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ABSTRACT

Time series foundation models provide strong generalization but remain computa-
tionally expensive for deployment in resource-constrained settings. We introduce
TinyCNﬂ a compact convolutional model trained via knowledge distillation from
a transformer-based foundation model (Mantis-8M). Our training procedure tran-
sitions from representation alignment to task-specific optimization, enabling ef-
fective transfer of foundation representations into a lightweight CNN. Across all
128 UCR datasets, TinyCN achieves statistically significant improvements over
Hybrid InceptionTime (HIT), the ensemble state-of-the-art, while being over 40 x
smaller than Mantis and 10x smaller than HIT. These results demonstrate that
foundation representations can be effectively compressed into simple CNNs archi-
tectures, achieving superior accuracy and efficiency for time series classification.

Track: Research

1 INTRODUCTION

Foundation models (FMs) improve classification by transferring representations learned from large-
scale pretraining to downstream tasks (Bommasani et al., [2022). These models show strong gener-
alization across tasks and data distributions (Brown et al., [ 2020). Most FM-based approaches are
costly to deploy due to their memory footprint and attention-based inference, which limits their use
in resource-constrained settings (Yang et al.l [2025)). Recent work extends FMs to time series clas-
sification using Transformer-based architectures pretrained on large signal collections (Liu et al.,
2026; Liang et al.| 2024). Among these, Mantis (Feofanov et al.,[2025a) improves efficiency while
achieving competitive performance with a smaller model size than Chronos (Ansari et al.,[2024) and
MOMENT (Goswami et al.,|2024). In parallel, supervised time series classifiers (TSC) remain com-
petitive, with ensemble convolutional models such as Hybrid InceptionTime (HIT) (Ismail-Fawaz
et al.,[2022) reaching state-of-the-art accuracy on standard benchmarks (Middlehurst et al., [ 2024)).

However, a common limitation persists across both paradigms. High classification accuracy is typi-
cally achieved at the cost of substantial computational and memory requirements (Middlehurst et al.,
2024])). While foundation models rely on expensive attention mechanisms, supervised ensembles re-
quire concurrent inference across multiple deep networks, making both approaches impractical for
deployment in scenarios with strict hardware or latency constraints.

To address this challenge, we propose an efficient distillation-based approach that leverages the
generalization capabilities of foundation models while enabling lightweight inference. We intro-
duce TinyCN, a compact convolutional neural network trained via knowledge distillation from a
foundation model. Our adaptive distillation strategy progressively transitions from representation
alignment to task-specific optimization, allowing the student to inherit high-level representations
from the teacher while remaining computationally efficient. We evaluate our approach on all 128
datasets from the UCR archive, a standard benchmark for time series classification, where TinyCN
achieves a favorable accuracy and efficiency trade-off, outperforming strong supervised baselines
with substantially fewer parameters and floating-point operations, as shown in Figure[Tb|

"https://github.com/adilsonmedronha/TinyCN
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Figure 1: (a) Feature-based distillation from Mantis foundation model (teacher) to a lightweight
CNN (student). (b) Computational cost—performance trade-off: FLOPs against average rank on the
128 UCR datasets (lower is better), where bubble size is proportional to the number of parameters.

2 PROPOSED METHOD

Figure [Ta) illustrates the overall architecture of our proposed framework. The central procedure of
our approach is knowledge distillation from a pre-trained time series foundation model (Mantis)
into a compact convolutional student network (TinyCN). This procedure is performed through a
teacher-student process using a composed (i) dynamic loss function designed to simultaneously align
the student’s representation space with the teacher’s, and (ii) optimize the network for the specific
downstream classification task. The source code will be made publicly available for reproducibility.

2.1 TEACHER’S ARCHITECTURE

We adopt Mantis-8M as the teacher model, a Vision Transformer-based foundation model for time
series (Feofanov et al.,[2025b)). Each time series is z-normalized, resampled to a fixed length of 512,
tokenized, and processed by self-attention layers. In our experiments, Mantis is fine-tuned for 100
epochs for each dataset, using the same training configuration reported in the original paper.

We use the last-layer embedding as the teacher representation z, € R2%%, as deeper transformer
layers capture increasingly task-specific semantic information (Dosovitskiy et al.| [2021), aligning
with the objective of transferring high-level representation in knowledge distillation (Hinton et al.,
2015). In addition, Mantis-8M contains approximately 8 million parameters, which may limit its
deployment in resource-constrained environments, motivating the use of a distilled student model.

2.2 STUDENT’S ARCHITECTURE

The student model developed in this work, named TinyCN, is a lightweight network loosely in-
spired by the Fully Convolutional Network (FCN) (Wang et al.,[2017). The network comprises three
sequential convolutional blocks containing 64, 128, and 256 kernels, with sizes 8, 5, and 3, respec-
tively. All the convolutional layers apply Batch Normalization and use a ReLU activation function.
The dimensionality of the final layer (d = 256) is chosen to match the Mantis embedding dimension.
Finally, Global Average Pooling (GAP) produces z, € R?°%, followed by a linear head.

It is important to note that while our architecture shares structural similarities with the standard FCN,
we do not include the original architecture in our baseline comparisons. Recent comprehensive
studies have demonstrated that HIT significantly outperforms the standard FCN (Middlehurst et al.,
2024). Consequently, to ensure a rigorous evaluation against the strongest available benchmarks, we
compare our proposal directly against the current state-of-the-art supervised model (HIT).
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2.3 DATA PRE-PROCESSING

To ensure full compatibility with the teacher model’s representation space, the input time series un-
dergoes the same preprocessing protocol as Mantis. This pipeline consists of two essential stages:
resizing and normalization. As Mantis is built on ViT architecture, it uses fixed positional embed-
dings that require a specific input resolution, which the authors set to 512. Consequently, consistent
with the foundational model’s pre-training configuration, all input series are interpolated to a fixed
length of 512 observations. Also, each time series is independently normalized using z-scores, i.e.,
to have a mean of zero and unit variance, thereby addressing distribution shifts across samples.

2.4 ADAPTIVE LOSS FUNCTION

One of the central procedures of our proposal is the adaptive weighting of the objective function. The
total loss L4 is defined as a linear combination of the distillation loss (L 4;5;) and the task-specific
loss (L¢qsk ), controlled by a dynamic coefficient \:

Liotal = A+ Edist(zw Zt) + (1 - )\) : ‘Cta,sk:(ga y)

where Lg;5; is the Mean Squared Error (MSE) between the student’s latent vector z; and the
teacher’s embedding z;, and L, is the Cross-Entropy loss calculated between the predicted logits
¢ and the ground truth labels y. The first component enforces the student to mimic the rich, gener-
alizable representation space of the foundation model. The second one fits the head and fine-tunes
the convolutional layers for the classification task.

To maximize performance, we implement a dynamic adaptive distillation schedule over 100 training
epochs. The hyperparameter A evolves as follows. In the first 50 epochs, we employ a cosine
annealing schedule for A, decaying from 1 to 0. In this phase, the network prioritizes learning the
foundation model’s structural representations, gradually shifting its focus toward the specific task.
For the last 50 epochs, we fix A = 0. In this final phase, the training procedure behaves as if it is
undergoing fine-tuning, optimizing its weights solely to minimize classification error.

3 EXPERIMENTAL EVALUATION

3.1 EXPERIMENTAL SETUP

To validate the effectiveness of our proposal, we conducted an extensive experimental analysis us-
ing the UCR Time Series Archive (Dau et al.l 2019). This repository is the standard benchmark
for univariate time series classification, comprising 128 datasets from diverse application domains,
including healthcare, finance, sensor data, and image outline classification. We applied the official
train/test splits to ensure standardized, reproducible evaluation. We notice that the pretrained Mantis
model does not use any data from the UCR test splits.

For each dataset, we fine-tune Mantis on the corresponding training split. The fine-tuned teacher is
then frozen and used as a fixed feature extractor to generate target embeddings for distillation. The
test split is never used during either fine-tuning or distillation.

For a rigorous comparative analysis, we evaluated TinyCN against a set of strong baselines repre-
senting different paradigms in the literature. Mantis is kept on the experiments, serving as the upper
bound for performance in our distillation setup. We also added HIT to verify whether our distilled
model can surpass the best models trained from scratch.

We added two additional methods to evaluate our proposal further. ROCKET (RandOm Convolu-
tional KErnel Transform) (Dempster et al., 2020), a leading non-deep learning approach, is widely
recognized for its high accuracy and computational speed, transforming time series using random
convolutional kernels before applying a linear classifier. Also, to isolate the contribution of the con-
volutional inductive bias in our proposed architecture, we trained a Multi-Layer Perceptron (MLP)
using the same distillation protocol as TinyCN. This MLP consists of two fully connected hidden
layers, serving as an architectural baseline to determine if the performance gains stem solely from
the distillation method or also from the specific design of the student network.
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3.2 RESULTS AND DISCUSSION

To summarize performance across 128 datasets, we report a Critical Difference diagram (Figure [2)).
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Figure 2: Critical Difference diagram computed using the Wilcoxon post-hoc test on UCR. Lower
ranks indicate better performance; models horizontally line-connected are not statistically different.

The results support our main hypothesis. As expected, the teacher model (Mantis) achieves the
best average rank, demonstrating the robustness of the FM. However, the most relevant result is
TinyCN’s positioning. Despite its substantially smaller size and lower computational cost, as shown
in Table |1} TinyCN achieves a statistically significant improvement over HIT, the current ensem-
ble supervised state-of-the-art, and also outperforms ROCKET, a random kernel-based approach.
TinyCN Raw is the same model but without distillation. These findings indicate that the proposed
adaptive distillation effectively transfers the knowledge from a FM to a compact student network.

Table 1: Model complexity comparison reporting model size (MB), number of parameters and float-
ing point operations per forward pass (both in millions), computed for a fixed 512 input length.

Model Params M) FLOPs (M) Size (MB)
Mantis-8M 8.10 270.4 31
HIT 2.03 1032.3 8
FCN 0.27 135.8 1.2
TinyCN (ours) 0.23 72.8 0.8

Finally, the comparison with TinyMLP offers critical insight into the architectural requirements for
this task. While TinyMLP followed the same training pipeline, its performance was significantly
inferior to all other methods. This highlights that the distillation process alone does not represent a
definitive solution. The convolutional inductive bias present in TinyCN is essential for effectively
capturing the local temporal dependencies encoded in the teacher’s representation. The TinyCN
architecture, therefore, represents an optimal balance: it is complex enough to retain the teacher’s
knowledge but simple enough to maintain extreme computational efficiency.

4 CONCLUSION

This work demonstrates that representations from time series foundation models can be distilled
into compact convolutional networks. Using Mantis as the teacher, TinyCN achieves competitive
performance with only 0.23M parameters and 0.8 MB of memory, making it 40x smaller than
Mantis and 10x smaller than HIT (the current state of the art). Despite requiring only 72.8M
FLOPs per inference (compared to 1032.3M for HIT), TinyCN statistically outperforms it. These
results suggest that distillation can produce efficient classifiers, offering a practical alternative to
large models under computational constraints. Future work will extend this framework to other
student architectures and foundation models, as well as to multivariate datasets and tasks such as
regression and forecasting, while exploring improved trade-offs between distillation and task losses.
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A APPENDIX

TinyCN model was distilled from Mantis-8M. To isolate the effect of distillation, we compared our
proposed model with its non-distilled counterpart (TinyCN Raw).

TinyCN Raw vs TinyCN Distilled
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Figure 3: Win/Tie/Loss comparison of distilled and non-distilled (raw) TinyCN on UCR benchmark.
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