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ABSTRACT

Time series foundation models (TSFMs) achieve strong zero-shot and transfer
performance across diverse forecasting tasks, yet their internal representations
remain poorly understood. In language and vision models, sparse autoencoders
(SAEs) have emerged as a powerful tool for mechanistic interpretability, revealing
disentangled and often monosemantic features from high-dimensional residual
streams. In this work, we explore whether similar structures can be uncovered in
pretrained TSFMs. Our results demonstrate that SAE-based analysis provides a
viable and scalable lens into the internal structure of TSFMs, uncovering sparse
features that align with coherent temporal patterns. This work represents an initial
step toward unsupervised mechanistic interpretability for TSFMs and highlights
promising directions for future research.

Track: Research

1 INTRODUCTION

Time series foundation models (TSFMs) have recently emerged as a powerful paradigm for forecasting
and representation learning across diverse temporal domains, achieving strong zero-shot and transfer
performance by scaling transformer- and RNN-based architectures originally developed for language
and vision (Ansari et al.| [2024; 2025} |Auer et al.| 2025} |Liu et al.,[2025} Das et al., 2024). Despite
these empirical successes, the internal representations learned by TSFMs and how they support
forecasting behavior remain poorly understood and are an active area of research (Pandey et al.| [2025]
Park et al.| 2026)). In contrast, mechanistic interpretability has made substantial progress in large
language and vision models by extracting sparse, human-interpretable internal features using sparse
autoencoders (SAEs) (Cunningham et al., [2024; Bricken et al., 2023 Stevens et al.,2025)) emerging
as a particularly effective tool for discovering disentangled, often monosemantic features. In this
work, we investigate whether SAE-based analysis can similarly uncover meaningful and interpretable
structure within pretrained TSFMs.

2 RELATED WORK

Interpretability for Time Series Foundation Models. Recent work has begun to examine the inter-
nal representations of TSFMs, motivated by concerns around transparency and trustworthiness (Park
et al., 2026). Several studies analyze TSFM representations using linear probes, representational
similarity measures, or targeted interventions, revealing shared structural properties across layers
and architectures as well as interpretable temporal concepts such as trend and periodicity (Wiliski
et al.| [2025; Bao et al., 2026; |Pandey et al., 2025). Complementary efforts apply circuit-level or
attribution-based analyses to specific time series models (Kalnare et al.,[2025} |Queen et al., 2023), or
trace failure modes such as hallucinations to representational misalignment (Zou et al.| 2025)). While
these works provide valuable insights into what information TSFMs encode, they rely on probes or
targeted analyses that require predefined concepts, and do not decompose activations into sparse, indi-
vidually interpretable features amenable to unsupervised feature discovery. Sparse Autoencoders for
Mechanistic Interpretability. SAEs have emerged as a powerful tool for mechanistic interpretabil-
ity by decomposing high-dimensional model activations into sparse, often monosemantic features.
Building on earlier dictionary-learning approaches for transformers (Yun et al.,|2021; Elhage et al.|
2022} |Sharkey et al.||2022), recent work has shown that SAEs can recover thousands to millions of
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interpretable features from language models and can be scaled to frontier architectures (Bricken et al.|
2023} |Cunningham et al., [2024; [Templeton et al., 2024} |Gao et al.,2024)). Subsequent studies have
explored the limits and variants of SAE-based feature discovery and demonstrated their applicability
beyond language, including vision-language, protein, and audio models (Harle et al., [2025} [Pach
et al., 20255 [Simon & Zoul 2025} |Aparin et al.,[2026). In the time series domain, SAEs have been
applied to explain black-box forecasters at the input—output level (Oublal et al., 2026), but not to
analyze the internal representations of pretrained TSFMs. To our knowledge, this work is the first to
apply SAE-based analysis directly to hidden states of time series foundation models.

3 METHOD

Our goal is to use SAEs as a post-hoc lens into the hidden representations of a TSFM. We keep the base
model frozen and train SAEs on its internal residual stream activations. This section formalizes the
setup and highlights adaptations specific to time series. A complete overview can be seen in

3.1 SAE FORMULATION

We train an SAE on hidden state vectors 2 € R« obtained from a pretrained model. The SAE
consists of a linear encoder E, a sparsifying nonlinearity operator o, and a linear decoder D:

SAE(x) = D(a(E(x))) ,
with E(x) = Wepe X + bene =f  and  D(h) = Wgee h + bgee = % (1)
and o(f)=h.

The encoder projects x into an overcomplete latent space of dimension ds,e, Where typically dg,e >
dmodel- This enables the hidden state to be expressed as a sparse linear combination of learned
dictionary vectors (the columns of W, ).

To enforce sparsity, we define o(-) as o(f) = TopK(ReLU(f)), i.e., we first apply ReLU to ensure
non-negative activations and then retain only the k largest components per sample, setting all
remaining entries to zero. The resulting sparse vector h captures the active latent features used by the
decoder to reconstruct the hidden state.

We train the SAE by minimizing £ = ||z — £||3 + A\Laux, Where the first term enforces reconstruction
fidelity and the auxiliary term L,,x, weighted by A, provides additional regularization. Depending
on the specific SAE architecture, this term may mitigate dead features, promote balanced feature
utilization, or enforce additional sparsity constraints, following standard practice in sparse autoencoder
training.

3.2 HIDDEN STATE EXTRACTION FROM A TSFM

We now describe how hidden states = are obtained. Let M be a pretrained Transformer model
operating on patchified time series inputs. Given a time series window s € R”', we partition it into
P non-overlapping patches of length L such that " = P - L. After patch embedding and positional
encoding, the sequence of patch tokens is processed by multiple Transformer blocks. At layer ¢,

the model produces a sequence of residual stream hidden states X () (s) = (xge), . ,ng)) with

xz(,e) € R Each vector xl(,z) represents the model’s internal encoding of a temporal patch at

position p. For SAE training, we treat individual hidden states as independent samples and construct
a dataset D) = {mz(f) (s)} aggregated across time series, windows, and patch positions.

3.3 INFERENCE AND FEATURE ANALYSIS

Transformer hidden states are high-dimensional and encode information in superposition, making
individual coordinates difficult to interpret (Elhage et al., 2022} |Park et al.,[2023). The trained SAE
provides a sparse representation of each hidden state in terms of latent features. Since the SAE is
trained solely to reconstruct hidden states under a sparsity constraint, without predefined temporal
concepts, the discovered features reflect intrinsic structure in the model’s internal representations. We
analyze a feature by evaluating its activation across the dataset and inspecting time-series patches
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Figure 1: SAE-based lens into Chronos-2 hidden states. We extract the residual-stream activation z
after block ¢ of the frozen model, train an SAE with reconstruction and sparsity loss, and analyze the
learned sparse features f.

that strongly activate it. Mapping these activations back to their original temporal segments enables
qualitative assessment of the temporal patterns captured by each feature.

4 EXPERIMENTS

Setup. All experiments use the pretrained CHRONOS-2 model (from Hugging Face), which operates
on univariate time series patchified into length-16 tokens. We analyze residual-stream hidden states
from layers 2 and 9 (out of 12), with the base model kept frozen throughout. Training data is drawn
from the KernelSynth-1M dataset (Ansari et al., 2024]), consisting of 1M univariate time series of
length 1024 with no missing values. Synthetic Concepts. To assess which temporal structure is
encoded in hidden and latent representations, we construct a controlled probing dataset with 14
synthetic temporal concepts (Appendix B)). For each concept, we generate 512 time series. In
each series, 1 to 6 non-overlapping patches (uniformly spaced, length 16) are replaced with the
corresponding concept pattern, while remaining patches follow the background process. Evaluation.
Across all classifiers, we use a shared one-vs-rest, token-level evaluation per concept c. The positive
pool contains all tokens where c is present, while the negative pool combines up to B = 4096
background tokens and up to O = 4096 tokens from other concepts, yielding at most 8192 negatives
per concept. Performance is reported using precision, recall, and F1 score, summarized via the
geometric mean across concepts. SAEs. SAEs are trained on frozen hidden states using BatchTopK
with expansion factors x6 and x8. Unless stated otherwise, we report results for the best-performing

configuration; full training details are provided in|Appendix D

4.1 VALIDATING THE HIDDEN STATE OF CHRONOS-2 VIA LINEAR PROBES

Before applying SAEs, we first verify that intermediate Table 1: Linear probes: Geometric-mean
hidden states of Chronos-2 encode meaningful tempo- linear probe metrics by layer.

ral structure. Following prior TSFM interpretability
work, we train linear probes to predict synthetic
temporal concepts directly from frozen hidden states. ~ Position  Precision ~ Recall Fl
To our knowledge, this has not been previously | ayer2 0.993 1.000 0.996
validated.  Specifically, we fit logistic regression [ ayer9 0.992 1.000 0.996
classifiers (with class re-balancing) on hidden states
extracted from layers 2 and 9. The probe setup follows
a standard linear evaluation protocol and does not update the base model. summarizes linear
probe performance across all evaluated temporal concepts. For completeness, per-concept precision,
recall, and F1 scores are reported in These results demonstrate that the selected layers
contain structured and linearly accessible temporal information. This confirms that the hidden states
provide a meaningful substrate for further representational analysis.
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(a) Neuron 827: activation following downward (b) Neuron 5478: sparse activations near terminal
transitions. low-frequency oscillations.

Figure 2: Example SAE features from the best-performing configuration. Shaded regions indicate
activating patches. The neurons respond to distinct temporal structures despite being learned without
supervision.

4.2 TRAINING SAES AS A LENS INTO TSFMs  Table 2: Average F1 score over the synthetic
features. Best highlighted in bold.

We train SAEs on hidden states of layers 2 and 9

under different expansion factors (x6 and x8). To

quantify how well the learned latent features capture Depth 1 Depth 2
the synthetic temporal concepts, we train shallow Layer <6 X8 <6 X8
decision trees on the SAE feature activations and > 0691 0715 0756 076
report the resulting F1 scores. summarizes the . . . .
geometric mean F1 across the 14 synthetic concepts 9 0.687 0.661 0.749  0.768

for all evaluated configurations. Detailed per-concept

results are provided in Across configurations, SAE feature representations achieve
average F1 scores around 0.7-0.77 depending on depth and expansion factor. The best-performing
setting (Layer 9, x8 expansion, depth 2) reaches a mean F1 of 0.768. These results indicate that the
latent representations capture substantial temporal structure, despite being learned without supervision
and optimized solely for reconstruction under sparsity constraints. The performance is consistent
with observations in large language models, where SAE features often yield partially disentangled but
not perfectly separable concepts. In the remainder of this section, we focus on the best-performing
SAE to qualitatively analyze the learned features.

4.3 STARING INTO THE ABYSS

To qualitatively assess the structure captured by individual SAE features, we inspect neurons that
fire sparsely but consistently across the dataset (roughly ~1% of tokens). shows two
representative examples. Neuron 827 activates immediately following downward transitions, rather
than during the decline itself, suggesting sensitivity to post-transition or stabilization structure. In
contrast, Neuron 5478 fires near the terminal occurrence of low-frequency oscillatory patterns,
typically close to the end of a time series. Importantly, neither neuron responds to the corresponding
primitive pattern in isolation, but instead appears selective for a specific temporal role. These
behaviors are not directly aligned with any single synthetic probe concept, indicating that SAE
features capture higher-level temporal structure beyond the injected primitives. Additional examples

are provided in

5 CONCLUSION

We investigated SAEs as an unsupervised lens into the hidden representations of time series foun-
dation models. Applied to frozen Chronos-2 activations, SAE features capture substantial temporal
structure, achieving strong performance on synthetic probing tasks and exhibiting qualitatively coher-
ent behaviors such as phase boundaries, terminal patterns, and precursor structure. These findings
suggest that TSFMs encode temporal information in an entangled form and that SAE-based analysis
provides a viable path toward mechanistic interpretability in the time series domain. A current
limitation of our study is that qualitative feature discovery is based on manual inspection of individual
neurons. Developing automated interpretation pipelines would enable systematic analysis of hundreds
or thousands of SAE features and substantially improve scalability. We view such automation as a
key direction for future work.
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A EXPERIMENTAL DETAILS

This appendix provides implementation details for the linear probes and sparse autoencoder training
used in

A.1 CONFIGURATION OF LINEAR PROBES

For the linear evaluation experiments, we train independent logistic regression classifiers on frozen
hidden states extracted from layers 2 and 9 of Chronos-2. Hidden states are treated as fixed feature
vectors and the base model parameters remain frozen throughout.

We wuse the LogisticRegression implementation from scikit-learn with
solver=1iblinear, regularization strength C' = 1.0, class_weight=balanced to account
for class imbalance, and fit_intercept=True. Optimization is run with a maximum of 1000 iterations
and convergence tolerance 10~4.

Each temporal concept is treated as a separate binary classification task. Performance is reported
using precision, recall, and F1 score on a held-out test set. No hyperparameter tuning beyond the
default regularization setting was performed.

A.2 CONFIGURATION OF THE SPARSE AUTOENCODER

We ran a simple grid search over the hyperparameters shown in Table[3] Beyond the ablated settings
above, we kept the training setup fixed: A BatchTopK SAE with expansion factor 8 X (dmoedel = 768,
dse = 6144) and k = 100, trained for 66 x 10° tokens with a batch size of 4096 tokens using Adam
(81 = 0.0, B2 = 0.999). We used a constant learning-rate scheduler (with configured warmup/decay
horizons of 805/3222 steps and 7jena = 77/10), top-k threshold learning rate 0.01, decoder init norm
0.1, and by, initialization statistics computed from 50 x 103 tokens when using mean/geometric-
median init. Dead-feature handling used windows of 1000 (dead-feature) and 2000 (feature-sampling)
steps, and training was run in full 32-bit floating point arithmetic. We used the SAE Len library
implemented in PyTorclﬂ All experiments were run on one Nvidia Tesla V100 with 32GB of VRAM.

Table 3: Hyperparameter grid used in SAE training. The chosen combination is underlined.

Hyperparameter Explored Values

Decoder bias init {zero, mean, geometric median}
Activation normalization — {none, expected average only in}
Decoder normalization {enabled, disabled}

Learning rate 7 {2x107°,5 x 107°,8 x 1075}

Auxiliary loss weight {0.5,1.0}

"https://github.com/decoderesearch/SAELens
“https://pytorch.org
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Figure 3: Probing patches used to assess which concepts are encoded in hidden and latent layers.
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:25 C LINEAR PROBE DETAILED RESULTS
488 . .
489 Table 4: Linear probe metrics by concept for layers 2 and 9.
490
491 Layer 2 Layer 9
:2§ Concept Precision  Recall F1 Precision  Recall F1
494 rising_trend 0.996 1.000  0.998 0.995 1.000  0.998
495 lowering_trend 0.994 1.000 0.997 0.994 1.000 0.997
496 peak_upward 0.991 0.999  0.995 0.990 0.999  0.995
. peak_downward 0.993 1.000  0.997 0.992 1.000  0.996

spike_positive 0.984 1.000 0.992 0.984 1.000 0.992
e spike_negative 0986  1.000 0993 098  1.000 0.993
e sine 0.996  1.000 0998 0995  1.000 0.997
500 cosine 0.996 1.000  0.998 0.993 1.000  0.997
501 sine_2 0.996 1.000 0.998 0.996 0.999 0.998
502 cosine_2 0.989 1.000  0.995 0.988 1.000 0.994
503 sine_shifted 0.993 1.000  0.996 0.993 1.000  0.997
504 cosine_shifted 0.993 1.000  0.996 0.995 1.000 0.997
505 sine_2_shifted 0.993 1.000  0.996 0.992 1.000  0.996
506 cosine_2_shifted 0.997 1.000 0.999 0.998 1.000  0.999
507 Geometric mean 0.993 1.000  0.996 0.992 1.000  0.996
508
509
;:’ D SAE DETAILED RESULTS
12 Precision Recall F1
o1 rising_trend [N I |
514 lowering_trend [N | |
515 peak_upward [N I I
516 peak_downward [N I I
517 spike_positive [N I I
518 spike_negative [N I I

sine [ I ]

o cosine. I
20 sine 2 [N | I
521 cosine 2 [N I I
522 sine_shifted [N I I
523 cosine_shifted [N I I
524 sine_2 shifted [N I I
525 cosine_2_shifted [N I
526 0.0 0.2 04 06 08 1.0 0.0 0.2 04 0.6 08 1.0 0.0 02 04 0.6 0.8 1.0
527 Figure 5: Precision, recall, and F1 scores for the best-performing SAE configuration (8x expansion,
528 layer 9, depth 2), corresponding to the top result in|Table 2]
529
530
22; E ADDITIONAL QUALITATIVE SAE FEATURES
333 We include further examples of sparsely firing SAE neurons that exhibit coherent temporal behavior,
9%% " including features responding to phase transitions and anticipatory patterns.
535
536
537
538
539

10
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Figure 6: Full visualization of SAE neuron 5478 across multiple sampled time series. Shaded
regions indicate activating patches. Activations occur sparsely near the terminal occurrence of low-
frequency oscillatory structure, often close to the end of the sequence. The neuron does not respond
to low-frequency content in general, but appears selective for a specific temporal role marking the
termination of such patterns.
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Figure 7: Visualization of SAE neuron 4981 across multiple time series. Shaded regions indicate
activations occurring near the termination of extended flat or gently rising segments. The neuron does
not respond to generic upward trends, but instead fires at the end of prolonged increases, suggesting
sensitivity to phase boundaries that depend on longer temporal context.
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Figure 8: Visualization of SAE neuron 2660 across multiple time series. Activations occur sparsely at
a consistent offset shortly before the onset of declining behavior, typically one to two patches ahead
of a downward transition. This pattern suggests responsiveness to precursor structure preceding trend
changes rather than to declines themselves.
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Figure 9: Visualization of SAE neuron 5801 across multiple time series. The neuron activates at local
maxima in signals exhibiting intermediate-frequency oscillations, while remaining inactive for very
low- or high-frequency patterns. This indicates selectivity for a specific frequency band combined
with peak structure.
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Figure 10: Visualization of SAE neuron 139 across multiple time series. Shaded regions highlight

activations near the end of long declining segments, often close to the end of the sequence. The
neuron appears sensitive to the termination of extended decreases rather than to negative slope alone.
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Figure 11: Full visualization of SAE neuron 827 across multiple sampled time series. Shaded regions
indicate activating patches. Activations occur immediately following downward transitions rather
than during the decline itself, suggesting sensitivity to post-transition or stabilization structure rather
than to negative slope alone.
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