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Abstract

Time-Series Question Answering (TSQA) aims
to interpret time-series information and gener-
ate answers according to the intent of natural
language questions. However, in TSQA, the
required temporal granularity and reasoning
scope vary across queries, making it crucial to
effectively organize the time-series information
needed for each query. In this study, we pro-
pose TiMER (Time-series and language align-
ment with Multi-granularity Expert Routing), a
time-series-language alignment framework that
selectively constructs multi-granularity time-
series information according to query intent
and connects it to the LLM input space. Exper-
imental results on a large-scale TSQA bench-
mark show that TiMER achieves an overall
accuracy of 81.02% using only a small number
of external alignment modules while keeping
the LLM frozen, outperforming various LLM-
based baselines. In addition, extensive ablation
studies verify the effectiveness of each compo-
nent. This study presents an effective direction
for natural language-based time-series under-
standing and temporal reasoning by dynami-
cally organizing and utilizing time-series in-
formation according to query intent. The code
is publicly available at https://github.com/
hyuna0926/TiMER_paper.

1 Introduction

Time-series data are observed across various do-
mains, such as industrial equipment, healthcare,
and finance, and contain complex temporal struc-
tures, including short-term fluctuations, long-term
trends, periodicity, and anomalous patterns. To an-
alyze such data, various tasks, including forecast-
ing, classification, anomaly detection, and imputa-
tion, have been actively explored along with sta-
tistical methods, deep learning models, and recent

†Equal contribution. ∗Corresponding author.

time-series foundation models (Nie et al., 2024;
Yang et al., 2023; Jiang et al., 2024; Yuan et al.,
2023). However, existing approaches are mainly
optimized for predefined domains, tasks, and fixed
output formats (Zhou et al., 2022, 2023), which
limits their ability to perform complex temporal
reasoning required in real-world settings, such as
interpreting changes, diagnosing states, and identi-
fying the causes and evidence of anomalous symp-
toms. In practical applications, natural language
queries beyond simple prediction are increasingly
required, such as “When did the anomaly begin?”
and “Which segment serves as the evidence for
the decision?” Accordingly, time-series analysis
is expanding into an interactive analytical prob-
lem that interprets and reasons over data based
on natural language queries (Chen et al., 2026;
Kong et al., 2025). Motivated by these demands,
recent studies have paid increasing attention to
leveraging large language models (LLMs) (Zhao
et al., 2026), which possess complex reasoning
abilities and instruction-following capabilities, for
time-series analysis. LLMs can flexibly incorporate
the analytical purpose and context through natural
language queries, but there remains a fundamental
gap between natural language token-based repre-
sentations and the time-dependent structure of time-
series data. Therefore, it is necessary to develop
methods that effectively preserve temporal infor-
mation in time series and connect it to LLMs for
utilization (Merrill et al., 2024; Liang et al., 2024).

Recent studies on combining LLMs with time-
series data have expanded in various directions,
including LLM adaptation, time-series-language
transformation, representation alignment, and
the construction of time-series question answer-
ing (TSQA) benchmarks (Xue and Salim, 2024;
Zhou et al., 2023; Jin et al., 2024; Zhang et al.,
2025). Existing approaches mainly adapt LLMs
to time-series tasks or connect time-series repre-
sentations to frozen LLMs by transforming them
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into textual descriptions or latent tokens. However,
these methods often incur substantial additional
training costs or compress time-series information
into limited representations, making it difficult to
sufficiently capture the temporal structure between
global trends and local variations (Li et al., 2024;
Wang et al., 2025; wang et al., 2025). In particu-
lar, in question-answering-based analysis such as
TSQA, the required temporal granularity and rea-
soning scope vary across querys, and thus fixed
time-series representation schemes are insufficient
to address diverse analytical demands.

Therefore, in this study, we propose
TiMER (Time-series and language align-
ment with Multi-granularity Expert Routing),
a time-series-language alignment framework
that selectively utilizes temporal granularity
information required by the intent of a query
to effectively integrate time-series information
into LLMs. TiMER first encodes the input time
series from the perspectives of global trends and
local variations, and then dynamically estimates
the importance of each granularity based on the
natural language query to integrate local, global,
and cross-granularity information. The integrated
time-series representation is then aligned with the
input representation space of the LLM, enabling
the model to effectively utilize time-series informa-
tion that is relevant to the query intent. To validate
the performance of the proposed model, we
conduct experiments in a large-scale TSQA setting
consisting of 13 domains, 6 time-series analysis
tasks, and 3 question types. The results show that
TiMER consistently outperforms LLM-based
baselines of various scales and types using only a
small number of additional trainable parameters,
corresponding to 0.08% of the total parameters.
In addition, extensive ablation studies and case
studies verify the effectiveness of multi-granularity
routing and representation alignment. The main
contributions of this study are summarized as
follows:

• We propose TiMER, a time-series-language
alignment framework that selectively con-
structs temporal granularity information re-
quired by the query intent and effectively
aligns it with LLMs.

• We evaluate TiMER in a large-scale TSQA
setting composed of diverse time-series analy-
sis tasks, and quantitatively and qualitatively

show that it consistently outperforms LLM-
based methods of various scales and types
using only a small number of additional train-
able parameters, corresponding to 0.08% of
the total parameters.

• Through extensive ablation studies, we an-
alyze that the required temporal granularity
varies depending on the question type and ver-
ify that query-aware granularity routing and
representation alignment are key contributors
to performance improvement.

• We empirically demonstrate that aligning
time-series input representations with the
LLM input space can achieve performance
comparable to instruction tuning, while of-
fering a more efficient alternative that avoids
directly adapting the response generation be-
havior of the LLM.

2 Related Work

Recent studies have actively explored the use of
LLMs for time-series data. GPT4TS and LLMTime
showed that pretrained language models can be uti-
lized for time-series analysis (Zhou et al., 2023;
Gruver et al., 2023), while Time-LLM, TEMPO,
and UniTime extended LLM-based forecasting by
transforming time-series representations into LLM-
compatible inputs (Jin et al., 2024; Cao et al., 2024;
Liu et al., 2024). In addition, time-series foun-
dation models such as Chronos, TimesFM, and
TimeGPT have demonstrated forecasting general-
ization across diverse domains through large-scale
pretraining (Ansari et al., 2024; Das et al., 2024;
Garza et al., 2024). However, most existing stud-
ies focus on forecasting-oriented objectives or rely
on fixed latent representations or limited temporal
abstractions. Such approaches struggle to handle
cases where the required temporal granularity and
reasoning scope vary with the query intent.

Meanwhile, recent studies have extended
time-series analysis to language-based QA and
instruction-following settings, such as Time-MQA,
ChatTime, ChatTS, and ITFormer (Kong et al.,
2025; Wang et al., 2025; Xie et al., 2025; wang
et al., 2025). MTBench, Time-MQA, and TSAQA
have also introduced benchmarks for evaluating
temporal reasoning and TSQA capabilities (Chen
et al., 2026; Kong et al., 2025; Jing et al., 2026). In
TSQA, the scope and form of temporal evidence
required from the same time series can vary de-
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Figure 1: Overview of TiMER. TiMER consists of a Multi-Granularity Time Encoder that extracts fine- and
coarse-grained time-series representations, an Query-Adaptive Granularity Router that estimates query-dependent
granularity weights, Granularity-aware Temporal Experts Aggregation that construct instruction-adaptive time
representations, and Time-to-Language Alignment that converts them into language-aligned time tokens for frozen
LLM-based answer generation.

pending on the semantics of the query. From this
perspective, our approach incorporates the query
not only at the final QA stage but also directly dur-
ing temporal representation construction. Rather
than using a preconstructed shared representation
uniformly across queries, TiMER performs query-
conditioned time-series information construction,
dynamically determining the scope and form of
temporal information required by each question.
The proposed Query-Adaptive Granularity Router
dynamically adjusts the selection and aggregation
of temporal information according to the query, en-
abling TiMER to flexibly accommodate the diverse
ranges of temporal reasoning required in TSQA.

3 Problem Formulation

This study formulates TSQA as a problem to handle
various time-series analysis tasks in a unified QA
format. The TSQA dataset is defined as follows:

D = {(Xi, qi, ai)}Ni=1, (1)

where N denotes the total number of samples, Xi

denotes the time-series input, qi denotes a query,
and ai denotes the answer to the corresponding
query. The goal of TSQA is to generate the answer
ai given Xi and qi. This study uses a pretrained
frozen LLM and employs a trainable alignment

module fϕ to transform the time-series input and
query into time-series representations:

Zi = fϕ(Xi, qi), (2)

where ϕ denotes the trainable parameters of the
alignment module, and Zi denotes the time-series
token representation aligned with the LLM input
space. The transformed Zi is integrated into the
LLM input sequence together with the query qi and
used to generate the answer.

4 TiMER

TiMER is a time-series-language alignment frame-
work that selectively constructs temporal granu-
larity information required by the semantics of a
query and aligns it with the LLM input space (Fig-
ure 1). First, the raw time series is encoded into fine-
grained and coarse-grained representations (Sec-
tion 4.1), and routing weights for each granular-
ity are computed by jointly considering the query
and time-series information (Section 4.2). Then,
local, global, and cross-granularity information is
reconstructed, and query-adaptive time represen-
tations are generated by incorporating the routing
weights (Section 4.3). Finally, these representations
are aligned with the LLM input space, enabling the

31919



LLM to generate answers based on time-series in-
formation (Section 4.4).

4.1 Multi-Granularity Time Encoder
TiMER encodes the input time series into fine-
grained and coarse-grained representations to ef-
fectively utilize information at different tempo-
ral granularities (Park et al., 2025). Specifically,
the fine-grained representation captures short-term
changes, spikes, and local temporal patterns, while
the coarse-grained representation represents long-
term trends and overall temporal dynamics. These
representations are generated as follows:

Hf
i , H

c
i = EMTE(Xi), (3)

where Hf
i ∈ RLf

i ×dMTE and Hc
i ∈ RLc

i×dMTE de-
note the fine-grained and coarse-grained representa-
tions, respectively, and Lf

i and Lc
i denote the num-

bers of temporal tokens. These two representations
are subsequently used as base representations for
selectively constructing temporal granularity infor-
mation required by the query intent. The Multi-
Granularity Time Encoder (MTE) EMTE is pre-
trained in advance, and the encoder is kept frozen
during TSQA training and inference. The archi-
tecture and pretraining procedure of MTE are pro-
vided in Appendix A.

4.2 Query-Adaptive Granularity Router
Query-Adaptive Granularity Router (QGR) dynam-
ically estimates the temporal granularity required
for a query based on the interaction between the
natural language query and multi-granularity time-
series representations. Given a query qi, we feed it
into the LLM and extract the last-token representa-
tion from the final-layer hidden state. This represen-
tation is projected into the MTE hidden dimension
to obtain the query representation zqi ∈ RdMTE . The
query representation zqi is then used as an attention
query to perform cross-attention over Hf

i and Hc
i ,

producing attended summary representations for
each temporal granularity.

c
(·)
i = Softmax

(
Q

(·)
i (K

(·)
i )⊤√

dk

)
V

(·)
i , (4)

where Q
(·)
i , K(·)

i , and V
(·)
i denote the query, key,

and value for each temporal granularity, respec-
tively, and dk is the query/key projection dimen-
sion used for computing attention scores. Finally,
QGR computes the routing weights pi based on

ri = [zqi ; c
f
i ; c

c
i ], which combines the query repre-

sentation and the granularity-specific summaries:

pi = Softmax(MLP(ri)). (5)

According to the granularity expert configuration of
TiMER, pi is defined as pi = (ploci , pglobi , pcrossi ),
where each element is used in the subsequent stage
to control the contribution of each expert output.

4.3 Granularity-aware Temporal Expert
Aggregation

Granularity-aware Temporal Experts (GTE) take
Hf

i and Hc
i extracted from MTE as inputs, and

model and integrate information at different tempo-
ral granularities. GTE consists of local, global, and
cross-granularity experts, and adaptively reflects
the granularity information required by the query
through the routing weights pi computed by QGR.

Temporal Granularity Experts. The local,
global, and cross-granularity experts model fine-
grained patterns, coarse-grained dynamics, and in-
teractions between granularities, respectively:

Rloc
i = Tloc(Hf

i ),

Rglob
i = Tglob(Hc

i ),

Rcross
i = Ccross(Hf

i , H
c
i ),

(6)

where Rloc
i , Rcross

i ∈ RLf
i ×dMTE and Rglob

i ∈
RLc

i×dMTE . Tloc and Tglob consist of self-attention
and feed-forward networks (FFNs), while Ccross
is implemented with cross-attention and an FFN,
using Hf

i as the query and Hc
i as the key-value

representation.

Query-adaptive Time Representation. GTE ap-
plies mean pooling to each expert output to gen-
erate expert-level summaries zloci , zglobi , zcrossi ∈
RdMTE . Then, it computes the expert-aggregated
representation z̃i by incorporating the routing
weights pi:

z̃i = ploci zloci + pglobi zglobi + pcrossi zcrossi . (7)

The aggregated representation z̃i is then trans-
formed into the routed representation zroutei ∈
RdMTE through output projection and normaliza-
tion. In addition, to preserve temporal informa-
tion for each granularity, adaptive average pool-
ing is applied to each expert output to obtain
Sloc
i ∈ Rnloc×dMTE , Sglob

i ∈ Rnglob×dMTE , and

31920



Scross
i ∈ Rncross×dMTE . Each summary represen-

tation is then modulated by its corresponding rout-
ing weight (e.g., S̄loc

i = ploci Sloc
i ), and the final

query-adaptive time representation is constructed
as follows:

T time
i = [S̄loc

i ; S̄glob
i ; S̄cross

i ; zroutei ]. (8)

T time
i ∈ RNtime×dMTE is a representation that re-

flects local, global, and cross-granularity infor-
mation according to the query, where Ntime =
nloc+nglob+ncross+1, and nloc, nglob, and ncross

are hyperparameters denoting the numbers of local,
global, and cross-granularity summary representa-
tions, respectively.

4.4 Time-to-Language Alignment
Time-to-Language Alignment (TLA) aligns T time

i

with the LLM input space and transforms it into
language-aligned time representations that can be
utilized by the LLM.

Language-aligned Time Tokens. Given a query
qi with token length Lq

i , we obtain the query repre-
sentation Hq

i ∈ RLq
i×dLLM and introduce learnable

alignment tokens Ialign ∈ RLalign×dLLM of length
Lalign. The alignment tokens are concatenated with
the query representation, and self-attention is ap-
plied as Halign

i = SelfAttn([Ialign; H
q
i ]). We then

extract the hidden states corresponding to Ialign
as the query-aware alignment tokens I∗i , which
encode the semantics of the query. Using I∗i as
the query and T time

i as the keys and values, cross-
attention produces the query-conditioned time rep-
resentation Otime

i :

Otime
i = CrossAttn(I∗i , T

time
i ). (9)

where Otime
i ∈ RLalign×dTLA . Within the atten-

tion operation, the query and key/value represen-
tations are projected into the shared internal TLA
attention dimension dTLA. Finally, Otime

i is pro-
jected into the LLM hidden dimension to gen-
erate the language-aligned time representations
Zi ∈ RLalign×dLLM .

Time Tokens Integration. Given the initial LLM
input H in

i , which includes the query and sig-
nal boundary tokens, and the language-aligned
time representations Zi, we apply the operation
Integrate(·, ·) to place Zi between the special to-
kens indicating the start and end of the time-series
information:

H̃ in
i = Integrate(H in

i , Zi), (10)
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Figure 2: Distribution of task types and question types
in the TSAQA dataset.

Through this process, the time-series information
is integrated into the same LLM input sequence as
the query, and the LLM generates the answer ai
given H̃ in

i as input.

Alignment Training. TiMER is trained with a
causal language modeling objective, where the loss
is computed only on the answer tokens. During
training, both the LLM and MTE are kept frozen,
and only the parameters of QGR, GTE, and TLA
are updated. This enables efficient alignment of
time-series representations with the LLM input
space while preserving the language understand-
ing and generation capabilities of the LLM and
the time-series representation capability of MTE.
In addition, to mitigate expert collapse, we ap-
ply balance regularization to the routing distribu-
tion, and the final objective is defined as Ltotal =
Lalign + λbalLbal. The detailed loss formulation is
provided in Appendix B.

5 Experimental Setup

Datasets. To evaluate the performance of
TiMER, we use the Time Series Analysis Ques-
tion Answering Benchmark (TSAQA) (Jing et al.,
2026), a large-scale TSQA benchmark. TSAQA
consists of 13 domains, 6 time-series analysis tasks,
and 3 question types, comprising a total of 210K
QA pairs. The time-series analysis tasks include
anomaly detection (A.D), classification (CLS),
characterization, comparison, data transformation,
and temporal relationship, while the question types
include true/false (TF), multiple-choice (MC), and
puzzling (PZ). Task and question-type distributions
are shown in Figure 2, with further dataset details
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Type Model Size A.D CLS Characterization Comparison Data Transform Temporal Relation Overall
MC MC TF MC TF MC TF MC TF MC PZ

Proprietary
LLMs

GPT-4.1 - 55.85 50.38 92.97 89.36 83.57 76.99 54.36 51.13 65.90 79.09 45.77 62.82
GPT-4o - 54.32 47.20 88.15 84.15 78.61 69.07 60.66 53.24 62.25 75.58 45.61 60.73
Claude-3.5-Sonnet - 51.27 41.23 74.39 78.45 66.59 74.14 65.79 57.07 82.05 82.15 54.56 61.19
Gemini-2.5-Flash - 52.08 49.07 85.48 81.08 77.79 72.21 63.62 60.17 75.05 84.49 60.84 65.08

Open-weight
LLMs

LLaMA3.3 70B 54.23 55.78 76.76 74.17 58.57 55.35 52.40 39.16 51.56 59.97 36.04 53.35
Qwen2.5 72B 53.73 49.15 86.21 79.61 74.77 60.69 60.86 34.06 57.05 39.11 36.98 54.53
Qwen3 32B 53.82 48.03 81.92 77.34 74.06 58.85 51.77 29.79 49.27 37.03 35.21 52.06
Gemma-4 31B 51.45 47.00 77.59 81.92 72.70 68.15 55.26 40.36 72.03 42.93 46.17 56.65

Qwen3 8B 50.60 50.52 77.35 66.87 71.04 63.21 52.43 34.46 65.22 67.14 21.93 51.04
LLaMA3.1 8B 54.92 50.20 68.10 62.26 67.84 49.98 51.90 36.56 54.82 40.95 6.80 44.93
Ministral 8B 53.35 34.08 71.06 63.93 47.54 52.90 50.70 25.28 50.58 33.88 30.77 44.65

Qwen3 0.6B 50.40 35.83 62.00 48.78 58.03 37.51 49.03 23.62 51.99 37.33 13.38 39.06
LLaMA3.2 1B 49.47 39.48 63.74 52.55 61.02 36.82 48.87 4.20 48.97 5.44 6.76 35.70
Gemma3 1B 49.15 49.83 63.74 47.71 61.19 43.37 49.37 24.88 49.42 25.84 23.97 43.03

Time-Series
LLMs

ChatTime 7B 54.68 35.10 47.49 32.40 45.53 40.56 49.50 40.56 47.81 26.30 27.70 39.94
ITFormer 7B 49.12 52.95 65.20 54.99 62.17 47.30 50.57 25.32 48.74 24.72 22.01 44.11
ITFormer† 7B 50.22 56.57 85.78 71.14 79.32 59.21 51.10 24.92 51.12 25.64 28.74 50.93

Proposed TiMER 0.6B 85.90 93.82 89.88 74.21 79.93 62.03 85.64 79.42 86.72 80.01 58.75 78.45
Method TiMER 8B 86.00 92.73 90.28 81.65 85.30 75.71 87.24 81.99 88.67 83.72 59.85 81.02

Table 1: Performance comparison on the TSAQA benchmark. All values are reported in percentage (%), and Overall
denotes the mean accuracy across all task/question types. Best results are shown in bold, and second-best results
are underlined. † denotes ITFormer additionally fine-tuned on the TSAQA training set; all other Time-Series LLM
results are obtained using their publicly released checkpoints.

in Appendix C.1.

Baselines & Evaluation. We use Qwen3 as the
frozen LLM and compare its performance with
baselines of various types and scales, including
proprietary LLMs, open-weight LLMs, and time-
series LLMs. Performance is evaluated based on
accuracy following the TSAQA evaluation protocol.
TF and MC questions are evaluated using exact
match, while PZ questions are measured by the
position-wise matching ratio between the predicted
patch order and the ground-truth order.

Implementation. We set the GTE summary
lengths to (nloc, nglob, ncross) = (8, 4, 8) and the
TLA alignment token length to Lalign = 25. The
balance loss weight is set to λbal = 10−3. All
experiments are conducted on a single NVIDIA
H200 GPU with mixed-precision BF16 training.
Additional experimental settings, including imple-
mentation details, are provided in Appendix C.

6 Experimental Results

6.1 Main TSQA Results

Table 1 presents the performance comparison re-
sults on the TSAQA benchmark. Overall, TiMER
achieves the highest overall accuracy among all
comparison models and obtains the best or second-
best performance on most tasks and question types.
In particular, TiMER-8B improves the overall accu-

racy by 15.94% compared with Gemini-2.5-Flash,
the strongest proprietary LLM on average. These
results demonstrate that TiMER can generalize ro-
bustly across diverse analytical objectives and ques-
tion formats, rather than being limited to a specific
time-series task.

Proprietary LLMs show competitive perfor-
mance in some task/question types. For exam-
ple, GPT-4.1 achieves strong performance on
TF and MC questions in characterization, while
Gemini-2.5-Flash shows performance comparable
to TiMER on some question types in temporal
relationship. This suggests that semantic reason-
ing and pattern recognition capabilities acquired
through large-scale pretraining can be effective for
certain temporal reasoning tasks. However, even
these large-scale multimodal-capable LLMs under-
perform TiMER in most TSQA settings, indicating
that query-based time-series understanding cannot
be sufficiently addressed by model scale or general
reasoning capability alone.

Open-weight LLMs tend to improve as model
size increases, but their overall generalization per-
formance on TSQA remains limited. In contrast,
TiMER-0.6B outperforms 70B- and 72B-scale
open-weight LLMs by 23.92%-25.10%. Time-
series LLMs such as ChatTime and ITFormer also
exhibit relatively low overall accuracy. Notably,
even ITFormer†, which is directly fine-tuned on
the TSAQA dataset used in this study, achieves
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Figure 3: Case study of TiMER on a characterization
task. QGR assigns the dominant weight to the global ex-
pert, illustrating query-dependent selection of temporal
representations.

an overall accuracy of only 50.93, while TiMER-
0.6B surpasses it by 26.47 percentage points.
This result suggests that task-specific fine-tuning
alone is insufficient to effectively handle diverse
TSQA queries and highlights the effectiveness of
TiMER’s design in constructing appropriate tem-
poral representations adaptively to each query.

In summary, existing proprietary LLMs, open-
weight LLMs, and time-series LLMs have limita-
tions in query-aware temporal reasoning and gen-
eralization across diverse QA settings required in
TSQA. In contrast, TiMER selectively constructs
temporal granularity information required by the
question intent and aligns it with the LLM input
space using only a small number of alignment mod-
ules, corresponding to 0.08% of the total param-
eters. As a result, TiMER effectively generalizes
across diverse domains, task, and question types.

6.2 Case Study
In Figure 3, we present the answer generation pro-
cess of TiMER for an MC question in the char-
acterization task. The question requires jointly as-
sessing changing seasonality, trend strength, and
variance shift, making global temporal structure
more important than local variations. The first time
series shows changing seasonality and variance
shifts without a clear monotonic trend, so the cor-
rect answer is option B. TiMER assigns the highest
routing weight to the global expert and correctly
predicts B. This shows that query-adaptive rout-
ing selectively utilizes the temporal granularity re-

Model Method Overall (%) Train. (h) Infer. (s)

LLaMA3.2-1B
Inst. 73.48 30.96 2.21
TiMER 77.04 (↑3.56) 16.0 (↓48.3%) 1.04 (↓52.9%)

Qwen3-0.6B
Inst. 78.32 51.8 1.39
TiMER 78.45 (↑0.13) 29.3 (↓43.4%) 1.25 (↓10.1%)

Table 2: Comparison between instruction tuning and
TiMER across different LLMs. Inst. denotes LoRA-
based instruction tuning. Train. is the total training time
in hours for 10 epochs, and Infer. is the per-sample
inference time in seconds.

Setting Components Overall
AccuracyMTE GTE QGR TLA

(a) ✓ 52.59
(b) ✓ ✓ 56.09
(c) ✓ ✓ ✓ 58.96
(d) ✓ ✓ 71.25
(e) ✓ ✓ ✓ 74.60

Ours ✓ ✓ ✓ ✓ 78.45

Table 3: Effect of TiMER components on overall ac-
curacy. Each component provides complementary per-
formance gains, with the full model achieving the best
overall accuracy.

quired by the question intent, enabling time-series
interpretation and temporal reasoning aligned with
the query. Additional case studies and task-level
routing analyses are provided in Appendix D.1.

6.3 Ablation Study
We conduct ablation studies to verify the effective-
ness of each component of TiMER and the impact
of detailed configurations on performance. All ex-
periments are conducted based on TiMER-0.6B,
and detailed results for each experiment are pro-
vided in Appendix E.

Effect of Time-to-Language Alignment. In
TSQA, LLMs must jointly understand time-series
inputs and natural language queries. However,
conventional instruction tuning mainly adjusts re-
sponse generation to the training data, rather than
explicitly aligning time-series representations. We
therefore compare TiMER with LoRA (Hu et al.,
2022)-based instruction tuning to evaluate the
effectiveness and efficiency of time-to-language
alignment (Table 2). TiMER achieves comparable
overall accuracy than instruction tuning on both
LLaMA3.2-1B and Qwen3-0.6B, while substan-
tially reducing training and inference costs. In par-
ticular, on LLaMA3.2-1B, it reduces both training
and inference time by approximately 50% while im-
proving accuracy. These results suggest that align-
ing time-series representations with the LLM input
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Figure 4: Effect of temporal granularity on TSQA per-
formance. The left plot shows task-wise accuracy, and
the right plot shows overall accuracy.

space is more effective and efficient for TSQA than
directly tuning the LLM’s response generation. The
consistent trend across different LLMs also shows
that TiMER generalizes reliably without depending
on a specific backbone.

Effect of TiMER Components. Table 3 presents
the ablation results for each component of TiMER.
Compared with the baseline using only MTE, per-
formance gradually improves as GTE and QGR are
added, with the largest gain observed when TLA
is applied. This shows that temporal granularity-
based representation modeling and query-adaptive
routing effectively organize time-series informa-
tion, while aligning it with the LLM input space
is crucial for improving TSQA performance. The
additional improvement from jointly using GTE
and TLA further indicates that temporal granular-
ity modeling and time-to-language alignment work
complementarily. Overall, these results verify that
each component of TiMER effectively contributes
to time-series information construction and align-
ment with the LLM input space.

Effect of Temporal Granularity Modeling. To
analyze the effect of temporal granularity modeling,
we compare TiMER with variants that individually
use raw representations and each granularity repre-
sentation (Figure 4). The results show that temporal
granularity-based representations consistently im-
prove performance over raw representations, with
the cross-granularity representation achieving the
best performance among single-representation vari-
ants. This indicates that structuring time series from
the perspective of temporal granularity is effective.
However, using only a single granularity represen-
tation still underperforms TiMER, with particularly
large drops in data transformation and temporal
relationship tasks. This suggests that selectively

TiMER

Query-shuffled
Task-average

Uniform

78.45%

49.71%

49.43%

48.72%

Overall Accuracy

Figure 5: Effect of query-conditioned routing interven-
tions on overall accuracy. Each intervention modifies
only the routing strategy during inference.

Task Type ITFormer TiMER ∆

A.D – 60.90 65.16 ↑ 4.26
CLS – 26.54 32.53 ↑ 5.99

Reasoning
QA

MC 28.35 32.17 ↑ 3.82
T/F 49.49 55.25 ↑ 5.76
Open-Ended 0.08 0.20 ↑ 0.12

Table 4: Effect of TiMER across diverse Time-MQA
tasks. Results are reported in Macro-F1, except for
Open-Ended, which is evaluated using BERTScore.

integrating fine-grained, coarse-grained, and cross-
granularity information according to the query in-
tent is important for complex temporal reasoning.

Effect of Query-Conditioned Routing To ex-
amine whether QGR merely relies on task-level
routing patterns or selects temporal representations
based on the semantics of individual queries, we
conduct diagnostic experiments that modify only
the routing mechanism at inference time. As shown
in Figure 5, task-average routing, which uses the
average routing weights within each task, substan-
tially reduces performance to 49.43 despite pre-
serving task-level routing tendencies. This result
indicates that the gains of TiMER cannot be ex-
plained simply by learning a fixed expert prefer-
ence for each task. Similarly, query-shuffled rout-
ing, in which the router receives a query from an-
other sample, reduces performance to 49.71, high-
lighting the importance of alignment between query
semantics and temporal expert selection. A com-
parable degradation is also observed with uniform
routing, which assigns equal weights to all experts.
Taken together, these results support that QGR does
not merely reproduce task-level routing patterns,
but dynamically constructs temporal representa-
tions at an appropriate granularity according to
the temporal evidence required by each individual
query.

Effect of TiMER across Different Time-Series
QA Tasks. To evaluate the generalizability of
TiMER beyond the TSAQA benchmark, we further
conduct experiments on Time-MQA (Kong et al.,
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Figure 6: Effect of granularity summary length and
alignment token length on overall accuracy. w/o denotes
the setting without adaptive average pooling.

2025), an additional TSQA benchmark. We evalu-
ate tasks that are directly aligned with the query-
conditioned answer generation setting of TiMER,
including anomaly detection, classification, and
multiple forms of reasoning QA. For a fair com-
parison, both ITFormer-0.6B and TiMER-0.6B are
trained on Time-MQA under the same setting. As
shown in Table 4, TiMER consistently outperforms
ITFormer across all evaluated tasks. These results
demonstrate that the gains of TiMER are not lim-
ited to the specific data composition of TSAQA, but
generalize to an external TSQA benchmark with
different data sources and query formats. In partic-
ular, the ability of TiMER to select and integrate
query-relevant temporal information is effective
across diverse TSQA tasks, ranging from anomaly
detection and time-series classification to natural
language reasoning.

Effect of Granularity Summary Representation
Length. GTE generates granularity-wise sum-
mary representations through adaptive pooling.
To analyze the effect of summary representation
length, we vary nglob ∈ {2, 4, 8} and set the local
and cross summary lengths proportionally (Fig-
ure 6 (a)). The results show that all settings with
adaptive pooling outperform the variant w/o pool-
ing (73.15%), with nglob = 4 achieving the high-
est overall accuracy. This indicates that summariz-
ing temporal information at each granularity with
an appropriate length is effective, and that balanc-
ing detail preservation and representation sequence
length is important.

Effect of Alignment Token Length. To ana-
lyze the effect of alignment token length, we vary
Lalign ∈ {15, 20, 25, 30} and compare the perfor-
mance (Figure 6 (b)). The results show that overall
accuracy improves to 78.45% as the alignment to-
ken length increases from 15 to 25, but decreases

to 74.14% when it is set to 30. This suggests that a
short alignment token length may limit the incor-
poration of query-relevant time-series information,
while an excessively long length may introduce
redundant representations and reduce alignment
efficiency.

7 Conclusion

In this study, we proposed TiMER, a time-series-
language framework that selectively constructs tem-
poral granularity information required by the ques-
tion intent and effectively connects it with LLMs.
Through query-adaptive multi-granularity routing,
TiMER dynamically organizes time-series infor-
mation and aligns it with the LLM input space,
enabling effective natural language-based time-
series understanding and temporal reasoning. Ex-
periments on the TSAQA benchmark show that
TiMER achieves strong performance and general-
ization compared with various LLM-based base-
lines using only a small number of trainable align-
ment modules. In addition, extensive ablation stud-
ies verify the effectiveness of each component. This
study presents a scalable direction for future natu-
ral language-based time-series analysis and tempo-
ral reasoning by effectively connecting time-series
information with the language understanding and
reasoning capabilities of LLMs.

Limitations

This study focuses on the TSQA setting, where the
goal is to understand and reason about the character-
istics and relationships of time series based on nat-
ural language queries. Therefore, although TSAQA
includes forecasting-related queries, regression-
style forecasting that directly outputs continuous
future values, as in conventional time-series fore-
casting models, is beyond the main scope of this
study. In future work, the proposed time-series-
language alignment structure can be extended to
precise numerical prediction, probabilistic forecast-
ing, and uncertainty-aware prediction.

In addition, although TiMER is designed to train
only a small number of alignment modules based
on a frozen LLM and a frozen MTE, the architec-
ture and hyperparameters of each module still have
room for further optimization. For example, tempo-
ral granularity configuration, routing strategy, sum-
mary representation length, and alignment token
length can affect the trade-off between performance
and efficiency. Future work will systematically op-
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timize these design factors across more diverse
model scales and computational environments, and
explore more efficient routing and alignment struc-
tures.

Ethical Considerations

This study does not involve human subjects, per-
sonally identifiable information, or sensitive private
data. We reviewed the dataset documentation and
data fields to check for personally identifying in-
formation or offensive content. The datasets used
in this study do not contain human-subject data,
names, unique personal identifiers, or offensive
content; therefore, no additional anonymization
was required. We use publicly available research
datasets and external artifacts, including datasets,
pretrained models, and code, in accordance with
their respective licenses and terms of use. Our use
of these artifacts is consistent with their intended
research purposes and original access conditions.
We cite the original creators of these artifacts and
do not redistribute any third-party artifacts beyond
what is permitted by their licenses.
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A Multi-Granularity Time Encoder

This section describes the architecture and pre-
training procedure of MTE, which is used as
the pretrained time-series encoder in Section 4.1.
MTE is built based on the Granularity Fusion
Transformer (GFT) (Park et al., 2025). TiMER
uses it as a frozen feature extractor that extracts
multi-granularity signal representations from the
input time series, without updating it during down-
stream training. Specifically, before directly learn-
ing question-answer pairs, MTE is pretrained
through a separate self-supervised prediction task
to capture the temporal structure of the time series
itself.

A.1 MTE Architecture

MTE takes a variable-length univariate time series
Xi as input and generates two token representations
with different temporal granularities:

Hf
i ∈ RLf

i ×d, Hc
i ∈ RLc

i×d. (1)

where Hf denotes fine-grained tokens that repre-
sent short-term fluctuations and local patterns, and
Hc denotes coarse-grained tokens that capture long-
term trends and global-level changes.

First, RevIN normalization is applied only to
valid timesteps, excluding padded positions in the

input time series. This process enables stable statis-
tics to be computed for TSAQA time series with
varying lengths. The normalized time series x̂ is
then decomposed into a coarse trend component τ
and a fine residual component r through moving
average-based decomposition:

τ = MA(x̂), r = x̂− τ. (2)

τ represents global-level changes and long-term
trends, while r contains fine-grained information
such as short-term fluctuations, local patterns, and
periodic variations.

For the fine residual component r, MTE per-
forms FFT-based period estimation. Specifically,
FFT is applied to r, and dominant frequencies
with large amplitudes are selected after exclud-
ing the DC component, which represents the mean
level. The selected frequencies indicate the domi-
nant repetitive patterns in the residual time series,
and the series is reconstructed into a 2D temporal
map that reflects the periodic axis. A convolutional
upsampling block is then applied to enhance fine
temporal resolution while preserving local periodic
patterns. In contrast, the coarse trend component
τ is aligned to the same temporal resolution as the
fine sequence through interpolation.

MTE then tokenizes the fine and coarse se-
quences using different patch sizes and strides. The
fine stream consists of short patches to capture
short-term changes and local patterns, while the
coarse stream consists of longer patches to capture
smooth trends and global-level changes. Each patch
is transformed into a d-dimensional token through
linear projection, and positional embeddings and
RoPE are applied to incorporate positional informa-
tion. The fine and coarse streams are then passed
through separate Transformer encoders:

Hf
i = Encf (E

f
i ), Hc

i = Encc(E
c
i ), (3)

where Ef
i and Ec

i denote the fine-grained and
coarse-grained patch embeddings, respectively.

During MTE pretraining, a cross-scale fusion
layer is additionally used to learn interactions be-
tween fine-grained and coarse-grained tokens. This
layer performs cross-attention in which coarse to-
kens attend to fine tokens, producing the fused
representation Hfc. However, Hfc is used only
as the input to the pretraining decoder for future
time-series prediction and is not directly used in
the downstream training stage of TiMER. In the
downstream stage, TiMER extracts only Hf and
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Hc from MTE, and the subsequent local, global,
and cross experts reconstruct the granularity infor-
mation required under the query condition.

Therefore, instead of compressing the input time
series into a single vector, MTE provides multi-
granularity token representations that separate local
temporal variations and global trends. This struc-
ture provides a foundation for selectively utilizing
fine-grained or coarse-grained information depend-
ing on the nature of the query in the downstream
question answering stage.

A.2 Self-supervised Pre-training of MTE

Before being used for downstream TSQA, MTE is
pretrained in a self-supervised manner using only
time-series data, without question or answer anno-
tations. The objective of pretraining is to enable
MTE to represent periodicity, trends, local fluctu-
ations, and cross-granularity interactions in time
series before being connected to a language model.

In this study, MTE is pretrained with a variable-
horizon forecasting task. Given a time series x of
length L, the first 80% of the sequence is used as in-
put, and the remaining future segment is used as the
prediction target. MTE generates the fine-grained
representation Hf and the coarse-grained represen-
tation Hc from the input segment. During pretrain-
ing, the fused representation Hfc, which combines
the two representations, is used as the memory of
the decoder to predict the future segment. Since
the future prediction length can vary across time
series, learnable horizon queries Qhorizon are used
to generate variable-length future sequences.

The pretraining loss is defined as a masked
forecasting loss computed only over valid future
timesteps. To handle different prediction lengths
within a mini-batch, padded timesteps are excluded
from the loss computation. Let Ω = {(i, t) |
mi,t = 1} denote the set of valid future timesteps,
and let ei,t = ŷi,t − yi,t denote the prediction error.
The pretraining objective is defined as follows:

Lpre =
1

|Ω|
∑

(i,t)∈Ω

(
e2i,t + λ|ei,t|

)
. (4)

where mi,t is a binary mask indicating whether the
corresponding timestep belongs to the valid future
segment, and λ is a coefficient that controls the
contribution of the MAE term. In this study, we set
λ = 1. The MSE term strongly penalizes large er-
rors between the predicted and ground-truth values,
while the MAE term provides a relatively stable

learning signal against outliers. By combining these
two terms, MTE learns both overall prediction ac-
curacy and stable temporal representations.

After pretraining, we select the checkpoint with
the lowest validation loss and use it for downstream
TiMER training. In the downstream stage, all pa-
rameters of MTE are kept frozen, and MTE is used
only as a fixed signal encoder that extracts Hf

and Hc from each time series. This training sepa-
ration decouples time-series representation learn-
ing from language model alignment, enabling sta-
ble use of time-series-specific representations even
with a small-scale question-answering training pro-
cess.

B TiMER Training Objective

TiMER is trained with a causal language modeling
objective. The parameters of the LLM and MTE
are kept frozen, and only the trainable parameters ϕ
in QGR, GTE, and TLA are updated. Let the final
LLM input be H̃ in

i (ϕ) and the answer sequence
be ai = [ai,1, . . . , ai,Ki ]. The alignment loss is
computed only over the answer tokens as follows:

Lalign(ϕ) = − 1

Ki

Ki∑

k=1

log pΘ
(
ai,k |H̃ in

i (ϕ), ai,<k

)
,

(5)
where Θ denotes the parameters of the LLM, Ki

is the length of the answer sequence, and ai,<k de-
notes the token sequence before the k-th answer
token. The loss gradient is propagated to the align-
ment modules through H̃ in

i (ϕ), thereby aligning
the time-series representations with the LLM input
space. In addition, TiMER uses a balance loss as an
auxiliary regularization term to mitigate collapse
in QGR, where routing becomes overly biased to-
ward a specific granularity expert. The balance loss
encourages the batch-averaged routing distribution
to be close to the uniform distribution:

Lbal =

∥∥∥∥∥
1

B

B∑

b=1

pb −
1

Nexp
1Nexp

∥∥∥∥∥

2

2

, (6)

where B is the batch size, Nexp is the number of
experts, 1Nexp ∈ RNexp is a vector whose elements
are all one, and pb denotes the routing weights of
QGR for the b-th sample. The final training objec-
tive is therefore defined as follows:

Ltotal = Lalign + λbalLbal, (7)

where λbal is a hyperparameter that controls the
strength of balance regularization. Through this
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objective, TiMER efficiently aligns time-series rep-
resentations with the LLM input space while pre-
serving the language understanding and generation
capabilities of the LLM and the time-series repre-
sentation capability of MTE.

C Experimental Setup Details

C.1 TSAQA Dataset

To evaluate the performance of TiMER, we use
the Time Series Analysis Question Answering
Benchmark (TSAQA) (Jing et al., 2026), a large-
scale TSQA benchmark. TSAQA covers 13 do-
mains, 6 time-series analysis tasks, and 3 ques-
tion types, and contains a total of 210K QA pairs
consisting of time-series inputs, natural language
queries, and answers (Figure 2). The entire dataset
is split into train, validation, and test sets with
a ratio of 7:1:2, enabling broad evaluation of
query-based time-series understanding and gen-
eralization across diverse time-series tasks. The
six tasks include anomaly detection (A.D), classi-
fication (CLS), characterization, comparison, data
transformation, and temporal relationship, while
the question types include true/false (TF), multiple-
choice (MC), and puzzling (PZ).

In terms of domains, TSAQA includes 13 do-
mains: healthcare, energy, nature, transport, sales,
finance, web, biomedical, IT, environmental sens-
ing, manufacturing, synthetic, and robotics. The
dataset consists of healthcare with 30,101 sam-
ples (14.3%), energy with 27,615 samples (13.2%),
nature with 23,485 samples (11.2%), transport with
22,485 samples (10.7%), sales with 21,604 sam-
ples (10.3%), finance with 21,419 samples (10.2%),
and web with 21,013 samples (10.0%), showing
that it is not overly concentrated in a single domain.
It also includes relatively smaller domains, such as
biomedical, IT, environmental sensing, manufac-
turing, synthetic, and robotics, allowing evaluation
of time-series understanding across diverse real-
world application scenarios. This domain composi-
tion makes TSAQA suitable for verifying whether
TiMER can generalize to time-series question an-
swering problems across diverse domains, rather
than being limited to a specific data type or appli-
cation area.

To further examine the characteristics of the
dataset, we analyze the distributions of input time-
series length and question token length by task.
The length of each input time series ranges from
6 to 345. As shown in Figure A.1, TSAQA ex-

hibits different length distributions depending on
the task. Anomaly detection tends to involve rela-
tively short time series and fixed question-length
distributions, whereas characterization and com-
parison are more broadly distributed across differ-
ent time-series lengths. Classification shows a ten-
dency for samples to concentrate in specific time-
series length ranges, while data transformation and
temporal relationship include relatively long nat-
ural language queries with wide question-length
ranges. These distributions show that TSAQA is
not limited to fixed-length inputs or a single ques-
tion format, but instead covers diverse temporal
resolutions and question complexities.

C.2 Comparison models
To evaluate time-series understanding and natural
language-based reasoning from multiple perspec-
tives, we categorize the comparison models into
three groups with different types and scales.

(i) Proprietary LLMs. We use GPT-4.1 (Ope-
nAI, 2025), GPT-4o (OpenAI et al., 2024), Claude-
3.5-Sonnet (ant), and Gemini-2.5-Flash (Google
Gemini Team, 2025). These are API-based large-
scale models with strong instruction-following, rea-
soning, and multimodal understanding capabilities.

(ii) Open-weight LLMs. We use models from
the LLaMA (Grattafiori et al., 2024), Qwen (Qwen
et al., 2025; Yang et al., 2025), Gemma (Team
et al., 2024), and Ministral (Liu et al., 2026) fami-
lies. These are general-purpose LLMs with publicly
available weights, covering a wide range of scales
from small models under 1B parameters to larger
models with 8B, 32B, and 70B parameters.

(iii) Time-series LLMs. We use Chat-
Time (Wang et al., 2025) and ITFormer (wang
et al., 2025). These are time-series-specific LLMs
that transform or align time-series information into
forms that can be processed by LLMs. Through
this comparison setup, we comprehensively
compare TiMER with large-scale multimodal API
models, open-weight LLMs of various scales, and
time-series LLMs.

C.3 Implementation Details
In this study, we use Qwen3 as the LLM back-
bone of TiMER, with the following hyperparame-
ter settings. The hidden dimension of MTE is set to
d = 256. In GTE, the numbers of summary repre-
sentations generated through adaptive pooling are
set to nloc = 8, nglob = 4, and ncross = 8. The
learnable alignment token length of TLA is set to

31931



50 100 150 200 250
Time Series Length

0

2000

4000

6000

8000

10000

Fr
eq

ue
nc

y
[Anomaly Detection]
Time Series Length

33.6 33.8 34.0 34.2 34.4
Token Length

0

10000

20000

30000

Fr
eq

ue
nc

y

[Anomaly Detection]
Question Token Length

50 100 150 200 250
Time Series Length

0

200

400

600

800

Fr
eq

ue
nc

y

[Characterization]
Time Series Length

100 200 300
Token Length

0

2000

4000

6000

Fr
eq

ue
nc

y

[Characterization]
Question Token Length

0 100 200 300
Time Series Length

0

2000

4000

6000

Fr
eq

ue
nc

y

[Classification]
Time Series Length

40 50 60 70 80
Token Length

0

2000

4000

6000

Fr
eq

ue
nc

y

[Classification]
Question Token Length

50 100 150 200 250
Time Series Length

0

200

400

600

800

Fr
eq

ue
nc

y

[Comparison]
Time Series Length

50 100 150 200
Token Length

0

1000

2000

3000

Fr
eq

ue
nc

y

[Comparison]
Question Token Length

40 60 80
Time Series Length

0

200

400

600

800

1000

Fr
eq

ue
nc

y

[Data Transformation]
Time Series Length

0
1000

2000
3000

Token Length

0

500

1000

1500

2000

Fr
eq

ue
nc

y

[Data Transformation]
Question Token Length

0 50 100 150 200
Time Series Length

0

1000

2000

3000
Fr

eq
ue

nc
y

[Temporal Relationship]
Time Series Length

0 500
1000

1500
Token Length

0

500

1000

1500

2000

2500

Fr
eq

ue
nc

y

[Temporal Relationship]
Question Token Length

Figure A.1: Task-wise distributions of time series length and question token length in TSAQA. Each pair of subplots
shows the distribution of input time series length and corresponding question token length for one task type.

Lalign = 25, and the weight of the balance loss for
mitigating routing collapse toward a specific expert
is set to λbal = 10−3. All models are trained for
up to 30 epochs, with a gradient accumulation step
of 4 and an early stopping patience of 3. The max-
imum input length is set to max_seq_len = 4096
for all models. The batch size and learning rate are
adjusted according to model size: Qwen3-0.6B is
trained with a batch size of 8 and a learning rate of
1× 10−4, while Qwen3-8B is trained with a batch
size of 4 and a learning rate of 5× 10−5. The time-
series representation is inserted into the LLM in-
put using the special tokens <signal_start> and
<signal_end>, resulting in the following input for-
mat:

<signal_start>{input_ts}<signal_end>{query}

where {input_ts} denotes the time-series repre-
sentation provided to the LLM. During evalua-
tion, all models use deterministic greedy decod-
ing with do_sample=False, temperature=0.0,
num_beams=1, and the default repetition penalty.
Performance is evaluated using accuracy following
the TSAQA evaluation protocol. TF and MC ques-
tions are evaluated using exact-match-based 0/1
scores, while PZ questions use the position-wise

matching ratio between the predicted patch order
and the ground-truth order as the score. All exper-
iments are conducted on a single NVIDIA H200
GPU with mixed-precision BF16 training.

D Qualitative and Routing Analysis

D.1 Qualitative Case Study

Figure A.2 illustrates how TiMER uses temporal
granularity information to interpret time series and
generate correct answers. In the first Comparison
T/F example, the model needs to determine whether
the first of the two time series shows a global up-
ward trend over the entire interval. TiMER cor-
rectly predicts that there is no clear global upward
trend in the series, while assigning a high weight
to global-level information required for trend judg-
ment.

In the second Data Transformation MC exam-
ple, the model needs to select the most appropriate
candidate after applying first-order differencing to
the given time series. Since first-order differenc-
ing computes changes between adjacent timesteps,
local-level information that captures short-term
variation patterns is important. At the same time,
the model must compare whether each answer can-
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Figure A.2: Qualitative case studies of TiMER on TSAQA. The examples correspond to (1) Comparison T/F, (2)
Data Transformation MC, and (3) Temporal Relationship patch PZ. Each example shows the input time series,
natural language query, model prediction, and expert routing distribution.

didate is consistent with the overall change, sign,
scale, and distributional pattern of the original se-
ries, requiring global-level information as well. Ac-
cordingly, TiMER assigns high gate values to both
the local and global experts, showing that this prob-
lem requires considering both local changes and
the overall consistency of the transformed pattern.

In the final Temporal Relationship PZ exam-
ple, the model needs to rearrange the candidate
patches in the correct temporal order after the first
patch. TiMER correctly predicts the ground-truth
order, C, D, B, A, and the cross-granularity expert
plays a relatively important role by jointly consider-
ing local continuity between patches and the over-
all sequence structure. These results suggest that
TiMER selectively utilizes the temporal granularity
required by each question type and task, enabling
consistent interpretation across diverse time-series
reasoning problems.

D.2 Query-Adaptive Granularity Routing
Analysis

Table A.1 shows the average routing weights of the
Local, Global, and Cross experts for each task type

Task Type Local Global Cross

Anomaly Detection 0.189 0.001 0.810
Characterization 0.067 0.932 0.001
Classification 0.113 0.077 0.810
Comparison 0.055 0.945 0.001
Data Transformation 0.338 0.660 0.002
Temporal Relationship 0.371 0.379 0.250

Table A.1: Task-wise average routing weights of the
Query-Adaptive Granularity Router.

in the Query-Adaptive Granularity Router (Sec-
tion 4.2). Overall, different experts tend to be se-
lected depending on the reasoning characteristics
of each task, indicating that the proposed model
adaptively utilizes task-relevant temporal granular-
ity rather than relying on a single expert.

In Anomaly Detection and Classification, the
Cross expert receives the highest routing weight.
This indicates that these tasks require considering
interactions between local temporal variations and
global sequence context, rather than focusing only
on local patterns. In particular, Anomaly Detection
requires determining how much a local deviation
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Figure A.3: Domain-wise comparison between ITFormer and TiMER.

differs from the overall temporal flow, while Clas-
sification requires both detailed patterns and global
time-series structure. Therefore, the Cross expert
can be interpreted as playing an important role in
these tasks.

In contrast, Characterization and Comparison
assign higher weights to the Global expert. Char-
acterization involves identifying overall properties
of the time series, such as trend, seasonality, and
variance shift, while Comparison requires compar-
ing the overall shapes and trends of two time series.
Thus, the Global expert, which provides sequence-
level representations, is used more strongly than
experts focusing on local changes.

In Data Transformation, both the Global and Lo-
cal experts tend to be utilized. This is because the
model needs to capture the overall change before
and after transformation while also considering
local pattern changes induced by the transforma-
tion. Finally, Temporal Relationship shows rela-
tively balanced routing weights without excessive
reliance on a specific expert. This suggests that
local, global, and cross-level information are all
required to infer temporal order or continuity be-
tween patches.

E Additioal Experimental Results

E.1 Domain-wise Performance Analysis

Figure A.3 compares the performance of ITFormer
and TiMER across 13 domains. TiMER consis-
tently achieves higher accuracy than ITFormer in
every domain, demonstrating that its performance
gains are not limited to a particular application area.
Notably, the largest improvement is observed in
the Synthetic domain, where accuracy increases
from 25.45 to 98.03. Substantial gains are also
observed in Biomedical, Environmental Sensing,
and Robotics. Even in Manufacturing, where IT-
Former already achieves relatively strong perfor-
mance, TiMER further improves accuracy from

83.35 to 93.89. These results indicate that the query-
conditioned temporal representation mechanism of
TiMER generalizes effectively across diverse do-
mains with different time-series characteristics.

E.2 Performance Stability across Random
Seeds

To assess the stability and robustness of TiMER
with respect to random initialization, we repeated
the experiments using three different random seeds
(42, 777, and 123). TiMER achieved overall accu-
racies of 78.45%, 77.07%, and 76.68%, yielding
an average accuracy of 77.40%. Despite variations
in random initialization, the model maintained con-
sistently strong performance across all runs, with
only limited fluctuations in overall accuracy and
most individual tasks. These results indicate that
the effectiveness of TiMER is not dependent on a
favorable random seed, demonstrating stable and re-
producible behavior across repeated training runs.

E.3 Experimental Results Detail
In the main paper, we evaluate each analysis mainly
in terms of overall performance. This appendix pro-
vides the full results across task and question types
for the analyses discussed in Section 6.3, includ-
ing the effect of TiMER components, temporal
granularity, granularity summary length, and align-
ment token length. The results are presented in
Tables A.3-A.6.
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Seeds A.D CLS Characterization Comparison Data Transform Temporal Relation Overall
MC MC TF MC TF MC TF MC TF MC PZ

42 85.90 93.82 89.88 74.21 79.93 62.03 85.64 79.42 86.72 80.01 58.75 78.45
777 83.02 91.35 90.31 75.91 80.14 64.09 83.91 75.48 85.6 76.91 57.01 77.07
123 84.15 91.22 90.34 74.94 80.58 64.45 83.31 76.42 84.82 76.81 54.33 76.68

Average 84.36 92.13 90.18 75.02 80.22 63.52 84.29 77.11 85.71 77.91 56.70 77.40

Table A.2: Model performance across different tasks and seeds.

Components A.D CLS Characterization Comparison Data Transform Temporal Relation Overall
MC MC TF MC TF MC TF MC TF MC PZ

MTE 80.83 86.57 62.97 35.07 60.44 42.36 51.87 25.45 53.21 25.33 26.51 52.59
+ GTE 84.62 91.87 79.09 40.44 73.65 43.90 52.03 26.42 56.86 25.79 23.09 56.09
+ GTE + QGR 83.30 89.28 82.12 44.64 73.75 45.27 63.16 27.45 68.73 32.50 28.56 58.96
+ TLA 76.50 85.17 89.01 74.71 78.95 61.01 80.31 70.45 81.20 71.21 44.22 71.25
+ GTE + TLA 83.60 88.55 88.54 75.48 79.05 66.15 83.13 74.02 84.53 75.69 47.57 74.60

TiMER 85.90 93.82 89.88 74.21 79.93 62.03 85.64 79.42 86.72 80.01 58.75 78.45

Table A.3: Results for the effect of TiMER components on TSAQA.

Temporal
Granularity

A.D CLS Characterization Comparison Data Transform Temporal Relation Overall
MC MC TF MC TF MC TF MC TF MC PZ

Raw 64.85 61.57 87.58 72.81 78.51 61.73 64.92 47.20 76.46 67.90 41.08 62.25
Fine 77.57 76.02 84.22 63.43 75.72 53.81 54.03 26.82 63.86 30.21 24.14 56.61

Coarse 78.29 87.87 87.81 73.04 78.81 59.41 74.52 60.11 74.09 61.14 42.30 69.24
Cross 76.50 85.17 89.01 74.71 78.95 61.01 80.31 70.45 81.20 71.21 44.22 71.25

Ours 85.90 93.82 89.88 74.21 79.93 62.03 85.64 79.42 86.72 80.01 58.75 78.45

Table A.4: Results for the effect of temporal granularity on TSAQA.

Summary Length A.D CLS Characterization Comparison Data Transform Temporal Relation Overall
nlocal nglob ncross MC MC TF MC TF MC TF MC TF MC PZ

4 2 4 79.77 87.95 89.81 76.74 80.92 62.42 82.51 73.45 83.71 74.11 51.91 74.64
8 2 8 84.18 90.55 89.41 75.48 79.90 61.60 77.95 66.78 81.81 69.53 49.86 73.89
8 4 8 85.90 93.82 89.88 74.21 79.93 62.03 85.64 79.42 86.72 80.01 58.75 78.45
16 8 16 80.93 89.02 89.84 75.44 80.17 63.76 84.58 76.18 86.38 77.01 48.61 74.09

w/o Pooling 73.67 88.32 89.18 65.50 79.80 65.60 83.04 74.42 82.68 73.70 48.26 73.15

Table A.5: Results for the effect of granularity summary length on TSAQA.

Token Length
A.D CLS Characterization Comparison Data Transform Temporal Relation Overall
MC MC TF MC TF MC TF MC TF MC PZ

15 81.78 92.00 88.78 75.48 79.32 64.94 83.94 76.38 83.95 75.69 48.07 75.08
20 85.12 91.93 90.21 75.84 80.85 63.60 82.84 74.72 86.09 77.52 54.67 76.93
25 85.90 93.82 89.88 74.21 79.93 62.03 85.64 79.42 86.72 80.01 58.75 78.45
30 76.53 86.92 89.41 75.71 80.27 62.13 84.71 75.18 84.58 74.72 51.51 74.14

Table A.6: Results for the effect of granularity summary length on TSAQA.
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