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Abstract Power-system customer service requires answer-
ing user queries by jointly interpreting chart images, tex-
tual instructions, and high-precision temporal measurements.
Existing multimodal large language models are effective at
visual-language interaction but remain weak at exact tem-
poral reasoning and reliability-aware decision support. We
propose PowerMTQA, a dual-stream multimodal tempo-
ral question-answering framework that combines a Qwen-
based visual-language backbone with a dedicated multichan-
nel time-series branch, prototype reprogramming, explicit
cross-attention fusion, and auxiliary anomaly/risk supervi-
sion. Experiments on a unified dataset built from four pub-
lic electricity and power-related time-series sources show
that explicit temporal modeling is critical: dual-stream vari-
ants reduce the validation generative loss from 24.5611 for
a vision-only baseline to 0.0809 in the single-channel set-
ting, while multichannel modeling and LoRA further im-
prove the best loss to 0.0721 with 0.9788 token accuracy. On
answer-level semantic consistency evaluated by an external
judge, PowerMTQA reaches 0.82 accuracy, outperforming
the visual-only and text-only baselines by 15 and 39 percent-
age points, respectively. These results indicate that combin-
ing chart understanding with structured temporal reasoning
substantially improves factual consistency and practical reli-
ability in power-service question answering.

Keywords multimodal large language model, time-series
reasoning, power-system customer service, question answer-

ing, cross-attention fusion

1 Introduction

Power-system customer service is no longer limited to an-
swering routine billing questions or providing static outage
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notices. In modern utility operations, customer-facing intelli-
gence must explain abnormal consumption patterns, interpret
load and voltage fluctuations, summarize device alarms, and
provide cautious recommendations under operational con-
straints. The challenge lies in integrating domain-specific
knowledge, temporal data, and high reliability requirements.
The answer space is shaped by power-engineering terminol-
ogy, service regulations, equipment status, and utility work-
flows. Many service questions can only be resolved after
inspecting multivariate time-series records such as load, cur-
rent, voltage, temperature, or transformer indicators over a
recent window. At the same time, the response must remain
reliable and auditable, because a fluent but incorrect explana-
tion may mislead users, trigger unnecessary service actions,
or conceal genuine risk.

Recent progress in large language models (LLMs) and
multimodal large language models (MLLMs) has signifi-
cantly improved conversational interaction, instruction fol-
lowing, and joint visual-language reasoning!'~*!. In parallel,
the time-series community has proposed increasingly capa-
ble long-sequence architectures, including Informer, Auto-
former, PatchTST, and TimesNet"~'’1, while emerging time-
series foundation models such as Chronos, Lag-Llama, and
Time-LLM have shown that numerical signals can be aligned
=191, These
developments suggest a promising direction for intelligent

with the reasoning capacity of language models!

power service: instead of treating charts, text, and sensor
values as isolated data products, they can be modeled jointly
within a unified question-answering framework.

However, directly deploying a general-purpose MLLM in
this setting remains unsatisfactory. A curve image may con-
vey rough trend shape, but it does not preserve the precision
required for threshold checking, anomaly localization, and
multivariable comparison. Conversely, converting long nu-
meric sequences into raw text tokens is both inefficient and
lossy, and often fails to preserve stable quantitative regular-
ities”~'"1. Moreover, real customer-service deployment re-
quires more than natural-sounding answers: the model should
expose structured signals, such as anomaly presence or risk
level, so that downstream systems can audit, filter, or escalate
uncertain outputs.
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This paper therefore focuses on a practical yet underex-
plored problem: multimodal temporal question answer-
ing for power-system customer service. We define the task
around a time window aligned across three modalities:

* an image modality I, typically a line chart, multivari-
able curve chart, or diagnostic rendering of the same
temporal slice;

* atext modality X, including the user question, task in-
struction, compact statistical context, and, when avail-
able, lightweight threshold descriptors;

« a multichannel time-series tensor S € R¢*7 contain-
ing one target sequence and several support variables.

Given these inputs, the model produces a customer-service
style natural-language response Y, and optionally predicts
structured labels Z, such as anomaly and risk_level. This
formulation differs from standard visual question answering
because the image is not the sole evidence source; it also
differs from time-series forecasting because the target is not
merely a future numeric point or distribution, but an inter-
pretable service-oriented explanation. The task therefore re-
quires the model to integrate visual cues, precise numerical
evidence, and domain-specific instructions within a single
reasoning loop.

From an operational perspective, this abstraction matches
typical utility scenarios. A user may ask why the electric-
ity bill increased over the past week, whether a sudden load
spike indicates unsafe behavior, or whether abnormal trans-
former temperature suggests urgent maintenance. In each
case, the answer depends on joint reasoning over chart mor-
phology, high-precision temporal values, service knowledge,
and, when available, operating-threshold context. A useful
model should therefore support both qualitative explanation
and structured screening judgment.

Existing pipelines remain insufficient for this setting.
Many multimodal assistants are strong at interpreting natu-
ral images, optical character recognition (OCR)-rich screen-
shots, and visually summarized charts. Yet chart images are
compressed views of underlying temporal processes. Impor-
tant operational decisions in power systems often depend on
exact value comparisons, localized threshold violations, and
cross-channel dependencies. A vision-only model may detect
that a curve rises sharply, but it may fail to determine whether
the rise exceeds a safety threshold, whether it co-occurs with
voltage sag, or whether the event is unusual for the device
category. This gap is especially problematic in customer ser-
vice, where the answer must often justify itself with accurate
trends and concrete conditions rather than impressionistic
visual language.
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A naive alternative is to serialize the numeric sequence
into text and append it to the prompt. This approach scales
poorly as the number of channels or time steps increases, and
it forces the language model to infer quantitative structure
from tokenized numbers. Prior work on time-series mod-
eling has shown that explicit patching, normalization, and
reprogramming are better suited to preserving temporal reg-
ularities than raw numeric concatenation!’~'* '°!, For power-
service applications, where both window length and variable
count may grow, a more structured numerical interface is
needed.

Generative answers are attractive because they provide nat-
ural and user-friendly explanations. Nevertheless, in safety-
sensitive domains, free-form generation alone is not enough.
A customer-service system must frequently answer questions
that contain implicit binary or ordinal judgments: whether
the observed pattern is abnormal, whether the operational
risk is low or high, and whether escalation is advisable. If
these judgments remain hidden inside the language model’s
internal state, they are difficult to verify and even harder to
integrate with downstream service rules. A more deployable
architecture should therefore couple generative output with
explicit auxiliary predictions.

We propose PowerMTQA (A Dual-Stream Multimodal
Temporal Reasoning and Question Answering Model for
Power Service), a dual-stream architecture that combines
a visual-language backbone with an explicit time-series
branch. Concretely, PowerMTQA keeps a Qwen-VL-family
backbone for image-text understanding”~*!, introduces a
multichannel time-series encoder inspired by Time-LLM-
style reprogramming!'’l, injects temporal tokens into lan-
guage hidden states through cross-attention, and optimizes
the model with a joint objective consisting of generative ques-
tion answering and auxiliary anomaly/risk classification.

The goal of this study is not to replace operational dis-
patch systems, supervisory control tools, or formal protec-
tion logic. Rather, the model is positioned as an intelligent
customer-service layer that can summarize evidence, explain
temporal behavior in natural language, and provide struc-
tured cues for downstream verification. In a real deployment,
the model can be combined with retrieval-augmented gener-
ation (RAG), regulation databases, and live tool calling for
outage or ticket lookup!'”'“l. The contribution of this pa-
per is therefore centered on the model-side problem: how
to endow a multimodal conversational system with stronger
temporal understanding while preserving interpretability and
engineering compatibility.

This framing is particularly valuable for power utilities
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because customer questions often mix operational diagno-
sis with conversational expectations. Users do not ask for
raw tensors or classification labels; they ask for explana-
tions, causes, and suggestions. At the same time, the service
provider cannot rely on style alone. PowerMTQA is designed
to bridge this gap by combining multimodal interaction, tem-
poral representation learning, and structured reliability sig-
nals within one architecture.

The main contributions of this paper are summarized as
follows.

(1) Task formulation. We formulate power-system in-
telligent customer service as a multimodal temporal
question-answering problem that unifies chart interpre-
tation, textual instruction following, and precise multi-
channel time-series reasoning within a single window-
based interface.

(2) Model architecture. We propose PowerMTQA, a dual-
stream multimodal generation framework that augments
a visual-language backbone with a dedicated time-series
branch and explicit cross-attention fusion, enabling
high-fidelity temporal evidence to participate in answer
generation.

@3

~

Reliability-oriented learning objective. We introduce
auxiliary anomaly and risk supervision on top of gen-
erative training so that the model learns not only how
to respond fluently, but also how to expose structured
service-relevant judgments.

(4) Reproducible experimental planning. We organize
the overall method around modular components, in-
cluding multichannel temporal input design, prototype-
based reprogramming, parameter-efficient tuning, and
ablation-friendly fusion, thereby providing a clear path
for systematic validation.

2 Related Works
2.1 Multimodal Vision-Language Models

Multimodal large models have rapidly evolved from loosely
coupled vision-language systems into unified instruction-
following assistants capable of image understanding,
grounded dialogue, and multi-image reasoning. Represen-
tative designs differ in how visual information is bridged
into the language model. Flamingo introduces a Perceiver
Resampler and interleaved cross-attention layers to connect
visual tokens with a frozen language backbone!’!. BLIP-
2 proposes the Q-Former as a lightweight querying module
that maps frozen vision features into a language-friendly rep-
resentation!’!. LLaVA demonstrates that strong multimodal
instruction tuning can be obtained by pairing CLIP-style vi-

sion features with a conversational decoder!. Qwen-VL and
its later generations further emphasize multilingual capabil-
ity, robust document and chart understanding, and scalable
image-text interaction [“~1,

These models are highly relevant to the present study be-
cause power-service scenarios often include chart images,
dashboard snapshots, and textual questions. Their strong
instruction-following and visual grounding abilities make
them attractive backbones for applied multimodal systems.
However, most of them are optimized for general-purpose
visual understanding rather than precision-oriented tempo-
ral reasoning. In chart-heavy operational settings, a model
may correctly identify a rising or oscillating pattern from the
image while still missing exact threshold crossings, subtle
multichannel dependencies, or statistical context unavailable
in the rendered figure. Therefore, although visual-language
models provide a strong starting point, they do not by them-
selves solve the high-fidelity reasoning problem required for
power-service analysis.

A second issue concerns interface compatibility. Many
multimodal architectures are designed around image patches
or region features, whereas time-series evidence is continu-
ous, multichannel, and often far longer than a typical image
token sequence. This mismatch motivates a design in which
the visual-language backbone is preserved for chart and text
understanding, while a separate numerical branch is intro-
duced for structured temporal information.

2.2 Time-Series Foundation Models

The time-series community has made major progress in
long-horizon sequence modeling over the past several
years. Informer reduces the complexity of Transformer at-
tention through ProbSparse attention and sequence dis-
tillation, enabling more efficient long-sequence forecast-
ing!'"!, Autoformer incorporates decomposition and auto-
correlation mechanisms to better capture trend and peri-
odic structure!''. PatchTST shows that patch tokenization
and channel-independent processing are highly effective for
long-term forecasting, demonstrating that temporal patching
can play a role analogous to tokenization in language mod-
eling!”. TimesNet reformulates one-dimensional temporal
variation into a two-dimensional representation and proposes
a unified backbone for a range of time-series tasks!'”.
These methods establish an important premise for our
work: raw continuous sequences benefit from dedicated ar-
chitectural biases rather than being treated as ordinary text.
This is especially true in power systems, where temporal
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signals display multiple scales, abrupt anomalies, distribu-
tion shift across devices, and variable-specific dynamics. Re-
versible instance normalization (RevIN) addresses one prac-
tical challenge in this setting by reducing the harmful effect
of distribution shift''°!. Because utility data may span differ-
ent customers, transformers, and environmental conditions,
such normalization becomes a natural ingredient for stable
modeling.

Recent work has further pushed toward time-series foun-
dation models. Chronos discretizes rescaled time series and
trains language-model-style objectives on the resulting to-
ken stream!'*. Lag-Llama explores pretraining for prob-
abilistic time-series forecasting under a foundation-model
perspective!'. A particularly relevant line of work is Time-
LLM, which treats a frozen LLM as a reasoning engine and
adapts time-series inputs through prompt engineering and
prototype-based reprogramming ' *1. Instead of retraining the
entire language model, Time-LLM uses patch embeddings,
text prototypes, and prompt-as-prefix statistics to align nu-
merical sequences with the linguistic space. This idea is
highly influential for the present study because it offers a
principled way to connect continuous numerical signals with
a large language backbone. Recent multimodal time-series
surveys further stress that performance gains are most re-
liable when complementary modalities are aligned through
explicit interfaces rather than flattened into a single textual
stream '],

Nevertheless, the objective of Time-LLM is primarily
forecasting, not multimodal customer-service explanation. It
does not consider chart images, visual-language instruction
tuning, or structured service outputs such as anomaly and risk
labels. Our work inherits the reprogramming philosophy but
extends it into a dual-stream multimodal question-answering
setting.

2.3 Chart Understanding and Numerical Reasoning

Chart understanding occupies a distinctive position between
vision and structured data analysis. Benchmarks such as
ChartQA highlight that answering chart-related questions
requires both visual interpretation and logical reasoning
over plotted values!”’!. However, chart-question answering
datasets typically focus on the figure itself and do not provide
the full raw numerical stream needed for precise anomaly de-
tection or multivariate diagnosis. In operational domains, the
chart is often only a compact rendering of a richer temporal
record.

This distinction matters for power-service applications. A
user may ask whether a voltage drop is correlated with a
(&) it % % wwat | Sci@pen
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load spike or whether recent fluctuations indicate risky be-
havior. A chart-only interface can suggest shape-level corre-
spondence, but fine-grained reasoning may depend on exact
values, temporal lags, or support variables that are not legi-
ble in the image. Thus, chart understanding is necessary but
insufficient. The problem is not merely to see the chart, but
to jointly reason over the chart as a human-readable view
and the underlying numerical signals as machine-precise ev-
idence.

The broader multimodal literature also points to a persis-
tent modality gap between continuous numerical data and
discrete language tokens. When numeric sequences are flat-
tened into prompt text, token budgets increase rapidly while
quantitative structure becomes less explicit. Reprogramming,
patch embedding, and explicit cross-modal fusion offer more
scalable alternatives. Our method builds on this observation
by treating chart images and time-series values as comple-
mentary rather than interchangeable modalities.

2.4 Reliable Dialogue with Retrieval and Tools

Knowledge-intensive dialogue systems have long been
known to suffer from factual errors when they rely only on
parametric memory. Retrieval-augmented generation (RAG)
addresses this issue by retrieving external documents and
conditioning generation on the retrieved evidence!'’). ReAct
and related tool-augmented prompting frameworks further
improve controllability by interleaving reasoning with ex-
ternal actions such as search or application programming
interface (API) calls!'"]. These ideas are particularly impor-
tant for domain-specific service systems, where compliance,
traceability, and access to live operational data matter as
much as linguistic quality.

Power-system customer service naturally benefits from this
line of work. Utility regulations, frequently asked questions,
outage notices, ticket histories, and device records often re-
side outside the model parameters. At the same time, many
customer questions require access to current measurements
or service status. Therefore, an end-to-end deployable assis-
tant should ideally combine (i) a strong multimodal reasoning
core, (ii) external knowledge retrieval, and (iii) tool invoca-
tion for real-time lookup.

Our focus in this paper is narrower but complementary:
we address the modeling challenge of temporal multimodal
reasoning itself. In other words, we study how the model
should process chart, text, and multichannel numerical input
before it is connected to RAG or external tools. This modular
view is practical because it separates two distinct reliability
sources: one from better evidence representation inside the
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model, and another from better external grounding at the
system level.

2.5 LLMs in Power Systems

The application of LLMs to power and energy systems is
attracting increasing attention, including tasks such as fore-
casting, report generation, rule interpretation, simulation as-
sistance, and decision support. Recent surveys summarize a
rapidly growing literature on power-oriented large models,
covering forecasting, fault diagnosis, regulation understand-
1 Ex-

isting discussions in the area generally emphasize either text-

ing, decision support, and engineering assistance !

centric capabilities, such as summarizing documents and as-
sisting with engineering language, or purely numerical tasks,
such as prediction and operational analytics. Recent domain
studies also show that reliability, grounding, and safety con-
straints remain major barriers when general-purpose LLMs
are adapted to high-stakes energy workflows!”’]. What re-
mains insufficiently studied is therefore the intersection of
these capabilities: conversational explanation grounded in
multimodal temporal evidence.

Power-system customer service is a representative case of
this unmet need. The system must explain what happened,
why it matters, whether it is abnormal, and what action is
reasonable, often based on mixed evidence sources. A model
limited to text reasoning may not fully exploit temporal mea-
surements; a model limited to forecasting may not com-
municate the result in a service-ready format; and a model
limited to chart interpretation may miss precise numerical
conditions. This creates a methodological gap that motivates
a unified architecture explicitly designed for chart-plus-text-
plus-time-series reasoning.

2.6 Research Gap and Positioning

The reviewed literature provides several ingredients but does
not yet cover the setting studied here. Visual-language models
offer strong conversational and image-understanding priors,
yet they do not preserve high-precision temporal evidence on
their own. Time-series foundation models contribute princi-
pled mechanisms for handling continuous signals, and in
our case they motivate the extension of prototype-based re-
programming from forecasting to multimodal question an-
swering. Research on trustworthy dialogue further suggests
the value of structured outputs that can support downstream
verification, escalation, or filtering. Existing power-oriented
LLM studies, meanwhile, rarely focus on the concrete service
scenario in which explanation quality and reliability must be

handled together. Compared with recent surveys of multi-
modal time-series analysis and power-oriented large models,
our target setting is narrower but operationally more spe-
cific: customer-service question answering grounded simul-
taneously in chart images, textual instructions, and aligned
multichannel temporal signals!'**' 21,

PowerMTQA is positioned at the intersection of these lines
of work. Its main novelty is not merely the coexistence of
modalities, but the explicit separation of image-text under-
standing from high-fidelity temporal encoding, followed by
structured fusion and service-oriented auxiliary screening.
It combines a visual-language backbone, an explicit tempo-
ral stream, and auxiliary service-oriented outputs to address
a customer-service setting that is only partially covered by
prior research.

3 Method

3.1 Task Formulation

We formulate intelligent power-service dialogue as a mul-
timodal temporal question-answering task. Each training or
inference instance is constructed from a time window aligned
across three modalities:

» image modality I: an offline-rendered chart, such as a
single-variable trend plot, a multivariable overlay chart,
or a diagnostic figure with threshold annotations;

e text modality X: the user question together with a
prompt prefix containing dataset context, service in-
struction, statistical summaries, and, when available,
lightweight threshold descriptors;

* time-series modality S € R“*7T": one target historical
sequence and zero or more support sequences, where C'
is the number of channels and 7" is the window length.

The model outputs (i) a natural-language answer Y suit-
able for customer-service interaction and (ii) optional struc-
tured labels Z, such as anomaly and risk_level.

From a systems viewpoint, the model sits inside a larger
service pipeline, as illustrated in Fig. 1. User questions, chart
renderings, and aligned temporal data are passed into the
multimodal reasoning core; external retrieval or tool mod-
ules may optionally provide additional context such as outage
records, ticket status, or knowledge-base snippets. The result
is an answer that can be shown to the user, along with struc-
tured outputs for internal screening or audit.

3.2 PowerMTQA Overview

PowerMTQA is a dual-stream multimodal generation frame-
work that preserves a native visual-language backbone while
adding a dedicated time-series reasoning branch. The overall
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Fig.1 Overall framework of intelligent power-system customer service from a system perspective.

architecture is shown in Fig. 2, which is organized into four
modules:

(1) Visual-language backbone. A Qwen-VL-family open-
source MLLM encodes the chart image and question
text, producing language hidden states Hiang € RLxD
per sample.

(2) Multichannel temporal branch. The raw time series is
normalized, patchified, embedded, and reprogrammed
into temporal tokens Hyjpe € RNxD per sample that
match the language hidden size.

(3) Explicit fusion layer. Cross-attention injects temporal
evidence into the language stream, yielding fused rep-
resentations that remain compatible with the backbone
decoding interface.

(4) Output heads. The backbone 1m head generates the
final answer, while auxiliary classification heads predict
anomaly and risk labels.

This design preserves the original image-text interface of
the backbone and avoids forcing the temporal signal into
plain-text serialization. It also keeps the temporal compo-
nents modular, which is useful for ablations, parameter-
efficient tuning, and future system integration.

3.3 Vision-Language Backbone

Given the image [ and textual input X, the visual encoder
converts the image into latent visual tokens, and the multi-
modal decoder integrates those tokens with the text sequence
under the backbone’s native multimodal prompting mecha-
nism. The resulting hidden states are denoted by

Hlang c RBXLXD

)

where B is the batch size, L is the sequence length after
multimodal tokenization, and D is the hidden dimension of
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the language backbone.

A key design decision is non-intrusive extension. We do
not replace the original image encoder, text decoder, or vo-
cabulary projection. Instead, the temporal reasoning capabil-
ity is added externally, after the backbone has already con-
structed a strong joint visual-language representation. This
strategy improves engineering stability and reduces the risk
of damaging the pretrained multimodal alignment.

3.4 Temporal Encoding
3.4.1 Instance Normalization

Power-system temporal signals vary across devices, cus-
tomers, and datasets. Their value ranges may differ signif-
icantly, and distribution shift is common. To mitigate this
issue, we apply instance-wise normalization to each channel
of each sample, following the practical intuition of RevIN
and related time-series methods!'* I

T—H

o+¢e’

where p and o are the mean and standard deviation computed

j:

over the time dimension of a single channel within a single
sample, and € is a small constant for numerical stability.

This step improves comparability across samples and sta-
bilizes subsequent temporal embedding.

3.4.2 Patch Embedding

After normalization, the multichannel tensor is segmented
into overlapping temporal patches, as shown in Fig. 3. For
patch length L,, and stride s, the input tensor is transformed
from

= RBXCXT
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Fig. 2 Overall architecture of PowerMTQA from a model perspective.

to

BXxCXNpxL,
PeR prop,

where NV, is the number of patches per channel.

Each patch then passes through LayerNorm + Linear
to produce a low-dimensional patch embedding. In addition,
we introduce a learnable channel embedding ecpannel SO that
the model can distinguish the target variable from support
variables and preserve channel identity after token flattening.

The result is a temporal token tensor that keeps both local
temporal structure and channel attribution. Compared with
raw numerical serialization, this representation is more com-
pact, more structured, and better aligned with downstream
attention mechanisms.

3.5 Prototype Reprogramming

Inspired by Time-LLM!’1, we bridge the modality gap be-
tween continuous numeric values and the discrete token
space through prototype reprogramming, the process de-
picted in Fig. 4. Let the low-dimensional patch embeddings
be the query sequence. We first sample seed vectors from
the backbone’s input embedding matrix and use a trainable
selector to compose a compact prototype set

E c RM xD
where M is the number of prototypes and D is the hidden

dimension of the backbone embedding space. The temporal
patch sequence acts as the query stream,

NxD
Qpatch eR ?,

where D), is the temporal-branch embedding dimension af-
ter patch embedding. The patch tokens then attend to these
prototypes through multi-head attention (MHA):

R = MHA (Qpatch, B, E').

Because the attention module uses the patch sequence as
query, the attended output R remains in the temporal-branch
dimension D,,. It is then projected into the backbone hidden

dimension D, producing temporal hidden states

Htime c RBXNXD

)

where N = C - N, after flattening the channel and patch
axes.

This design offers two practical advantages. The temporal
branch does not need to imitate the full tokenization behavior
of the language model; instead, it aligns with the language
space through a compact learned interface. Because the pro-
totypes are derived from the backbone embedding space,
the reprogrammed tokens are also more compatible with the
backbone’s downstream attention dynamics than arbitrary

standalone numerical embeddings.

3.6 Cross-Attention Fusion

Once the backbone produces Hia,e and the temporal branch
produces Hyime, PowerMTQA performs explicit cross-modal
fusion, the structure of which is illustrated in Fig. 5. The
query stream is first stabilized by layer normalization (LN):

Hattn = MHA(LN(HIang)7 LN(Htime)u LN(Htime))~
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Fig. 4 Prototype reprogramming from temporal patches to language-compatible hidden tokens.

The attention output is injected through a gated residual up-
date:

Hfused = Hlang + tanh(g) . Hattn7

where ¢ is a learnable scalar gate. A feed-forward network
(FFN) further refines the fused representation:

Hout = Hfused + FFN(Hfused)~

This fusion strategy is chosen deliberately over direct to-
ken concatenation. Concatenation would enlarge the input
context and force the backbone to absorb temporal informa-
tion implicitly from the start of decoding. In contrast, post-
backbone cross-attention allows the pretrained multimodal
model to first establish a stable visual-language interpreta-
tion and then consult the temporal memory explicitly. This
separation improves modularity and makes the contribution
(8) it %+ 2wt | Sci@pen
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of temporal evidence easier to analyze.
3.6.1 Channel Masking

The number of support variables can differ across samples.
Therefore, we maintain a time_channel mask and expand it
into a token-level key_padding mask during fusion. Tokens
originating from padded channels are masked out so that
the cross-attention mechanism only attends to valid temporal
evidence. This is essential for stable batching and prevents ar-
tificial zero-padding channels from contaminating the fused
representation.

3.7 Prompt Prefix and Sample Construction

Raw time-series values alone rarely provide enough context
for a robust service explanation. Following the prompt-as-
prefix philosophy of Time-LLM!'", we prepend a compact
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Fig. 5 Cross-attention fusion with gating and key-padding mask for variable channel counts.

textual summary to the user question. The prefix includes
three core components:

¢ Dataset or scenario context, such as residential load
monitoring or transformer oil temperature analysis;

* Task instruction, specifying whether the model should
explain a trend, identify abnormality, compare vari-
ables, or provide service suggestions;

* Statistical summary, including descriptive features ex-
plicitly used in the current implementation, namely min-
imum, maximum, median, trend descriptor, and top-k
lags.

When threshold metadata are available, we further seri-
alize lightweight threshold descriptors in the prefix, such
as lower or upper operating bounds, margin to the nearest
threshold, and recent violation counts. These text summaries
do not replace the original time series. Instead, they act as
structured hints that reduce the burden on the model to in-
fer all statistics implicitly from raw sequences and provide
operating context that may not be recoverable from normal-
ized values alone. This design is particularly important for
anomaly- and risk-related supervision, whose semantics may
partly depend on absolute operating limits.

To ensure reproducibility and efficient training, chart im-
ages are generated offline rather than rendered inside the data
loader, following the sample construction pipeline in Fig. 6.
Each window is therefore converted into a consistent multi-
modal training instance containing the image path, prompt
prefix, question, answer, raw historical values, support series,
and structured labels. The three modalities are synchronized
to the same time span so that image cues and numerical
evidence correspond exactly.

3.8 Training Objectives
3.8.1 Generative Objective

Using teacher forcing, we optimize the next-token cross-
entropy (CE) over the assistant answer span:

Leen = CE(y1.7-1, ¥2:1)5
where y1.7—1 denotes the input answer tokens, 32.7 denotes
the corresponding next-token predictions of the model, and
T is the answer length. Only the answer tokens contribute

to this loss; system prompts, user messages, padding tokens,
and non-target regions are masked out.

3.8.2 Auxiliary Objectives

To expose service-critical judgments explicitly, we add two
auxiliary classification heads on top of the generative objec-
tive, forming the joint training scheme in Fig. 7:

* anomaly_head for binary abnormality screening;

* risk head for multi-class risk-level screening.
In the current implementation, these heads operate on a
pooled representation obtained by attention-mask-weighted
averaging over the fused hidden states. The pooled vector
is then fed into two linear classifiers for anomaly and risk
screening, respectively. The auxiliary loss is defined as

1

Eaux - i(ﬁanom + Lrisk)v

where L,,0m and L are the cross-entropy losses of the
anomaly and risk classification heads, respectively. The final
objective is

L= Lgen + /\Eaux;

where ) is a balancing weight that controls the contribution
of the auxiliary supervision relative to generative training.
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Fig. 6 Multimodal sample construction pipeline from raw datasets to aligned multimodal question-answering instances.

This formulation is well suited to power-service scenarios.
The generative term encourages user-friendly explanations,
while the auxiliary heads encourage the model to internalize
and expose categorical decisions that are useful for system-
side validation. These outputs are intended as coarse, system-
facing screening signals rather than standalone protection
decisions. Their predictions are conditioned on the joint vi-
sual, temporal, and textual evidence and, when available, ex-
plicit threshold descriptors. In deployment, they can be used
to trigger escalation rules, warning banners, or confidence-
dependent post-processing without claiming that the model
can infer all device-specific alarm rules solely from generic
multimodal context. Practically, this design aims to reduce
three common failure modes: fluent but trend-only answers
that miss localized spikes or threshold violations, explana-
tions that describe the curve correctly but understate op-
erational severity, and plausible narratives whose wording
is inconsistent with system-side screening logic. When the
generated answer and the auxiliary predictions disagree, the
structured heads provide a natural basis for conservative tem-
plates, warning prompts, or human escalation.

3.9 Parameter-Efficient Fine-Tuning

To reduce training cost and preserve pretrained capability, we
adopt parameter-efficient fine-tuning rather than full-model
updating. In the current configuration, low-rank adaptation
(LoRA) P4 is attached to the attention projection layers of the
multimodal backbone, specifically q_proj, k_proj, v_proj,
and o_proj. The temporal branch, fusion layer, and auxiliary
heads are trained directly.

Several implementation choices are important in practice.
The temporal branch is intentionally lightweight compared
with the backbone so that the additional reasoning path re-
mains economical. Fusion occurs after the backbone’s visual-
2T
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language encoding stage, which leaves the original multi-
modal processor and decoding interface largely unchanged.
Offline chart generation also improves experimental repro-
ducibility and avoids a training bottleneck caused by repeated
plotting.

3.10 Design Rationale

The proposed architecture is motivated by the specific de-
mands of power-system customer service. A pure visual-
language backbone is strong at interpreting the rendered chart
and the user’s wording but weak at exact temporal compu-
tation. A pure time-series model is strong at numerical pat-
tern extraction but weak at conversational explanation. Pow-
erMTQA combines both strengths without collapsing one
modality into the other.

More importantly, the model is designed to remain deploy-
able. Its auxiliary outputs support auditing, its modular struc-
ture supports ablation and maintenance, and its backbone
compatibility supports reuse of strong open-source multi-
modal models. As a result, PowerMTQA serves not only as
a research architecture for multimodal temporal reasoning,
but also as a practical blueprint for trustworthy power-service
assistants.

4 Experiments

4.1 Experimental Objectives

This section evaluates whether the proposed dual-stream de-
sign improves multimodal temporal question answering for
power-service scenarios. The experiments focus on three is-
sues: whether an explicit time-series branch yields clear gains
over a vision-only baseline, whether multichannel temporal
modeling, parameter-efficient tuning, and auxiliary super-
vision contribute incremental benefits, and whether the re-
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Fig.7 Joint training objective with generative loss and auxiliary anomaly/risk supervision.

sulting answers are more semantically consistent with the
ground-truth answers under third-party judgment.

At the present stage, the experiments should still be inter-
preted as model-side validation rather than the final end-to-
end service evaluation. Answer-level semantic consistency
evaluation has been introduced for the most representative
settings, but a fully exhaustive third-party assessment across
all ablation variants has not yet been completed.

4.2 Dataset and Split

The experiments use the unified PowerMTQA dataset con-
structed from four public electricity and power-related time-
series sources: University of California, Irvine (UCI) Individ-
ual Household Electric Power Consumption””, UCI Elec-
tricityLoadDiagrams20112014 %1, Electricity Transformer
Temperature (ETT)!'"!, and Open Power System Datal”’.
Each sample is organized as an aligned multimodal instance
containing:

¢ an offline-rendered chart image;

* atext prompt composed of task instruction, dataset con-
text, compact statistical summary, and, when available,
lightweight threshold descriptors;

* atarget time series together with optional support chan-
nels;

* anatural-language answer and structured weak labels.

Because more than one question answering (QA) pair can

in principle be derived from a single temporal window, the
window rather than the individual QA pair is the natural unit
for reporting dataset scale and for reasoning about split in-
tegrity. For this reason, Table 1 reports both the number of
windows and the number of QA samples. At the same time,
the present dataset remains relatively small, and a larger

Transformer State Window - Diagnostic
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X L vWWNW’“

Recent Detail
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35.0

325

275

0 20 40 60 80

Fig. 8 Example of an offline-rendered chart from the ETT subset
used as the visual input to PowerMTQA.

Table 1 Dataset split used in the current experiments.

Split Windows QA Samples
Train 24 240
Validation 10 100
Test 10 100

source-balanced benchmark with finer-grained source-wise
accounting is still needed for a more comprehensive evalua-
tion.

Fig. 8 shows an example of the offline-rendered chart im-
age used in the multimodal sample construction pipeline.
This example comes from the ETT subset and illustrates
the visual evidence provided to the model together with the
aligned textual and temporal inputs.

For the current multichannel experiment set, the dataset
summary is reported in Table 1. All experiments reported in
this section use the same validation split of 100 QA samples.

The test split is reserved for later large-scale evaluation.
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4.3 Implementation Details

The final model studied in this paper is PowerMTQA, which
is built on the local Qwen3. 5-2B multimodal backbone while
keeping the native visual branch unchanged. Its temporal
branch uses patch length 16, patch stride 8, patch embed-
ding dimension 16, 64 prototypes, 2048 prototype seed can-
didates, 8 temporal attention heads, 8 fusion heads, and a
maximum of 16 channels.

Unless otherwise specified in the ablation subsection, the
main optimization settings of PowerMTQA are as follows:

e learning rate 5 x 1075;

* weight decay 0.01;

¢ batch size and evaluation batch size of 1;

¢ 20 training epochs for all reported experiments;

* LoRA with rank 8, alpha 16, dropout 0.05, and target

group attn;

¢ auxiliary-loss weight 0.5.

The images are rendered offline before training, so the
data loader only reads aligned multimodal samples rather
than plotting figures on the fly. This design improves re-
producibility and avoids unnecessary visualization overhead
during optimization.

4.4 Evaluation Protocol

The currently logged automatic metrics are mainly used to
diagnose optimization behavior, including validation loss,
token-level accuracy, and perplexity. For the full Pow-
erMTQA model, we further distinguish total validation loss,
generation validation loss, and auxiliary validation loss under
the multitask objective.

These metrics are useful for comparing convergence be-
havior, but they are not the final answer-quality criterion of
this work. The final evaluation should emphasize semantic
consistency between the generated answers and the ground-
truth answers. For all compared settings, the current vali-
dation predictions have already been exported on the same
100-sample validation split and can be used for third-party
scoring, pairwise preference judgment, or rubric-based an-
swer grading. In the present revision, the GLM-4.7 result
should therefore be interpreted as a single-judge external con-
sistency check rather than a fully standardized benchmark.
A more exhaustive protocol with released judge prompts,
repeated trials, and cross-judge comparison remains an im-
portant direction for future evaluation.

4.5 Training Dynamics

Fig. 9 reports the 20-epoch training trajectories used in the
current experiments. This horizon is sufficient to capture

(@ s £ what | Sci@pen

versity

both the early convergence behavior of the simpler ablation
settings and the optimization fluctuations that emerge in the
full PowerMTQA configuration. Presenting the complete 20-
epoch runs therefore provides a direct and consistent view of
the training dynamics across all compared models.

For the simpler ablation settings, the plotted curves corre-
spond to the standard generative training objective. For the
full PowerMTQA model, the figure separately visualizes total
loss, generation loss, and auxiliary loss because the multitask
objective is not directly comparable to the single-objective
settings.

The 20-epoch curves support three preliminary observa-
tions. The vision-only baseline is clearly much weaker than
all dual-stream settings, which reinforces the need for ex-
plicit temporal input. The dual-stream ablations also con-
verge quickly in the early epochs, with their best validation
losses appearing near epochs 4-5, indicating that the main
performance gains are obtained very early in training. Pow-
erMTQA achieves a competitive generation loss in the early
stage, but its multitask optimization is visibly less stable than
that of the simpler ablation settings. Within the 20-epoch
training window, this instability remains evident in the later
phase, which suggests that the current PowerMTQA config-
uration likely suffers from an overly aggressive optimization
trajectory and should be revisited through learning-rate con-
trol, gradient clipping, or auxiliary-loss rebalancing.

4.6 Main Validation Results

Table 2 reports the currently available validation results. Be-
cause PowerMTQA is optimized with a multitask objective,
the value reported in the Validation Generative Loss col-
umn for PowerMTQA is the best generation validation loss
(val_gen_loss) rather than the total validation loss. This
makes the QA-oriented comparison more interpretable rela-
tive to the simpler baselines and ablations.

The current results support three immediate conclusions.
The gap between the vision-only baseline and the dual-stream
single-channel setting is very large, showing that chart-only
reasoning is insufficient for this task. Moving from single-
channel temporal input to multichannel modeling yields a
small but consistent improvement. Adding LoRA gives the
best QA-oriented validation result among the simpler abla-
tion runs. PowerMTQA remains competitive on the genera-
tion objective, but its multitask setting introduces an addi-
tional optimization trade-off and already exhibits clear late-
stage instability within the 20-epoch runs.
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Fig. 9 Training loss curves over the first 20 epochs. The left panel compares the generative loss trajectories of the baseline and ablation
settings during the stable optimization stage, while the right panel decomposes the full PowerMTQA objective into total, generation, and

auxiliary losses in the same interval.

Table 2 Main validation results across the baseline, ablation settings, and the full PowerMTQA model.

Model Setting Temporal Branch ~ Multi-channel LoRA  Auxiliary Heads  Selected Epoch ~ Validation Generative Loss ~ Token Accuracy
Vision-only baseline X X X X - 24.5611 0.0290
Dual-stream, single-channel X X X 5 0.0809 0.9774
Dual-stream, multi-channel X X 5 0.0798 0.9777
Dual-stream, multi-channel + LoRA X 4 0.0721 0.9788
PowerMTQA 8 0.0758" 0.9785

*For PowerMTQA, the reported generative loss corresponds to the best val_

additionally includes the auxiliary classification term.

4.7 Ablation Study

To support ablation analysis, we organize the study into five
comparable settings:
* Vision-only baseline: the model receives only the ren-

dered chart and question text, without the explicit time-
series branch.

¢ Dual-stream, single-channel: the visual-language

backbone is augmented with a temporal branch that
uses only the target series.

* Dual-stream, multi-channel: the temporal branch is
extended to use the target series together with support
variables and channel-aware encoding.

¢ Dual-stream, multi-channel + LoRA: the multi-
channel dual-stream model is further enhanced with
parameter-efficient tuning on the backbone attention
projections.

¢ PowerMTQA: the full model adds auxiliary anomaly
and risk supervision on top of the multi-channel LoRA-

enabled dual-stream architecture.

Based on this organization, Table 3 summarizes the in-
cremental observations obtained from the current ablation
runs.

For completeness, Table 4 reports the currently available
PowerMTQA multitask validation statistics under two views:

gen_loss rather than the total validation loss, because the total loss

the checkpoint with the best total loss and the checkpoint with
the best generation loss.

These results indicate that the current PowerMTQA con-
figuration successfully preserves QA generation quality in
the early training stage, but the multitask objective still intro-
duces a clear optimization trade-off. In particular, the later
epochs exhibit noticeable instability, and the auxiliary loss re-
mains comparatively large under the best generation-oriented
checkpoint. Therefore, the current PowerMTQA training
setup should be treated as a promising but still incomplete

multitask configuration rather than the final optimized form
of the model.

4.8 Answer-Level Semantic Consistency Evaluation

Beyond token-level metrics, we further examine whether
the generated answers are semantically consistent with the
ground-truth answers. To directly test whether the proposed
dual-stream design is better than a naive time-series tex-
tualization strategy, this answer-level assessment includes
three representative models: the Qwen3.5-2B visual-only
baseline, a Qwen3.5-2B text-only baseline that serializes
the time series into the prompt, and the full PowerMTQA
model. The evaluation is conducted on the same 100-sample
validation split, where each sample is paired with a human
VT £ 2
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Table 3 Incremental observations from the ablation study.

Step Incremental Change

Observation

Baseline — single-channel dual-
stream
Single-channel
dual-stream

—  multi-channel

Multi-channel — multi-channel +

LoRA bone attention projections
Multi-channel + LoRA — Pow-  Add auxiliary anomaly/risk supervision
erMTQA

Add an explicit temporal branch to the
visual-language backbone

Replace single-channel modeling with
multichannel temporal encoding

Add parameter-efficient tuning on the back-

Validation loss drops sharply, indicating that
direct temporal evidence is essential.
Validation loss improves slightly, suggesting
that support variables provide useful comple-
mentary evidence.

The best QA-oriented validation result is
achieved in the current completed ablation runs.
Generation quality remains strong in the early
stage, but multitask optimization becomes no-
ticeably less stable and later shows loss re-
bound.

Table 4 PowerMTQA multitask validation statistics under two checkpoint-selection views.

Checkpoint View Epoch  Total Val Loss  Gen Val Loss  Aux Val Loss  Token Accuracy
Best total loss 1 0.8902 0.2918 1.1967 0.9424
Best generation loss 8 1.1709 0.0758 2.1903 0.9785

Table 5 Answer-level semantic consistency accuracy under
GLM-4.7 evaluation.

Model Accuracy
Qwen3.5-2B visual-only 0.67
Qwen3.5-2B text-only 0.43
PowerMTQA 0.82

customer-service reference answer accumulated in the his-
torical customer-service-style QA dataset and treated as the
standard answer label. We used GLM-4 . 7 as an external judge
to compare the model output against the corresponding hu-
man reference answer. Instead of exposing the full judge
prompt, we summarize the released evaluation rule at the
criterion level: the judge checks whether the generated an-
swer is (i) semantically consistent with the human reference
answer, (ii) correct in temporal data analysis, and (iii) com-
pliant with customer-service tone and response norms. A
prediction is counted as correct only when all three criteria
are satisfied simultaneously; if any one criterion fails, the
sample is marked as incorrect under an AND-style decision
rule.

The aggregate results are summarized in Table 5.

The answer-level evaluation now supports two comple-
mentary conclusions. First, PowerMTQA outperforms the
visual-only baseline by 15 percentage points, confirming that
explicit temporal evidence is necessary for reliable power-
service question answering. Second, PowerMTQA outper-
forms the text-only baseline by 39 percentage points, show-
ing that the gain does not come merely from exposing the
raw numeric sequence to the language model. Instead, the
result supports the original motivation of the method: di-
rectly serializing time series into prompt text is an inefficient
and lossy interface, whereas the dedicated temporal branch
(&) it % % wwat | Sci@pen
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preserves numerical structure much more effectively. Inter-
estingly, the text-only baseline also underperforms the visual-
only baseline in this setting, which further suggests that naive
textualization alone is not a strong substitute for either chart-
based grounding or structured temporal encoding. Because
the judgment rule is intentionally strict, the reported accu-
racy should be interpreted as a conservative answer-level
reliability indicator rather than a lenient semantic-similarity
score.

To further illustrate the qualitative difference between the
two models, we examine one representative validation ex-
ample. In this sample, the ground-truth answer emphasizes
an overall upward trend together with the approximate max-
imum and minimum values. The visual-only baseline incor-
rectly interprets the curve as staying near zero with almost
no fluctuation, whereas PowerMTQA correctly identifies the
upward trend and recovers the key numerical range. Although
the PowerMTQA answer is still shorter than the ground-truth
answer and does not mention the localized high-load inter-
val, it preserves the main factual content much better than
the baseline.

Ground-truth answer: “The window shows an
overall upward trend, with a maximum of about
4.764 and a minimum of about 0.392. High-load
activity is mainly concentrated around steps 425—
426.”

Qwen3. 5-2B visual-only baseline: “From the fig-
ure, the household’s Global_active_power re-
mains near zero over the 0-512 time-step range
with almost no fluctuation. This suggests that the
household consumed almost no electricity during
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this period and exhibited a very stable, very low
load pattern.”

PowerMTQA: “The household shows an overall
upward trend, with a maximum load of about 4.764
and a minimum of about 0.392.”

This case suggests that the advantage of PowerMTQA is
not merely stylistic refinement. Instead, the explicit temporal
branch helps the model anchor its response to trend direction
and quantitative magnitude, which are precisely the aspects
most vulnerable to distortion under image-only reasoning.

5 Discussion
5.1 Main Findings

The current experimental results suggest that the main bene-
fit of PowerMTQA comes from introducing an explicit tem-
poral reasoning path into a multimodal question-answering
framework. Compared with the visual-only baseline, the
dual-stream settings achieve substantially better validation
behavior, and the answer-level semantic evaluation further
shows that the full PowerMTQA model produces answers
that are more consistent with the ground-truth answers. This
pattern indicates that chart images alone are insufficient for
reliable power-service question answering when the task de-
pends on precise trend direction, magnitude estimation, and
localized temporal evidence.

Another important observation is that the gains are not lim-
ited to stylistic improvement. The representative case analy-
sis shows that the visual-only baseline can produce fluent but
factually distorted responses, whereas PowerMTQA is better
able to recover key numerical attributes such as overall trend
and approximate extrema. This is consistent with the intended
design of the model: the visual branch preserves chart under-
standing, while the temporal branch injects higher-fidelity
numerical evidence into answer generation.

5.2 Design Implications

The ablation results point to several practical implications for
multimodal temporal reasoning. The largest gain comes from
adding an explicit temporal branch, which narrows the gap
between visual impression and numerical evidence. Multi-
channel temporal encoding brings a further, though smaller,
improvement, suggesting that support variables are useful
when they are aligned with the target series and properly
encoded. LoRA also remains effective in this setting and
improves answer quality without requiring full-model fine-
tuning.

At the same time, the current results also show that extend-
ing the model from a strong generative configuration to a mul-
titask configuration is not automatically beneficial. The full
PowerMTQA model remains competitive on the generation-
oriented metric and achieves the best answer-level semantic
consistency among the evaluated settings, but its multitask
formulation still introduces additional optimization difficulty.
This suggests that multitask learning is promising in prin-
ciple, yet still sensitive to loss balancing and optimization
stability in practice.

5.3 Limitations

Several limitations should be considered when interpreting
the present study. Due to cost constraints, the current experi-
ments do not include larger-parameter models. Although the
present comparison is sufficient to validate the effectiveness
of PowerMTQA relative to the selected baseline, it does not
yet establish how the proposed method scales against stronger
multimodal backbones with substantially larger capacity.

The current dataset construction also relies heavily on
open-source power datasets, and much of the sample gener-
ation pipeline is automated. This design is suitable for early-
stage research and controlled experimentation, but it may not
fully capture the diversity, ambiguity, and business specificity
of real-world power-service scenarios. Broader practical de-
ployment will therefore require datasets supported by more
extensive human expert involvement and covering a wider
range of business domains, operational contexts, and ser-
vice tasks. It may also inherit bias from the source datasets,
prompt templates, and weak-label generation rules, which
can affect both the style and the difficulty distribution of the
resulting QA pairs.

Another limitation concerns threshold grounding. Explicit
equipment-specific thresholds are not uniformly available
across all public datasets used in this study, and their op-
erational semantics may vary across devices and scenar-
ios. Therefore, the current anomaly- and risk-related out-
puts should be interpreted as coarse screening signals rather
than fully threshold-grounded protection judgments. A more
complete treatment of device-specific anomaly diagnosis will
require richer threshold metadata and stronger expert anno-
tation in future dataset construction. A related limitation is
split transparency: when multiple QA pairs are generated
from overlapping windows, the split protocol should be doc-
umented at the window level to avoid hidden leakage risks.
The present revision clarifies this issue conceptually, but a
larger public release with finer-grained overlap auditing is
still necessary.
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5.4 Future Works

The next stage of this work should expand in three directions.
One priority is evaluation on stronger multimodal backbones
with larger parameter scales so that the scalability of Pow-
erMTQA can be assessed more rigorously. Such experiments
are important for determining whether the observed gains
stem only from the current backbone setting or remain valid
when transferred to models with substantially stronger pre-
trained capabilities.

Another priority is dataset construction with deeper hu-
man expert participation. Although the current pipeline is
effective for early-stage experimentation, broader applica-
tion in power-service scenarios will require expert-validated
datasets that cover a wider range of business domains, op-
erational conditions, service intents, and industry-specific
reasoning patterns. This extension should also include more
explicit source-wise statistics, tighter split auditing, and ded-
icated bias analysis across datasets and question types.

The framework should also be integrated more tightly with
retrieval, knowledge grounding, and tool invocation so that
multimodal temporal reasoning can be combined with exter-
nal factual support in a deployable power-service assistant.

The present results support the central claim of this study:
multimodal power-service question answering benefits sub-
stantially from combining chart understanding with explicit
temporal reasoning. While the current implementation is not
yet the final optimized form of the model, it already demon-
strates that PowerMTQA provides a practical and effective
direction for trustworthy temporal-aware customer-service
intelligence.
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