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Abstract. MiniRocket enables fast, competitive time-series classifica-
tion by projecting signals through large banks of 1D convolutional kernels
and training classifiers on pooled responses. Its speed makes it attrac-
tive for iterative modeling, but its internal logic is difficult to inspect:
model behavior emerges from thousands of kernel responses, pooling op-
erations, and linear weights, creating a gap between high accuracy and
actionable understanding. We present RocketLens, an interactive visu-
alization tool that supports end-to-end inspection of MiniRocket-based
models by exploiting feature-attribution explanation, kernel structure
and parameters, and convolution-response evidence for selected features.
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1 Introduction

Time series classification underpins decision-making in settings such as cardiac
monitoring, industrial condition monitoring, and other sensor-driven pipelines [2].
ROCKET-based methods are a popular approach to address time series classi-
fication. They work by transforming time series data into a set of embeddings
using a large bank of randomly drawn convolutional kernels. The convolution
response is then summarized via a pooling operator before fitting a classifier [1].
MiniRocket refines this idea by reducing randomness through a fixed set of sparse
kernels and proportion of positive values (PPV) pooling, while maintaining com-
petitive accuracy and enhancing speed [1].

However, the same design choices that make ROCKET-based classifiers prac-
tical also create interpretability friction. A trained classifier operates over thou-
sands of latent features whose values are not meaningful on their own: a prac-
titioner can see that a prediction is confident, or apply post-hoc explainability
techniques to conclude that a particular feature is highly attributed, without
being able to (i) interpret what pattern that feature represents (kernel shape),
(#i) determine the scale at which it operates (dilation), or (i) locate the evi-
dence on the time axis that drives the pooled feature (threshold exceedance and
receptive fields) [1]. This disconnection is especially visible in forensics: when
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predictions fail, users need to know whether errors concentrate in specific kernel
regimes (e.g., coarse dilations or narrow threshold bands), but typical feature-
attribution explainability methods do not surface such structure directly.

Reviews of explainable Al approaches for time series likewise highlight gaps
in how well explanations align with a model’s underlying mechanisms [4]. We
address this gap with RocketLens, a visual analytics tool for MiniRocket-based
models that links attributed latent features to their generating kernels (tap pat-
tern, dilation, threshold) and convolution-responses evidence on the original time
axis. Beyond single features, RocketLens supports exploring which kernel tem-
plates and parameter regimes recur in prediction across instances.

2 RocketLens: Visual Inspection of MiniRocket Models

RocketLens* is a web visual analytics tool for inspecting MiniRocket time-series
classifiers. A lightweight Python pipeline precomputes the artifacts required for
interactive inspection, including predictions, MiniRocket transform features, ker-
nel parameters, convolution traces, and explainer outputs. The interface is orga-
nized around a sequence of interpretive questions. It helps users establish what
the model predicted, which latent features support that prediction, what those
features compute, and where their evidence appears in the original time series.

Figure 1 uses the abnormal-heartbeat dataset as a running example to de-
scribe RocketLens and the kinds of inspection it supports. The dataset is a
binary classification task that distinguishes normal from abnormal heartbeat
recordings. As shown on the top bar of the interface, the selected analytical con-
figuration uses the instance #47 of the dataset, a RandomForestClassifier,
the stratoshap-k1 feature-attribution explainer (a stable appproximation of
SHAP [3]), and the opposite medoid reference strategy. We remark that SHAP
explains the prediction difference w.r.t. a reference instance, in this case, the
medoid from a different class than the one predicted for the instance. The Refer-
ence vs Instance panel establishes this contrast. In the example, the reference is
predicted as Normal, while the selected instance is predicted as Abnormal. The
panel shows how far apart the two cases are in the model output space.

The Embeddings view translates this contrast into a feature-level explana-
tion. It presents MiniRocket features as a browsable overview, with bar heights
encoding embedding values and an aligned heatmap encoding attribution. Users
can sort the view and select features through either representation. In Figure 1,
selecting feature #88 updates the linked views, allowing users to trace one pos-
itive feature from attribution score to kernel behavior and raw-signal evidence.

The Feature panel reports the selected feature’s attribution, embedding value,
kernel template, dilation, and threshold. For feature #88, it shows a ~ 0.044,
emb ~ 0.979, d = 2, and thr ~ —0.908. The depicted kernel has positive weights
on early taps and negative weights on later taps, making it a short-range contrast

4 The tool is available at https://rocketlens.webs.upv.es, with a video demo
at https://youtu.be/rl4yZ3o_£fI8 and source code at https://github.com/
lgalarra/xai-for-minirocket/tree/rocketlens/RocketLens
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Fig. 1. RocketLens main interface. Linked views support inspection from prediction
contrast, to attributed MiniRocket features, to kernel behavior and activated subse-
quences in the original time series.

detector. Its small dilation compares nearby observations within a local window
that can be inspected directly in the heartbeat signal.

The Time series view grounds this hypothesis in the original recording and
lets users slide the selected kernel along the time axis. In the example, the ker-
nel is at ¢ = 6546, on a small descending rise. The positive and negative taps
can be compared with the curve, showing how the kernel responds to this short
local contrast. The top strip shows where back-propagated § attribution concen-
trates, while the lower strip projects the selected feature’s threshold exceedances
onto the input timeline. Together, these tracks separate time points that receive
attribution from subsequences where the selected convolutional feature is active.

The Convolution response view plots the selected kernel’s response over the
same temporal region and overlays the MiniRocket PPV threshold. For fea-
ture #88, most responses exceed this threshold (PPV(v > thr) = 97.9%), so the
feature is active across most alignments and mainly excludes strong negative-
response segments. In the zoomed view, the selected alignment, marked by the
vertical line, remains above the threshold; the deeper negative dip that follows
crosses below it and therefore does not contribute to the PPV count. Linking
these response patterns to receptive fields connects the MiniRocket computation
to concrete heartbeat subsequences. This linked inspection shows that the abnor-
mal prediction is partly supported by a convolutional feature that captures short
oscillatory rises and declines while discounting deeper valley-like configurations.

To move beyond single-feature inspection, RocketLens includes a Top embed-
dings view (Figure 2) that aggregates the top-k features by || and displays their
attribution, threshold, and dilation values. In the abnormal-heartbeat example,
feature #88 ranks highest, but the evidence extends beyond a single feature.
Several positive features share related contrast templates, including repeated
leading-edge and trailing-edge kernels with small dilations. The top-k set also
includes a very large-dilation feature, indicating that the prediction combines
local shape evidence with broader temporal evidence.
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Fig. 2. Top embeddings view. Top-k features ranked by |a| with attribution, thresh-
old, and dilation, plus a grouped summary by kernel template.

The grouped kernel view makes this pattern easier to diagnose by showing
recurring templates and their parameter regimes. Leading-edge contrast kernels
with low dilations and negative thresholds suggest sensitivity to local oscillatory
structure, while the high-dilation feature signals evidence is harder to interpret
directly from the raw signal. The view helps users judge whether the explana-
tion rests on interpretable local patterns, diffuse long-range configurations, or a
mixture of both.

3 Conclusion

RocketLens shows that MiniRocket models can be inspected through their com-
putational mechanisms, not just attribution scores. By linking features to kernel
templates, dilations, thresholds, and time-localized responses, it shows how ev-
idence is formed, where it concentrates, and which kernel regimes recur across
predictions. Although RocketLens targets MiniRocket, it points to a broader
direction for time-series XAl: explanations that expose the structure of model
transformations alongside their attributions.
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