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Abstract

Motion sensor time-series are central to Hu-
man Activity Recognition (HAR), yet conven-
tional approaches are constrained to fixed activ-
ity sets and typically require costly parameter
retraining to adapt to new behaviors. While
Large Language Models (LLMs) offer promis-
ing open-set reasoning capabilities, applying
them directly to numerical time-series often
leads to hallucinations and weak grounding.
To address this challenge, we propose ZARA
(Zero-training Activity Reasoning Agents), a
knowledge- and retrieval-augmented agentic
framework for motion time-series reasoning in
a training-free inference setting. Rather than
relying on black-box projections, ZARA dis-
tills reference data into a statistically grounded
textual knowledge base that transforms im-
plicit signal patterns into verifiable natural-
language priors. Guided by retrieved evidence,
ZARA iteratively selects discriminative cues
and performs grounded reasoning over can-
didate activities. Extensive experiments on
eight benchmarks show that ZARA general-
izes robustly to unseen subjects and across
datasets, demonstrating strong transferability
across heterogeneous sensor domains. These
results mark a step toward trustworthy, plug-
and-play motion understanding beyond dataset-
specific artifacts. Our code is available at
https://github.com/zechenli@3/ZARA.

1 Introduction

Human activity recognition (HAR) from on-body
motion sensors underpins applications from dig-
ital health to adaptive interfaces. However, the
dominant paradigm in HAR remains heavily su-
pervised. Most existing systems typically rely on
task-specific deep neural networks (Ordéiiez and
Roggen, 2016; Abedin et al., 2021; Vaswani et al.,
2017) optimized for fixed sensor setups and classes.

Consequently, existing HAR methods (see Fig-
ure 1) face three critical barriers to scalable de-
ployment. Poor Generalization. Adapting to
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Figure 1: Representative method families for human
activity recognition.

new users (cross-subject) or hardware setups (cross-
domain) typically necessitates costly model param-
eter optimization. Limited Training-Free Adap-
tation. Time-series (TS) foundation models like
Moment (Goswami et al., 2024) and Mantis (Feo-
fanov et al., 2025) offer transferable representations
but still require task-specific classification heads.
Contrastive models such as UniMTS (Zhang et al.,
2024) eliminate the classifier, yet still struggle
to distinguish fine-grained activities in parameter-
frozen settings due to limited semantic grounding.
Lack of Interpretability. Most approaches yield
only categorical predictions without transparent
reasoning, limiting trust in safety-critical scenar-
i0s.
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Meanwhile, LL.Ms enhanced with retrieval-
augmented generation (RAG) have shown strong
reasoning capabilities in vision and NLP (Baek
et al., 2023; Shen et al., 2022; Xie et al., 2023;
Zhang et al., 2025a). However, sensor-based HAR
has largely failed to capitalize on this paradigm.
Early attempts to apply LLMs to HAR have fo-
cused on converting multi-channel signals into
token sequences or images. These modality-
projection approaches suffer from excessive to-
ken usage, significant information loss during
discretization, and mediocre accuracy, as LLMs
struggle to intuit physical dynamics directly from
raw numerical streams.

We argue that the missing link lies in translat-
ing implicit signal statistics into explicit, structured
language. Just as RAG in NLP relies on a high-
quality document corpus, RAG in HAR requires
a domain-specific knowledge base that articulates
how physical movements manifest in sensor data.
When equipped with (i) statistically grounded tex-
tual priors (e.g., running exhibits higher vertical ac-
celeration variance than walking) and (ii) a retrieval
mechanism for relevant signal evidence, LLMs can
perform robust reasoning on HAR tasks. This en-
ables evidence-grounded, training-free inference,
effectively replacing task-specific classifier training
with in-context conditioning on retrieved priors.

Motivated by this insight, we introduce ZARA,
a novel agentic framework for HAR in a training-
free inference setting via knowledge- and retrieval-
augmented reasoning. ZARA bridges the signal-
to-language gap via three synergistic components.
First, Offline Statistical Profiling automatically
distills a general-purpose knowledge base from ev-
ery activity pair by extracting discriminative fea-
ture profiles. This pairwise formulation translates
implicit signal characteristics into verifiable lin-
guistic priors, enabling the system to accommodate
new activities by simply registering their profiles
without parameter updates. Second, Class-Wise
Multi-Sensor Retrieval fetches top-k evidence
conditionally per class from a labeled support set to
ensure balanced recall across long-tail classes, and
then aggregates the heterogeneous sensor-specific
rankings using Reciprocal Rank Fusion (Cormack
et al., 2009). Finally, Hierarchical Multi-Agent
Reasoning orchestrates specialized LLM agents
to iteratively filter features and prune candidates,
progressively narrowing the hypothesis space to
produce predictions supported by human-readable
explanations.

We benchmark ZARA against 10 established
baselines across 8 diverse HAR datasets. Our com-
prehensive evaluation spans both Cross-Subject
scenarios (addressing new user adaptation) and
Cross-Dataset scenarios (testing domain general-
ization). By fusing structured sensor knowledge
with LLM-based reasoning, ZARA offers a plug-
and-play alternative to training-intensive pipelines.
Concretely, this work contributes:

* Signal-to-Text Knowledge Grounding. We
propose an automated method to distill motion
TS into a pairwise textual knowledge base, en-
abling LL.Ms to perform verifiable reasoning
in a parameter-frozen setting.

* Agentic Framework for Interpretable HAR.
ZARA is the first knowledge- and retrieval-
driven agentic system for multi-sensor TS
classification that also generates concise,
evidence-backed rationales, enhancing trust
in automated decision-making.

* Strong Training-Free Generalization. Ex-
tensive experiments confirm ZARA’s state-
of-the-art performance in parameter-frozen
settings, where robust generalization across
unseen subjects and heterogeneous domains
demonstrates the transferability of the injected
motion priors.

2 Related Work

Recent HAR work has shifted from training task-
specific networks to using pre-trained foundation
models for general time-series (TS) representa-
tions. Chronos (Ansari et al., 2024) tokenizes TS
via scaling and quantization to enable text-style
encoder—decoder training; Moment (Goswami
et al., 2024) pre-trains transformers with masked-
value prediction; and Mantis (Feofanov et al.,
2025) uses a contrastively pre-trained Vision Trans-
former (Dosovitskiy et al., 2020) tailored for time-
series classification. Despite strong representa-
tions, these backbones still typically require train-
ing downstream classifiers for specific tasks.

To enable parameter-frozen HAR, prior work
explores cross-modal alignment, mapping motion
signals into shared embedding spaces with text
or images. ImageBind (Girdhar et al., 2023)
and IMU2CLIP (Moon et al., 2023) align IMU
data with VLM spaces (Radford et al., 2021).
UniMTS (Zhang et al., 2024) aligns synthetic skele-
ton motions with text for classifier-free recogni-
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Figure 2: Overall architecture of ZARA, an evidence-grounded agentic framework augmented with knowledge and

retrieval for motion time-series reasoning.

tion, but often lacks semantic granularity for com-
plex activities. COMODO (Chen et al., 2025) dis-
tills semantics from paired video-IMU data via
cross-modal self-supervision, but still relies on task-
specific training.

In parallel, recent work has explored LLM
agents that leverage long-context memory and ex-
ternal context at test time (Zhang et al., 2025b,
2026), while LLM-based reasoning methods ap-
ply similar ideas to HAR. HARGPT (Ji et al,,
2024) and Yoon et al. (2024) prompt on raw
signals via chain-of-thought or visual transfor-
mations, incurring high token cost and informa-
tion loss. SensorLLM (Li et al., 2025) gener-
ates human-readable captions but relies on fine-
tuning. ZeroHAR (Chowdhury et al., 2025) and
SensorLM (Zhang et al., 2025c¢) add spatial meta-
data or hierarchical captions, but still lack verifi-
able, statistically grounded motion knowledge for
robust training-free generalization.

3 Methodology

Figure 2 illustrates the overall framework of ZARA.
We first motivate the decoupling of universal knowl-
edge and local evidence, and then describe the con-
struction of the knowledge base, retrieval backbone,
and hierarchical agentic workflow.

Decoupling Knowledge and Evidence. Stan-
dard RAG systems typically retrieve raw samples
directly. However, raw sensor signals lack explicit
semantic structure, making it difficult for LLMs
to reason about fine-grained physical differences.
ZARA addresses this by decoupling information

into two sources: Universal Knowledge (K): A
static reference registry storing pairwise feature-
importance profiles. Rather than embedding sensor-
grounded priors into model weights, it acts as a
lookup table identifying which physical properties
are most discriminative for separating specific ac-
tivities (e.g., instructing the agent that "vertical
acceleration variance" is the critical metric to dis-
tinguish Running from Walking). Local Evidence
(D): A vector database of raw-signal embeddings
that serves as external memory. This provides lo-
cal distributional grounding, allowing the model
to adapt to specific sensor placements or users via
in-context retrieval rather than weight adaptation.

Offline Statistical Profiling (Global Priors). To
equip the LLM with structured, sensor-specific pri-
ors, we automatically construct a pairwise Activity
Feature Importance Knowledge Base K through
offline statistical analysis. Each wearable unit
provides raw sensor channels (typically a 3-axis
accelerometer and/or gyroscope). For every la-
belled window z, € RT*C of activity a (T time
steps, C channels), we derive a feature pool F
comprising low-cost, human-interpretable statistics
(see Appendix A.6): time-domain measures (mean,
variance, RMS, etc.), frequency-domain descrip-
tors (spectral entropy, dominant frequency, etc.),
and cross-channel indicators (correlations, tilt an-
gles). For each ordered activity pair (a;, a;), we
estimate an importance score s[f, (a;,a;)] for ev-
ery f € F using permutation-based feature rank-
ing via AutoGluon (Erickson et al., 2020). Cross-
validation with fold-weighted averaging yields ro-
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Figure 3: ZARA’s multi-agent workflow with placement-specific, class-wise evidence retrieval and rank fusion.

bust estimates that generalize across folds. All
feature—score tuples are stored as K[(a;,a;)] =
[(f1,81),-..,(fp,sp)]. Because K is organized
pairwise, it translates implicit signal characteris-
tics into verifiable linguistic priors that can be dy-
namically instantiated for any candidate subset at
inference time. Crucially, adding a new activity re-
quires only registering its statistical profile against
existing classes, thereby eliminating the need for
task-specific retraining or manual rule curation.

Placement-Specific Retrieval (Local Evidence).
To ensure retrieved evidence aligns with the query’s
physical context, we maintain a set of placement-
specific vector stores {D'°°}, where loc denotes the
sensor position (e.g., wrist, ankle). Each database
acts as a distributional anchor, indexing historical
motion windows embedded by a frozen TS founda-
tion encoder g(-) (Mantis (Feofanov et al., 2025)
by default), stored alongside their statistical fea-
tures, labels, and sensor metadata. The resulting
embedding vectors are L2-normalized and indexed
using FAISS IndexFlatIP (Douze et al., 2025). For
a query embedding u = g(z) and a stored vector v,
similarity is computed as cos(u,v) = u'v. This
configuration restricts retrieval to distributionally
aligned evidence within each body-location shard,
thereby enabling robust local grounding without
parameter updates.

Class-Wise Multi-Sensor Retrieval. Given a
query window x with sensor placement tag loc and
candidate activities A = {a,...,ap}, we first
compute its normalized embedding u = g(z). We
then perform class-conditional retrieval by scoring
u against all historical vectors v € D'°° labelled
as a,, producing a similarity-sorted list £1°¢. In
multi-location sensor scenarios (e.g., wrist and an-
kle), we perform retrieval independently for each

placement and fuse the rankings via Reciprocal
Rank Fusion (RRF) (Cormack et al., 2009):

1
RR ( ) %c: krrf + Tloc(d) ’ ot 60

where 71o.(d) is the rank of document index d.
Since indices are time-synchronized across sen-
sors, this summation naturally aligns and jointly
reranks multi-sensor evidence, promoting time win-
dows that are consistently salient across modalities.
Furthermore, as retrieval is performed condition-
ally per class, the agent receives the best available
evidence for every hypothesis, ensuring balanced
recall even for long-tail activities often overshad-
owed in global retrieval.

Hierarchical Multi-Agent Reasoning. ZARA
orchestrates a hierarchical reasoning pipeline com-
prising three specialized agent roles executed in
four stages (Figure 3). Initially, a Feature Selec-
tor agent queries the pairwise knowledge base I
relative to the global candidate set A to identify
n coarse-grained discriminative features. Subse-
quently, an Evidence Pruning agent synthesizes the
retrieved class-wise evidence lists {N,(x)} into
a structured statistical comparison table (contrast-
ing query values against class moments) based on
these features. It then filters out distributionally
mismatched activities, yielding a refined set A’
The Feature Selector is then re-engaged on A’ to re-
trieve m fine-grained features, enabling the system
to resolve subtle ambiguities among the remaining
candidates. Finally, a Decision Insight agent ana-
lyzes the updated statistics to derive the final label
a’, producing a transparent natural-language ratio-
nale grounded in the selected statistical features
and retrieved evidence. Appendix A.7 provides the
full prompts for each agent.
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\ Easy Medium Hard \

Dataset Opportunity UCI-HAR Shoaib PAMAP2 USC-HAD MHealth WISDM DSADS Average
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

# Classes \ 4 7 12 12 19 \
# Channels | 30 30 15 30 \
HARGPT ey 21.0 192 296 174 271 192 121 62 138 73 121 6.0 5.6 1.8 105 62 | 165 104
Gemini ext 265 198 242 130 271 176 150 102 142 54 254 208 1.1 76 132 86 | 196 129
Gemini uble 290 223 213 98 276 187 1.7 72 171 97 229 183 101 7.8 163 103 | 195 13.0
HARGPT pio¢ 215 156 283 157 243 142 100 69 146 87 150 11.0 59 2.8 7.9 45 | 159 99
Gemini piot 235 213 206 317 314 241 104 69 108 53 192 174 94 72 100 48 | 183 135
NormWear 230 238 179 114 152 11.7 92 27 100 58 83 22 42 1.4 3.7 22 | 114 77
IMUGPT 385 287 325 216 267 152 129 38 2.9 1.9 83 2.8 59 2.1 7.4 36 | 169 10.0
ImageBind 355 300 288 199 367 302 188 102 79 1.8 179 111 80 47 105 57 | 205 142
IMU2CLIP 365 344 333 228 395 345 158 11.6 163 105 163 143 101 59 137 92 | 227 179
UniMTS 335 248 371 239 519 406 329 292 296 242 654 588 302 285 347 270|394 321
ZARA Quwen3oB | 840 842 800 797 919 917 713 713 421 414 696 690 535 509 753 735 | 71.0 702
ZARA Quensop | 80.5 798 767 754 938 935 675 67.0 47.1 492 821 816 576 564 81.6 813 | 734 730
ZARA gpr 8.5 865 8.0 8.0 933 932 725 728 567 574 825 806 608 595 826 823|775 712
ZARA Gemini 925 925 90.0 90.0 971 971 767 1769 60.0 60.1 863 861 656 641 842 844 | 81.6 814

Table 1: Cross-Subject Evaluation: ZARA vs.
bold; second-best are underlined.

4 [Experiments

We adopt a two-tier evaluation protocol to assess
ZARA’s generalization: (1) Cross-Subject Gener-
alization, which tests robustness to individual vari-
ation within a domain; and (2) Cross-Dataset Gen-
eralization (Section 4.3), which evaluates transfer
across heterogeneous sensor hardware and environ-
ments.

4.1 Datasets

We benchmark ZARA on 8 open-source
and anonymized HAR datasets, ensuring
ethical compliance and reproducibility.  We
group them into three levels: Easy (Opportu-
nity (Roggen et al., 2010), UCI-HAR (Anguita
et al.,, 2013), Shoaib (Shoaib et al., 2014)),
Medium (PAMAP2 (Reiss and Stricker, 2012),
USC-HAD (Zhang and Sawchuk, 2012),
MHealth (Banos et al., 2014)), and Hard
(WISDM (Weiss, 2019), DSADS (Altun et al.,
2010)).

4.2 Cross-Subject Generalization

Setup. We evaluate ZARA’s robustness using
both open-source and proprietary LLMs: Qwen-
3 (30B ! and 80B ?) (Yang et al., 2025), GPT-
4.1-mini (OpenAl et al., 2024), and Gemini-2.0-
Flash (DeepMind, 2025), with all agents set to tem-
perature O for deterministic reproducibility. We
employ a rigorous Subject-Hold-Out protocol (Fig-
ure 4), where the knowledge base and retrieval

! qwen3-30b-a3b-instruct-2507
2qwen3-next-80b-a3b-instruct

10 baselines from three method families. Best scores are shown in

Database Inference

N Seen subjects
>
g
<——Build domain knowledge———»

Held-out subjects

<——Train Extra Classifier——————»

sau)jasog

Pre-fraining Data overlap

Figure 4: Subject split and data flow. ZARA builds
its vector database and domain knowledge from seen
subjects and tests on held-out subjects. Baselines may
load pretrained weights or train a classifier head on seen
subjects before testing on the same held-out subjects.

index are distilled exclusively from Seen Subjects,
while inference is performed on a class-balanced
split of Held-out Subjects. This simulates a real-
istic deployment where the system must adapt to
new users without calibration or fine-tuning. Ad-
ditionally, to showcase scalability in large-scale
settings, we replace static candidate lists with dy-
namic retrieval for the larger WISDM and DSADS
benchmarks. For each query, we calculate the co-
sine similarity against the vector database to dy-
namically select the top-10 most relevant classes,
thereby decoupling inference cost from the regis-
tered activity library size while preserving high
recall. Appendix A.3.1 provides sensors, activi-
ties, statistics, and preprocessing details for each
benchmark.

Baselines. To ensure a rigorous and fair compari-
son in training-free settings, we benchmark ZARA
against 10 representative baselines that align with
the data flow in Figure 4. These models rely
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Figure 5: Cross-Dataset Evaluation. Left: Accuracy under No-Knowledge, In-Dataset Knowledge, and Cross-
Dataset Knowledge settings. Right: dataset compatibility in terms of shared activities and sensor position mapping.

on either pre-training on external datasets or im-
plicit LLM knowledge to perform inference on
held-out subjects. We categorize them into three
families: (1) Text-based LLMs: HARGPT e (J1
et al., 2024), Geminitey; and Geminitype. The
latter follows the structured input protocol de-
scribed in (Fang et al., 2024; Wang et al., 2025),
where time-series data is encoded as a Mark-
down table; (i1) Multimodal LLMs: HARGPTpj
and Geminipyo, which leverage plotted sensor sig-
nals as visual prompts for activity prediction;
(iii) Pretrained HAR Models: ImageBind (Gird-
har et al., 2023), IMU2CLIP (Moon et al., 2023),
NormWear (Luo et al., 2024), and UniMTS (Zhang
et al., 2024), which learn modality-aligned embed-
dings for training-free transfer. We also include
IMUGPT (Leng et al., 2023), which uniquely dif-
fers by pretraining on task-specific virtual motion
data for downstream deployment. Further details
are provided in Appendix A.1.

Results. Table 1 reports cross-subject perfor-
mance in parameter-frozen settings. ZARA consis-
tently outperforms all baselines across all difficulty
levels. Our best variant, ZARAGemini, achieves
an average accuracy of 81.6% and a macro F1 of
81.4%, substantially surpassing the strongest base-
line, UniMTS. This advantage holds across back-
bone scales: ZARA variants powered by Qwen3-
30B/80B and GPT-4.1-mini all outperform every
baseline, indicating that the gains arise from the
robustness of ZARA’s knowledge- and retrieval-
augmented agentic framework rather than back-
bone size. Performance differences across back-
bones are mainly attributable to their numerical
reasoning ability, particularly when interpreting
statistical distribution tables for inference.

In contrast, existing methods exhibit fundamen-
tal limitations. IMUGPT fails to transfer from vir-
tual pre-training to real-world benchmarks, while

contrastive approaches (ImageBind, IMU2CLIP)
are restricted to single-sensor inputs. Even multi-
sensor models such as UniMTS and NormWear
degrade sharply on activities outside their pre-
training distributions. A common failure mode
across baselines is a large gap between accuracy
and macro F1, revealing a strong bias toward ma-
jority classes under distribution shift. By con-
trast, ZARA maintains close alignment between
accuracy and F1, demonstrating robust recognition
of long-tail activities via class-balanced retrieval.
Moreover, direct prompting methods (HARGPT,
GeminiTexyTable/Plot) fail catastrophically, highlight-
ing that without explicit reference grounding, even
capable LLMs cannot reason over numerical sensor
streams. Overall, ZARA provides an interpretable,
evidence-grounded solution that substantially im-
proves the reliability of training-free inference for
HAR. Detailed token-usage statistics for each agent
stage are provided in Appendix A.4.

4.3 Cross-Dataset Generalization

Setup. Moving beyond subject variations, this
tier evaluates robustness against sensor heterogene-
ity through transfer experiments across distinct
dataset pairs. As illustrated in Figure 5 (Right),
we establish a Common Evaluation Protocol re-
stricted to the intersection of sensor placements
and activity labels. All experiments in this sec-
tion utilize Gemini-2.0-Flash as the backbone. Ap-
pendix A.3.2 provides sensors, activities, and pre-
processing details for each cross-dataset pair.

Baselines. To strictly isolate the contribution of
transferable prior knowledge, we compare three
internal settings. Crucially, all settings share the
same retrieval backbone and agent workflow, vary-
ing only in the source of knowledge used to guide
feature selection: (1) No Knowledge, a baseline
where the agent is provided with the full list of fea-
ture names and definitions, forcing the LLM to rely
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\ Easy Medium Hard \ \

Dataset Opportunity UCI-HAR Shoaib PAMAP2 USC-HAD MHealth WISDM DSADS Time (s)
Acc F1 Acc F1  Acc F1 Ace F1  Acce F1  Ace F1  Ace F1 Ace F1 Avg

Frozen Embedder + Supervised Head
Moment-S 66.0 648 775 775 862 859 71.7 718 542 528 675 668 663 663 726 723
Moment-L 635 627 788 786 910 90.8 733 734 47.1 452 721 722 653 656 742 737 -
Mantis 90.0 899 913 912 933 929 846 851 538 537 867 8.0 715 712 905 90.2
Classifier-Free, Knowledge-Augmented Reasoning
ZARApTW 90.5 905 904 903 96.7 967 717 716 554 564 863 86.1 594 573 826 826 | 0.3826
ZARANomenrs | 885 884 879 877 97,6 97.6 733 734 533 530 863 862 622 62.1 863 86.0 | 0.0438
ZARAyomenr | 91.0 910 879 878 97.6 976 758 76.1 558 567 883 88.0 653 642 847 839 | 0.1003
ZARAManis 925 925 900 900 97.1 97.1 767 769 60.0 60.1 863 86.1 656 64.1 842 844 | 0.1826

Table 2: Ablation of Retrieval Backbones. Comparison between ZARA and supervised baselines across diverse
representations (DTW, Mantis, Moment). The rightmost column indicates the average retrieval time per query.

solely on its internal parametric knowledge to se-
lect discriminative features; (2) In-Dataset Knowl-
edge, an upper-bound setting utilizing a knowledge
base constructed directly from the target dataset,
representing the ideal scenario with perfect do-
main adaptation; and (3) Cross-Dataset Knowledge,
the proposed setting where the agent is guided by
a knowledge base derived from a distinct source
dataset, explicitly testing the transferability of mo-
tion priors.

Results. Figure 5 (Left) reports transfer perfor-
mance across 8 scenarios. To mitigate domain
shifts arising from differences in sensor hardware
across datasets, we restrict transfer to the motion
priors derived from the source. This design mir-
rors practical deployments, where wearable devices
often differ across users, brands, and generations,
making it impractical to reuse raw-signal evidence
collected under a different sensor configuration.
Conversely, the retrieval database is constructed
from the target domain, ensuring that the statis-
tical feature evidence analyzed by the LLM re-
mains distribution-aligned with the query. This
setup reveals a clear relationship between knowl-
edge quality and transfer performance. While in-
dataset knowledge performs best in 5 cases, cross-
dataset knowledge unexpectedly outperforms it in
3 transfers: UCI—USC, WISDM—PAMAP2, and
WISDM—MHealth.

This asymmetry is driven by two key factors.
First, User Diversity strongly influences transfer-
ability: knowledge transferred from highly diverse
sources such as WISDM (39 subjects) to lower-
diversity targets like PAMAP2 (7 subjects) and
MHealth (8 subjects) yields substantial gains, sug-
gesting that knowledge derived from diverse pop-
ulations captures more transferable motion priors
that generalize better than local knowledge overfit-

ted to a small cohort. Second, Data Density plays a
critical role. Transfers from data-rich datasets such
as PAMAP2 (~4.3k samples) to data-scarce targets
like MHealth (~1.7k samples) retain higher perfor-
mance than the reverse direction, indicating that
dense data distributions are essential for learning
fine-grained motion priors. Notably, when source
knowledge quality is low (e.g., MHealth as the
source), cross-dataset performance matches or falls
below the No-Knowledge baseline. This behavior
suggests that the agent functions as a grounded
reasoning engine: it leverages injected knowledge
when informative, but does not hallucinate gains
beyond the quality of the provided knowledge.

5 Ablation Studies

In this section, we ablate key components of ZARA
to quantify their individual impact. We fix Gemini-
2.0-Flash as the backbone. Appendix A.5 provides
detailed results for each ablation.

Impact of Retrieval Embedder. To evaluate
the contribution of our retrieval strategies, we
compare ZARA with non-LLM retrieval and su-
pervised baselines built on different representa-
tions under four backbone settings (see details
in Appendix A.2): classical DTW (Miiller, 2007)
and three pre-trained foundation models, Moment-
Small/Large (Goswami et al., 2024) and Man-
tis (Feofanov et al., 2025). Moment is pre-trained
via masked TS prediction, while Mantis is opti-
mized for TS classification and explicitly incor-
porates HAR datasets during pre-training. We
adhere to strict evaluation protocols: baselines
train supervised classifiers on frozen embeddings,
whereas ZARA utilizes these embeddings strictly
as anchors for parameter-frozen retrieval. As
shown in Table 2, ZARA exhibits strong robust-
ness across embedders, maintaining high accuracy
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Figure 6: Impact of retrieval. The upper bound denotes
the proportion of queries for which the pruned candidate
set retains the ground-truth label under each setting.

in parameter-frozen settings regardless of backbone
choice. Notably, ZARA frequently outperforms
its supervised counterparts despite lacking task-
specific parameter optimization. With Moment-
Small, ZARA surpasses the baseline on 7/8 datasets
in F1; with Moment-Large, it wins 7/8 datasets
on both metrics; and with Mantis, it improves F1
on 4/8 datasets. Overall, ZARA ranks first on 4
datasets and second on 7. These results confirm that
ZARA’s knowledge- and retrieval-augmented agen-
tic pipeline delivers substantial reasoning gains be-
yond raw embedding similarity, enabling classifier-
free generalization without the training overhead
required by supervised baselines.

Latency profiling (Table 2) reports the average
time required to process a single query on an Ap-
ple M2 Max CPU with 64GB memory. Moment-
Small is the fastest, whereas DTW is substan-
tially slower due to costly pairwise sequence align-
ment. Although Mantis is lightweight, it incurs
higher latency than Moment because it concate-
nates channel-wise embeddings rather than av-
eraging them; in return, it retrieves more infor-
mative samples, reflecting a speed—quality trade-
off. While absolute latency varies with query data,
database size, and hardware, the relative rankings
consistently capture method-level efficiency.

Removing Retrieval Reduces Performance. To
assess the necessity of local evidence anchoring,
we ablate the retrieval module by replacing top-
k retrieval with global class-wise feature distri-
butions computed over the entire database. This
forces the LLM to reason solely on global priors
without instance-level grounding. As shown in
Figure 6, this degradation significantly hampers
ZARA’s training-free reasoning: average accuracy
falls from 81.6% to 71.8%, and the upper bound
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Figure 7: Accuracy with and without the Evidence Prun-
ing Agent, along with upper bounds for each setting.
The dashed line indicates the average length of the
pruned candidate set.

(the retention rate of the ground-truth label) drops
from 91.4% to 86.7%. The decline is particularly
pronounced in datasets where individual instance
statistics diverge from global averages. These re-
sults confirm that parameter-frozen inference re-
quires more than just abstract knowledge; retrieval
is essential to surface query-relevant evidence that
bridges the gap between global statistics and local
signal dynamics.

Skipping Evidence Pruning Hurts. To quan-
tify the role of the Evidence Pruning Agent, we
ablate it across all eight benchmarks. Removing
pruning causes a sharp drop in average accuracy in
parameter-frozen settings, from 81.6% to 68.2%.
Figure 7 shows that our pruning agent typically nar-
rows each query to 2-3 candidates per benchmark,
with the easy-level datasets yielding even smaller
shortlists. Moreover, this aggressive reduction is
achieved with minimal information loss, maintain-
ing a 91.4% upper-bound accuracy (ground-truth
retention rate). By filtering out clearly mismatched
activities early, the system allows the LLM to fo-
cus its reasoning capacity on distinguishing the
remaining hard negatives using finer-grained ev-
idence. In contrast, omitting pruning forces the
LLM to reason over the full candidate pool, degrad-
ing focus and performance. Notably, even in the
ablated setting, ZARA’s 68.2% still outperforms
every baseline.

No Prior Knowledge Fails. To quantify the
value of injected priors, we disable the pairwise
feature-importance knowledge registry, forcing the
Feature Selector to rely solely on the LLM’s in-
trinsic world knowledge. As shown in Figure 8§,
this ablation causes a sharp decline in average ac-
curacy in parameter-frozen settings, from 81.6%
to 63.4%. The average upper-bound (ground-truth
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Figure 8: Impact of the prior knowledge base. The
upper bound denotes the proportion of queries for which
the pruned candidate set retains the ground-truth label
under each setting.

retention) also drops from 91.4% to 87.0%, indi-
cating that without statistical grounding, the agent
struggles to identify discriminative motion prop-
erties. Benchmarks with fewer classes (e.g., Op-
portunity, UCI-HAR, Shoaib) are less affected in
the first narrowing stage, which mainly removes
clearly irrelevant classes. In the second stage, how-
ever, the Feature Selector often chooses suboptimal
features due to the absence of effective criteria,
leading to overly coarse feature selection that can-
not recover the lost accuracy. This confirms that
general-purpose LLMs cannot reliably infer dis-
criminative motion priors from text alone; they
require statistically grounded references for robust
training-free inference.

6 Conclusions

We present ZARA, an agentic framework that
combines statistical profiling, retrieval augmenta-
tion, and hierarchical reasoning to translate im-
plicit sensor dynamics into explicit linguistic pri-
ors. Rather than treating labeled data solely as
training targets, ZARA reinterprets them as a ref-
erence registry for grounded reasoning. This de-
sign anchors LLM decision-making in real-world
evidence, enabling training-free inference that is
verifiable rather than purely generative, while al-
lowing off-the-shelf LLMs to be deployed without
task-specific adaptation.

Extensive experiments across eight HAR bench-
marks demonstrate that ZARA achieves state-of-
the-art performance in both cross-subject and cross-
dataset settings. The results show that ZARA
captures transferable motion priors that generalize
across diverse user populations and heterogeneous
sensor domains. By producing transparent predic-
tions grounded in retrieved evidence, ZARA offers

a scalable and trustworthy path toward adaptive
HAR in the wild.

7 Limitations

Direct architectural comparisons remain limited, as
ZARA occupies a relatively distinct design space
at the intersection of domain knowledge, retrieval
augmentation, and agentic reasoning for HAR. To
ensure a rigorous evaluation, we compare against
strong foundation-model baselines (e.g., UniMTS,
ImageBind, Mantis, and Moment), whose exten-
sive domain pre-training or task-specific classifiers
serve as practical alternatives to ZARA'’s retrieval-
grounded inference pipeline. We do not include
recent methods such as SensorLM (Zhang et al.,
2025¢), LLaSA (Imran et al., 2025), and Rel-
Con (Xu et al., 2025) because of fundamental input-
modality mismatches. While ZARA is designed for
synchronized, multi-location motion-sensor data,
these methods are typically restricted to single-
location inputs, unimodal accelerometer streams,
or non-motion modalities (e.g., temperature), mak-
ing direct comparison infeasible on our standard-
ized multi-view motion benchmarks.

In addition, although ZARA is parameter-frozen
and avoids task-specific optimization at inference
time, it still requires a labeled retrieval database to
ground reasoning in representative evidence. This
support set is not used to update model weights,
but functions as a reference registry that links im-
plicit sensor patterns to explicit, verifiable com-
parisons. Finally, the agentic workflow introduces
higher computational cost than simpler unimodal
pipelines. Future work will therefore explore
more efficient agentic designs and domain-adapted
LLMs that reduce dependence on external refer-
ences while preserving transparency and grounded
reasoning.
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A Appendix

This appendix provides additional implementation
and evaluation details supporting the main findings
of the paper. We first describe the baseline mod-
els used for comparison, followed by dataset and
preprocessing details. We then report per-dataset
token usage for each agent and per-class perfor-
mance across all benchmarks, complementing the
aggregate results in the main text. Finally, we in-
clude the full prompts used at each reasoning stage
in ZARA.

A.1 Baselines

We provide implementation details for all base-
lines used in our study, including how each method
was reproduced or adapted for evaluation in our
training-free HAR setting.

HARGPT (Ji et al., 2024). This method directly
prompts LLMs to classify motion time-series. We
follow the original setup by downsampling input
signals to 10 Hz and applying the prompt template
for raw numerical input. We additionally evaluate
a visual-input variant by providing plotted sensor
signals to the underlying LLM (GPT-40-mini (Ope-
nAl, 2024)). For visual inputs, each 6-channel
sensor is rendered as an individual subplot, and
multiple sensors are concatenated into a single com-
posite figure to reduce visual clutter in multi-sensor
datasets.

Gemini (DeepMind, 2025). To assess the im-
provements brought by ZARA, we use Gemini-
2.0-Flash, the same LLM backbone adopted in our
framework, as a standalone baseline. Similar to
HARGPT, Gemini is evaluated with raw numeri-
cal sequences and plotted sensor signals. In addi-
tion, we include a third input modality: Markdown-
formatted tables, to test whether more structured
input alone improves recognition accuracy. These
Gemini baselines allow us to isolate the contribu-
tion of ZARA’s retrieval, knowledge, and agentic
reasoning modules beyond the capability of the
base model itself.

ImageBind (Girdhar et al., 2023). ImageBind
learns a unified embedding space across six modal-
ities: image, text, audio, depth, thermal, and IMU.
We use the publicly released imagebind_huge
checkpoint for evaluation in our training-free set-
ting. Since ImageBind only supports single-sensor
input and requires fixed-length windows of size

6 x 2000, we evaluate each sensor placement sep-
arately. To satisfy the input-length requirement,
we apply two strategies—repeat padding and linear
interpolation to 2000 steps—and report the best
result across sensor placements for each dataset.

IMU2CLIP (Moon et al., 2023). IMU2CLIP
aligns inertial measurement unit (IMU) data with
video and text by projecting them into CLIP’s joint
embedding space. Similar to ImageBind, it only
supports single-sensor input and requires fixed-
length windows of size 6 x 1000. We therefore
evaluate each sensor placement separately and use
both repeat padding and interpolation to match the
required input length, reporting the best result for
each dataset.

NormWear (Luo et al., 2024). NormWear is a
foundation model designed to extract generalized
representations from multivariate wearable signals.
It is pre-trained on a diverse corpus of physiolog-
ical data, including PPG, ECG, EEG, GSR, and
IMU, collected from multiple public datasets. For
activity recognition in our training-free setting, we
follow the official documentation and use the rec-
ommended prompt, “What is the activity being
performed currently?”, together with the candidate
activity labels for inference.

IMUGPT (Leng et al., 2023). IMUGPT gen-
erates synthetic training data by first prompting
GPT-40-mini to produce diverse textual activity de-
scriptions. These descriptions are converted into
3D motion sequences and then into virtual IMU
streams. For evaluation, we adopt DeepConvL-
STM, the best-performing backbone reported in
the original paper. To ensure a fair comparison in
our training-free setting, we exclude the supervised
distribution calibration stage, which depends on
labeled downstream data.

UniMTS (Zhang et al., 2024). UniMTS pro-
poses a unified pretraining framework for motion
time-series that generalizes across diverse device
configurations, including sensor position and orien-
tation. It uses contrastive learning to align motion
signals with LLM-enriched text descriptions, en-
abling classifier-free recognition through seman-
tic matching. For our experiments, we follow
the official implementation and evaluate UniMTS
in its training-free inference setting, using the re-
leased checkpoints and the corresponding text-label
matching protocol.
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Dataset # Subjects # Samples
Database Inference Database Inference

Opportunity 3 1 6968 200
UCI-HAR 21 9 7352 240
Shoaib 8 2 5040 210
PAMAP2 7 2 7138 240
USC-HAD 12 2 11889 240
MHealth 8 2 2799 240
WISDM 39 8 14287 288
DSADS 6 2 6840 190

Table 3: Cross-subject dataset statistics.

A.2 Retrieval Strategies

All retrieval strategies in ZARA follow a two-stage
pipeline. First, candidates are ranked indepen-
dently within each sensor placement according
to their similarity to the query. The ranked lists
are then aggregated across placements using Re-
ciprocal Rank Fusion (RRF) to obtain the final
retrieval results. We evaluate four retrieval back-
bones: DTW and three pretrained time-series en-
coders.

Dynamic Time Warping (DTW) (Miiller, 2007).
We implement DTW using the multi-dimensional
variant from the dtaidistance package (Meert
et al., 2021). For each query segment and each
database candidate, we first apply z-score normal-
ization independently to each of the six sensor chan-
nels. We then compute the DTW distance between
the query and each candidate segment using the
distance_fast routine with pruning enabled to
accelerate matching. Distances are negated to ob-
tain similarity scores, and the top-k candidates are
returned for retrieval.

Moment (Goswami et al., 2024). Moment is
a time-series foundation model based on the T5
architecture, pre-trained on a range of tasks in-
cluding classification, anomaly detection, and fore-
casting. We evaluate both the moment-small and
moment-1large variants, whose embedding dimen-
sions are 512 and 1024, respectively. For multi-
channel inputs, Moment produces per-channel em-
beddings, which we average to obtain a single
representation for retrieval in ZARA. In the su-
pervised baseline comparison reported in Table 2,
we additionally follow the standard frozen-encoder
protocol by training an SVM classifier on top of
the database split and selecting hyperparameters
through greedy search.

Mantis (Feofanov et al., 2025). Mantis is a foun-
dation model for time-series classification built on

the Vision Transformer (ViT) architecture and pre-
trained via contrastive learning. It has also been
pre-trained on several HAR-related datasets. For
input processing, Mantis rescales each time-series
to a fixed length of 512, extracts a 256-dimensional
embedding from each channel, and concatenates
the channel-wise embeddings into a unified rep-
resentation. We use this representation as the re-
trieval backbone in ZARA. In the supervised base-
line comparison reported in Table 2, we follow the
frozen-encoder setting of the original method by
training a random forest classifier on the database
split.

A.3 Data Preprocessing

A.3.1 Cross-Subject Generalization

This section introduces the data preprocessing
pipeline for the Section 4.2 Cross-Subject Gen-
eralization study. Due to the cost constraints of
API-based inference and the need for detailed ab-
lation analyses, we evaluate each dataset on a ran-
domly sampled inference subset. For each dataset,
we ensure balanced coverage by sampling an equal
number of non-overlapping windows per activity
class and per subject. This design strikes a practi-
cal balance between cost efficiency and diversity
across datasets, activity types, and subjects. For fair
comparison, we keep the sampled subsets identical
across all baselines. Each dataset contains multi-
ple activity classes, and the corresponding sensor
placements are summarized in Table 4. Table 3
reports the statistics for the database and test sets.

Opportunity (Roggen et al., 2010). The dataset
contains recordings from 4 subjects at a sampling
rate of 30 Hz. We designate Subject 4 as the infer-
ence user and use data from the remaining subjects
to build the retrieval database. Motion sensor data
are segmented into non-overlapping 2-second win-
dows (60 timesteps each). For Inference, we ran-
domly sample 50 windows per activity class from
the inference split, resulting in a balanced set of
200 samples.

UCI-HAR (Anguita et al., 2013). The dataset
contains recordings from 30 volunteers, sampled
at 50 Hz. The dataset is pre-segmented using fixed-
width sliding windows of 2.56 seconds with 50%
overlap. Following the original split, we use data
from test set (9 subjects) for inference and the re-
maining for the database. From the inference set,
we randomly sample 40 windows per activity, en-
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Dataset # Classes  Classes

Sensor Placements

Opportunity 4 Stand, Walk, Sit, Lie

Back, upper arms, lower arms

UCI-HAR 6 Walking upstairs

Standing, Sitting, Laying, Walking, Walking downstairs,

Waist

Shoaib 7 Upstairs

Walking, Standing, Jogging, Sitting, Biking, Downstairs,

right pockets, left pockets, belt,
Right upper arm, right wrist

Lying, Sitting, Standing, Ironing, Vacuum cleaning,

PAMAP2 12

Ascending stairs, Descending stairs, Walking,

Werist, chest, ankle

Nordic walking, Cycling, Running, Rope jumping

Sleeping, Sitting, Elevator down, Elevator up,

USC-HAD 12
Walking left

Standing, Jumping, Walking downstairs, Walking right,
Walking forward, Running forward, Walking upstairs,

Front right hip

Climbing stairs, Standing still, Sitting and relaxing,

MHealth 12

Lying down, Walking, Waist bends forward,
Frontal elevation of arms, Knees bending (crouching),

Chest, right wrist, left ankle

Jogging, Running, Jump front & back, Cycling

Walking, Jogging, Stairs, Sitting, Standing, Typing,
Brushing Teeth, Eating Soup, Eating Chips, Eating Pasta,

WISDM 18

Eating Sandwich, Kicking Ball, Playing Catch Ball,

Hand

Drinking, Dribbling Ball, Writing, Clapping,

Folding Clothes

Sitting, Standing, Lying on back, Lying on right side,
Ascending stairs, Descending stairs, Standing in elevator,
Moving around in elevator, Walking slowly, Rowing,

Jumping, Walking on a treadmill in flat positions,
Walking on a treadmill in inclined positions,
Running on a treadmill fast, Exercising on a stepper,

DSADS 19

Torso, right arm, left arm,
right leg, left leg

Exercising on a cross trainer, Playing basketball,
Cycling on an exercise bike in horizontal positions,
Cycling on an exercise bike in vertical positions

Table 4: Dataset classes and sensor placements.

suring user-balanced representation within each
class, resulting in a total of 240 samples.

Shoaib (Shoaib et al., 2014). The dataset con-
tains recordings from 10 subjects, sampled at 50 Hz.
We use data from subjects 1 and 9 for inference and
the remaining subjects for the database. The record-
ings are segmented into non-overlapping windows
of 2 seconds (100 timesteps). For inference, we
randomly sample 30 windows per activity from
the inference users (15 from each) yielding a class-
balanced test set of 210 samples.

PAMAP2 (Reiss and Stricker, 2012). This
dataset contains recordings from 9 subjects at a
sampling rate of 100 Hz. We designate subjects 5
and 6 for inference, and use the rest for the database.
Recordings are segmented into non-overlapping 2-
second windows (200 time steps). For inference,
we randomly sample 20 windows per activity from
the inference users (10 from each) except for rope
jumping, which has limited data. For this activity,
we include 18 samples from subject 5 and 2 from
subject 6, resulting in a total of 240 samples.

USC-HAD (Zhang and Sawchuk, 2012). This
dataset includes motion recordings from 14 sub-
jects at a sampling rate of 100 Hz. We designate
subjects 13 and 14 for inference, using the remain-
ing subjects to build the database. Data are seg-
mented into non-overlapping 2-second windows
(200 time steps). For inference, we randomly sam-
ple 20 windows per activity (10 from each subject),
resulting in 240 total samples.

MHealth (Baiios et al., 2014). The MHealth
dataset contains recordings from 10 subjects at a
sampling rate of SO0Hz. We use subjects 1 and
6 for inference and the remaining subjects to con-
struct the database. Signals are segmented into non-
overlapping 2-second windows (100 time steps).
For inference, we randomly sample 20 windows
per activity (10 from each subject), yielding a total
of 240 evaluation samples.

WISDM (Weiss, 2019). We use the smartwatch-
on-hand subset of the WISDM dataset, recorded
at 20Hz. Accelerometer and gyroscope signals
are aligned by timestamp, and we select 47 users
whose data show no alignment anomalies. Among

15000



them, 8 users are held out for inference and the
rest are used to construct the database. Following
the dataset’s recommendation, we segment the data
into non-overlapping 10-second windows (200 time
steps). For inference, we randomly sample 16 win-
dows per activity (2 from each subject), resulting
in a total of 288 inference samples.

DSADS (Altun et al.,, 2010). The DSADS
dataset contains recordings from 8 users at a sam-
pling rate of 25 Hz. We designate subjects 2 and 4
for inference and use the remaining users to build
the database. We adopt the predefined 5-second
windows (125 time steps) provided by the dataset.
For inference, we randomly sample 10 windows
per activity (5 from each subject), yielding a total
of 190 inference samples.

A.3.2 Cross-Dataset Generalization

This section provides supplementary details for the
cross-dataset generalization experiments in Sec-
tion 4.3, including dataset-specific preprocessing,
activity-label mapping, and sensor-placement align-
ment used to establish comparable transfer scenar-
i0s. Following the common evaluation protocol
defined in the main text, we restrict each transfer
pair to the intersection of available sensor locations
and activity classes, ensuring that all methods are
evaluated under identical conditions.

Importantly, in the cross-dataset setting we trans-
fer only the knowledge component, i.e., guidance
on discriminative features, rather than retrieving
evidence from the source domain. Because datasets
differ in hardware, sampling rate, coordinate con-
ventions, and wearing conditions, source-domain
windows often carry dataset-specific signatures that
do not reliably align with target-domain queries in
the embedding space and may introduce spurious
nearest-neighbor matches. We therefore construct
the retrieval database exclusively from the target
dataset to maintain evidence distribution alignment,
while using cross-dataset knowledge to isolate and
evaluate the transferability of motion priors.

UCI-HAR~USC-HAD. This transfer pair eval-
uates cross-dataset generalization between UCI-
HAR and USC-HAD over five shared activities:
Walking, Walking upstairs, Walking downstairs, Sit-
ting, and Standing. To satisfy the common evalua-
tion protocol, we align sensor placement by map-
ping Waist (UCI-HAR) to Front right hip (USC-
HAD). We additionally downsample USC-HAD
to 50 Hz to match the sampling rate of UCI-HAR.

For cost-efficient inference with balanced coverage,
we randomly sample 20 windows per activity from
USC-HAD (10 per subject) and 40 windows per
activity from UCI-HAR (4-5 per subject), ensuring
non-overlapping instances.

PAMAP2+~WISDM. We evaluate transfer be-
tween PAMAP2 and WISDM on five overlapping
activities: Walking, Standing, Jogging, Sitting, and
Stairs. Sensor placements are aligned by mapping
Wrist (PAMAP2) to Hand (WISDM). To harmo-
nize temporal resolution, PAMAP?2 is downsam-
pled to 20 Hz to match WISDM. We then construct
balanced inference subsets by sampling 20 win-
dows per activity from PAMAP2 (10 per subject)
and 30 windows per activity from WISDM (3—4
per subject), with all samples non-overlapping.

MHealth<~WISDM. This pair studies transfer
across MHealth and WISDM using the same five
shared activities: Walking, Standing, Jogging, Sit-
ting, and Stairs. We align sensor positions by map-
ping Right wrist (MHealth) to Hand (WISDM).
Since WISDM is collected at 20 Hz, MHealth is
downsampled accordingly to ensure consistent in-
put resolution. For inference, we randomly sample
20 windows per activity from MHealth (10 per sub-
ject) and 30 windows per activity from WISDM
(34 per subject), maintaining balanced class and
subject coverage with non-overlapping windows.

PAMAP2~MHealth. For a multi-sensor trans-
fer setting, we consider seven shared activities
between PAMAP2 and MHealth: Lying, Sitting,
Standing, Walking, Running, Cycling, and As-
cending stairs. We align sensor placements
across three locations using the following map-
pings: Wrist«>Right wrist, Chest<>Chest, and An-
kle<Left ankle. To match MHealth, PAMAP?2 is
downsampled to 50 Hz. We then sample 20 non-
overlapping windows per activity from each dataset
(10 per subject), yielding balanced inference sub-
sets for both domains.

A.4 Token Usage Breakdown

To quantify the inference cost of ZARA, we re-
port the token usage of each agent stage across
all datasets. For every dataset, we measure the
input and output tokens consumed by each agent
and report the averages in Table 5. This analysis
complements the main results by making the cost—
accuracy trade-offs explicit and enabling transpar-
ent comparison of compute overhead across evalu-
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Agent 1 Agent 2 Agent 3 Agent 4

In Out In Out In Out In Out

Opportunity 1505 343 1784 480 941 573 1382 781
UCI-HAR = 2836 354 2651 319 604 271 802 400
Shoaib 1815 495 3683 304 511 220 711 306

Dataset

PAMAP2 13704 1409 15664 1033 690 317 913 454
USC-HAD 8852 1152 14190 1547 830 477 1296 497
MHealth 2870 623 7366 537 451 206 691 271
WISDM 8531 1545 15398 1157 610 274 809 411
DSADS 4834 1036 9695 847 606 314 870 389

Table 5: Per-dataset token usage (input/output) for each
agent stage. All token statistics are collected from ex-
periments using Gemini-2.0-Flash for all agent stages.

Prunin; Upper No Avg.
Dataset # B(I))l?nd Pruning Length
Opportunity 92.5 96.0 73.0 2.04
UCI-HAR 90.0 99.6 78.3 2.20
Shoaib 97.1 99.5 93.3 242
PAMAP2 76.7 84.2 55.8 2.58
USC-HAD 60.0 80.8 50.4 2.86
MHealth 86.3 99.6 76.7 2.59
WISDM 65.6 78.8 54.2 2.56
DSADS 84.2 92.6 64.2 2.65
Average 81.6 91.4 68.2 2.49

Table 7: Impact of the Evidence Pruning Agent: Ac-
curacy (%) and Upper Bound with and without prun-

Dataset With Retrieval No Retrieval ing, along with the average pruned shortlist length per
Acc UB  Acc UB dataset
Opportunity  92.5 96.0 84.0 92.0 Dataset With knowledge  No knowledge
UCI-HAR 90.0 99.6 86.3  99.2
Shoaib 97.1 995 914 995 Acc  UB  Acc UB
PAMAP2 76.7 84.2 579 721 Opportunity ~ 92.5 96.0 82.0 99.0
USC-HAD  60.0 80.8 479 713 UCI-HAR 90.0 99.6 68.8 98.9
MHealth 863 996 763 983 Shoaib 97.1 99.5 716 97.1
WISDM 65.6 78.8 54.9 75.0 PAMAP2 76.7 84.2 56.7 71.3
DSADS 84.0 9.6 753  85.8 USC-HAD  60.0 80.8 35.4 81.7
Mhealth 86.3 99.6 80.8 94.6
Average 81.6 91.4 71.8  86.7 WISDM 65.6 78.8 53.8 73.6
DSADS 84.2 92.6 52.1 79.5
Table 6: Impact of Retrieval on Evidence Pruning and Average 81.6 91.4 63.4 87.0

Decision and Insight Agents. We report training-free
accuracy (Acc) and upper-bound accuracy (UB) with
and without retrieval across all datasets.

ation settings.

As shown in Table 5, token consumption is dom-
inated by the early agent stages responsible for
candidate construction and for assembling knowl-
edge and retrieval evidence, whereas the later
reasoning stages are comparatively lightweight.
Across datasets, larger input-token counts gener-
ally correlate with richer sensor knowledge and a
larger number of activity classes, both of which in-
crease the amount of numerical evidence and class-
conditioned comparisons included in the prompt.
In all cases, input tokens consistently exceed out-
put tokens, indicating that inference cost is driven
more by contextual grounding than by generation
length. Importantly, our prompts remain substan-
tially shorter than approaches that directly linearize
raw sensor signals into text, whose token cost
scales with sequence length and channel count and
thus quickly becomes impractical in API-based
inference. Future work could further reduce infer-
ence cost by caching static knowledge, compress-
ing numerical evidence, or using smaller candidate
sets.

Table 8: Impact of Prior Knowledge Injection on Feature
Selector Accuracy and Upper Bound.

A.5 Ablation

This section provides detailed results for the abla-
tion studies presented in Section 5. All results are
obtained using Gemini-2.0-Flash.

Removing Retrieval Reduces Performance. Ta-
ble 6 reports the exact values underlying Figure 6,
comparing ZARA with and without the Evidence
Retrieval module. We report both the final accuracy
in the training-free setting and the pruning-stage
upper-bound accuracy for each dataset.

Skipping Evidence Pruning Hurts. Table 7 re-
ports the dataset-level breakdown of ZARA’s accu-
racy in the training-free setting, with and without
the Evidence Pruning Agent, together with the cor-
responding upper-bound accuracy and the average
length of the pruned candidate shortlist. These re-
sults complement Figure 7 in the main paper and
confirm that pruning substantially improves perfor-
mance while preserving high-quality candidates.

No Prior Knowledge Fails. Table 8 reports the
exact values plotted in Figure 8, comparing ZARA

15002



#of Window Database
Channels Size Size

Opportunity 30 60 6968 0.5814 0.0683 0.1508 0.3072
UCI-HAR 6 128 7352 0.1389 0.0169 0.0342 0.0623
Shoaib 30 100 5040 0.4935 0.0686 0.1700 0.3122
PAMAP2 18 200 7138 0.5104 0.0446 0.1053 0.1777
USC-HAD 6 200 11889 0.2584 0.0180 0.0389 0.0699
Mhealth 15 100 2799 0.1504 0.0405 0.0900 0.1528
WISDM 6 200 14287 0.3152 0.0190 0.0369 0.0679
DSADS 30 125 6840 0.6127 0.0741 0.1762 0.3105

Dataset DTW  Moment-s Moment-l Mantis

Table 9: Per-query retrieval latency (in seconds) and
dataset characteristics.

with and without the prior knowledge base across
all eight datasets. These results confirm that prior
knowledge plays a critical role in both narrowing
the candidate set and distinguishing among activity
classes.

Retrieval Latency by Dataset. Table 9 reports
the average per-query latency (in seconds) of each
retrieval method across all eight datasets. Mea-
surements were taken on an Apple M2 Max CPU
with 64GB memory. Although latency varies with
window length, number of channels, and database
size, the relative ranking remains consistent: DTW
is the slowest, Moment-Small is the fastest, and
Mantis offers a balanced trade-off between speed
and retrieval quality.

Per-Class Evaluation. Table 1 in the main paper
reports only the overall accuracy and macro F1 for
each dataset. To further assess performance con-
sistency across activity types, we provide detailed
per-class accuracy in Figure 9. ZARA consistently
achieves strong per-class performance, reflecting
its ability to distinguish a wide range of behaviors
through structured knowledge and retrieved evi-
dence. By contrast, several baselines exhibit sub-
stantially lower F1 than accuracy, indicating a bias
toward dominant classes. This further highlights
ZARA’s stronger and more balanced generalization
across HAR activities.

A.6 Predefined Features

To support feature-based reasoning and retrieval,
we extract a comprehensive set of handcrafted fea-
tures from each sensor channel (6 axes per sensor
plus 2 magnitude channels). These features span
both the time and frequency domains, and are de-
signed to capture fine-grained temporal, statistical,
and spectral characteristics of motion signals. The
full feature set used for each channel is summarized
in Table 10.

A.7 Prompt Template

Below we provide the full prompts used by ZARA
during inference. These prompts cover all stages
of the reasoning pipeline: the First Feature Selec-
tor (Figure 10), Evidence Pruning (Figure 11), the
Second Feature Selector (Figure 12), and Decision
Insight (Figure 13), together with their correspond-
ing inputs and output formats. Although the exact
wording may vary slightly across datasets or in-
stances, the overall structure is consistent through-
out all experiments.
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Category Feature Description

Time-domain Features

Mean, Standard Deviation (STD), Variance, Maximum, Minimum, Median, Root Mean

Square (RMS), Peak Amplitude, Zero-Crossing Rate, Slope, Mean/RMS/STD of First-Order
Differences, Range, Sum, Signal Absolute Value, Mean Absolute Value, Interquartile Range,
Skewness, Kurtosis, Signal Magnitude Area

Frequency-domain (FFT)

Band Power (Low, Mid, High), Band Power Ratio (Low, Mid, High), Dominant Frequency,

Power of Dominant Frequency, Second Peak Frequency and Power, Spectral Centroid, Spec-
tral Entropy, Spectral Skewness, Spectral Kurtosis, Weighted Average Frequency, Spectral

Energy, Max Power Index

Frequency-domain (STFT) STFT Max / Mean / STD in Low, Mid, High bands, STFT Entropy (Mean, Max, STD), STFT

Centroid (Mean, Max, STD)

Autocorrelation

First Peak Lag, First Minimum Lag, First Zero-Crossing Lag

Jerk-based Features

Jerk RMS, Peak, Zero-Crossing Rate

Cross-Channel Features

Pearson Correlation Between Channels

Table 10: Predefined features extracted per sensor channel (6 axes + 2 magnitudes per sensor).

Opportunity

o ----- I

stand 86.0%

2

. _ o
o 20 40 60 80 100
Accuracy (%)
Shoaib
walking 86.7%
o 20 40 60 80 100
Accuracy (%)
USC-HAD
Sleeping 85.0%
Sitling 55.0%

Elevator Down [ — s
Elevator Up [ 30.0%
—
sumon [ <%
Waling Downstairs | 50.0%
waking o | 75 0%
Waking Forvers | 55 0%
Running Forward [ <0.0%
waking Ut | 75
wating Lot | 50%

o 20 40 60 80 100
Accuracy (%)
WISDM
Walking 75.0%
Jogging 100.0%
Stairs. 56.2%

Siting | 75.0%
‘Standing [ 93.8%
Ty i 0 93.8%
Brushing Tereth N — 62.5%
Eating Soup II— | 37.5%
Eating Chips [ 37.5%
Eating Pasta [ 18.8%
Drinking  I— 31.2%
Eating Sandwich [ 6.2%
Kicking Ball N —— 62.5%
Playing Catch Bal - — | 81.2%
Dribibling B!l - — 81.2%
‘Writing - —— 87.5%
‘Clapping I — 81.2%
Folding Clothe | 100.0%

20 40 80 100

°

60
Accuracy (%)

UCI-HAR

Standing 90.0%

Siting

4 20 40 60 80 100
Accuracy (%)
PAMAP2
Iying 95.0%
siting 90.0%

stnaing [ s
e R
vacuum cleaning [N 40.0%
ssconsngsors [ <5 0%
oscanng s [ 5 0%
oy
rorsio wain ] 1000
yeine R <0
oy R 5%
roe ompin N '

2 40 80 100

°

60
Accuracy (%)
Mhealth
Standing 100.0%
Sitting and relaxing 85.0%
Lo coun ] 1000%
i [ 1000
PR—————
Frontal lvaa o[ 1000
Kneas bnang (o) [
Cyany ] 1%00%
sogong, I 5
vy | <0
Cimbingsors | >

4 20 40 60 80 100
Accuracy (%)
DSADS
ascending stairs 90.0%
standing 90.0%
Iying on back 90.0%

Iying O Fight Side i 90.0%
‘playing basketball [ 90.0%
WG s 100.0%

‘walking on a treadmillin flat Positions 0 80.0%
‘walking on a treadmill in inclined positions. - 70.0%
cycling on an exercise bike in vertical positions I — 60.0%

uurmping | 90.0%
sitting - I 70.0%
‘descending stairs e 100.0%
moving around in an elevator INEEGEGEGEG_G__EEE————— 40.0%
walking slovwly B 80.0%
‘standing in an elevator ill e 70.0%
‘exercising on a stepper I 00.0%
xercising on a cross trainer I 100.0%

e
‘cycling on an exercise bike in horizontal positions I 100.0%

running on a treadmill fast - 100.0%
20 40 80 100

°

60
Accuracy (%)

Figure 9: Per-Class Evaluation.
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System Instruction

Task
You’re an expert in Human Activity Recognition, with a focus on identifying the most effective
features for distinguishing between human activities.

Glossary of Abbreviations
GLOSS_TEXT

Instructions

» Based on the user-provided “Top Features per Activity Pair®, select up to TOP_N unique
features that best distinguish the specified Target Activities.

* When selecting features, prioritize those that:

— Appear consistently across multiple activity pairs, or
— Have relatively high importance scores within specific pairs.

Output Format
Return only the following, with no extra text or line breaks:

] Index \ Feature Name ‘

User Prompt

Target Activities
ACTIVITY_LIST

Top Features per Activity Pair (Ranked by Importance Score)
(PAIR_NUM activity pairs in total)
PAIR_WISE_KNOWLEDGE

Figure 10: Prompt template for the first Feature Selector agent.
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System Instruction

Task

You’re an expert in Human Activity Recognition. Your task is to narrow down the set of plausible
activities for the QUERY segment, based on the given features and their statistical distributions in
the user-supplied activities table.

Instructions

» Each row in the activities table represents an activity class, with cells showing the mean + std
of each feature.

* The QUERY row presents the feature values of the segment to classify.

* You must select at least two activity classes, and ideally all activity classes that are reasonably
or even marginally plausible for the QUERY.

* For each selected activity class, provide a brief explanation of why it is a plausible match.

Output Format
Return only the following, in this exact order, with no additional text or line breaks:

] Index \ Activity \ Reason ‘

User Prompt

Activities Table
ACTIVITIES_FEATURES_TABLE

Figure 11: Prompt template for Evidence Pruning agent.
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System Instruction

Task
You’re an expert in Human Activity Recognition, with a focus on identifying the most effective
features for distinguishing between human activities.

Glossary of Abbreviations
GLOSS_TEXT

Instructions

* Based on the user-provided “Top Features per Activity Pair®, select up to TOP_N unique
features that best distinguish the specified Target Activities.

* When selecting features, prioritize those that:

— Appear consistently across multiple activity pairs, or
— Have relatively high importance scores within specific pairs.

* For each selected feature, give:

— Definition — A concise, clear explanation of the feature.
— Discriminative Power — Summarize the following:
* Which activity pairs this feature helps to distinguish.

+ The relative importance rate of this feature within each activity pair, indicating how
effectively it differentiates between the two activities in that pair.

Output Format
Return only the following, with no extra text or line breaks:

’ Index \ Feature Name \ Definition \ Discriminative Power ‘

\

Target Activities
ACTIVITY_LIST

Top Features per Activity Pair (Ranked by Importance Score)
(PAIR_NUM activity pairs in total)
PAIR_WISE_KNOWLEDGE

Figure 12: Prompt template for second Feature Selector agent.
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System Instruction

Task

You are an expert in Human Activity Recognition. Your goal is to determine the most probable
activity class for the QUERY segment by comparing its feature values against the statistical
distributions in the user-provided activities table.

Sensor Feature Explanation Guide Table

This table describes each feature and indicates which activity classes it helps to distinguish
between.

FEATURES_REFERENCE_TABLE

Instructions

» Each row in the activities table corresponds to an activity class, with each cell showing the
mean =+ standard deviation for a feature.

» The QUERY row presents the feature values of the segment to classify.

* Select the single most likely activity class, and base your decision on specific feature(s) in the
QUERY row.

* In your explanation:

— Explicitly compare the Query’s feature values to each class’s distribution, explaining
why the predicted class is a better match than each alternative.

— When unsure, refer to the Discriminative Power in the guide table to justify how strongly
each feature helps distinguish the specific activities.

Output Format
Respond with exactly one line in this JSON format (no extra text or line breaks):
Tt json
{
"reason”: "<your detailed explanation>",
"predicted_class”: "<ClassName>"
}
Activities Table

ACTIVITIES_FEATURES_TABLE

Figure 13: Prompt template for Decision Insight agent.
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