Under review as a conference paper at ICLR 2026

PROTOTS: LEARNING HIERARCHICAL PROTOTYPES
FOR EXPLAINABLE TIME SERIES FORECASTING

Anonymous authors
Paper under double-blind review

ABSTRACT

While deep learning has achieved impressive performance in time series forecast-
ing, it becomes increasingly crucial to understand its decision-making process
for building trust in high-stakes scenarios. Existing interpretable models often
provide only local and partial explanations, lacking the capability to reveal how
heterogeneous and interacting input variables jointly shape the overall temporal
patterns in the forecast curve. We propose ProtoTS, a novel interpretable forecast-
ing framework that achieves both high accuracy and transparent decision-making
through modeling prototypical temporal patterns. ProtoTS computes instance-
prototype similarity based on a denoised representation that preserves abundant
heterogeneous information. The prototypes are organized hierarchically to cap-
ture global temporal patterns with coarse prototypes while capturing finer-grained
local variations with detailed prototypes, enabling expert steering and multi-level
interpretability. Experiments on multiple realistic benchmarks, including a newly
released LOF dataset, show that ProtoTS not only exceeds existing methods in
forecast accuracy but also delivers expert-steerable interpretations for better model
understanding and decision support.

1 INTRODUCTION

Time series forecasting has been widely applied in high-stakes scenarios such as load forecast-
ing (Jiang_ et all, 2074; [Yang et all, P073), energy management (Deh ef all, D017, Weron, P(14),
weather prediction (Angryk et all, Z020; Karevan & Suykens, 2020), all of which involve consid-
erable financial impacts. In these applications, while achieving high forecast accuracy is crucial,
understanding why and how the model makes specific predictions is equally important. It aids in
preventing substantial financial losses and building the trust necessary (Rojat et all, 2021).

A range of explainable time series forecasting methods have been developed to simultaneously en-
sure interpretability and good predictive performance (Oreshkin ef all, DOTY; Cim_ef all, DO071; iZhao
ef-all, 20724); Cin"ef all, 2074). However, their overall interpretability and potential for further perfor-
mance improvement are limited, since they mainly provide local, partial explanations for both the
output and input sides:

* C1: For the output side, existing methods (Cim_ef-all, P071); Zhao ef all, 2024)) mainly explain the
prediction at individual time steps, lacking the ability to help users quickly interpret the rea-
sons behind the overall trend in the forecast curve. For example, they fail to explain why three
peaks occur in the predicted electricity load curve at the noon, afternoon, and night, respectively,
and why the three peaks gradually descend (Figure M(al)). Understanding such overall temporal
patterns is of great importance in real-world scenarios. For example, power system experts need
to ensure demand peaks are identified correctly, so that they can make dispatch decisions (T'hanos
ef-all, POT3), such as whether additional electricity should be purchased from external sources.
Failing to provide such analyses limits interpretability and prevents experts from steering the
model to improve its accuracy.

» C2: For the input side, existing explanations are often limited to certain types of variables, such
as focusing solely on endogenous variables (Lin_ef-all, 20724)). However, as shown in Figure 0(a),
there are many different types of input variables, and understanding how their interactions
impact the temporal patterns is critical. For example, the typical temporal pattern of extreme
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Figure 1: (a) An example of time series forecasting with numerous heterogeneous variables, where
exogenous variables (e.g., temperature, holiday) influence the evolution of endogenous variables
(e.g., electric load). (b) Illustration of prototypical explanation method: a set of learned prototypes
provides a user-friendly global overview of typical temporal patterns. For each instance, model
computes its similarity to all prototypes to form a prediction, enabling detailed local interpretation.

summer conditions can only be observed when both temperature and seasonal variables are
considered together.

To address these challenges, we propose a Prototypical Time Series Forecasting framework
(ProtoTS) that effectively models the overall temporal patterns (C1) and enables prototypes to cap-
ture the interactions among inputs (C2). As shown in Figure [i(b), each of our prototypes corresponds
to a typical temporal pattern. For example, the curve of the Spring Festival prototype” indicates that
there are peaks in the morning and evening during the Spring Festival period. This pattern occurs at
specific combinations of covariates (i.e., when the inputs indicate both a holiday and the first month
of the lunar calendar), enabling it to explain both the formation of the overall temporal pattern and
how it is influenced by the combination of multiple input features (C2). These few prototypes pro-
vide a global explanation by summarizing typical patterns across the entire dataset, thereby support-
ing expert intervention (e.g., refining the temporal pattern of the prototype, Sec. E4). At the same
time, the model improves accuracy by effectively modeling the local interactions of covariates.

To construct an effective end-to-end framework, we introduce the following technical innovations:

* Hierarchical prototype learning strategy (C1). Traditional prototypes are typically limited to
explaining individual classification results, while we extend the prototypes so that they model a
temporal pattern, which consists of a sequence of regression results. Learning such a sequen-
tial temporal pattern is hard to balance predictive performance with interpretability. Using too
few prototypes leads to poor forecasting accuracy, while employing too many can compromise
interpretability by producing overly similar patterns. To address this, we design a hierarchical
prototype learning strategy, where a small set of coarse prototypes ensures global interpretability,
and prototypes are progressively refined into lower levels to capture local details and improve ac-
curacy. This design allows experts to intervene by specifying which prototypes should be further
split, enabling efficient and user-friendly model adjustments.

* Multi-channel prototype similarity computing (C2). To enable effective modeling of the inter-
actions among input variables of different types and their impact on the output curve patterns, we
compute the prototype-instance similarity by incorporating a multi-channel embedding and bottle-
neck fusion mechanism, which improves both the interpretability and the accuracy of the model.

Our framework achieves state-of-the-art performance with good interpretability and steerability. In
particular, ProtoTS reduces MSE by 48.3% and MAE by 20.9% compared to the state-of-the-art
model on the LOF dataset. Moreover, its accuracy decreases much more slowly when the amount
of training data is reduced, compared to the baselines. A case study demonstrates that our expla-
nations enable an easy-to-understand overall and detailed understanding. Expert edits based on the
explanations reduced MSE by 0.009 and further improved explainability.

!'The name “Spring Festival” is now manually summarized based on relevant covariates and temporal pat-
terns, though it can also be generated using large language models.
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2 RELATED WORK

Time Series Forecasting with Exogenous Variables Time series forecasting with exogenous
variables has been extensively explored in both classical and modern approaches. Traditional statis-
tical models such as ARIMAX (Williamd, 200T) and SARIMAX (Vagropoulos et all, 20T#) extend
the ARIMA framework to incorporate correlations between exogenous and endogenous variables.
Seeking richer dynamics, Transformer families like TFT (Cim—“ef-all, P071) and TimeXer (Wang
ef-all, P024)), introduce attention mechanisms to tackle this task. Parallel work in MLPs pursues ef-
ficiency and long-horizon stability: NBEATSx (Oreshkinef all, 2019) appends a dedicated stack for
auxiliary factors on top of a residual basis expansion, TiDE (Das’efall, P073) factorizes temporal and
feature projections with two dense encoders to harness knownfuture variables, and TSMixer (Ekam-
baram ef all, 2073; Chen efall, 2073) alternates mixing layers to effectively model their interactions.
Outside deep learning, generic tabular learners such as XGBoost (Chen & Guesfrin, P0T6), Light-
GBM (Ke ef-all, POT7), and GAM (Yang et all, 2073), perform well when exogenous variables are
informative and strongly correlated with the target. Our method, ProtoTS, achieves strong perfor-
mance on this task while offering interpretability and steerability for domain experts, effectively
handling large amounts of heterogeneous variables while filtering out irrelevant information.

Time Series Interpretability Time series interpretability can be divided into post-hoc and ante-
hoc approaches. Post-hoc interpretability focuses on unveiling the reasoning of pre-existing black-
box models (Guefall, 2075). Generic explanation techniques such as SHAP (Lundberg & Led,
2017), LIME (Ribeiraef all, 2016), IG (Sundararajan et all, Z017) can be directly applied to time-
series models. Crabhé & Van Der Schaar (2Z0721]) learns sparse perturbation masks over the time-
feature dimensions, struggling to quantify each inputs effect on a regression forecast. Consequently,
regression tasks tend to favour ante-hoc models whose interpretability is built in by design. Follow-
ing the attribution-centric view of posthoc explanations, TFT (LCim_ef-all, PO2T) provides explorable
attention over input time steps, and DiPE-Linear (Zhao“ef all, 2074 parameterizes filters in both
temporal and spectral domains to visualise the regions of interest. N-BEATS (Oreshkin_ef-all, POTY)
uses residual blocks for generic, trend, and seasonal components, and Olivaresef all (20123) extends
the scheme to exogenous variables. These works are limited to local explanations and fail to provide
a global view that experts need for a shared understanding. CycleNet (Lin“ef-all, 2(074) identifies
common periodic patterns in time-series data but only focuses on endogenous variables. In con-
trast, ProtoTS holds a global set of prototypical patterns and explains each forecast by matching it
to them, offering both global overview and local interpretation. Its hierarchical structure supports
expert steering at multiple levels, ensuring faithful overall understanding.

Prototypical Time Series Model Previous works have already shown the value of prototypes in
time series models. These methods typically fall into two categories. 1) prototypes decoded as in-
termediate representations (Shen, 2025; Lief-all, P023a; linef all, P073) or model parameters (Chenl
ef-all, 2024)). For example, lin"efall (Z023) uses prototypes to map time-series embeddings into tex-
tual embeddings for large language models. Such designs enrich the models architecture but leave
the prototypes detached from the output. 2) prototypes directly mapped to output variables (Queen
ef-all, P023; Coefall, P024; Ming et all, 20T9; Obermair ef all, 2073), serving as typical examples of
the outputs. While the latter offers stronger interpretability, existing approaches decode a prototype
into only a single output variable (e.g., a class prediction). In contrast, our method is, to the best of
our knowledge, the first to decode a prototype into a sequence of output variables (e.g., a 96-step
forecasting curve), enabling holistic interpretation of temporal dynamics.

3 METHOD

3.1 FORMULATION AND FRAMEWORK

Problem Formulation We consider the task of time series forecasting with exogenous variables,
as shown in Figure [(a), since abundant heterogeneous exogenous variables provide rich information
to boost endogenous predictability. Formally, let the historical endogenous variables (e.g., electric
load) as Y1., = {y1,¥2,.--,yr} € REX! and the associated exogenous variables (e.g., temper-
ature and holiday) as X;.;, = {x1,X2,...,x1} € RLXC where L is the look-back window size
and C is the number of exogenous variables. In many practical scenarios (Wessel, 2020; Lin“ef all,
7073), future exogenous variables Xy 1.+ = {Xp41,.--,Xp+H} € RHXC are also available.
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Figure 2: The overall framework of ProtoTS, which comprises two main modules: the multi-channel
prototype similarity computation module and the hierarchical prototype learning module.

For example, in the LOF dataset, we obtain forecasted weather variables (e.g., temperature) from
commercial weather services, and calendar variables (e.g., holiday flags) are accessible in advance.
In our setting, we explicitly incorporate future exogenous variables, as these substantially improve
forecasting performance. The goal is to predict the future curve of the endogenous variable for the

next H time steps, denoted as Yr11.0+5 = {yr+1,---,YL+H} € RH*L The forecasting model
F takes the input variables to predict the future endogenous variables Y:
Yroiro4m = }—(chLa X1, XL+1:L+H)~ (D

Framework Overview The ProtoTS framework is illustrated in Figure D. It contains two mod-
ules. The multi-channel prototype similarity computation module effectively models the interac-
tions between input variables and their impact on prototypes. The hierarchical prototype learning
module structures prototypes hierarchically, with coarse-grained root prototypes capturing global
patterns and fine-grained child prototypes modeling local variations, ensuring good explainability,
steerability, and accuracy. The two modules will be explained in detail in Sections B2 and B3.

3.2 MULTI-CHANNEL PROTOTYPE SIMILARITY COMPUTATION

This module ensures effective modeling of interactions between input variables and their relations
with prototypes by using three steps: the multi-channel embedding step effectively embeds hetero-
geneous variables in separate channels, the bottleneck channel fusion step then models complex
interactions between variables without causing overfitting and outputs the final input embedding,
and the prototype similarity computing step finally estimates the relations between each input and
the prototypes by computing the similarities between their embeddings.

Multi-Channel Embedding In ProtoTS, we adopt a multi-channel embedding where endoge-
nous and exogenous variables are processed separately to achieve optimal encoding for each type.
Specifically, endogenous variables are directly encoded through an endogenous encoding channel,
implemented as a non-linear projection ~y using a multi-layer perceptron with activation functions,
a widely used design (Das”ef all, P0173). For exogenous variables, we follow standard practice in
tabular learning (Wang & Surl, ZUZZ) We categorize them into discrete variables (e.g., is holiday,
day of week) and continuous variables (e.g., temperature, humidity), and apply tailored embedding
methods to best capture the properties of each variable. Concretely, exogenous variables x; at time
t are decomposed into xdis € NC& and x5t € RCon | Cyis and Ceop refer to the number of discrete
and continuous varlables Discrete varlable xdlg are processed through a discrete encoding channel

using dedicated embedding tables E; € RI! Xd , where €, is the vocabulary and d is the embedding
dimension. Continuous variables XC‘)]“ are prOJected into the embedding space through a continuous
encoding channel, applying variable-specific non-linear projections 1);. This multi-channel embed-
ding allows the model to better preserve the information contained in heterogeneous variables.
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Bottleneck Channel Fusion To effectively fuse all variables information at time step ¢ and obtain
a full representation, we aggregate the embeddings of all variables through addition, which integrates
information across heterogeneous variables without additional parameters (Arora ef-all, POT7):

Clis ) Ceon
Y(ye) + 2 Ei(xf5) + X 0(x%), te[l:L]  (Look-back Window)
Z, = Cais = Cloon 7=t )
2 Bl + 2 (i), te[L+1:L+H] (Forecast Window)

During the forecast window, where y; is the target to be predicted, only exogenous variables are
used to construct Z;. The embedding Z1.p 57 = {Z1,--- ,Z¢, -, Zpyp} € RETHX now
encodes a rich amount of information from endogenous and exogenous variables. However, such a
rich embedding may also introduce noise, as irrelevant information from heterogeneous inputs can
be mixed into the representations. To mitigate this, ProtoTS introduces a bottleneck layer to filter out
irrelevant information while retaining the most predictive components. Concretely, we project the
high-dimensional embeddings into a lower-dimensional latent space through a bottleneck projection,
R?% — R%ote — RY, where dpoge < d. The compressed representation is then mapped back to the
original space, retaining the most relevant information while filtering out noise (Wang et all, 2021l).
We apply the bottleneck layer within an MLP-Mixer architecture ([lolsfikhin efall, 2021), inserting it
into both MLPye,ryre and MLPyiye. Fusion is performed sequentially, first along the feature dimension
and then along the temporal dimension, T denotes the transpose of the vector:

1+1 1
Z(1:L+)H = MLPiime (MLPfeature (Z(lz)L+H)T)T' 3)
The bottleneck fusion layer is stackable, where [ denotes the layer index. After stacking, we obtain

Zi.1+ g € REFHH) X iy the original embedding dimension. To enable prototype matching in a uni-
fied one-dimensional vector space, we perform a linear aggregation along the temporal dimensions:

Z=171,.4W,ZcR? “4)
where W € RUEHXT projects the sequence length from L + H to 1.

Prototype Similarity Computing To provide a user-friendly global explanation while handling
complex information at a local level for detailed interpretation and accurate forecasting, ProtoTS
integrates prototypical explanation directly into its prediction mechanism via a learnable set of pro-
totypes II. Each prototype in II is represented as an embedding 2 € R and its corresponding
temporal pattern p € R”, which are both learnable parameters. Here, p is used to compute the

similarity between the query representation Z and the prototypes, by applying a softmax over their

distances d(Z, p). The distance can be chosen flexibly, such as Euclidean distance, cosine similar-
ity. We adopt Euclidean distance, under which the prototypes are equivalent to a Gaussian mixture
model in the embedding with an identity covariance matrix (Allen_ef-all, P0TY9). Meanwhile, tempo-
ral pattern p is used to form the final prediction. Specifically, we fix each prototype temporal pattern
p over a predefined period of length 7', and during forecasting, the prototype pattern is aligned with
the forecast window H based on its phase and length (Cinef-all, 0174).

3.3 HIERARCHICAL PROTOTYPE LEARNING

The key challenge in designing the prototype set II lies in balancing predictive performance with
interpretability. Using too few prototypes may lead to poor forecasting accuracy, while employing
too many can compromise interpretability by introducing overly similar patterns that are hard to
distinguish and reason about. To address this trade-off, ProtoTS adopts a hierarchical prototype
learning strategy that organizes the prototype set in a tree structure, effectively combining modeling
capacity with multi-level interpretability.

Root Level Learning At the root level, ProtoTS aims to capture the overall pattern using only a
small set of prototypes, thus ensuring interpretability by allowing users to efficiently form a global
understanding. These root prototypes typically correspond to coarse-grained temporal patterns that
consistently recur over long horizons (e.g., seasonal trends, holiday effects; see Figure B(Layer-1)).
The similarity of root prototype c is computed based on ., followed by a softmax operation:
[(2lp) = g2 pe)) (5)
> iz1 exp(—d(Z, )
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The final prediction Y is then generated as a weighted combination of the temporal patterns from
all root prototypes:

N

Yoioin =y, [(Zlw) - pi. (6)

i=1
At the first stage, the model is trained using the root prototypes until convergence. This root-level
learning allows the model to establish a globally interpretable set of representative temporal patterns,
providing users with an intuitive understanding of the models decision logic at a high level.

Splitting Strategy Once the model converges, each root prototype is further split into M child

prototypes to introduce fine-grained variations. For root prototype ¢, its M child prototypes are

denoted as { (i j, Pi,j)} )L ,. The similarity between Z and its child prototypes is computed within

this local group, ensuring all child prototypes remain associated with their root:

Gl = DA
f(Z]pik) Sty exp(—d(Z, pi ;)

Based on this hierarchical matching, the final prediction is formed as a weighted combination of all
child prototypes, modulated by both root-level and child-level similarities. The complete forecasting
output is given by:

(7

N M
Yoiirin = Zf(zluz) Z f(Z|Hz',j) "Pij- ®)
i=1 j=1

While the above describes a two-level hierarchy, the structure is general: any leaf prototype can be
incrementally split to form a multi-level tree. However, not all prototypes need splitting, and some
splits may yield overly similar temporal patterns. Therfore, we propose a splitting rule for deter-
mining which leaf prototypes should be further refined. The rule is designed to identify prototypes
whose current temporal patterns are insufficiently representative of their associated instances and
thus require additional fine-grained refinement. The pseudocode is provided in Algorithm [

Algorithm 1 Prototype Splitting Rule

Input: Training dataset D, leaf prototypes Ilieos = {leafy,...leaf,,, }, top-k activation count, se-
lection ratio a.
Initialize: Loss[l] < 0, Count[l] + 0 for all leaf prototypes leaf;.
For each training instance (z, y) in D:
Compute prediction ¢ and instance loss L = MAE(y, ).
Compute similarity scores {s;}," over all leaf prototypes.
Let 7 be indices of top-k similar prototypes based on s;.
Foreach! c T:
Loss[l] < Loss[l] + L.
Count[!] + Count[]] + 1.

Normalized loss:

Loss|[!] if
NormLoss|[l] = {g"“m[l]’ z)tli(;uw?s[elz] >0,

Select leaf prototypes with top a% values in NormLoss|l].

This hierarchical design enables experts to first obtain a global understanding through high-level
root prototypes (e.g., distinguishing between seasonal or holiday-related patterns), and then refine
their insights by examining lower-level child prototypes that capture more localized variations (e.g.,
differentiating between long holidays and short holidays). Moreover, the hierarchy empowers expert
interaction. Experts can steer the model by selectively splitting specific prototypes, introducing new
root-level prototypes, or directly editing the temporal pattern to integrate domain knowledge.

Loss Function In addition to the standard L1 forecasting loss, we incorporate an entropy-based
regularization on the prototype weights f(Z | p;), with A controlling the strength, to encourage a
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few main prototypes to cover most predictions. We note that an L2 loss can also be used.

N
L=|Yorroyn — Yoruopnllh =AY f(Zlpi)log(f(Z|w)). )

=1
4 EXPERIMENTS

We conduct extensive experiments to thoroughly evaluate the effectiveness of ProtoTS. The main
results show that ProtoTS consistently delivers strong performance on time series forecasting with
exogenous variables. ProtoTS also achieves high accuracy on the multivariate time series forecast-
ing, as shown in Appendix G. We further analyze the effectiveness of model components and the
quantitative evaluation confirms that ProtoTS provides the most understandable and usable expla-
nation. Finally, a case study illustrating our ability to provide global explanations and fine-grained
understanding, while supporting expert editing to enhance both performance and interpretability.

4.1 OVERALL PERFORMANCE

Datasets Load Forecasting dataset (LOF) is a synthetic electric load dataset, including 22 sup-
porting covariates and covering four regions. We also evaluated on the Electricity Price Forecasting
(EPF) dataset (Lago et all, Z02T), which covers hourly electric prices from five Nordic markets. The
specific details of the datasets can be found in the Appendix Bl

Baselines To provide a wideranging comparison, we benchmark eight models in total: five state-
of-the-art deep-learning methods (TimeXer (Wang_et all, 2074), iTransformer (Ciief-all, D023),
TiDE (Das’ef"all, P0773), TFT (Cim“ef-all, 2071), NBEATSx (Ohvares_ef-all, P173)) together with
three strong machine-learning baselines (XGBoost (Chen & Gmesfrin, POT6), LightGBM (KeZefal],
2017), pyGAM (Servén & Brommifi, 20T8)). All deep-learning models support exogenous variables
as inputs, and we further extend TimeXer and iTransformer to incorporate future covariates. The
machine learning models generate forecasts recursively with exogenous inputs.

Results The MAE on the LOF dataset is shown in Table [, ProtoTS achieves state-of-the-art per-
formance across four datasets, reducing MSE by 48.3% and MAE by 20.9% over the best baseline.
Interpretable models like N-BEATSx are sensitive to outliers, resulting in high MSE. Transformer-
based models fail to capture heterogeneous exogenous information due to single-channel encoding.
Although TiDE incorporates exogenous variables in both encoder and decoder, its performance is
hindered by irrelevant noise. Machine learning models perform well on stable datasets but struggle
with complex scenarios. In contrast, ProtoTS effectively captures diverse information and filters
noise, achieving superior performance. Visual comparison can be found in Appendix B.

Table 1: MAE results on the LOF dataset with 22 supporting covariates. The look-back window
and forecast window are set to 384 and 96 for all methods. A means the relative improvement of
ProtoTS over other baselines. Full MSE results can be found in Appendix C11.

Model | ProtoTS | TimeXer | iTrans. | TiDE | TFT | NBEATSx | XGBoost | LightGBM | pyGAM
|RE | 098 | 0272 | 0279 | 0253 | 0342 | 038 | 0405 | 0366 | 0.388

[ YC| 0055 | 0079 | 0080 | 0057 | 0116 | 0572 | 0084 | 0082 | 0.117
LOF | 'EA | 0.059 | 0096 | 0097 | 0061 | 0108 | 058 | 0092 | 0085 | 0.108
[PC| 012 | 0182 | 0139 | 0164 | 0285 | 0704 | 0230 | 0222 | 0269

Avg | 0106 | 0157 | 0149 | 0134 | 0213 | 0563 | 0203 | 0189 | 0221
A | R% | 29% | 21% | 50% | 81% | 48% | 44% | 52%

We also evaluate ProtoTS on the EPF dataset. Unlike LOF, this task involves fewer covariates
but exhibits higher volatility, posing challenges for accurate forecasting. As shown in Table D,
ProtoTS achieves the best performance across all five markets, reducing MSE by 8% and MAE by
8% compared to the best-performing baseline. We further conduct a sensitivity analysis under 5
random seeds, see Appendix 3. Full implementation details can be found in the Appendix B72.



Under review as a conference paper at ICLR 2026

Table 2: MAE results on EPF dataset equipped with 6 supporting covariates. The look-back window
and forecast window are set to 168 and 24 for all methods. A means the relative improvement of
ProtoTS over other baselines. Full MSE results can be found in Appendix C2

Model | ProtoTS | TimeXer | iTrans. | TiDE | TFT | NBEATSx | XGBoost | LightGBM | pyGAM

| NP | 0213 | 0240 | 0264 | 0318 | 0277 | 0266 | 0488 | 0431 | 0480
|PIM | 052 | 0173 | 0171 | 0226 | 0226 | 082 | 0292 | 0256 | 0351
EPF | BE | 0226 | 0241 | 0266 | 0323 | 0277 | 0324 | 0451 | 0392 | 0.607
| FR | 083 | 0192 | 0213 | 0281 | 0242 | 0340 | 0374 | 0361 | 0570

| DE | 0318 | 0343 | 0335 | 0474 | 0489 | 0408 | 0539 | 0506 | 0551
Avg | 0218 | 0238 | 0250 | 0324 | 0302 | 0304 | 0429 | 038 | 0512
A | - 8% | 13% | 3% | 28% | 28% | 49% | 44% | 57%

4.2 ABLATION STUDY AND SENSITIVITY ANALYSIS

Ablation Study We conduct an ablation study to assess the contribution of the three key compo-
nents in ProtoTS: multi-channel embedding, bottleneck layer and hierarchical structure. To assess
the modeling of heterogeneous variables, we perform ablations by simplifying the embedding to a
single channel, removing the bottleneck layer, and flattening the hierarchical prototype structure.
The ablation results in Table B demonstrate the importance of each key component in ProtoTS.
While removing any component degrades performance, the full model with all three achieves the
best results, confirming the effectiveness of the overall design.

Table 3: Ablation Results. Evaluating the performance after removing one of the following compo-
nents: bottleneck layer, multi-channel embedding, and hierarchical structure.

Models | PC | YC | RE | EA | AVG
Metric | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

w/o bottleneck 0.044 0.160 | 0.013 0.089 | 0.129 0.248 | 0.010 0.073 | 0.049 0.143
w/o multi-channel | 0.034 0.130 | 0.006 0.058 | 0.108 0.216 | 0.007 0.062 | 0.039 0.117
w/o hierachy 0.026  0.117 | 0.006 0.060 | 0.089 0.202 | 0.007 0.061 | 0.032 0.110
ProtoTS 0.025 0.112 | 0.006 0.055 | 0.085 0.198 | 0.007 0.059 | 0.031 0.106

Number of Root Prototypes We evaluate how the number of root prototypes affects model perfor-
mance, as shown in Figure B(a). The results clearly show that prototypes number is correlated with
forecasting accuracy. Increasing the number of prototypes leads to lower MAE, as more prototypes
enable the model to capture a richer variety of temporal patterns for better representation. However,
once the number of root prototypes reaches a threshold, the performance no longer improves. This
indicates that the prototypes have already covered all typical patterns in the dataset.

Proportion of Train Data To evaluate the impact of limited training data on model performance,
we gradually increase the size of the PC dataset from 50% to 100%. As the available data de-
creased, existing baselines such as TimeXer, iTransformer, and TiDE show clear drops in MSE. In
contrast, ProtoTS maintains stable results with only minor performance loss, which improves high
data efficiency. The comparison results are illustrated in Figure B(b).
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Figure 3: Sensitivity analysis: (a) Effect of increasing root prototype numbers from {6, 9, 12, 15,
18}. (b) Data efficiency as the training data proportion increases from 50% to 100%.
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Figure 4: Case study of interpretability and steerability: (a) Activation patterns of prototypes, which
each colored bar shows the degree of activation of its corresponding prototype each day. This vi-
sualization shows seasonal, weekly, and holiday-related prototype activations. (b) The learned pro-
totype hierarchy that illustrates typical temporal patterns and their correlations with covariates for
interpretable load forecasting. After the expert splits the first prototype at layer-2, the mean MSE
across five random seeds decreases from 0.099 to 0.090 for Spring Festival related predictions.

4.3 QUANTITATIVE EVALUATION OF INTERPRETABILITY

In this section, we conduct a quantitative evalua- Table 4: Quantitative Evaluation.
tion of interpretability. We aim to answer the two
questions: 1) How understandable and accurate are Model UPrect  SUS Score

the prototypes in explaining the predictions? 2) ProtoTS 77 £3.6% 73.36
How usable are the explanation systems provided TFT 64 £3.4% 29.74
by different interpretable models (ProtoTS, TFT, NBEATSx 62 +2.8% 38.66

NBEATSx)? Specifically, we provide 24 users with
different explanations as well as the corresponding predictions, where the three models are pre-
sented randomly to avoid bias. Users were asked concrete questions about the input variables, such
as "Given this prediction and explanations, which season does the predicted day most likely belong
to?". To evaluate interpretability, we define User Precision (UPrec) as the proportion of correctly
answered variable-related questions, reflecting whether users can accurately infer the values of rele-
vant input features from the explanations. To further assess usability, we adopt the System Usability
Scale (SUS) (Brooke ef all, T996), a widely used questionnaire that measures users perceived ease
of use and overall satisfaction with a system. The quantitative results are reported in Table B, with
additional details in Appendix O.

4.4 CASE STUDY OF INTERPRETABILITY AND STEERABILITY

Figure B illustrates how ProtoTS discovers meaningful and interpretable hierarchical prototypes that
help better understand electricity load forecasting and facilitate expert edits that improves model
performance. We use the RE case in LOF. The load is shaped by multiple external factors, including
seasonal, temperature and weekday/holiday. ProtoTS is initialized with 6 root prototypes, each fur-
ther refined into 2 child prototypes. This hierarchy captures both coarse and fine temporal patterns.
Time series predictions are weighted combinations of these prototypes (Figure B(a)). The activation
weights link each prototype’s contribution to predictions and are also the key to interpretation.
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Obtaining overall understanding of temporal patterns. The root prototypes provide coarse tem-
poral patterns of high-level concepts (Figure B(b), layer-1): workdays, non-workdays, holidays,
winter, mild temperature, and summer. For example, the summer pattern (blue) exhibits high day-
time peaks due to air-conditioning dominance. Autumn and winter data are dominated by distinct
seasonal load profiles in red and orange. The brown prototype with a dual-peak pattern is active
during holidays. This contrasts with the green weekday pattern with a single afternoon peak. The
dual peaks suggest that industrial activity is paused, and the load is driven by residential behavior.

Fine-grained analysis of detailed temporal patterns. The child prototypes provide fine-grained
refinements of these general patterns (Figure B(b), layer-2). For example, the root holiday prototype
is split into two children: one capturing the pattern of the major holiday, Spring Festival (Chinese
New Year), and the other representing the rest of the normal holidays. The Spring Festival prototype
shows a more pronounced evening peak and flattened noon peak.

Steering the model to improve accuracy. Editing the model for improvements becomes feasible
thanks to the clearly interpretable temporal patterns learned in protoTS (Figure B(b), layer-3).
Based on domain knowledge that the Spring Festival itself contains distinct sub-patterns of pre-
and mid-holiday behaviors, we manually split the Spring Festival prototype into two prototypes,
which learns a base pattern and a special pattern. The base pattern stays consistently active through
the whole Spring Festival period. The special pattern starts from the Lunar Jan. 1%, strengthening
progressively day by day, reflecting a deepening holiday atmosphere: reduced daytime electrical
usage, and stronger evening peaks as people stay home. This edit reduced the MSE during Spring
Festival by 0.009, showing how expert adjustments can enhance both accuracy and explainability.

5 CONCLUSION

In this work, we proposed ProtoTS, a novel forecasting framework that achieves both high accuracy
and multi-level interpretability through hierarchical prototypes. It learns low-noise representations
from heterogeneous variables and matches them with prototypes to generate predictions and expla-
nations, while the hierarchy enables coarse-to-fine pattern learning and expert-steerability. Extensive
experiments and case studies on realistic datasets show state-of-the-art performance and transparent
support, enabling experts to refine model behavior and bridging accuracy with interpretability.
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ETHICS STATEMENT

We provide an ethics statement as follows:

* Human subjects research: Our experiments include a user study (see Section E3). The study does
not raise any ethical concerns, and all participants gave informed consent prior to participation.

» Datasets: All datasets used in our work are publicly available. The released dataset is a simulation
of real-world data and does not contain any actual sensitive information.

* Fairness and bias: Our work does not raise fairness or bias concerns.

REPRODUCIBILITY STATEMENT

We confirm that the contents of the main text and the appendix are sufficient to reproduce our work
and our experiments are reproducible. Section B clearly describes the proposed method and work-
flow. Appendix Bl provides detailed dataset descriptions, and Appendix B2 provides sufficient
implementation details (including hyperparameters and training settings). We also include in the
abstract a link to an anonymous repository containing our source code and the released dataset; the
repository provides scripts for data preparation, training, and evaluation, along with configuration
files and random seeds. We have verified that the code is consistent with the descriptions in the
paper and that the reported experiments can be reproduced following the provided instructions.

REFERENCES

Kelsey Allen, Evan Shelhamer, Hanul Shin, and Joshua Tenenbaum. Infinite mixture prototypes for
few-shot learning. In International conference on machine learning, pp. 232-241. PMLR, 2019.

Rafal A Angryk, Petrus C Martens, Berkay Aydin, Dustin Kempton, Sushant S Mahajan, Sunitha
Basodi, Azim Ahmadzadeh, Xumin Cai, Soukaina Filali Boubrahimi, Shah Muhammad Hamdi,
et al. Multivariate time series dataset for space weather data analytics. Scientific data, 7(1):227,
2020.

Sanjeev Arora, Yingyu Liang, and Tengyu Ma. A simple but tough-to-beat baseline for sentence
embeddings. In International conference on learning representations, 2017.

John Brooke et al. Sus-a quick and dirty usability scale. Usability evaluation in industry, 189(194):
4-7, 1996.

Jialin Chen, Jan Eric Lenssen, Aosong Feng, Weihua Hu, Matthias Fey, Leandros Tassiulas, Jure
Leskovec, and Rex Ying. From similarity to superiority: Channel clustering for time series fore-
casting. Advances in Neural Information Processing Systems, 37:130635-130663, 2024.

Si-An Chen, Chun-Liang Li, Nate Yoder, Sercan O Arik, and Tomas Pfister. Tsmixer: An all-mlp
architecture for time series forecasting. arXiv preprint arXiv:2303.06053, 2023.

Tianqi Chen and Carlos Guestrin. Xgboost: A scalable tree boosting system. In Proceedings of the
22nd acm sigkdd international conference on knowledge discovery and data mining, pp. 785-794,
2016.

Jonathan Crabbé and Mihaela Van Der Schaar. Explaining time series predictions with dynamic
masks. In International conference on machine learning, pp. 2166-2177. PMLR, 2021.

Abhimanyu Das, Weihao Kong, Andrew Leach, Shaan Mathur, Rajat Sen, and Rose Yu. Long-term
forecasting with tide: Time-series dense encoder. arXiv preprint arXiv:2304.08424, 2023.

Chirag Deb, Fan Zhang, Junjing Yang, Siew Eang Lee, and Kwok Wei Shah. A review on time se-
ries forecasting techniques for building energy consumption. Renewable and Sustainable Energy
Reviews, 74:902-924, 2017.

Vijay Ekambaram, Arindam Jati, Nam Nguyen, Phanwadee Sinthong, and Jayant Kalagnanam.
Tsmixer: Lightweight mlp-mixer model for multivariate time series forecasting. In Proceedings
of the 29th ACM SIGKDD conference on knowledge discovery and data mining, pp. 459-469,
2023.

11



Under review as a conference paper at ICLR 2026

Xinyue Gu, Linxiao Yang, and Liang Sun. Explainable artificial intelligence for time series: A
comparative survey. Available at SSRN 5225863, 2025.

Yuqi Jiang, Yan Li, and Yize Chen. Interpretable short-term load forecasting via multi-scale tempo-
ral decomposition. Electric Power Systems Research, 235:110781, 2024.

Ming Jin, Shiyu Wang, Lintao Ma, Zhixuan Chu, James Y Zhang, Xiaoming Shi, Pin-Yu Chen, Yux-
uan Liang, Yuan-Fang Li, Shirui Pan, et al. Time-llm: Time series forecasting by reprogramming
large language models. arXiv preprint arXiv:2310.01728, 2023.

Zahra Karevan and Johan AK Suykens. Transductive Istm for time-series prediction: An application
to weather forecasting. Neural Networks, 125:1-9, 2020.

Guolin Ke, Qi Meng, Thomas Finley, Taifeng Wang, Wei Chen, Weidong Ma, Qiwei Ye, and Tie-
Yan Liu. Lightgbm: A highly efficient gradient boosting decision tree. Advances in neural
information processing systems, 30, 2017.

Taesung Kim, Jinhee Kim, Yunwon Tae, Cheonbok Park, Jang-Ho Choi, and Jaegul Choo. Re-
versible instance normalization for accurate time-series forecasting against distribution shift. In
International conference on learning representations, 2021.

Diederik P Kingma. Adam: A method for stochastic optimization. arXiv preprint arXiv:1412.6980,
2014.

Jesus Lago, Grzegorz Marcjasz, Bart De Schutter, and Rafat Weron. Forecasting day-ahead electric-
ity prices: A review of state-of-the-art algorithms, best practices and an open-access benchmark.
Applied Energy, 293:116983, 2021.

Guokun Lai, Wei-Cheng Chang, Yiming Yang, and Hanxiao Liu. Modeling long-and short-term
temporal patterns with deep neural networks. In The 41st international ACM SIGIR conference
on research & development in information retrieval, pp. 95-104, 2018.

Yuxin Li, Wenchao Chen, Bo Chen, Dongsheng Wang, Long Tian, and Mingyuan Zhou. Prototype-
oriented unsupervised anomaly detection for multivariate time series. In International Conference
on Machine Learning, pp. 19407-19424. PMLR, 2023a.

Zhe Li, Shiyi Qi, Yiduo Li, and Zenglin Xu. Revisiting long-term time series forecasting: An
investigation on linear mapping. arXiv preprint arXiv:2305.10721, 2023b.

Bryan Lim, Sercan O Arik, Nicolas Loeff, and Tomas Pfister. Temporal fusion transformers for
interpretable multi-horizon time series forecasting. International Journal of Forecasting, 37(4):
1748-1764, 2021.

Lin Lin, Xiaochen Liu, Xiaohua Liu, Tao Zhang, and Yang Cao. A prediction model to forecast
passenger flow based on flight arrangement in airport terminals. Energy and built environment, 4
(6):680-688, 2023.

Shengsheng Lin, Weiwei Lin, Xinyi Hu, Wentai Wu, Ruichao Mo, and Haocheng Zhong. Cy-
clenet: enhancing time series forecasting through modeling periodic patterns. Advances in Neural
Information Processing Systems, 37:106315-106345, 2024.

Minhao Liu, Ailing Zeng, Muxi Chen, Zhijian Xu, Qiuxia Lai, Lingna Ma, and Qiang Xu. Scinet:
Time series modeling and forecasting with sample convolution and interaction. Advances in
Neural Information Processing Systems, 35:5816-5828, 2022a.

Yong Liu, Haixu Wu, Jianmin Wang, and Mingsheng Long. Non-stationary transformers: Exploring
the stationarity in time series forecasting. Advances in neural information processing systems, 35:
9881-9893, 2022b.

Yong Liu, Tengge Hu, Haoran Zhang, Haixu Wu, Shiyu Wang, Lintao Ma, and Mingsheng Long.
itransformer: Inverted transformers are effective for time series forecasting. arXiv preprint
arXiv:2310.06625, 2023.

12



Under review as a conference paper at ICLR 2026

Zichuan Liu, Tianchun Wang, Jimeng Shi, Xu Zheng, Zhuomin Chen, Lei Song, Wenqgian Dong,
Jayantha Obeysekera, Farhad Shirani, and Dongsheng Luo. Timex++: Learning time-series ex-
planations with information bottleneck. arXiv preprint arXiv:2405.09308, 2024.

Scott M Lundberg and Su-In Lee. A unified approach to interpreting model predictions. Advances
in neural information processing systems, 30, 2017.

Yao Ming, Panpan Xu, Huamin Qu, and Liu Ren. Interpretable and steerable sequence learning via
prototypes. In Proceedings of the 25th ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining, pp. 903-913, 2019.

Yuqi Nie, Nam H Nguyen, Phanwadee Sinthong, and Jayant Kalagnanam. A time series is worth 64
words: Long-term forecasting with transformers. arXiv preprint arXiv:2211.14730, 2022.

Isaac Kofi Nti, Moses Teimeh, Owusu Nyarko-Boateng, and Adebayo Felix Adekoya. Electricity
load forecasting: a systematic review. Journal of Electrical Systems and Information Technology,
7:1-19, 2020.

Christoph Obermair, Alexander Fuchs, Franz Pernkopf, Lukas Felsberger, Andrea Apollonio, and
Daniel Wollmann. Example or prototype? learning concept-based explanations in time-series. In
Asian Conference on Machine Learning, pp. 816-831. PMLR, 2023.

Kin G Olivares, Cristian Challu, Grzegorz Marcjasz, Rafat Weron, and Artur Dubrawski. Neural
basis expansion analysis with exogenous variables: Forecasting electricity prices with nbeatsx.
International Journal of Forecasting, 39(2):884-900, 2023.

Boris N Oreshkin, Dmitri Carpov, Nicolas Chapados, and Yoshua Bengio. N-beats: Neural basis
expansion analysis for interpretable time series forecasting. arXiv preprint arXiv:1905.10437,
2019.

A Paszke. Pytorch: An imperative style, high-performance deep learning library. arXiv preprint
arXiv:1912.01703, 2019.

Owen Queen, Tom Hartvigsen, Teddy Koker, Huan He, Theodoros Tsiligkaridis, and Marinka
Zitnik. Encoding time-series explanations through self-supervised model behavior consistency.
Advances in Neural Information Processing Systems, 36:32129-32159, 2023.

Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. " why should i trust you?" explaining the
predictions of any classifier. In Proceedings of the 22nd ACM SIGKDD international conference
on knowledge discovery and data mining, pp. 1135-1144, 2016.

Thomas Rojat, Raphaél Puget, David Filliat, Javier Del Ser, Rodolphe Gelin, and Natalia Diaz-
Rodriguez. Explainable artificial intelligence (xai) on timeseries data: A survey. arXiv preprint
arXiv:2104.00950, 2021.

Daniel Servén and Charlie Brummitt. pygam: Generalized additive models in python. Zenodo,
2018.

Ke-Yuan Shen. Learn hybrid prototypes for multivariate time series anomaly detection. In The
Thirteenth International Conference on Learning Representations, 2025.

Mukund Sundararajan, Ankur Taly, and Qiqgi Yan. Axiomatic attribution for deep networks. In
International conference on machine learning, pp. 3319-3328. PMLR, 2017.

Aristotelis E. Thanos, Xiaoran Shi, Juan P. Sdaenz, and Nurcin Celik. A dddams framework for real-
time load dispatching in power networks. In 2013 Winter Simulations Conference (WSC), pp.
1893-1904, 2013. doi: 10.1109/WSC.2013.6721569.

Ilya O Tolstikhin, Neil Houlsby, Alexander Kolesnikov, Lucas Beyer, Xiaohua Zhai, Thomas Un-
terthiner, Jessica Yung, Andreas Steiner, Daniel Keysers, Jakob Uszkoreit, et al. Mlp-mixer: An
all-mlp architecture for vision. Advances in neural information processing systems, 34:24261—
24272, 2021.

13



Under review as a conference paper at ICLR 2026

Stylianos I Vagropoulos, GI Chouliaras, Evaggelos G Kardakos, Christos K Simoglou, and Anas-
tasios G Bakirtzis. Comparison of sarimax, sarima, modified sarima and ann-based mod-

els for short-term pv generation forecasting. In 2016 IEEE international energy conference
(ENERGYCON), pp. 1-6. IEEE, 2016.

Dan Wang, Yuanjie Dong, Yaxing Li, Yunfei Zi, Zhihui Zhang, Xiaoqi Li, and Shengwu Xiong.
Variational information bottleneck based regularization for speaker recognition. In Interspeech,
pp- 1054-1058, 2021.

Yuxuan Wang, Haixu Wu, Jiaxiang Dong, Guo Qin, Haoran Zhang, Yong Liu, Yunzhong Qiu, Jian-
min Wang, and Mingsheng Long. Timexer: Empowering transformers for time series forecasting
with exogenous variables. arXiv preprint arXiv:2402.19072, 2024.

Zifeng Wang and Jimeng Sun. Transtab: Learning transferable tabular transformers across tables.
Advances in Neural Information Processing Systems, 35:2902-2915, 2022.

Rafal Weron. Electricity price forecasting: A review of the state-of-the-art with a look into the
future. International journal of forecasting, 30(4):1030-1081, 2014.

Jan Wessel. Using weather forecasts to forecast whether bikes are used. Transportation research
part A: policy and practice, 138:537-559, 2020.

Billy M Williams. Multivariate vehicular traffic flow prediction: evaluation of arimax modeling.
Transportation Research Record, 1776(1):194-200, 2001.

Haixu Wu, Jiehui Xu, Jianmin Wang, and Mingsheng Long. Autoformer: Decomposition trans-
formers with auto-correlation for long-term series forecasting. Advances in neural information
processing systems, 34:22419-22430, 2021.

Haixu Wu, Tengge Hu, Yong Liu, Hang Zhou, Jianmin Wang, and Mingsheng Long. Timesnet: Tem-
poral 2d-variation modeling for general time series analysis. arXiv preprint arXiv:2210.02186,
2022.

Linxiao Yang, Rui Ren, Xinyue Gu, and Liang Sun. Interactive generalized additive model and its
applications in electric load forecasting. In Proceedings of the 29th ACM SIGKDD Conference
on Knowledge Discovery and Data Mining, pp. 5393-5403, 2023.

Ailing Zeng, Muxi Chen, Lei Zhang, and Qiang Xu. Are transformers effective for time series
forecasting? In Proceedings of the AAAI conference on artificial intelligence, volume 37, pp.
11121-11128, 2023.

Yunhao Zhang and Junchi Yan. Crossformer: Transformer utilizing cross-dimension dependency
for multivariate time series forecasting. In The eleventh international conference on learning

representations, 2023.

Yuang Zhao, Tianyu Li, Jiadong Chen, Shenrong Ye, Fuxin Jiang, Tieying Zhang, and Xiaofeng
Gao. Disentangled interpretable representation for efficient long-term time series forecasting.
arXiv preprint arXiv:2411.17257, 2024.

Haoyi Zhou, Shanghang Zhang, Jieqi Peng, Shuai Zhang, Jianxin Li, Hui Xiong, and Wancai Zhang.
Informer: Beyond efficient transformer for long sequence time-series forecasting. In Proceedings
of the AAAI conference on artificial intelligence, volume 35, pp. 11106-11115, 2021.

14



Under review as a conference paper at ICLR 2026

A USE OF LLMs

We used large language models (LLMs) only to aid or polish writing. Specifically, LLMs were
employed to: (1) check grammar and spelling; (2) assist with professional academic English phras-
ing without hurting the original meaning; and (3) perform light-length reduction to meet formatting
constraints. LLMs were not used to generate ideas, methods, experiments, figures, or results. LLMs
were not used to find related works or to retrieve references. All suggestions were reviewed and
verified by the authors, who take full responsibility for the final text.

B IMPLEMENTATION DETAILS

B.1 DATASET DESCRIPTIONS

LOF dataset The LOF dataset is an synthetic electric load forecasting dataset. It is designed
to predict future electricity demand at the provincial and city levels, enable electricity generators,
distributors, and suppliers to plan effectively ahead and promote energy conservation among the
users (Nfiefall, 2020). Due to the influence of human industrial and commercial activities, electric-
ity demand exhibits a clear daily cycle, maintaining a relatively stable and predictable pattern under
normal conditions. The difficulty of load forecasting mainly arises from special instances that are
strongly correlated with a large amount of exogenous information, such as time-related attributes and
comprehensive weather data. Consequently, accurate electricity load forecasting requires models to
not only effectively handle these variables but also provide insights into how they affect prediction
results. Hence, electricity load forecasting is a typical task of time series forecasting with exogenous
variables, characterized by a high demand for interoperability. The LOF dataset ranges across three
years, with a sampling interval of 15 minutes. The LOF dataset includes 22 exogenous variables,
consisting of 14 discrete time-related variables and 8 continuous weather variables. The specific
details of these exogenous variables are presented in Table IT.

EPF dataset The EPF dataset is an electricity price forecasting datasets (Lago et all, 2021). It col-
lects from five distinct day-ahead electricity markets in Northern Europe, covering a six year period
with a sampling interval of 1 hour. The five datasets are described as follows: (1) NP corresponds
to the Nord Pool market, providing hourly electricity prices, grid load data, and wind power fore-
casts from 2013-01-01 to 2018-10-24. (2) PJM refers to the Pennsylvania-New Jersey-Maryland
market, including zonal electricity prices for the Commonwealth Edison (COMED) zone, along
with system-wide load and COMED-specific load forecasts, covering the period from 2013-01-01
to 2018-10-24. (3) BE represents the Belgian electricity market, offering hourly price data, load
forecasts for Belgium, and generation forecasts for France, collected from 2011-01-09 to 2016-10-
31. (4) FR pertains to the French electricity market, comprising hourly price records, load forecasts,
and generation forecasts over the timeframe from 2012-01-09 to 2017-10-31. (5) DE covers the
German electricity market, documenting hourly electricity prices, zonal load forecasts for the TSO
Amprion area, as well as wind and solar generation forecasts, with data available from 2012-01-09
to 2017-10-31.

B.2 IMPLEMENTATION DETAILS

All experiments are implemented using PyTorch (Paszkel, P(0T9) and executed on a single NVIDIA
V100 GPU with 32GB of memory. For model optimization, we employ the Adam (Kingma, P014)
optimizer with an initial learning rate of and use our Loss as the objective function. The training is
set for a maximum of 30 epochs, with early stopping applied to prevent overfitting. In our proposed
model, the number of bottleneck fusion blocks is selected from the set {1, 2, 3}, while the dimension
of the series representations, denoted as model dimensions, is chosen from {32, 64, 128, 256, 512},
the number of initial prototypes is searched from {6, 8, 12}, the deepest level is chosen from {1, 2,
3}, the number of each prototype can split is selected from the set {2, 3}. All baseline models used
for comparison are re-implemented based on the TimeXer Repository benchmark. All baseline use
REVIN (Kim“ef-all, Z07T) in training and test process.
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C FULL RESULTS

C.1 FuLL RESULTS OF LOF DATASET

Full results of the LOF dataset can be found in Table B, including both MSE and MAE metrics.
ProtoTS achieves state-of-the-art performance across all four datasets, reducing MSE by 48.3% and
MAE by 20.9%. TimeXer, iTransformer, and TiDE show the most competitive results, with TiDE
performing the best among them. Machine learning methods achieve decent performance with very
short training time.

Table 5: Full results of LOF dataset on the time series forecasting with exogenous variables task,
equipped with 22 supporting covariates. The look-back window and forecast window are set to 384
and 96 for all baselines. A means the relative improvement of ProtoTS over other baselines.

Model | RE \ YC \ EA \ PC | AVG | A

Metric | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

ProtoTS | 0.085 0.198 | 0.006 0.055 | 0.007 0.059 | 0.025 0.112 | 0.031 0.106 | - -

TimeXer | 0.167 0272 | 0.011 0.079 | 0.015 0.096 | 0.073 0.182 | 0.067 0.157 | 53% 32%

iTransformer | 0.169 0.279 | 0.013 0.080 | 0.018 0.097 | 0.043 0.139 | 0.061 0.149 | 49% 29%

TiDE | 0.158 0.253 | 0.007 0.057 | 0.008 0.061 | 0.066 0.164 | 0.060 0.134 | 48% 21%

TFT | 0.228 0.342 | 0.025 0.116 | 0.021 0.108 | 0.154 0.285 | 0.107 0213 | 71%  50%

NBEATSx | 0.815 0.388 | 1.553 0.572 | 2.185 0.589 | 2.467 0.704 | 1.755 0.563 | 98% 81%

XGBoost | 0.300 0.405 | 0.014 0.084 | 0.017 0.092 | 0.101 0.230 | 0.108 0.203 | 71%  48%

LightGBM | 0.253 0.366 | 0.012 0.082 | 0.014 0.085 | 0.094 0222 | 0.093 0.189 | 67% 44%

pyGAM | 0.263 0.388 | 0.022 0.117 | 0.019 0.108 | 0.126 0.269 | 0.108 0.221 | 71%  52%

C.2 FuLL RESULTS OF EPF DATASET

Full results of the EPF dataset can be found in Table B, including both MSE and MAE metrics.
ProtoTS achieves state-of-the-art performance across all five datasets, reducing MSE by 8% and
MAE by 8%. Similarly, TimeXer, iTransformer, and TiDE show competitive results, with TimeXer
performing the best in this case. Machine learning methods perform poorly on EPF, where the
number of covariates is limited.

Table 6: Full results of EPF dataset on the time series forecasting with exogenous variables task,
equipped with 6 supporting covariates. The look-back window and forecast window are set to 168
and 24 for all baselines. A means the relative improvement of ProtoTS over other baseline.
Model | NP |  PM | BE \ FR \ DE |  AVG | A
Metric | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
ProtoTS | 0.168 0213 | 0.064 0.152 | 0.353 0.226 | 0.351 0.183 | 0.271 0.318 | 0.241 0.218 | - -
TimeXer | 0.194 0.240 | 0.078 0.173 | 0365 0.241 | 0355 0.192 | 0319 0343 | 0262 0.238 | 8% 8%
iTransformer | 0.208 0.264 | 0.076 0.171 | 0.375 0.266 | 0.386 0213 | 0282 0335 | 0.265 0.250 | 9%  13%
TiDE | 0306 0318 | 0.121 0226 | 0.495 0.323 | 0492 0.281 | 0.533 0474 | 0.389 0324 | 38% 33%
TFT | 0259 0277 | 0.138 0226 | 0412 0277 | 0452 0242 | 0.709 0489 | 0.394 0302 | 39% 28%
NBEATSx | 0.222 0.266 | 0.079 0.182 | 0.507 0324 | 1.920 0340 | 0430 0408 | 0.632 0.304 | 62%  28%
XGBoost | 1.002 0.488 | 0276 0.292 | 0.817 0451 | 0.622 0.374 | 0.618 0.539 | 0.669 0429 | 64% 49%
LightGBM | 0.678 0431 | 0.234 0256 | 0.598 0392 | 0.603 0361 | 0.549 0.506 | 0.532 0.389 | 55%  44%
pyGAM | 0.599 0480 | 0.281 0351 | 1.028 0.607 | 1.116 0.570 | 0.671 0.551 | 0.739 0512 | 67% 57%

C.3 SENSITIVE ANALYSIS

To investigate the consistency of the model’s performance across different randomized scenarios,
we selected five random seeds and reported the mean and standard deviation of the model’s perfor-
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mance. The experiments in Table [ and Table B show that the model maintains stable performance
without statistically significant variations in most cases.

Table 7: Sensitive Analysis on LOF dataset. We report our performance in mean= std format.

Model ProtoTS TimeXer iTransformer TiDE
Metric MSE MAE MSE MAE MSE MAE MSE MAE
PC 0.025+ 00011 0.113+00032  0.0754+0.0035 0.186+00068  0.043+0.0006 0.161+0.0000  0.066+0.0001  0.164-£0.0001
YC 0.006+0.0002  0.055+ 00011 0.012+00016  0.080+0.0075  0.014+0.0017  0.083+0.0036  0.007+0.0001  0.057=+0.0001
RE 0.093+ 00074  0.206+0.0074  0.179+00141 0291400160  0.169+0.0094  0.275+00123  0.158+0.0001  0.253-£0.0005
EA 0.00740.0004  0.059+0.0010  0.015+00022  0.092+0.0070  0.018+0.0024  0.097+0.0049  0.008+0.0001  0.061+0.0002
AVG  0.033+00022 0.108+0.0031 0.070+0.00535 0.162+00093 0.061+0.0035 0.154+0.0054 0.060+0.0001  0.134= 0.0002

Table 8: Sensitive Analysis on EPF dataset. We report our performance in mean+ std format.

Model ProtoTS TimeXer iTransformer TiDE
Metric MSE MAE MSE MAE MSE MAE MSE MAE
NP 0.169+ 00019  0.211+00015  0.194+00036  0.238+0.0023  0.212+00020  0.269+0.0026  0.316+0.0081  0.326+0.0058
PIM  0.067+00013 0.153+00020 0.078+00011 0.171+0.0012  0.081+00040  0.171+0.0014  0.116+0.0045  0.22240.0033
BE 0.364+ 00073  0.227+00020 0.362+ 00040 0.241+00031  0.381+0.0030  0.266+0.0022  0.480+0.0212  0.316+0.0100
FR 0.354+ 00047  0.183+ 00057 0.357+0.0026  0.191+00017  0.390+0.0074  0.215+0.0018  0.469+0.0197  0.272+0.0087
DE 0.277+ 00097 0.321+00030 0.300+0.0055  0.338+0.0016  0.294+00163  0.340+0.0094  0.545+0.0101  0.481+0.0056
AVG  0.246+00050 0.219+00028 0.258+00034 0.236+00020 0.271+000672 0.252+0.0035 0.385+ 00127  0.323+ 0.0067

D USER STUDY DETAILS

We conducted the user study using a questionnaire format, the specific layout of which is shown in
Figure B. The questionnaire consists of two parts: Variable-related Questionnaire and System Us-
ability Scale (SUS) Questionnaire. The first part is Variable-related Questionnaire, aims to evaluate
the accuracy and comprehensibility of explanations provided by different explainable models. Par-
ticipants are asked to perform causal inference on variablessuch as holidays, seasons, Chinese New
Year, and other related variablesbased on the models predictions and its generated explanations. This
section has unique, objective correct answers, and we measure the readability of the explanations by
calculating the accuracy of participants responses. The second part is System Usability Scale (SUS)
Questionnaire, designed to assess the usability of the explanation systems offering different levels
of explainability. Participants are asked to subjectively rate the system based on their experience
completing the first part. The SUS yields a single number representing a composite measure of the
overall usability of the system under study. Note that scores for individual items are not meaningful
on their own. To calculate the SUS score, first sum the score contributions from each item. Each
items contribution ranges from 0O to 4. For items 1, 3, 5, 7, and 9, the contribution is the scale posi-
tion minus 1. For items 2, 4, 6, 8, and 10, the contribution is 5 minus the scale position. Multiply
the total sum of these contributions by 2.5 to obtain the overall SUS score, which ranges from 0 to
100.

E VISUAL COMPARISON

To intuitively illustrate the differences between ProtoTS and existing methods in predictions, we vi-
sualize the prediction results. The models chosen for comparison are iTransformer and Timexer, and
the visualization is presented in Figure B. For the prediction on August 2"%, ProtoTS successfully
captures the evening peak, whereas the other two models perform poorly. For the predictions on Oc-
tober 9" and December 10", although all three models capture the overall shape reasonably well,
ProtoTS preserves significantly more fine-grained details. Regarding the prediction for February
15¢, ProtoTS more accurately forecasts noon peak of the day.
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ProtoTS TimeXer iTrans TiDE
ms/iter 40.8 19.5 12.5 11.1

Table 9: Training time per iteration (ms).

F DISCUSSION

Although ProtoTS achieves high forecasting accuracy while providing multi-level, expert-steerable
interpretability, it also has some potential limitations:

* Limited adaptability to non-periodic patterns: ProtoTS relies on prototypical representations
to capture typical temporal patterns. While this works well for seasonal or periodic data, its
effectiveness diminishes when dealing with highly irregular, nonrepetitive time series. In such
cases, more prototypes are needed to cover diverse patterns, increasing model complexity and
reducing interpretability.

* Dependence on domain expertise for refinement: The interpretability of ProtoTS benefits from
expert-guided prototype editing. However, this process requires sufficient domain knowledge and
manual effort. In domains where expert resources are hard to access or knowledge is difficult to
formalize, the usability and effectiveness of this feature may be limited.

* Computational cost: ProtoTS introduces additional computational overhead compared to
transformer-based or MLP-based baselines (e.g., iTrans and TiDE). Under the same hardware
and training configuration (optimizer, learning rate, sequence length, and batch size), ProtoTS
shows higher per-iteration training time due to its multi-channel embedding design and hierarchi-
cal prototype modules, both of which require extra forward computations.

G MULTIVARIATE TIME SERIES FORECASTING

In this section, we evaluate the performance of ProtoTS on standard multivariate time series fore-
casting tasks.

Datasets We conduct comprehensive experiments on six benchmark datasets to evaluate the mul-
tivariate forecasting capability of ProtoTS. These datasets cover a variety of domains:

* ETThl and ETTh2 (Zhon“efall, Z02T): Hourly electricity load data from two different nodes in
a power grid. They capture seasonal patterns and variable interactions across multiple features,
serving as standard benchmarks for long-term forecasting.

* ETTml and ETTm?2 (Zhou efall, P071): Minute-level electricity load datasets focusing on finer
temporal granularity. They emphasize short-term dynamics and present challenges in modeling
high-frequency fluctuations.

* Weather (Zhonefall, PO2T): A multivariate weather dataset containing temperature, humidity,
wind speed, and other meteorological variables collected from multiple stations.

* Exchange (Cai_ef-all, Z0T8): A financial time series dataset with daily exchange rates of eight
foreign currencies.

For all datasets, we follow standard experimental protocols, using a 96 look-back window and fore-
casting multiple future steps {96, 192, 336, 720} to evaluate both short-term accuracy and long-
horizon stability.

Baseline We compare ProtoTS against a broad set of baselines, including: Transformer-based
models (TimeXer (Wang et all, 2074), iTransformer (LCinef-all, 2073), PatchTST (Nie_ef-all, P(027),
TimesNet (Wiief all, DO27), Crossformer (Zhang & Yan, 2073), Stationary (Lin_ef all, DO7H),
Autoformer (Wu_efall, P021))), MLP-based architectures (TiDE (Das’efall, 2023), DLinear (Zeng
ef all, 20723), RLinear (LCiefall, 2023K), SCINet (Lm_ef all, 2O274)).

Results The results in Table [ indicate that ProtoTS achieves leading performance across most
multivariate forecasting tasks. On structured datasets like ETTh1 and ETTh2, ProtoTS consistently
outperforms all baselines at both short and long horizons, confirming its strength in modeling global
temporal patterns. For high-frequency datasets such as ETTm1 and ETTm?2, ProtoTS shows clear
improvements in short-term forecasts, but its advantage narrows at longer horizons (e.g., 720 steps),
where methods like PatchTST and TimesNet achieve comparable results. On the Weather dataset,
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ProtoTS maintains strong performance, though models like Crossformer remain competitive. For
the challenging Exchange dataset, ProtoTS delivers robust forecasts but faces slight performance
gaps against simpler models like DLinear at certain horizons. Overall, ProtoTS shows stable and
strong performance across different tasks.

We are evaluating the interpretability of existing interpretable time-series models.
Purpose of the questionnaire: To assess how readable and understandable different forms of model explanations
are to humans.
Each question in the questionnaire includes a model's explanation and four corresponding questions.
The model's explanation consists of:
The model's load forecast for a specific day, and
An interpretability analysis explaining how the model arrived at that prediction.
The primary format of each question is: Given the model's prediction and its explanation, infer what
characteristics the model's input data might have exhibited.
After completing all questions, please fill out a System Usability Scale (SUS) Questionnaire.
el el o et i’ T e ST AT T T T
Variable-related Questionnaire ! System Usablhstg;ngsale Questionnaire —
o di
1. Based on the model's prediction and | 1.1 t}ﬁink that [ \%Vould li11<e to oo ooree
interpretation, which season is the input :uset is system frequently | | | | | |
. 1 2 3 4 5
data mlost likely from? 2. 1 found the system
A: Spring or Autumn ; unnecessarily complex | | | | | |
B: Summer ! ' ’ ’ ! ’
. I'3. I thought the system was
C: Winter ! casy to use | [ [ [ I |
I 1 2 3 1 5
; 14,1 think that I would need
2. Is the input data from a weekend?  the support of a technical | I I | | |
A: Yes 1 person to be able to use this
B: N 1 system ! 2 8 4 5
. INO 1
1 5.1 found the various
1 funﬁ;t;ons in ﬂ’é]ls system were | | | | | |
3. Is the input data from the Spring e integrate ' ? ’ ! ’
; ; 6. I thought there was too
Festival (Chinese New Year)? ! uch incgonsistcncy s | [ [ [ |
A: Yes | system | 2 3 P 5
B: No : 7.1 would imagine that most
people would Iearn to use this [ [ [ [ |
system very quickly . p 3 ] e
4. Is the input data from a public I 8. T found the system very
holiday? : cumbersome to use | | | | | |
1 2 3 4 5
. 1
A Yes 1 9. 1 felt very confident using
B: No I the system | | | | | |
1 1 2 3 1 5
I
1 10. I needed to learn a lot of | I I I I |
| things before I could get
| going with this system 1 2 3 4 5
1
1

Figure 5: User Study Questionnaire. Bottom: An overview of the questionnaire’s purpose, question
formats, and response instructions. Left: The Variable-related Questionnaire, where users are asked
to infer input variables based on the provided explanations. Each question has a single correct
answer, used to evaluate the accuracy of the system’s explanations. Right: The System Usability
Scale (SUS) Questionnaire, which captures users’ subjective assessments to measure the usability
of the current system.
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Figure 6: Result Visualization: The prediction results for four sampled days, consistent with our
experimental setting: Look-back window is 4 days and Predict window is 1 day, a day consists of 96
time steps. The horizontal axis represents time, and the vertical axis represents the current electricity
load. The electricity load values have been normalized, so they are unitless and may include negative
values.
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Table 10: Descriptions of the exogenous variables used in the LOF dataset. The table includes each
variable’s data type, whether it is discrete or continuous, its physical unit (if applicable), and a brief
description of its meaning and role in the dataset.

Name Datatype Type Unit  Description

Solar year int Discrete - gregorian calendar year

Solar month int Discrete - gregorian calendar month

Solar day int Discrete - gregorian calendar day

Lunar year int Discrete - chinese lunar calendar year

Lunar month int Discrete - chinese lunar calendar month

Lunar day int Discrete - chinese lunar calendar day

Hour int Discrete - hour of day

Minute int Discrete - minute of hour

Skin temperature float Continuous iC the temperature of the surface of the Earth

Surface pressure float Continuous  hPa  the temperature of sea water near the surface

Surface sensible heat flux float Continuous  Jm™2  the transfer of heat between the Earth’s surface
and the atmosphere through the effects of tur-
bulent air motion

Total cloud cover float Continuous % the proportion of a grid box covered by cloud

Surface net solar radiation float Continuous Jm~2  the amount of solar radiation that reaches a
horizontal plane at the surface of the Earth mi-
nus the amount reflected by the Earth’s surface

Total precipitation 4h lead float Continuous m the accumulated liquid and frozen water that
falls to the Earth’s surface

10 metre wind float Continuous ms~!  maximum 3 second wind at 10 metre height as
defined

Relative humidity float Continuous %o the water vapour pressure as a percentage of
the value at which the air becomes saturated

Is special workday bool Discrete - special workday added to make up for time
lost during an adjusted holiday.

Is special holiday bool Discrete - public holiday mandated by law

Is holiday bool Discrete - rest day, including weekends and public holi-
days

Is workday bool Discrete - work day

Day of week int Discrete - monday=0, , sunday=6

Pricing float Continuous - realtime electricity price strategy
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Table 11: Full results of multivariate time series forecasting task, where the input window is set to
96, and the forecast window is set to {96, 192, 336, 720}. Results are citepd from TimeXer (Wang
e all, D00124), otherwise reproduced. 15¢ denotes the first count.

Model ProtoTS TimeXer iTrans. RLinear PatchTST Cross. TiDE TimesNet DLinear SCINet Stationary Auto.

Metric MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
96 0.380 0.388 | 0.382 0.403 | 0.386 0.405 | 0.386 0.395 | 0.414 0.419 | 0.423 0.448 | 0.479 0.464 | 0.384 0.402 | 0.386 0.400 | 0.654 0.599 | 0.513 0.491 | 0.449 0.459
192 0.437 0.423 | 0.429 0435|0441 0436|0437 0424 | 0460 0445|0471 0.474|0.525 0.492|0.436 0.429 | 0437 0.432(0.719 0.631 [ 0.534 0.504 [ 0.500 0.482
g 336 0.483 0.440 | 0.468 0.448 | 0.487 0458 | 0.479 0.446 | 0.501 0.466 | 0.570 0.546 | 0.565 0.515 | 0.491 0.469 | 0.481 0.459 | 0.778 0.659 | 0.588 0.535 | 0.521 0.496
720 0.484 0.459 | 0.469 0.461 | 0.503 0.491 | 0.481 0.470 | 0.500 0.488 | 0.653 0.621 | 0.594 0.558 | 0.521 0.500 | 0.519 0.516 [ 0.836 0.699 | 0.643 0.616 [ 0.514 0.512
AVG | 0.445 0.427 | 0.437 0.437 | 0.454 0.447 | 0.446 0.434 | 0.469 0.454 |0.529 0.522|0.541 0.507 | 0.458 0.450 | 0.456 0.452|0.747 0.647 | 0.570 0.537 | 0.496 0.487
96 0.284 0.337 | 0.286 0.338 | 0.297 0.349 | 0.288 0.338 | 0.302 0.348 | 0.745 0.584 | 0.400 0.440 | 0.340 0.374 | 0.333 0.387 | 0.707 0.621 | 0.476 0.458 | 0.346 0.388
- 192 0.370 0.387 | 0.363 0.389 | 0.380 0.400 | 0.374 0.390 | 0.388 0.400 | 0.877 0.656 | 0.528 0.509 | 0.402 0.414 | 0.477 0.476 | 0.860 0.689 | 0.512 0.493 | 0.456 0.452
g 336 0.408 0.421 | 0.414 0.423 | 0.428 0.432 0415 0426 | 0426 0433 |1.043 0.731 | 0.643 0.571 | 0.452 0.452|0.594 0.541 | 1.000 0.744 | 0.552 0.551 | 0.482 0.486
720 0.405 0.431 | 0.408 0432|0427 0445|0420 0.440 | 0431 0.446 | 1.104 0.763 | 0.874 0.679 | 0.462 0.468 | 0.831 0.657 | 1.249 0.838 | 0.562 0.560 | 0.515 0.511
AVG | 0.366 0.394 | 0.367 0.396 | 0.383 0.407 | 0.374 0.398 | 0.387 0.407 |0.942 0.684 | 0.611 0.550 | 0.414 0.427|0.559 0.515|0.954 0.723|0.526 0.516 | 0.450 0.459
96 0.324 0.347 | 0.318 0.356 | 0.334 0.368 | 0.355 0.376 | 0.329 0.367 | 0.404 0.426 | 0.364 0.387 | 0.338 0.375 | 0.345 0.372 | 0.418 0.438 | 0.386 0.398 | 0.505 0.475
_ 192 0.375 0.369 | 0.362 0.383 | 0.387 0.391 | 0.391 0.392|0.367 0.385|0.450 0.451|0.398 0.404 | 0.374 0.387 | 0.380 0.389 | 0.426 0.441|0.459 0.444|0.553 0.496
g 336 0.402 0.389 | 0.395 0.407 | 0.426 0.420 | 0.424 0.415]0.399 0.410|0.532 0.515|0.428 0.425|0.410 0411|0413 0413|0445 0.459 | 0495 0.464 |0.621 0.537
720 0.470 0.426 | 0.452 0.441 | 0.491 0.459 | 0.487 0.450 | 0.454 0.439 | 0.666 0.589 | 0.487 0.461 | 0.478 0.450 | 0.474 0.453|0.595 0.550 | 0.585 0.516 | 0.671 0.561
AVG  |0.392 0.387 | 0.382 0.397 | 0.407 0.410 | 0.414 0.407 | 0.387 0.400 | 0.513 0.496 | 0.419 0.419 | 0.400 0.406 | 0.403 0.407 | 0.485 0.481|0.481 0.456 | 0.588 0.517
96 0.176  0.254 | 0.171 0.256 | 0.180 0.264 | 0.182 0.265 | 0.175 0.259 | 0.287 0.366 | 0.207 0.305 | 0.187 0.267 | 0.193 0.292 | 0.286 0.377 | 0.192 0.274 | 0.255 0.339
- 192 0.237 0.295 | 0.237 0.299 | 0.250 0.309 | 0.246 0.304 | 0.241 0.302 | 0.414 0.492 | 0.290 0.364 | 0.249 0.309 | 0.284 0.362 | 0.399 0.445 | 0.280 0.339 | 0.281 0.340
sj 336 0.295 0.3320.296 0.338 | 0.311 0.348 | 0.307 0.342 | 0.305 0.343 | 0.597 0.542|0.377 0.422|0.321 0.351|0.369 0.427|0.637 0.591 |0.334 0.361 | 0.339 0.372
720 0.394 0.390 | 0.392 0.394 | 0.412 0.407 | 0.407 0.398 | 0.402 0.400 | 1.730 1.042 | 0.558 0.524 | 0.408 0.403 | 0.554 0.522|0.960 0.735|0.417 0.413|0.433 0.432
AVG | 0.275 0.312 | 0.274 0.322 | 0.288 0.332 | 0.286 0.327 | 0.281 0.326 | 0.757 0.610| 0.358 0.404 | 0.291 0.333|0.350 0.401 | 0.571 0.537 | 0.306 0.347 | 0.327 0.371
96 0.155 0.197 | 0.157 0.205 | 0.174 0.214 | 0.192 0.232 | 0.177 0.218 | 0.158 0.230 | 0.202 0.261 | 0.172 0.220 | 0.196 0.255|0.221 0.306 | 0.173 0.223 | 0.266 0.336
5 192 0.202 0.241 | 0.204 0.247 | 0.221 0.254 | 0.240 0.271 | 0.225 0.259 | 0.206 0.277 | 0.242 0.298 | 0.219 0.261 | 0.237 0.296 | 0.261 0.340 | 0.245 0.285 | 0.307 0.367
g 336 0.259 0.285|0.261 0.290 | 0.278 0.296 | 0.292 0.307 | 0.278 0.297 | 0.272 0.335 | 0.287 0.335 | 0.280 0.306 | 0.283 0.335|0.309 0.378 | 0.321 0.338 | 0.359 0.395
g 720 0.337 0.333|0.340 0.341 | 0.358 0.349 | 0.364 0.353 | 0.354 0.348 | 0.398 0.418 | 0.351 0.386 | 0.365 0.359 | 0.345 0.381 | 0.377 0.427 | 0.414 0.410|0.419 0.428
AVG | 0.238 0.264 | 0.241 0.271 | 0.258 0.279 | 0.272 0.291 | 0.259 0.281 [0.259 0.315|0.271 0.320|0.259 0.287 | 0.265 0.317 | 0.292 0.363 | 0.288 0.314 | 0.338 0.382
96 0.085 0.205 | 0.090 0.209 | 0.086 0.206 | 0.093 0.217 | 0.088 0.205 | 0.256 0.367 | 0.094 0.218 | 0.107 0.234 | 0.088 0.218 | 0.267 0.396 | 0.111 0.237 | 0.197 0.323
% 192 0.173 0.299 | 0.190 0.309 | 0.177 0.299 | 0.184 0.307 | 0.176 0.299 | 0.470 0.509 | 0.184 0.307 | 0.226 0.344 | 0.176 0.315|0.351 0.459|0.219 0.335|0.300 0.369
g 336 0.339 0424 | 0.371 0.439 | 0.331 0417 | 0.351 0.432]0.301 0.397 | 1.268 0.883 | 0.349 0.431|0.367 0.448 | 0.313 0.427 | 1.324 0.853 | 0.421 0.476 | 0.509 0.524
L;j 720 0.923 0.726 [ 0.900 0.714 | 0.847 0.691 | 0.886 0.714 | 0.901 0.714 | 1.767 1.068 | 0.852 0.698 | 0.964 0.746 | 0.839 0.695 | 1.058 0.797 | 1.092 0.769 | 1.447 0.941
AVG | 0.380 0413|0417 0417 | 0.360 0.403 | 0.378 0.417 | 0.367 0.404 | 0.940 0.707 | 0.370 0.413 | 0.416 0.443|0.354 0.414|0.750 0.626 | 0.461 0.454 | 0.613 0.539

1% Count | 14 27 13 0 0 3 0 0 1 1 0 0 0 0 0 0 2 0 0 0 0 0 0 0
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