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Abstract

Time-series classifiers deployed in risk-sensitive domains such as healthcare, wear-
able sensing, and industrial monitoring must be accurate, interpretable, and capable
of abstaining when evidence is weak. No existing method delivers all three,
and the obstacle is structural, rather than logistical. Meaningful temporal pat-
terns cannot be defined without knowing segment boundaries, yet meaningful
boundaries cannot be placed without knowing which patterns to expect. Exist-
ing approaches break this circularity through fixed windows or expert-annotated
vocabularies, sacrificing at least one of the three properties. We introduce CON-
CEPTTIME, which closes the loop through a single self-supervised signal. A
frozen probabilistic forecaster predicts a distribution over the next observation
at every timestep of the sequence. We call the mismatch between its prediction
and the realized signal, the predictive surprise. This signal both locates seg-
ment boundaries and characterizes each resulting segment through the forecaster’s
own predictive statistics. Segments are thus grounded by how they behaved rel-
ative to expectation, not by what they look like. These summaries cluster into
a vocabulary of dynamical regimes that we call concepts. The vocabulary dis-
tinguishes calm-after-spike from calm-after-calm, and unifies visually distinct
segments that violate expectation in the same way. A lightweight head classifies
from the concept sequence, and the distance to the nearest concept yields per-
input reliability for free. Across seventeen UEA, human-activity, biomedical, and
fault-diagnosis benchmarks, CONCEPTTIME matches state-of-the-art black-box
accuracy, beats every interpretable baseline, and retains near 98% accuracy on
Epilepsy with 1% of labels. It equals or exceeds softmax, prototype-distance, and
SHAP/TimeX/TimeX++ on OOD detection and deletion-faithfulness, without a
single annotation, language-model call, or domain expert. Code is available at:
https://github.com/Sachithx/ConceptTime-1.0.git

1 Introduction

Time-series classifiers deployed in healthcare [23, 32], wearable sensing [21], environmental moni-
toring [40], and industrial telemetry [46, 60] face three simultaneous demands. Predictions must be
accurate enough to compete with end-to-end deep models. They must be interpretable, so that users
can inspect which temporal patterns drove a decision. And they must support calibrated abstention,
so that the system defers when its evidence is weak. No existing approach delivers all three(Fig. 1).

Black-box classifiers cover only accuracy. Post-hoc explainers describe a model output without
constraining how that output was produced. Interpretable-by-design methods come closest, but they
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Figure 1: ConceptTime targets accuracy, interpretability, and calibrated abstention through a
single self-supervised primitive. Left, existing methods approach individual corners of the accuracy-
interpretability-abstention. Right, four segments (A-D) and their preceding context. Raw-shape
space conflates A and B (both end calm) and splits C from D. Predictive-geometry space, spanned
by predictive variance and NLL, collapses A, C, and D as expectation satisfied and isolates B as a
surprise. Concepts grounded in deviation from prediction, therefore, distinguish dynamical regimes
that shape-based vocabularies cannot.

stumble on the cost of concept annotation, which is rare for sequential data and expensive to obtain at
scale. The deeper obstacle is structural and unique to sequences. Concept bottleneck models for time
series face a chicken-and-egg problem. Meaningful temporal concepts cannot be defined without
knowing where one segment ends and another begins. Yet meaningful segment boundaries cannot
be placed without knowing what concepts to look for. Every prior method sidesteps this circularity
by decoupling the two stages. They segment first with fixed windows or threshold-based change
detection, then learn concepts on the resulting chunks. Each gives up one of the three properties as a
result. Fixed-window CBMs [61, 56, 15] achieve interpretability but require predefined vocabularies
and lose calibrated abstention. Adaptive-patching methods [1, 45] segment well but feed patches into
standard encoder-classifier pipelines, exposing no concepts at all. Vector-quantized models [54, 58, 5]
produce discrete tokens, but the tokens are latent codes without inherent semantic structure.

The same self-supervised signal that locates segment boundaries can also describe what each resulting
segment looks like. A frozen probabilistic forecaster predicts a distribution over the next observation
at every timestep. The mismatch between this prediction and the realized signal, which we call
predictive surprise, is the natural place to draw a boundary, since high mismatch indicates a regime
change. The same forecaster also produces predictive statistics that describe how each segment
behaved relative to expectation. A single frozen model can therefore close the segmentation-concept
loop, and no prior method exploits this dual use.

We introduce CONCEPTTIME, which operationalizes this opportunity. A frozen autoregressive
Gaussian density model is trained once on raw multivariate signals via next-step density estimation.
At every timestep, it predicts a Gaussian distribution over the next observation conditioned on history.
The negative log-likelihood of the realized signal under that prediction is our predictive surprise. This
single quantity locates segment boundaries via length-constrained dynamic programming, placing
exactly K patches at moments where the signal most strongly violates prior expectation. The
same model characterizes each resulting patch through its predictive statistics, yielding contextual
fingerprints that describe how a segment behaved relative to expectation rather than what it looks like.
Patches that violate prior expectation in similar ways receive similar fingerprints, even when their
raw waveforms differ visibly. The path from raw signal to concept activation is fully deterministic.
Signatures are statistics of the frozen model, prototypes are cluster centroids in signature space, and
patch-to-concept assignment is nearest-prototype Mahalanobis lookup. A lightweight classifier is
the only label-trained component. The same prototype distances yield a built-in fidelity score that
asks whether the input is even describable in the concept space rather than whether the classifier is
confident. Our contributions are threefold,

1. We introduce the first concept-bottleneck framework to our knowledge that resolves the
segmentation-concept circularity through a single self-supervised primitive, eliminating fixed
windows, expert annotations, and language-model supervision.
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2. We provide a fully non-parametric concept-grounding pipeline whose path from raw signal to
concept activation is deterministic and inspectable, with all task-specific learning confined to a
lightweight classifier on the concept tensor.

3. We identify prototype distance as a built-in fidelity signal and propose a prototype-distance
abstention mechanism for time-series concept bottlenecks.

Across seventeen benchmarks spanning UEA, human-activity, biomedical, and fault-diagnosis tasks,
CONCEPTTIME matches black-box accuracy, beats every interpretable baseline, and retains 98%
accuracy on Epilepsy at 1% labels. Its fidelity score outperforms softmax and competing prototype
methods on OOD detection, and beats SHAP, TimeX, and TimeX++ on deletion faithfulness, all
without annotations, language-model calls, or domain experts.

2 Related Work

Concept bottleneck models. CBMs [28] route predictions through interpretable intermediate
representations, enabling inspection and intervention. The original formulation requires dense
annotations; label-free variants source concepts from vision-language models [44, 65, 52, 49], with
parallel work on robustness, counterfactuals, and locality [41, 50, 11, 25]. The few existing time-
series CBMs each commit to predefined vocabularies on fixed-length windows: predefined statistical
summaries [61], CKA-aligned concepts for forecasting [56], or Signal Temporal Logic predicates [15].
Two open problems remain: every variant requires external semantic supervision (annotations or
vision-language priors), which is especially constraining for sequential data where temporal concepts
are local and rarely linguistically nameable; and none addresses the segmentation problem, the
question of where one concept ends and another begins.

Adaptive patching and discrete tokenization. Two threads partially address segmentation. The
Byte Latent Transformer [45] places boundaries at high next-token entropy points, an idea adapted
to time series by EntroPE [1] via greedy thresholding on categorical entropy; concurrent work
explores reinforcement-learned boundaries [63] and content-aware compression [4]. Vector-quantized
models [54, 58, 5] build discrete vocabularies through learned tokenization. Both stop short of
grounded concepts: adaptive patches feed standard encoder-classifier pipelines with no exposed
semantic representation, and VQ tokens are latent codes without claim to interpretability. The open
problem is that the same frozen model that segments could, in principle, also describe each segment,
but no prior method exploits this dual use.

Prototype, shape-based, and post-hoc methods. Prototype and shapelet classifiers [66, 42, 20,
14, 59, 33] provide local, case-based interpretability but anchor prototypes in raw waveform shape
on fixed windows, with no probabilistic grounding. Post-hoc explainers [47, 34, 8, 22] attribute
black-box predictions through saliency or perturbation but do not constrain the classifier to use the
explanation. The open problem is that prototypes anchored in raw shape miss the dynamical structure,
i.e., a flat patch following a spike and a flat patch following calm look identical, while post-hoc
explanations describe model behavior without making the classifier interpretable by construction.

Selective prediction and concept-level uncertainty. Selective prediction has relied on softmax
confidence [17], ensemble disagreement [29], or distance-based OOD scoring [30, 53, 36, 37].
In vision, concept-based selective prediction has emerged through additional uncertainty heads,
calibration networks, or stochastic concept layers [26, 35, 57, 27, 51]. No analogous mechanism
exists for time series, and existing approaches either operate in label space (softmax, divorced from
concept structure) or require an additional trained component (uncertainty heads, calibration).

CONCEPTTIME addresses these open problems jointly through a single self-supervised primitive. A
frozen Gaussian density model is reused for both segmentation and concept grounding (closing the
segmentation-concept loop and resolving the dual-use question). Concepts are geometric centroids in
the space spanned by the model’s predictive statistics, removing the need for annotations or linguistic
priors and capturing dynamical structure that raw-shape prototypes miss. Patch-to-concept assignment
is a non-parametric Mahalanobis lookup, eliminating the learned-encoder pathway through which
concept leakage typically occurs [41]. The same prototype distances yield a built-in fidelity score for
selective prediction with no additional component. On matched dynamic patches and matched concept
count, replacing predictive-geometry signatures with classical raw-shape descriptors collapses HAR
accuracy by 46 points (Section 4.4), demonstrating that predictive grounding, not the prototype
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Table 1: Comparison of major directions in interpretable time-series classification. ✓ = direct support;
✗ = absent; ∼ = partial or with caveats.

Property Post-hoc CBMs
Adaptive

Patch
Prototype
/ Shapelet

IB / Repr.
Learning

CONCEPTTIME
(Ours)

Decision routes through concepts ✗ ✓ ✗ ∼ ✗ ✓

No external semantic supervision required ✓ ∼ ✓ ✓ ✓ ✓

Concepts discovered from data, not predefined ∼ ∼ – ∼ ✓ ✓

Adaptive segmentation ✗ ✗ ✓ ✗ ✗ ✓

Local, segment-level explanations ∼ ∼ ✗ ✓ ✗ ✓

Built-in abstention without auxiliary head ✗ ∼ ✗ ✗ ∼ ✓

Competitive supervision accuracy ✓ ∼ ✓ ∼ ✓ ✓

Strong few-shot performance ✗ ✗ ✗ ✗ ∼ ✓

Notes. Post-hoc: TimeX, TimeX++, ShapeX [47, 34, 22]. CBMs: vision-language CBMs and time-series CBMs [28, 44, 61, 56]; Adaptive
Patch: BLT, EntroPE [45, 1]; the dash indicates the property is outside scope (these methods are not designed to expose concepts).
Prototype/Shapelet: ProSeNet, ECATS, shapelets [42, 14, 66]. IB/Repr.: information-bottleneck and contrastive representation methods [39, 7].

Figure 2: Overview of ConceptTime. Stage 1: a frozen Gaussian density model Mθ, trained once
on raw signals, produces predictive surprise st that drives length-constrained DP segmentation. Each
segment is summarised by a signature vector combining predictive moments, residual morphology,
and surprise trajectory 3.4. Then signatures are clustered into M concept prototypes; textual labels
are post-hoc, not training signals. Stage 2: new inputs are segmented by Mθ, mapped to concepts by
Mahalanobis nearest-prototype assignment, and classified through the K×M concept tensor. Each
segment’s distance to its nearest prototype yields the fidelity score (Eq. 5) used for abstention.

paradigm itself, drives the accuracy. To our knowledge, no prior method combines annotation-free
concept discovery, predictive-distribution grounding, adaptive segmentation, and prototype-based
abstention in a single coherent framework for multivariate time series. Table 6 summarizes how
CONCEPTTIME relates to the major directions surveyed above.

3 ConceptTime

CONCEPTTIME factors classification into stages with disjoint training signals: a self-supervised
density model produces every representation, clustering induces a non-parametric concept vocabulary,
and a single linear or one-layer transformer head consumes labels. Every intermediate is human-
inspectable, and prototype distances yield a built-in fidelity score for selective prediction at no
additional cost. The pipeline is illustrated in Figure 2.
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3.1 Problem Formulation

A multivariate input is x ∈ RT×C with T timesteps and C channels. The classifier f : RT×C →
{1, . . . , Y } is trained on {(x(i), y(i))}Ni=1. The density model and concept vocabulary are fit on an
unlabeled corpus Du; in our experiments, we use the training inputs without labels, but the framework
supports any unlabeled corpus over the same signal space.

3.2 Frozen Gaussian Density Model

We train one autoregressive model Mθ to predict the next-step diagonal Gaussian

pθ(xt+1 | x≤t) =

C∏
c=1

N
(
xt+1,c; µt,c, σ

2
t,c

)
, (µt, log σ

2
t ) = Mθ(x≤t), (1)

with a 4-layer causal Transformer. Training minimises per-step Gaussian NLL augmented with
a calibration regularizer

(
E[(x − µ)2/σ2] − 1

)2
that forces predicted variances to match realised

residual energy. Calibration is not optional: without it, σ2
t collapses to a free fudge factor, and every

downstream signature derived from it becomes uninterpretable. After this single self-supervised stage
Mθ is frozen and reused for both segmentation and signature construction; classification supervision
never updates it.

Per-timestep surprise. The realised negative log-likelihood under Mθ,

st =
1

C

C∑
c=1

1
2

(
log σ2

t,c +
(xt,c − µt,c)

2

σ2
t,c

)
, (2)

drives segmentation. Unlike differential entropy 1
2

(
1 + log 2πσ2

t

)
, which depends only on the

predicted variance, st additionally weights the realised residual (xt − µt)
2. It is therefore high

precisely when the model was wrong despite being confident, which is the regime transitions a
segmenter should mark.

3.3 Length-Constrained Adaptive Segmentation

Given {st}Tt=1 and a target patch count K, we partition x into K non-overlapping segments by
placing K − 1 internal boundaries that maximise cumulative surprise subject to per-patch length
constraints [Lmin, Lmax]. The dynamic program is

B[k, t] = max
t′: Lmin≤t−t′≤Lmax

(
B[k − 1, t′] + st

)
, B[0, 0] = 0, (3)

with the same length constraint enforced on the trailing segment T − tK−1. A monotone deque
resolves the inner maximum in amortized constant time, giving O(TK) overall.

Length constraints prevent two failure modes of greedy threshold-based segmenters, such as En-
troPE [1]: degenerate single-patch solutions on flat-surprise recordings, and tail-collapse when
boundaries cluster at peaks.

3.4 Predictive-Geometry Signatures

Each patch pj = xtj :tj+1 is reduced to a signature ϕj ∈ R2C+13 assembled from three families. All
three are functions of Mθ’s output; no neural component sits between the signal and ϕj .

Predictive moments (2C + 1 dims): patch-mean of µt per channel, patch-mean of σ2
t per channel,

and log patch length. These describe what the model expected, on average, and how confident it was.

Residual morphology (8 dims): FFT (Fast Fourier Transform) peak frequency [38], autocorrelations
at lags 1–3, skewness, excess kurtosis, zero-crossing rate, and peak-to-peak range, all computed on
the standardised residual, rt = (xt − µt)/σt.

Subtracting µt removes the predictable background dynamics that Mθ already explains; dividing
by σt amplifies deviations in confident regions and damps them in uncertain ones. The resulting
shape descriptors therefore reflect class-discriminative deviations from prediction rather than absolute
amplitude or trend, which dominate the same statistics computed on raw xt.
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Surprise trajectory (4 dims): the within-patch position of argmaxt st normalised to [0, 1]; the stan-
dard deviation of {st}; confidence-weighted surprise 1

L

∑
t st

(
1−Ht/Hmax

)
, which up-weights er-

rors at instants where the model was most certain; and mean Mahalanobis residual energy 1
L

∑
t ∥rt∥2.

Together, these specify when within the patch and how severely the model was surprised. Two patches
with identical mean surprise but different temporal profiles (uniform versus a single late spike)
produce distinct surprise-trajectory features and are routed to different concepts.

The three families capture mutually orthogonal views, namely, what was predicted (moments), what
the residual looked like (morphology), and how surprise unfolded over time (trajectory). Signatures
are standardised using 99th-percentile-clipped statistics estimated on Du, which prevents single-patch
outliers from collapsing other dimensions to near-zero variance.

3.5 Non-Parametric Concept Vocabulary

We fit a Gaussian Mixture Model (GMM) with diagonal covariance and M components on the
standardised signatures from Du, with M ∈ {16, 32} throughout. This range is small enough
that the resulting concept-transition matrix remains human-readable and large enough for class
separability. Diagonal covariance handles the heterogeneous scales of the three signature families,
and component-specific Mahalanobis distance corrects for them at assignment time.

A patch with signature ϕj assigns to prototype cm via temperature-scaled soft assignment:

πj,m =
exp(−d(ϕj , cm)/τ)∑
m′ exp(−d(ϕj , cm′)/τ)

, d(ϕj , cm) =

√
(ϕj − cm)⊤Σ−1

m (ϕj − cm). (4)

The concept tensor Π ∈ RK×M stacks {πj}Kj=1, and the nearest-prototype distance dj =
minm d(ϕj , cm) is retained for the fidelity score below.

Because the entire path from signal to Π is the composition of Mθ, the signature standardiser, and the
GMM (none of which sees labels), the resulting concepts are immune to the concept-leakage failure
mode in which a learned concept extractor smuggles label information into nominally interpretable
activations [41]. Each prototype is a geometric centroid in signature space whose nearest training
patches act as canonical exemplars: this is sufficient for human inspection without any post-hoc
interpretation tooling.

3.6 Classifier and Fidelity Score

A lightweight classifier gψ maps the concept tensor Π to class logits and is trained by cross-entropy.
With M ∈ {16, 32}, gψ contains ∼ 103–104 parameters; it is the only component trained on labels.
Frozen Mθ, prototypes, and standardiser are shared across classifiers and tasks.

Fidelity score. The same prototype distances {dj}Kj=1 already computed during concept assignment
yield a built-in input-level fidelity measure:

F (x) = exp

− 1

Kτ

K∑
j=1

dj

 ∈ (0, 1], (5)

where τ is set to the median patch-prototype distance on Du. High F (x) means every patch lies close
to some concept centroid: the input is well-described by the learned vocabulary. Low F (x) means
at least one segment falls in a region of signature space that no prototype covers, the input contains
regimes the vocabulary cannot describe.

This is structurally different from softmax confidence. Softmax answers is the classifier confident
in its prediction?; F (x) answers is the input describable in the concept space at all? The latter is
a representation-level question that the classifier itself cannot pose, because by the time gψ sees
Π all absolute distance information from ϕj to its nearest prototype has been normalised away by
Equation 4. Empirically (Section 4.3), F (x) achieves AUROC up to 0.99 for OOD detection where
softmax remains near chance.
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Table 2: Classification accuracy (%). Best interpretable method in bold; best overall underlined.

UCI-HAR Epilepsy Sleep-EDF UEA (10 avg)

Group Method Full 1% 5% Full 1% 5% Full 1% 5% Full 1% 5%

B
la

ck
-b

ox
ROCKET 93.91 82.21 89.65 97.15 93.68 92.25 76.38 70.21 73.67 72.30 55.69 59.87
MiniRocket 97.31 86.55 95.63 98.26 94.71 96.86 85.91 79.53 82.15 73.80 51.90 54.89
InceptionTime 95.32 86.38 91.03 98.21 95.14 97.28 84.62 77.64 81.11 67.42 48.37 50.80
TS-TCC 93.72 70.23 75.82 97.12 91.20 93.20 85.67 75.26 78.98 72.71 62.37 63.87
TimesNet 91.82 85.33 90.05 97.57 93.74 96.33 75.88 52.36 55.62 68.76 60.01 62.28
PatchTST 85.71 28.27 73.46 93.65 92.57 96.67 69.93 65.19 67.72 70.52 49.43 50.90
GPT4TS 89.37 84.58 87.36 85.51 82.71 83.93 76.22 69.36 71.22 68.31 59.31 65.47
CrossFormer 77.35 69.89 74.12 76.18 71.55 75.28 53.98 51.28 55.68 70.58 59.63 67.54
TSLANet 95.41 86.31 90.99 97.26 95.41 96.28 81.51 74.39 78.88 75.35 52.18 59.78
EntroPE 84.41 71.29 74.14 89.94 85.62 87.61 75.12 70.95 71.84 61.06 56.37 58.27
MLP (1 layer) 63.88 50.12 56.32 68.14 51.28 59.63 49.57 32.18 33.97 69.39 53.98 57.88

In
te

rp
re

t.

TOTEM 83.83 73.86 78.27 94.56 91.65 93.57 67.75 48.29 52.73 52.99 34.96 38.60
ProSeNet 84.12 47.63 76.38 96.91 65.51 95.06 61.25 36.67 45.40 52.61 49.67 50.32
VQShape 72.24 59.00 66.00 90.43 81.00 87.00 59.95 51.36 55.96 59.82 54.67 54.81
catch22 58.87 44.37 53.92 88.34 86.03 87.12 71.36 68.59 69.71 43.29 32.51 35.11
CONCEPTTIME-Static (Ours) 81.55 69.00 71.00 95.47 94.00 94.00 73.36 68.26 69.92 67.82 55.98 51.29
CONCEPTTIME-Dynamic (Ours) 88.91 74.60 79.60 98.39 97.91 98.01 78.15 72.00 74.00 71.82 58.50 60.10

4 Experiments

We evaluate CONCEPTTIME along three axes corresponding to the properties motivating the method,
namely, accuracy, interpretability, and calibrated abstention.

4.1 Experimental Setup

Datasets. We evaluate on benchmarks spanning four domains, namely, (i) wearable sensing (UCI
HAR [3]), (ii) EEG-based biomedical monitoring (UCI Epilepsy [2], merged to seizure/non-seizure),
sleep staging (Sleep-EDF [18, 12], Fpz-Cz channel), (iii) 10 UEA archive datasets [6, 62], and (iv)
Fault Diagnosis (FD-A through FD-D [31, 48]) for cross-domain transfer. Full dataset details: App. E.

Configuration. The frozen density model is a 4-layer causal transformer (d = 128, λcal = 0.25, 50
epochs). We use (Lmin, Lmax) = (8, 40), and K = 8 patches with small datasets, K = 32 on Others.
The classifier is a two-layer transformer with dcls = 64. Results are the mean over three seeds (App.
Tab. 9); full hyperparameters in Appendix D. We used NVIDIA RTX A5000 single-GPU hardware
for all the experiments.

Baselines. We compare against four categories. Adaptive patching: CONCEPTTIME-Static
(equal-length patches), PatchTST [43], EntroPE [1]. Black-box accuracy ceiling: ROCKET [9],
MiniRocket [10], InceptionTime [24], TS-TCC [12], TimesNet [62], CrossFormer [67], GPT4TS [68],
TSLANet [13]; a one-layer MLP as a lower bound. Interpretable methods: catch22 [38], ProS-
eNet [42], VQShape [58], TOTEM [54]. CONCEPTTIME-Dynamic combines adaptive patching with
predictive-geometry concepts and is our primary method.

4.2 Main Classification Results

Across all four benchmarks and all label fractions, CONCEPTTIME-Dynamic is the strongest inter-
pretable method, with margins ranging from 1.5 points (Epilepsy full-shot) to over 30 points (HAR
vs. catch22), while every other interpretable method degrades sharply at 1% and 5% labels. At
full supervision, CONCEPTTIME matches or exceeds the strongest black-box baseline on Epilepsy
and trails by 2-8 points elsewhere, a controlled cost for enforcing a concept bottleneck. Under
label scarcity this gap inverts: at 1% labels, CONCEPTTIME beats every black-box baseline on
Epilepsy (97.91% vs. TSLANet 95.41%) and remains competitive on UEA. The classifier learns a
mapping from concept activations to labels, not from raw signals, which makes it intrinsically more
sample-efficient (Table 2).

Predictive geometry, not adaptive patching alone, drives the gain. Three ablations isolate the
source of accuracy. Replacing dynamic patches with equal-length windows (CONCEPTTIME-Static)
loses 7.4 points on HAR and 2.9 on Epilepsy. Replacing continuous Gaussian segmentation with
discrete categorical entropy (EntroPE) loses 4.5–8.5 points across benchmarks. And replacing
predictive-geometry signatures with classical morphological descriptors on identical patches and
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Table 3: Cross-domain few-shot transfer on Fault Diagnosis (target test accuracy, %).

Setting A→B A→C A→D B→A B→C B→D C→A C→B C→D D→A D→B D→C #1st places

Direct, 0% 36.25 44.46 29.58 50.62 81.82 98.57 52.05 68.84 73.20 25.99 46.37 48.79 –
Source-Mθ , 5% 90.14 75.84 91.06 90.40 84.02 98.53 96.66 97.43 97.62 77.93 45.56 47.80 1
Target-Mθ , 5% 95.42 91.20 97.29 93.73 90.54 98.72 96.08 98.97 98.28 77.38 56.63 45.45 7
TSLANet, 5% 85.89 82.04 86.36 86.73 87.87 99.56 89.11 96.30 96.00 90.65 99.85 88.78 4

clusters (catch22) collapses HAR by 30 points and UEA by 28. The discriminative signal is deviation
from prediction, not raw waveform shape; adaptive patching is necessary but not sufficient.

Cross-domain transfer. We evaluate transfer across operating conditions on FD-A through FD-D in
three settings (Table 3): Direct (source pipeline applied to target with no retraining), Source-Mθ (5%
target labels, fixed source density model and vocabulary, retrain only the classifier), and Target-Mθ

(5% target labels, target-trained density model, source vocabulary fixed). Both transfer settings are
classified in the source concept coordinate system via soft assignment, and we compare against
TSLANet’s masked-reconstruction pretraining plus full-model fine-tuning.

Direct transfer fails (54.23% average), confirming that raw signal statistics are not invariant across
operating regimes. The source concept space transfers cleanly: training only a target classifier raises
accuracy to 82.72%, and additionally retraining the density model lifts it to 86.99% with eight of
twelve direction wins. This isolates local signal statistics, not the concept vocabulary, as the binding
constraint on transfer. TSLANet achieves a higher overall average (90.76%) but its advantage is
concentrated in transfers from FD-D; on the remaining nine directions CONCEPTTIME matches or
exceeds it while providing an inspectable concept vocabulary and fidelity-based abstention.

4.3 Selective Prediction via Concept Fidelity

The same prototype distances {dj} used for concept assignment yield a per-input fidelity score F (x)
(Eq. 5) at no additional cost. We test whether this score is informative at the sample level (does it flag
inputs the vocabulary cannot describe?) and at the patch level (does it rank the patches the classifier
actually relies on?).

Sample-level OOD detection. Figure 3 compares fidelity distance against max-softmax confidence
on the same classifier and against prototype-distance scores from TOTEM and VQShape, under three
Gaussian-noise intensities and three shuffle perturbations on HAR. Fidelity dominates across all six
conditions, scaling smoothly with severity (AUROC 0.864→0.992 as noise factor grows from 0.5 to
2.0) while every other score remains near chance. The TOTEM and VQShape comparisons matter:
prototype-based OOD detection is not a free property of codebook methods. It requires prototypes
anchored in predictive-distribution geometry, not reconstruction-based codes.

Patch-level deletion faithfulness. We rank patches by fidelity, progressively delete the highest-
ranked ones, and measure accuracy decay (Algorithm 3); lower AUC means the deleted patches were
more important. We compare against three post-hoc explainers (GradientSHAP, TimeX, TimeX++)
applied to the same CONCEPTTIME classifier, plus random and reverse-fidelity baselines.

Figure 4 shows that fidelity-guided deletion achieves the lowest or near-lowest AUC on both Epilepsy
and HAR, and the reverse baseline is substantially weaker, confirming the ranking is non-arbitrary.
Mask-based methods (TimeX, TimeX++) cannot improve on random when explaining a concept-
bottleneck classifier: reverse-engineering attributions through input perturbation is unreliable when
the model’s decision pathway is already structured.

Why fidelity beats softmax structurally. Softmax asks is the classifier confident in its prediction?;
fidelity asks is the input describable in the concept space at all?. By the time logits are computed,
absolute distance from each signature to its nearest prototype has been normalised away by Eq. 4;
fidelity recovers exactly that information, at no additional training or inference cost.

4.4 Ablation Study

Three patterns emerge (Table 4). Predictive geometry dominates morphology: across all three
datasets, every density-derived single family (moments, entropy, distributional) outperforms raw-
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Figure 3: OOD detection on HAR under Gaussian-noise and temporal-shuffle perturbations.

Figure 4: Deletion-based faithfulness on Epilepsy and HAR.

Table 4: Unified ablation on HAR, Epilepsy, and Sleep-EDF (full-supervision accuracy, %). Best
value per dataset and ablation group in bold.

Dataset Signature components Vocabulary size (M ) Boundary signal

Dist. Ent. Morph. Mom. Full Surp.f. 8 16 32 64 128 Ent. KL Surp.

UCI-HAR 72.8 59.9 39.4 87.3 82.8 85.1 78.8 82.5 85.1 84.7 87.9 83.4 81.6 82.5
Epilepsy 97.2 96.1 94.0 96.4 96.7 98.0 98.0 98.1 98.0 98.0 98.4 97.4 97.6 98.1
Sleep-EDF 71.4 64.2 59.0 74.4 77.5 74.8 74.3 75.2 74.8 73.4 76.7 73.8 75.0 74.5

Notes. Dist. = distributional; Ent. = entropy only (signature) / entropy boundary; Morph. = raw-signal morphology; Mom. = predictive moments;
Full = all four families (17+2C dims); Surp.f. = residual-aware three-family reformulation (2C+13 dims); KL = KL-shift between consecu-
tive predictive Gaussians; Surp. = per-timestep surprise (Eq. 2).

signal morphology by margins from a few points on Epilepsy to nearly fifty on HAR. The
morphological-only column is a catch22-style baseline on our adaptive patches; its gap to the
full signature isolates the contribution of predictive grounding from the contribution of adaptive
segmentation, and the sign is unambiguous. No single family dominates: predictive moments
lead on HAR (amplitude-driven activities), distributional features lead on Epilepsy and Sleep-EDF
(deviation-driven regimes), which is why the default concatenates all four; the residual-aware refor-
mulation wins on HAR and Epilepsy and is the strongest alternative when class differences manifest
as predictive deviations. Vocabulary and boundary signal are robust: M varies by at most a few
points outside HAR (where larger M helps on a six-class task), and entropy, KL-shift, and surprise
differ by at most 1.8 points within any dataset. We default to M = 32 for inspectability and to
surprise for its alignment with the signature features.
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Figure 5: Qualitative analysis on Epilepsy. Top left, class-conditional concept distribution
P (concept | class). Class 0 (non-seizure) concentrates in C7, class 1 (seizure) in C2 (highlighted).
Top middle, eight nearest-prototype patches per concept (rows C0-C7). Within-row morphological
consistency confirms concepts capture coherent regimes. Bottom left, predictive surprise st (red) on
two test samples with DP boundaries. Boundaries align with surprise peaks. Right, concept space
spanned by residual energy ren and surprise spread ssprd. Two opposite samples are shown. Seizure
(⋆) segments concentrate in Region C where the model fails, non-seizure (⋄) segments in Region
A where the model predicts accurately. Both samples contain shared and discriminative segments,
and the concept space separates them despite raw-shape similarity. Patches drawn from each region
(bottom right) confirm that predictive geometry, not raw shape, drives concept assignment.

4.5 Qualitative Analysis

Figure 5 validates the central claim along four axes. Concepts are class-discriminative without label
supervision (top left). Seizure and non-seizure samples concentrate in disjoint concepts (C2 and C7)
despite the GMM never seeing labels. Concepts capture coherent dynamical regimes (top middle).
Nearest-prototype patches within each row share predictive behavior, not raw appearance, illustrat-
ing that concept membership is driven by deviation from prediction rather than visual similarity.
Boundaries align with predictive surprise (bottom left). DP segmentation places cuts at st peaks,
so transitions are localized at segment edges. Predictive geometry, not raw shape, drives concept
assignment (right). Seizure patches concentrate in Region C where the model fails, non-seizure
patches in Region A where the model predicts accurately, and patches drawn from each region
are visually heterogeneous within a region while sharing predictive behavior. This is the empirical
realization of the central claim from Figure 1. Additional visualizations appear in Appendix A.

5 Conclusion

We introduced CONCEPTTIME, a concept-bottleneck framework that resolves the segmentation-
concept circularity for time series through a single self-supervised primitive, predictive surprise.
The same frozen model places adaptive segment boundaries, grounds a non-parametric concept
vocabulary, and supplies prototype distances that double as a built-in fidelity score. Across diverse
classification and cross-domain transfer benchmarks, CONCEPTTIME achieves competitive accuracy
with black-box methods, dominates every interpretable baseline including in few-shot settings,
and beats softmax, prototype-distance, and post-hoc explainers on OOD detection and deletion
faithfulness. Interpretability, label efficiency, and reliable abstention emerge jointly when concept
grounding is anchored in predictive surprise rather than human annotation.

Limitations and future directions. Concept granularity is fixed rather than learned, and proto-
type labels remain post-hoc human interpretations. Extensions include hierarchical vocabularies,
online updates under distribution shift, fidelity-triggered active relabeling, and applications beyond
classification in regime discovery, anomaly localization, and trustworthy decision-support.
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Figure 6: Seizure and Non-Seizure in Concept Space.

A Showcase

B Few-Shot Transfer Learning Results

Table 5: Cross-domain few-shot transfer on Fault Diagnosis (target test accuracy, %).

Setting A→B A→C A→D B→A B→C B→D C→A C→B C→D D→A D→B D→C #1st places

Direct, 0% 36.25 44.46 29.58 50.62 81.82 98.57 52.05 68.84 73.20 25.99 46.37 48.79 –
Source-Mθ , 5% 90.14 75.84 91.06 90.40 84.02 98.53 96.66 97.43 97.62 77.93 45.56 47.80 1
Target-Mθ , 5% 95.42 91.20 97.29 93.73 90.54 98.72 96.08 98.97 98.28 77.38 56.63 45.45 7
TSLANet, 5% 85.89 82.04 86.36 86.73 87.87 99.56 89.11 96.30 96.00 90.65 99.85 88.78 4

C Extended Related Work

CONCEPTTIME sits at the intersection of four research threads: concept bottleneck models, adaptive
patching for sequences, prototype- and shape-based interpretable time-series classifiers, and selective
prediction. We position our contribution against each thread and then summarize what is, to our
knowledge, the gap that no prior work fills.

Concept bottleneck models. Concept bottleneck models (CBMs) [28] route predictions through
human-interpretable intermediate concepts, enabling inspection and intervention. Classical CBMs
require dense concept annotations, motivating a line of work on label-free variants that source
concepts from large pretrained models. Label-free CBM [44] and Language-in-a-Bottle [65] use
CLIP and LLMs to mine concept names; VLG-CBM [52] grounds concepts via open-vocabulary
detectors; recent work eliminates the CLIP dependency through unsupervised classifier-distribution
alignment [49]. Other extensions improve concept robustness [41, 50], support counterfactual
reasoning [11], and add concept locality [25]. All of these methods, however, rely on external
semantic supervision, either human annotations or vision-language priors, to populate the concept
vocabulary. CONCEPTTIME departs from this paradigm. Its concepts are grounded purely in the
geometry of a frozen density model’s predictive distribution, requiring neither language models nor
human labels. Because patch-to-concept assignment is a non-parametric nearest-centroid operation,
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Figure 7: Concept Assignment Confidence of Epilepsy Signal

Figure 8: Epilepsy Boundary Overlay
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Figure 9: Epilepsy Segments

CONCEPTTIME also avoids the trainable concept-prediction networks that CBMs typically rely on,
removing a common source of concept leakage [41].

Concept bottlenecks for time series. CBMs for sequential data remain underexplored. Wu et al.
[61] use predefined statistical summaries as concepts for clinical signals; van Sprang et al. [56] apply
CKA-aligned concepts to forecasting transformers; Ferfoglia et al. [15] use Signal Temporal Logic
formulae as interpretable predicates. Each occupies a narrow niche and depends on a pre-specified
concept vocabulary together with fixed-length windowing. None resolves the fundamental coupling
between segmentation and concept identity. To our knowledge CONCEPTTIME is the first time-series
CBM in which both segmentation and concept construction are driven by the same self-supervised
primitive, predictive surprise, removing the need for pre-specified concepts entirely.

Adaptive patching for time series. Patch-based transformers such as PatchTST have demonstrated
the value of segmenting time series into patches. The Byte Latent Transformer (BLT) [45] extends
this idea by placing boundaries at points of high next-token entropy in language modelling. En-
troPE [1] adapts the idea to time series, training a discrete autoregressive model and segmenting
via a greedy dual-threshold rule on categorical entropy from quantized tokens. While EntroPE
demonstrates that entropy-guided segmentation improves forecasting, it produces no interpretable
concept representation from the segmentation backbone. Adaptive patches are simply fed into a
standard encoder-classifier pipeline. Concurrent work explores reinforcement-learned patch bound-
aries (ReinPatch [63]) and content-aware compression for forecasting efficiency (TimeSqueeze [4]),
confirming the broader move toward data-adaptive segmentation. These methods optimize patching
jointly with a downstream forecasting objective and produce no interpretable concept representation;
CONCEPTTIME differs by separating the frozen segmentation-driving density model from the clas-
sifier and reusing the same model to ground concepts. CONCEPTTIME differs in three ways. First,
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Figure 10: HAR Segments

19



Figure 11: Epilepsy Concept Space with Signature Fingerprints

Figure 12: (left): How abstention-based decisions are made, (right): Fidelity weighted segment-
concept allocation

Figure 13: Two close HAR Activities, differentiating in some segments to help discriminate the class
via concept space.
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it uses continuous Gaussian differential entropy rather than categorical entropy, avoiding binning
artefacts and producing rich predictive statistics (µ, σ2, NLL, KL) that ground the concept vocabulary.
Second, it formulates segmentation as length-constrained dynamic programming rather than greedy
thresholding, guaranteeing a fixed-cardinality partition with explicit minimum and maximum patch
lengths. Third, and most importantly, the same density model that drives segmentation also produces
the per-patch features that define concepts, a dual use that no prior adaptive-patching method exploits.

Discrete tokenization and codebook representations. Vector-quantized models offer a related but
distinct path to discrete time-series representations. TOTEM [54] learns a VQ-VAE codebook for
time-series patches; VQShape [58] learns a shape-level codebook with subsequence reconstruction;
Chronos [5] tokenizes scaled values into a 4096-symbol vocabulary for autoregressive forecasting.
These methods produce discrete tokens, but the tokens themselves are latent codes without inherent
semantic structure. CONCEPTTIME differs by constructing concepts as prototypes in a meaningful
predictive-statistics space, where the axes (predictability, deviation, activity, morphology) carry direct
interpretive meaning, and where prototype distance yields a built-in fidelity score. Where TOTEM
tokens require external probing to associate with semantic concepts, CONCEPTTIME’s concepts are
interpretable by construction.

Prototype- and shape-based interpretable classifiers. A long line of work uses prototypes or
shapelets as interpretable units for time-series classification [66, 42, 16, 64]. ProSeNet [42] learns a
small library of prototype sequences with case-based reasoning. Shapelet methods [66, 20] discover
discriminative subsequences and classify by distance. ECATS [14] and related work [59, 58] use
symbolic predicates and abstracted shapes. Recent foundation-model work in this space includes
UniShape [33], which uses prototype-based supervised pretraining over multi-scale windowed shapes
for transferable classification. Unlike ConceptTime, UniShape requires labeled pretraining and
operates on fixed multi-scale windows; its prototypes are anchored in shape space rather than
predictive-distribution geometry, and consequently provide no fidelity score for selective prediction.
These methods provide local, case-based interpretability but operate on fixed-length windows or
learned prototypes that lack a probabilistic grounding. CONCEPTTIME retains the local, prototype-
based interpretation paradigm but anchors prototypes in the predictive geometry of a probabilistic
world model rather than in raw shape templates alone. This grounding is what enables the fidelity
score, an out-of-distribution signal that has no analog in shape-template methods.

Post-hoc explanations for time series. A complementary line of work explains pretrained black-
box classifiers post hoc through saliency, attribution, or perturbation [47, 34, 8, 22]. TimeX [47]
and TimeX++ [34] apply information bottleneck principles to extract sub-instance explanations;
ShapeX [22] aligns Shapley attribution with shapelet segments. These methods are valuable for
auditing existing models but do not constrain the classifier to use the explanation during prediction.
CONCEPTTIME is interpretable by construction: the prediction is routed through the discovered
concept vocabulary, so the explanation is the decision pathway rather than a post-hoc reconstruction.

Selective prediction and concept-level uncertainty. Selective prediction has been studied through
softmax confidence [17], ensemble disagreement [29], and distance-based OOD scoring [30, 53]; re-
cent work explores prototype-based OOD detection with mixtures [36], and distance to in-distribution
centroids. In vision, concept-based selective prediction has emerged through Conceptual Safe-
guards [26] and Sidecar-CBM [35], which propagate concept-level uncertainty into the abstention
decision, and through stochastic concept representations [57, 27] and selective concept models [51].
For time series, OOD generalization has been studied independently [37], but no prior work cou-
ples a TS concept bottleneck with prototype-distance-based abstention. CONCEPTTIME fills this
gap. The fidelity score arises directly from the geometry of the concept space: it is a single-pass,
representation-level uncertainty signal that asks not whether the classifier is confident, but whether
the input is even describable in the learned concept vocabulary.

Predictive-state and information-theoretic representations. Our use of a probabilistic backbone for
representation learning connects to predictive state representations, regime discovery, and information-
bottleneck approaches for sequential data [39, 7, 55]. Time-series foundation models such as
MOMENT [19] and Chronos [5] demonstrate that self-supervised pretraining on raw signals yields
useful general-purpose representations. These approaches confirm that predictive behavior defines
a meaningful geometry over temporal data, but their primary goal is forecasting, imputation, or
general-purpose representation learning, not concept-bottleneck classification. CONCEPTTIME
repurposes a frozen density model for a fundamentally different end: to drive both segmentation and
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Table 6: Comparison of major directions in interpretable time-series classification. ✓ = direct support;
✗ = absent; ∼ = partial or with caveats.

Property Post-hoc CBMs
Adaptive

Patch
Prototype
/ Shapelet

IB / Repr.
Learning

CONCEPTTIME
(Ours)

Decision routes through concepts ✗ ✓ ✗ ∼ ✗ ✓

No external semantic supervision required ✓ ∼ ✓ ✓ ✓ ✓

Concepts discovered from data, not predefined ∼ ∼ – ∼ ✓ ✓

Adaptive segmentation ✗ ✗ ✓ ✗ ✗ ✓

Local, segment-level explanations ∼ ∼ ✗ ✓ ✗ ✓

Built-in abstention without auxiliary head ✗ ∼ ✗ ✗ ∼ ✓

Competitive supervision accuracy ✓ ∼ ✓ ∼ ✓ ✓

Strong few-shot performance ✗ ✗ ✗ ✗ ∼ ✓

Notes. Post-hoc: TimeX, TimeX++, ShapeX [47, 34, 22]. CBMs: vision-language CBMs and time-series CBMs [28, 44, 61, 56]; Adaptive
Patch: BLT, EntroPE [45, 1]; the dash indicates the property is outside scope (these methods are not designed to expose concepts).
Prototype/Shapelet: ProSeNet, ECATS, shapelets [42, 14, 66]. IB/Repr.: information-bottleneck and contrastive representation methods [39, 7].

the construction of an annotation-free concept vocabulary, with abstention emerging naturally from
the geometry of that vocabulary.

Positioning. Table 6 summarizes how CONCEPTTIME relates to the major directions surveyed above.
The contribution is not the introduction of any single component but their synthesis. A frozen proba-
bilistic model whose predictive uncertainty drives length-constrained adaptive segmentation, whose
predictive statistics ground a non-parametric concept vocabulary, and whose prototype geometry
yields a built-in fidelity score for selective prediction. To our knowledge, no prior method combines
annotation-free concept discovery, predictive-distribution grounding, adaptive segmentation aligned
with concepts, and prototype-based abstention within a single coherent framework for multivariate
time series.

D Training Hyperparameter

For all training, all datasets we used the same transformer classifier head with M=8, 16, and 32.
Boundary mode = surprise
Patcher = Dynamic
Signature mode = Surprise Full
Classifier lr = 3e-3
Classifier batch size = 64
Classifier epochs = 200
Optimizer = AdamW (wd=0.01)
Scheduler = CosineAnnealing

E Dataset Details

Table 7 summarizes the main benchmark groups used in our experiments. For UEA datasets, we use
the official train/test splits and reserve a validation subset from the training split when needed. For
the fault-diagnosis transfer study, each working condition is treated as a separate domain with the
same label space.

Dataset descriptions. We use datasets spanning wearable sensing, biomedical monitoring, sleep
staging, heterogeneous multivariate archives, and cross-domain fault diagnosis.

• UCI HAR. The UCI Human Activity Recognition dataset contains smartphone inertial
recordings from 30 subjects performing six daily activities: walking, walking upstairs,
walking downstairs, sitting, standing, and lying down. Signals were collected using a
Samsung Galaxy S2 mounted on the waist, with embedded accelerometer and gyroscope
sensors capturing 3-axis linear acceleration and 3-axis angular velocity. Each sample is
represented as a 9-channel window of length T = 128, and the task is 6-way activity
classification.
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Table 7: Summary of datasets used in the experiments.

Dataset Domain / Modality #Train #Test #Ch. T Task / Classes

UCI HAR [3] Wearable inertial sensing 7352 2947 9 128 6 activities
UCI Epilepsy [2] EEG 9200 2300 1 178 Seizure / non-seizure
Sleep-EDF [18, 12] Sleep EEG 25612 8910 1 3000 5 sleep stages
UEA subset [6, 62] Mixed multivariate time series Varies Varies Varies Varies 10 classification datasets
Fault Diagnosis [31, 48] Bearing fault diagnosis 8184 2728 1 5120 3 classes; 4 transfer domains

Table 8: UEA multivariate archive subset used in our evaluation. The split column follows the format
#train/#val/#test before any validation split is carved from the training set.

Dataset #Ch. T Split Domain

EthanolConcentration 3 1751 261 / 0 / 263 Alcohol industry
FaceDetection 144 62 5890 / 0 / 3524 Face / sensor signals
Handwriting 3 152 150 / 0 / 850 Handwriting
Heartbeat 61 405 204 / 0 / 205 Heartbeat
JapaneseVowels 12 29 270 / 0 / 370 Voice
PEMS-SF 963 144 267 / 0 / 173 Transportation
SelfRegulationSCP1 6 896 268 / 0 / 293 Health / EEG
SelfRegulationSCP2 7 1152 200 / 0 / 180 Health / EEG
SpokenArabicDigits 13 93 6599 / 0 / 2199 Voice
UWaveGestureLibrary 3 315 120 / 0 / 320 Gesture recognition

• UCI Epilepsy. The Epileptic Seizure Recognition dataset consists of single-channel EEG
recordings. Each recording corresponds to 23.6 seconds of brain activity. The original
dataset contains five classes, but only one class corresponds to epileptic seizure activity.
Following common practice, we merge the remaining four non-seizure classes into a single
class and formulate the task as binary seizure detection. Each sample has length T = 178.

• Sleep-EDF. Sleep-EDF contains whole-night polysomnography recordings from the Phys-
ioBank database. The task is sleep-stage classification into five classes: Wake, N1, N2, N3,
and REM. Following prior work, we use the single EEG channel Fpz-Cz sampled at 100Hz.
Each input window has length T = 3000, corresponding to a 30-second EEG epoch.

• UEA multivariate archive subset. We evaluate on a subset of 10 datasets from the UEA
multivariate time-series classification archive. These datasets cover diverse domains, in-
cluding alcohol industry measurements, face detection, handwriting, heartbeat monitoring,
speech, transportation, EEG self-regulation, spoken digit recognition, and gesture recogni-
tion. They vary substantially in dimensionality, sequence length, and number of classes,
making them useful for testing whether the learned concept representation generalizes
beyond a single sensing modality.

• Fault Diagnosis. The Fault Diagnosis dataset is a real-world bearing fault classification
benchmark collected under four working conditions, denoted FD-A, FD-B, FD-C, and FD-D.
Each working condition is treated as a separate domain because the signal characteristics
differ across operating regimes. All domains share the same label space with three classes:
healthy, inner fault, and outer fault. We use this dataset for cross-domain transfer experi-
ments, where a model is trained on one operating condition and adapted or evaluated on
another.

F Extended Results Section

The Table 9 has the bars with 3 random seeds. We chose TSLANet as the best blackbox baseline for
comparison.
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Table 9: Accuracy (%) with ± ranges for TSLANet and CONCEPTTIME-Dynamic. The ± values
denote standard deviation over three random seeds.

Dataset Labels TSLANet CONCEPTTIME-Dynamic

UCI-HAR
Full 95.41 ± 0.63 88.91 ± 0.84
1% 86.31 ± 1.42 74.60 ± 1.76
5% 90.99 ± 1.08 79.60 ± 1.31

Epilepsy
Full 97.26 ± 0.51 98.39 ± 0.42
1% 95.41 ± 1.19 97.91 ± 0.96
5% 96.28 ± 0.87 98.01 ± 0.71

Sleep-EDF
Full 81.51 ± 1.24 78.15 ± 1.53
1% 74.39 ± 2.31 72.00 ± 1.84
5% 78.88 ± 1.39 74.00 ± 1.67

UEA avg.
Full 75.35 ± 0.82 71.82 ± 1.13
1% 52.18 ± 2.06 58.50 ± 2.24
5% 59.78 ± 1.58 60.10 ± 2.11

G Experimental Details

Transfer Learning.

OOD detection protocol. We evaluate whether concept fidelity detects distribution shift by com-
paring clean test samples against corrupted versions of the same samples. For CONCEPTTIME, the
OOD score is the mean distance from each patch signature to its nearest concept prototype; larger
values indicate that the input is less describable by the learned concept vocabulary. We compare
this representation-level score against max-softmax confidence from the same classifier and against
analogous prototype-distance scores from TOTEM and VQShape. OOD detection is evaluated by
ROC-AUC, treating clean test samples as in-distribution and corrupted samples as out-of-distribution.

Deletion-based faithfulness protocol. We evaluate whether a patch-importance score identifies
temporal regions that are causally relevant to the classifier. Given a trained CONCEPTTIME model,
we rank the K patches of each test sample by an attribution method and progressively delete the
highest-ranked patches. After each deletion step, the frozen classifier is evaluated on the modified
concept sequence. A faithful attribution should remove decision-critical evidence early, causing
accuracy to drop rapidly; therefore, lower deletion AUC indicates stronger faithfulness. All methods
are evaluated on the same frozen CONCEPTTIME classifier, ensuring that differences reflect the
attribution ranking rather than differences in the underlying predictive model.

TimeX and TimeX++ adaptation. TimeX and TimeX++ produce timestep-level masks over the
raw input, whereas CONCEPTTIME operates on adaptive patches. To compare them under the same
deletion protocol, we first train the TimeX/TimeX++ mask generators to explain the frozen CONCEPT-
TIME predictions. We then convert their timestep masks into patch-level scores by averaging the mask
values over the timesteps belonging to each CONCEPTTIME patch. This yields one importance score
per patch, allowing all attribution methods to be evaluated using the same patch-deletion procedure.

Use of Large Language Models

Parts of the text in this paper were refined with the assistance of a large language model (ChatGPT,
GPT-5), used exclusively for language polishing and improving clarity of exposition. All ideas,
methodology, experiments, and analyses were conceived and executed solely by the authors.
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Algorithm 1 Cross-Domain Transfer with Source Concept Vocabulary

Require: Source domain Ds, target domain Dt, trained source pipeline (Mθs ,Ss, Cs, gs).
Require: Source density model Mθs , source standardizer Ss, source prototypes Cs = {csm}Mm=1,

source classifier gs.
Require: Target splits Dtr

t ,Dval
t ,Dte

t and label fractions R = {0.05, 1.00}.
Ensure: Direct source accuracy and transfer accuracies for each target-label fraction.

Direct source deployment.
1: for each target test sample x ∈ Dte

t do
2: Use Mθs to segment x and extract patch signatures Φs(x) = {ϕsj(x)}Kj=1.
3: Standardize signatures with the source standardizer:

ϕ̃sj(x) = Ss(ϕsj(x)).

4: Assign each patch to the source concept vocabulary:

πsj (x) = softassign
(
ϕ̃sj(x), Cs

)
.

5: Form the source-coordinate concept sequence:

Zs(x) = [πs1(x), . . . , π
s
K(x)].

6: Predict with the frozen source classifier:

ŷ = gs(Zs(x)).

7: end for
8: Compute direct source deployment accuracy on Dte

t .
Source-Mθ transfer.

9: for each target split q ∈ {tr, val, te} do
10: for each sample x ∈ Dq

t do
11: Use Mθs to extract source-GEM signatures Φs(x).
12: Standardize with Ss and assign to Cs by soft assignment.
13: Obtain source-coordinate concept sequence Zs(x).
14: end for
15: end for
16: for each label fraction r ∈ R do
17: Select a stratified r-fraction subset of Dtr

t .
18: Train a new target classifier g(r)t|s on source-coordinate concept sequences Zs(x).

19: Evaluate g
(r)
t|s on target test concept sequences.

20: end for
Target-Mθ transfer.

21: Train or load a target density model Mθt .
22: for each target split q ∈ {tr, val, te} do
23: for each sample x ∈ Dq

t do
24: Use Mθt to extract target-GEM signatures Φt(x).
25: Standardize with the source standardizer:

ϕ̃tj(x) = Ss(ϕtj(x)).

26: Assign to the fixed source prototypes:

πt→s
j (x) = softassign

(
ϕ̃tj(x), Cs

)
.

27: Obtain source-coordinate concept sequence:

Zt→s(x) = [πt→s
1 (x), . . . , πt→s

K (x)].

28: end for
29: end for
30: for each label fraction r ∈ R do
31: Select a stratified r-fraction subset of Dtr

t .
32: Train a new target classifier g(r)t|t→s on Zt→s(x).

33: Evaluate g
(r)
t|t→s on the target test set.

34: end for
Repeat.

35: Repeat for all ordered source–target pairs (s, t) with s ̸= t.
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Algorithm 2 OOD Detection via Concept Fidelity

Require: Trained CONCEPTTIME pipeline with density model Mθ, concept prototypes {cm}Mm=1,
classifier gψ , ID test set Did, corruption operator C.

Ensure: OOD detection AUROC for fidelity distance and softmax confidence.
Step 1: Compute ID scores.

1: for each test sample x ∈ Did do
2: Use Mθ to compute predictive statistics and surprise sequence.
3: Segment x into K patches using the trained patcher.
4: Extract standardized patch signatures {ϕj}Kj=1.
5: Assign each patch to the concept vocabulary:

πj = softassign(ϕj , {cm}Mm=1).

6: Form the concept sequence Z = [π1, . . . , πK ].
7: Compute classifier logits ℓ = gψ(Z).
8: Compute prototype distances:

dj = min
m

∥ϕj − cm∥2.

9: Define ID OOD score using fidelity distance:

sfid(x) =
1

K

K∑
j=1

dj .

10: Define softmax OOD score:

ssm(x) = −max
y

softmax(ℓ)y.

11: end for
Step 2: Compute OOD scores.

12: Construct corrupted test set:
Dood = {C(x) : x ∈ Did}.

13: for each corrupted sample x̃ ∈ Dood do
14: Repeat Steps 2–10 above to obtain sfid(x̃) and ssm(x̃).
15: end for

Step 3: Evaluate OOD detection.
16: Assign binary labels: ID samples have label 0, corrupted samples have label 1.
17: Compute ROC-AUC using sfid as the OOD score.
18: Compute ROC-AUC using ssm as the OOD score.
19: Repeat for each corruption type and severity.

Baselines.
20: For TOTEM and VQShape, replace sfid with the corresponding VQ/prototype distance score,

and compute the same softmax-confidence baseline from their classifier outputs.
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Algorithm 3 Deletion-Based Faithfulness Evaluation

Require: Trained CONCEPTTIME classifier gψ, test concept sequences {Zi}Ni=1, labels {yi}Ni=1,
patch-level importance method A.

Ensure: Deletion curve and deletion AUC.
Step 1: Obtain patch-level importance scores.

1: for each test sample xi do
2: Obtain its concept sequence:

Zi = [πi,1, . . . , πi,K ].

3: Compute patch importance scores:

ai,1, . . . , ai,K = A(xi).

4: Rank patches from most important to least important according to ai,j .
5: end for

Step 2: Progressive patch deletion.
6: for each deletion fraction ρ ∈ {0, 1/K, 2/K, . . . , 1} do
7: for each test sample xi do
8: Let r = ⌊ρK⌋.
9: Select the top-r most important patches according to A.

10: Delete selected patches by zeroing their concept activations in Zi:

Z
(ρ)
i,j =

{
0, if patch j is selected for deletion,
Zi,j , otherwise.

11: end for
12: Predict with the frozen classifier:

ŷ
(ρ)
i = argmax gψ(Z

(ρ)
i ).

13: Compute test accuracy:

Acc(ρ) =
1

N

N∑
i=1

I[ŷ(ρ)i = yi].

14: end for
Step 3: Compute faithfulness score.

15: Compute deletion AUC:

AUCdel =

∫ 1

0

Acc(ρ) dρ.

16: Lower deletion AUC indicates a more faithful attribution method, because accuracy drops faster
when important patches are removed.
Compared attribution methods.

17: CONCEPTTIME: rank patches by prototype distance / fidelity score.
18: GradientSHAP: compute gradients on the frozen CONCEPTTIME classifier and aggregate attribu-

tion over concepts per patch.
19: TimeX and TimeX++: train mask generators to explain the frozen CONCEPTTIME predictions,

then average timestep masks within each CONCEPTTIME patch.
20: Random deletion: delete patches in random order.
21: Reverse deletion: delete patches in the reverse of the CONCEPTTIME fidelity ranking.

27


	Introduction
	Related Work
	ConceptTime
	Problem Formulation
	Frozen Gaussian Density Model
	Length-Constrained Adaptive Segmentation
	Predictive-Geometry Signatures
	Non-Parametric Concept Vocabulary
	Classifier and Fidelity Score

	Experiments
	Experimental Setup
	Main Classification Results
	Selective Prediction via Concept Fidelity
	Ablation Study
	Qualitative Analysis

	Conclusion
	Showcase
	Few-Shot Transfer Learning Results
	Extended Related Work
	Training Hyperparameter
	Dataset Details
	Extended Results Section
	Experimental Details

