.0019 1.00
WISDM 0.0320 2.68 0.0224 1.00 0.0014 1.00
PAMAP2 0.0846 4.54 0.0745 1.00 0.0013 1.00
OPPORTUNITY 0.0747 3.24 0.0645 1.00 0.0069 1.00
MHEALTH 0.0669 - 0.0792 - 0.0179 -

Mean 0.0577 - 0.0485 - 0.0059 -

128/64, and 128/64 samples, respectively. Unlabeled samples are removed, miss-
ing values are imputed per dataset, and each sample is independently normal-
ized, clipped to [—3, 3], rescaled to [—1, 1], padded or truncated to 3072 values,
and reshaped to (3,32, 32). This common canvas enables controlled cross-domain
reconstruction, while abstracting away some native temporal and channel struc-
ture.

PACE-HAR uses a convolutional VQ-VAE with 128 hidden channels, two
downsampling layers, two residual layers, 32 residual hidden channels, and a
32-dimensional code embedding. The codebook is partitioned by domain; each
domain also receives a 32-dimensional domain embedding. From the second do-
main onward, PACE-HAR adds a residual 1 x 1 input adapter with hidden
width 16. Models are trained with Adam, learning rate 3 x 10~4, batch size 128,
and 50 epochs per domain, using reconstruction and commitment losses with
EMA codebook updates and 8 = 0.25. UCI-HAR uses its official split; all other
datasets use an 80/20 split after windowing with seed 42.

For classification probes, frozen reconstruction backbones are followed by lin-
ear probes or classifier heads trained for 30 epochs with Adam at 10~3. Param-
eter counts include the backbone, codebook, domain embeddings, instantiated
adapters, and downstream heads; each added PACE-HAR domain contributes
134 adapter parameters and 32 domain-embedding parameters, i.e., 166 trainable
non-codebook parameters before probe parameters.

6 Results

We first evaluate reconstruction and preservation across the canonical five-domain
sequence, then test sensitivity to domain order. Finally, we run a narrow down-
stream classification check against a single baseline, while treating reconstruction-
compatible capacity extension as the primary objective.
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Reconstruction Trade-offs Across HAR Domains
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Fig. 3. Reconstruction MSE across domains. PACE-HAR stays in the low-MSE
regime, unlike the shared and partitioned-only variants.

6.1 Reconstruction, Preservation, and Component Ablation

Table 4 tests the central trade-off: whether the model can stay stable without
becoming too rigid to reconstruct new domains. The shared VQ-VAE suffers from
cross-domain interference, with DPR values between 2.68 and 5.69 on earlier
domains. Partitioning removes this interference by keeping DPR at 1.00, but
reconstruction quality remains weak on several shifted domains. PACE-HAR
combines both properties: it preserves all earlier domains with DPR 1.00 and
reduces mean reconstruction MSE to 0.0059.

The main improvement comes from adding input alignment to latent isola-
tion. Relative to the partitioned model without adapters, PACE-HAR reduces
mean MSE from 0.0485 to 0.0059, an 8.28x improvement. Preservation itself
is structurally expected because previously allocated adapters, codebook parti-
tions, embeddings, and the shared backbone are frozen. The non-trivial result is
that newly added heterogeneous domains can still be reconstructed well under
this frozen-backbone constraint.

Figure 3 visualizes the same pattern across domains. PACE-HAR consis-
tently stays below the shared and partitioned-only variants, showing that iso-
lated codebook capacity alone is not sufficient when the frozen backbone re-
ceives heterogeneous sensor inputs. The adapter provides the missing input-side
alignment, while the partitioned codebook preserves previously allocated latent
capacity.

To characterize this input-side mismatch directly, we measure a per-dataset
shift score, quantifying how far a domain’s native input distribution lies from the
domain used to initialize the frozen backbone, and report the mean and standard
deviation of the resulting encoder-output gap alongside the adapter’s multiplica-
tive MSE improvement over the no-adapter partitioned model (Table 5).
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Table 5. Domain shift relative to the initializing domain and the corresponding adapter
improvement in reconstruction MSE over the no-adapter partitioned model. Higher
shift scores correspond to larger adapter gains.

Dataset Shift score Mean gap Std gap Adapter improvement
UCI-HAR 0.000 0.000 0.000 1.09x%
WISDM 0.211 0.141 0.071 16.37x
PAMAP2 0.401 0.262 0.139 56.60 %
OPPORTUNITY 0.383 0.237 0.146 9.40 %
MHEALTH 0.404 0.159 0.245 4.43x%

Table 6. Order sensitivity of PACE-HAR across domain chains. Preservation reports
mean / maximum DPR.

Order Chain Mean MSE Preservation

Easy PAMAP2 — MHEALTH —  0.006380 1.00 / 1.00
WISDM — OPPORTUNITY —
UCI-HAR

Medium UCI-HAR — WISDM — PAMAP2  0.005665 1.00 / 1.00
— OPPORTUNITY — MHEALTH

Hard WISDM — UCI-HAR — 0.006015 1.00 / 1.00
MHEALTH — PAMAP2 —
OPPORTUNITY

UCI-HAR is the domain used to initialize the frozen backbone in this order-
ing, so its shift score is zero by construction and the adapter contributes almost
nothing (1.09x), which is the expected null case. Every other domain has a
non-zero shift score, and the adapter’s improvement is substantial across all of
them, though the relationship is not strictly monotonic in the shift score alone:
PAMAP2 has a similar shift score to MHEALTH and a lower score than OP-
PORTUNITY, yet shows by far the largest adapter improvement (56.60x ). This
suggests that raw distributional distance from the initializing domain is only
part of the story; the adapter’s benefit likely also depends on how the frozen
encoder’s learned features happen to align with each domain’s specific channel
structure, which the shift score does not fully capture. We view a more targeted
characterization of this relationship as useful future work, but the overall pattern
still supports the core claim of this subsection: input alignment matters most
precisely where the frozen backbone would otherwise be poorly matched to the
incoming domain.

6.2 Order Sensitivity Across Domain Chains

Table 6 tests whether PACE-HAR depends strongly on the domain used to
initialize the frozen backbone. Across the three chains, mean MSE remains in a
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Table 7. Aggregate classification probe results (mean across the five HAR datasets).
This is a narrow, single-baseline check of representation utility, not a benchmark com-
parison; see Section 7. Retention is reported in %; MPar. denotes million parameters
and Acc./M accuracy points per million parameters.

Method Final Acc. MPar. Acc./M Retention (Old)
Freeze + Probe 24.21 0.860 28.15 92.92
PACE-HAR+Probe 41.12 0.710 57.96 110.73

narrow range from 0.005665 to 0.006380. At the same time, preservation remains
exact in every order, with mean and maximum DPR both equal to 1.00.

This result is important because the first domain defines the shared encoder—
decoder path used by all later domains. Starting from a richer multi-sensor do-
main could provide a more flexible backbone, while starting from a narrower
single-device domain could make later domains harder to align. The small dif-
ferences across chains suggest that the domain adapter absorbs much of this
input-side mismatch, so capacity extension is not overly dependent on a favor-
able domain initialization order.

6.3 Classification Probes as a Secondary Signal

We use classification here as a diagnostic probe of representation utility rather
than as a recognition benchmark. PACE-HAR’s primary claim remains the
exact reconstruction-preservation guarantee established above; the probe results
below are a first, exploratory look at how much activity-relevant information
survives the reconstruction bottleneck, and we return to their limits in Section 7.
Retention (Old) reports the ratio between final and best observed accuracy on
previously learned domains.

Table 7 shows the result of this narrow check. PACE-HAR+Probe reaches
41.12% mean accuracy against 24.21% for the Freeze+Probe baseline, at fewer
parameters (0.710M vs. 0.860M) and higher old-domain retention (110.73% vs.
92.92%). We read this as evidence that the partitioned representation retains
more activity-relevant structure than an unpartitioned frozen backbone, not as
evidence of competitive recognition performance: 41% mean accuracy is well
below what a dedicated HAR classifier would achieve, and we do not present it as
such. A fuller per-dataset breakdown and comparison against stronger classifier-
oriented and continual-learning baselines is left to future work, as discussed in
Section 7.

6.4 Qualitative Latent-Space Analysis

Figure 4 provides a qualitative view of the representation learned by PACE-
HAR after all domains have been added. The projection shows visibly separated
dataset-level regions, suggesting that the partitioned representation preserves
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Fig. 4. t-SNE projection of PACE-HAR VQ latents after the full domain sequence,
colored by dataset domain. The projection provides a qualitative view of domain-
specific structure after sequential extension.

domain-specific structure rather than collapsing heterogeneous sensor inputs into
a single mixed latent space. This supports the quantitative reconstruction and
retention results, but should be interpreted as a qualitative diagnostic because
t-SNE distances and cluster geometry can be affected by the projection.

7 Scope and Limitations

We discuss three limitations directly, since they bound what our results can and
cannot support.

The shared reconstruction canvas trades native signal structure for cross-
dataset comparability. To reconstruct five datasets with a single frozen backbone,
every input is normalized, clipped, padded or truncated to a fixed 3072-value
canvas, and reshaped to (3,32,32) (Section 5.4). This is what makes a shared
encoder—decoder path and a single MSE scale meaningful across UCI-HAR’s
561-dimensional engineered features, WISDM’s compact 3 x 128 streams, and
OPPORTUNITY’s 113 x 128 full-body IMU signal. It also means that a sizeable
fraction of the canvas is padding for low-dimensional datasets and that high-
dimensional datasets lose native content to truncation. Low reconstruction MSE
should therefore be read as evidence of preservation and low interference on this
shared canvas, not as direct evidence that all native sensor detail is retained. We
view fixing this, for example through per-domain canvas sizes or adapters that
project to a shared latent budget without a fixed spatial layout, as the most
important direction for follow-up work.

Downstream classification accuracy is not yet at a level that would support
practical deployment. Aggregate probe accuracy after five domains is 41.12%,
well below dedicated HAR classifiers, and we report it only as a narrow check
of representation utility against a single frozen-backbone baseline (Section 6.3),
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not as a competitive recognition result or a claim that PACE-HAR is ready to
replace a dedicated recognition pipeline. We have not yet broken this down per
dataset or diagnosed how much of the gap is attributable to the shared canvas
(limitation above) versus the probe architecture itself; both are natural next
steps.

Baselines are chosen to isolate mechanism, not to exhaustively benchmark
the design space. Our reconstruction comparison (Shared / Partitioned / PACE-
HAR) is a controlled ablation intended to separate the contribution of latent
isolation from input alignment. Our classification check is intentionally nar-
row: a single frozen-backbone baseline (Freeze + Probe), meant only to estab-
lish that partitioning helps relative to an unpartitioned representation, not to
benchmark against the continual-learning or HAR classification literature. We
have not compared against, for instance, regularization-based continual learning
(e.g., EWCQ), larger classifier-oriented expansion methods, adapter-only exten-
sion without codebook partitioning, domain-specific normalization, or replay-
based continual learning at matched parameter budgets; such comparisons would
clarify both how much of PACE-HAR’s classification benefit is attributable
to codebook partitioning specifically, and how the trade-off against dedicated
recognition-oriented methods actually looks. We leave a fuller benchmark to
future work.

8 Conclusion

We introduced PACE-HAR, a partitioned adapter-based VQ-VAE for interference-
free cross-dataset capacity extension. The method combines disjoint codebook
partitions with lightweight domain adapters to address latent-capacity interfer-
ence and sensor-input mismatch while keeping the shared encoder—decoder path
exactly fixed.

Across five heterogeneous HAR datasets, PACE-HAR preserves previously
supported domains exactly (DPR = 1.00) at every extension step, improves re-
construction quality under domain shift by 8.28x over partitioning alone, and
does so at only 166 trainable non-codebook parameters per added domain, re-
gardless of domain order. A narrow downstream classification check indicates
that some activity-relevant information survives this reconstruction bottleneck
relative to an unpartitioned frozen baseline, but aggregate accuracy remains
modest; we report this as an exploratory signal rather than a resolved result,
and discuss its limits explicitly in Section 7. The resulting system is best viewed
as a controlled, parameter-efficient mechanism for growing a shared generative
representation across sensing configurations, not as a replacement for dedicated
activity-recognition pipelines in its current form. Future work should relax the
shared canvas constraint, for example through per-domain adapters that project
native input shapes into a shared latent budget without a fixed spatial lay-
out, and should study automatic domain routing, streaming deployments, and
matched-budget comparisons against adapter-only and replay-based extension
methods.
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