1 CHALMERS |

” UNIVERSITY OF TECHNOLOGY

The Role of Textual Context in
LLM-Based Time Series Forecasting

A Study of Prompt Content and Backbone Scale

Master’s thesis in Computer science and engineering

MATTIAS MICHAELSSON
BRIAN NGUYEN

Department of Computer Science and Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
UNIVERSITY OF GOTHENBURG

Gothenburg, Sweden 2026







MASTER’S THESIS 2026

The Role of Textual Context in
LLM-Based Time Series Forecasting

A Study of Prompt Content and Backbone Scale

MATTIAS MICHAELSSON
BRIAN NGUYEN

UNIVERSITY OF
GOTHENBURG

CHALMERS

UNIVERSITY OF TECHNOLOGY

Department of Computer Science and Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
UNIVERSITY OF GOTHENBURG
Gothenburg, Sweden 2026



The Role of Textual Context in LLM-Based Time Series Forecasting
A Study of Prompt Content and Backbone Scale

MATTIAS MICHAELSSON

BRIAN NGUYEN

© MATTIAS MICHAELSSON, BRIAN NGUYEN, 2026.

Supervisor: Ashkan Panahi, Computer Science and Engineering
Advisor: Nasser Mohammadiha, Ericsson AB
Examiner: Selpi, Computer Science and Engineering

Master’s Thesis 2026

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg
SE-412 96 Gothenburg

Telephone +46 31 772 1000

Typeset in KTEX
Gothenburg, Sweden 2026

v



The Role of Textual Context in LLM-Based Time Series Forecasting
A Study of Prompt Content and Backbone Scale

MATTIAS MICHAELSSON

BRIAN NGUYEN
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Chalmers University of Technology and University of Gothenburg

Abstract

Large language models (LLMs) are increasingly used as frozen backbones in time
series forecasting, yet it remains unclear whether these models can benefit from the
textual prompts that accompany the numerical input, and if so, what kind of text
is needed and at what scale the benefit emerges. Prior work found that replacing
prompts with random text has no effect, but tested only static prompts at small
backbone scales. This thesis systematically investigates these questions through a
controlled ablation study using a Time-LLM-inspired architecture on hourly bike
rental demand. Four prompt configurations (no prompt, static domain description,
sample-wise calendar context, and shuffled calendar context) are evaluated at two
backbone scales (Qwen2.5-0.5B and Qwen2.5-7B), yielding eight experiments with
all other variables held constant.

The findings show that the usefulness of the prompt depends on both the type of
information provided and the backbone’s scale. Generic dataset-level descriptions
offer little value, whereas sample-specific context can improve forecasting by helping
the model capture irregular patterns. This benefit is more evident for larger backbones
and appears to transfer beyond the main experimental setting. Overall, the results
suggest that frozen LLMs can benefit from text in forecasting, but only when that
information is relevant to each sample and the backbone is large enough to act on it.

Keywords: Time series forecasting, large language models (LLMs), textual condi-
tioning, frozen backbone models
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1

Introduction

1.1 Background and Motivation

Time series forecasting is a fundamental task in domains ranging from energy
management and transportation planning to finance and public health [1]. Traditional
approaches, from statistical methods such as ARIMA to modern deep learning
architectures, learn temporal patterns solely from historical numerical data [2].
While effective on regular, repeating patterns, these models struggle when demand
deviates from historical norms due to other contextual factors that are difficult to
infer from the time series alone [3].

Recent advances in large language models (LLMs) have opened new directions in
time series research [4]. Pre-trained on vast text corpora, LLMs encode broad world
knowledge [5], [6], [7], including information about calendar events and domain-
specific patterns, within their learned representations. A growing body of work has
explored whether this knowledge can be transferred to time series tasks. One line of
research treats time series values as text strings and queries LLMs directly [4], [8],
[9], [10], [11]; another freezes the LLM and trains lightweight adaptation layers to
map numerical inputs into the model’s embedding space [4], [12], [13], [14]. We refer
to this latter paradigm as time-series aligned: the LLM’s parameters remain frozen,
and one or more trainable layers project (or reprogram) the time-series input into
the LLM’s token space, enabling it to be processed by the pretrained Transformer.
This paradigm is particularly appealing because it preserves the LLM’s pretrained
knowledge while requiring only a fraction of the parameters to be trained. In addition,
the prompt tokens and the aligned time-series tokens appear in the same sequence,
which enables testing whether the LLM can bridge the two modalities.[15].

Among time-series aligned methods, Time-LLM [13] introduces a specific projection
mechanism called reprogramming: time-series patches are mapped into the LLM’s
token space via cross-attention with learned prototypes, and a natural-language
prompt prefix can optionally be prepended to provide task context, for example,
"forecast the next 48 points." The authors report that including such a prompt
improves performance. Still, the mechanism remains unclear: does the LLM extract
useful information from the text, or does the additional token sequence act as a
generic conditioning signal? Two recent studies cast doubt on the importance of
prompt content. Niu et al. [16] replaced meaningful prompts with random text
and random embeddings in a GPT-2-based framework and found no degradation,



1. Introduction

concluding that prompts act as implicit adapters rather than conveying semantic
information. Tan et al. [17] showed that even replacing a pretrained LLM backbone
with a randomly initialised Transformer yields comparable forecasting performance.
However, both studies tested only static prompts on small backbone models (GPT-2
and truncated LLaMA), leaving open whether their conclusions hold for sample-wise
context or for larger backbones. Tan et al. themselves suggest that LLMs may be
better suited to multimodal settings that require textual reasoning.

This thesis investigates the role of textual context in time-series aligned LLMs.
Rather than asking whether LLMs are useful for time series in general, we ask a
more targeted question: within the time-series aligned paradigm, when a frozen LLM
receives both time-series tokens and natural-language tokens in a single sequence, does
the textual input matter, and if so, what kind of text is needed? By systematically
varying the textual context while holding the architecture constant, we isolate the
contribution of prompt content from prompt presence and from backbone capacity.
The controlled ablation focuses on hourly bike rental demand [18], a domain where
calendar context (holidays, weekdays, time of day) plausibly affects demand in ways
that a frozen LLM may encode from pretraining. The best configuration identified by
this study is then re-evaluated on an industrial telecom KPI dataset as an external
validity check, testing whether the chosen architecture and training recipe transfer to
a different domain with shorter history, higher sampling frequency, and operational
rather than human-driven signals.

1.2 Problem Statement

Several architectures now repurpose frozen LLMs as time-series forecasters within
the time-series aligned paradigm. In this setup, numerical inputs are projected
into the LLM’s token space so that the frozen Transformer can process them. Yet
important questions remain about what role the textual input plays. Within this
paradigm, methods vary in how they use text: GPT4TS [12] omits text entirely,
Time-LLM [13] prepends a static task instruction along with input context, and
GPT4AMTS [19] pairs each channel with a natural-language variable description.
As discussed in Section 1.1, the two studies that directly test prompt effectiveness,
Niu et al. [16] and Tan et al. [17], found no evidence that prompt content matters,
but both tested only static, dataset-level prompts at small backbone scales. This
leaves two questions open: whether their conclusion holds at larger scales where
richer pretrained knowledge is available [20], and whether sample-wise context, i.e.,
window-specific calendar text describing when the lookback and forecast horizon
occur, behaves differently from static or random text.

This gap matters for two reasons. First, if the textual content is irrelevant, meaning
that any token sequence of comparable length produces the same effect, then the
reported benefits of prompting may be architectural artefacts rather than evidence of
cross-modal knowledge transfer. Second, if textual content matters, understanding
what kind of text is useful (static domain descriptions vs. sample-wise context) and at
what backbone scale the effect emerges will help guide the design of future multimodal
forecasting systems.



1. Introduction

This thesis addresses the gap through a controlled ablation study. We build a
forecasting model that uses a frozen LLM backbone with an optional natural-language
prefix, and evaluate four context configurations: no context, a static domain/task
description, sample-wise calendar context, and shuffled calendar context, at two
backbone scales. By holding the architecture and training procedure constant across
all eight experiments, we isolate the contribution of textual context and its interaction
with backbone capacity.

1.3 Research Questions

The overarching question of this thesis is: How does textual context affect time-series
aligned LLMs for forecasting, and under what conditions does it improve prediction
accuracy? To answer this, the thesis is structured around four sub-questions, each
designed to isolate a potential mechanism through which textual context may influence
forecasting performance.

RQ1 — Static prompt effect. Does a fixed dataset-level description, stating the
domain, known periodicities, and forecasting task, improve performance com-
pared to using the time series alone?

This tests the simplest form of textual input: a prompt that is identical across
all samples. If the frozen LLM benefits from a textual framing of the domain,
a static prompt should improve over no prompt.

RQ2 — Sample-wise context effect. Does sample-wise contextual text, specify-
ing the calendar position, day of week, and hour partitioning of each forecast
window, improve performance beyond a static prompt or no prompt?

Sample-wise context provides information that varies across samples and that
the model cannot directly infer from the numerical time series. If the LLM can
condition on this information, sample-wise context should outperform both the
static prompt and the no-prompt baseline.

RQ3 — Semantic content vs. token conditioning. Does the content of the
sample-wise context matter, or does any text prefix act as a generic con-
ditioning signal?

We test this via a shuffled-context ablation: the same sample-wise descriptions
used in RQ2 are randomly permuted across samples, thereby breaking the
correspondence between each time-series window and its textual description. If
the shuffled variant performs comparably to the correctly paired variant, then
the benefit comes from the presence of text tokens rather than their meaning.
If performance degrades, it would indicate that the model is extracting and
acting on the specific content.

RQ4 — Backbone scale interaction. How does the size of the frozen LLM back-
bone interact with the effect of textual context?

By repeating all prompt configurations at two backbone scales (Qwen2.5-0.5B
and Qwen2.5-7B), we test whether a larger backbone amplifies, diminishes,

3
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or leaves unchanged the patterns observed at a smaller scale. This addresses
under which circumstances scaling the frozen backbone is worthwhile.

1.4 Contributions

This thesis makes the following contributions:

1.

A multimodal time series forecaster. We design and implement a univariate
time-series forecasting model that utilises a frozen LLM backbone for feature
extraction and multimodal fusion. The architecture combines patch-based
input embedding, inspired by PatchTST [21], with the reprogramming-based
LLM integration of Time-LLM [13], enabling controlled experiments on the
effects of textual context.

. A systematic ablation of textual context. We evaluate four prompt

configurations, no prompt, static domain/task description, sample-wise calendar
context, and shuffled calendar context, at two backbone scales (Qwen2.5-0.5B
and Qwen2.5-7B), yielding eight experiments with all other variables held
constant. This design isolates the effect of prompt content from prompt
presence and from backbone capacity.

. A shuffled-context control at multiple scales. Niu et al. [16] tested replac-

ing static dataset-level prompts with random text and random embeddings at
small backbone scale (GPT-2, LLaMA-8-layers) and found no effect of prompt
content. We extend this investigation with a shuffled ablation that breaks the
correspondence between each time-series window and its sample-wise calendar
description, and apply it at both the 0.5B and 7B scales. This reveals that the
conclusion drawn at the small scale does not generalise: at 7B, correctly paired
context significantly outperforms shuffled context, indicating that the model
extracts and acts on the semantic content of the prompt.

. Evidence of a scale—context interaction. In our experiments, we show

that a larger frozen backbone is only beneficial when paired with informative
textual context: without text, the 0.5B model significantly outperforms the 7B
model; with sample-wise context, the 7B model achieves the best performance
of all variants.

. A situational advantage on significant dates. We demonstrate that while

the LLM-based model does not significantly outperform PatchTST on aggregate
metrics, it outperforms PatchTST on test windows overlapping significant dates
such as holidays and special events (p = 0.043), where the multimodal fusion
enables the model to utilise signals in the textual context.

. External validation on industrial data. As a case study, we re-train the

best LLM configuration identified in the controlled ablation, together with all
four baselines, on an industrial telecom KPI dataset comprising operational
measurements from six LTE cells. The configuration remains competitive with
PatchTST on pooled metrics and outperforms the simpler baselines, providing
a modest external validity check that the architecture and training recipe are
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not specific to the Bike Sharing setting [18]. The four research questions are
not re-tested in this case study.

1.5 Thesis Structure

The remainder of this thesis is organised as follows. Chapter 2 provides the technical
foundations: time-series forecasting formulations and baselines, the architecture
and key properties of large language models, existing approaches that adapt LLMs
for time-series tasks, and the statistical testing framework used to compare models.
Chapter 3 describes the model architecture, prompt configurations, dataset, baselines,
experimental setup, and evaluation methodology. Chapter 4 presents the experimental
results, organised by research question, including the baseline comparison, the
significant date analysis, and a case study on the Telecom KPI dataset. Chapter 5
discusses the findings, relates them to prior work, identifies limitations, outlines
directions for future research, and states the conclusions.
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2

Background

This chapter provides the technical foundations needed to understand the methods
and results of this thesis. Section 2.1 introduces the time series forecasting problem
and the baseline approaches used in this work. Section 2.2 describes the architecture
and key properties of large language models. Section 2.3 reviews how LLMs have
been adapted for time series tasks. Finally, Section 2.4 presents the statistical testing
framework used to compare models.

2.1 Time Series Forecasting

Time series forecasting concerns the prediction of future observations from previously
observed values. This section introduces the forecasting formulation used in this
thesis and reviews the baseline model families used for comparison, ranging from
simple seasonal and linear methods to recurrent and Transformer-based architectures.

2.1.1 Problem Formulation

A univariate time series is an ordered sequence of real-valued observations z1, zo, ..., x7
recorded at regular intervals. In forecasting, the goal is to predict future values
given a window of past observations. More precisely, given a lookback window of L
consecutive observations x = (x4, 441, ..., Tipr—1), the task is to produce a forecast
of the next H values ¥ = (211, ..., % +m-1), where H is the forecast horizon. The
model learns a mapping f : R¥ — R that minimises a loss function between the
forecast y and the ground truth y = (x40, ..., T im—1)-

In practice, a single long time series is converted into many (input, target) pairs
using a sliding window procedure: a window of length L + H is moved across the
series, usually one step at a time, and each position yields one training or evaluation
sample. This approach makes efficient use of the available data but introduces
statistical dependence between consecutive samples, since neighbouring windows
share L + H — 1 observations. This overlap has implications for model comparison,
which is addressed in Subsection 2.4.1.

2.1.2 Classical and Linear Baselines

Before introducing more complex architectures, it is useful to establish simple
reference points that any competitive model should surpass.
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Seasonal naive is the simplest forecasting strategy and exploits periodicity: the
forecast is a copy of the corresponding period from the recent history. For a series
with period P (e.g. P = 24 for hourly data with daily seasonality), the forecast at
horizon h is Z;yp = x4 p_p. This baseline requires no training and captures the
dominant periodic pattern, but it cannot adapt to trends, day-of-week effects, or
irregular events. Despite its simplicity, seasonal naive remains a popular baseline for
forecasting [22].

Beyond naive predictors, simple trainable linear models have also proven surprisingly
strong for time series forecasting. Zeng et al. [23] introduced DLinear, a simple
model that first decomposes the input into a trend component, obtained with a
moving-average filter, and a residual seasonal component. Each component is then
mapped directly from L input steps to H using its own linear layer, and the two
outputs are summed. The model has no attention mechanism, no recurrence, and
minimal parameters, yet in their experiments, Zeng et al. [23] reported that it
matched or outperformed several Transformer-based forecasters.

2.1.3 Recurrent Models

Recurrent neural networks (RNNs) [24] process sequential data by maintaining
a hidden state that is updated at each time step, thereby capturing temporal
dependencies of variable length. In the standard formulation, the hidden state h; is
computed as a function of the current input x;, and the previous state h;_;, and the
final hidden state is used to produce the forecast.

In practice, vanilla RNNs struggle to learn long-range dependencies because gradients
either vanish or explode during backpropagation through time [25]. The Long Short-
Term Memory (LSTM) network addresses this through a gating mechanism: an
input gate, a forget gate, and an output gate control the flow of information into,
within, and out of a memory cell [24]. This design allows LSTMs to selectively retain
or discard information over long sequences, making them effective for time-series
tasks [26], where relevant patterns may span hundreds of time steps.

LSTMs remain a relevant baseline: they capture non-linear temporal dependencies
that linear models cannot, they are well-understood, and they are computationally
inexpensive to train. In this thesis, an LSTM baseline provides a reference point
between the linear DLinear model and the Transformer-based approaches.

2.1.4 Transformer-based Models

The Transformer architecture, originally developed for machine translation [27],
has been widely adopted for time series forecasting [28]. Its core mechanism is
self-attention: given a sequence of input tokens, each token computes a weighted
sum over all other tokens, where the weights are determined by learned query-key
dot products [27]. This allows the model to capture dependencies between arbitrary
positions in the sequence without the sequential bottleneck of recurrent models [27].

Early Transformer-based forecasters treated each time step as a separate token.

8



2. Background

This produced long sequences (e.g. 96 tokens for a 96-hour lookback) and incurred
quadratic attention cost, while each token carried only a single scalar value, a poor
match for the attention mechanism’s capacity [29]. Nie et al. [21] addressed both
issues with PatchTST, which introduced two key ideas:

o Patching. The input series is segmented into subseries-level patches of length
p, extracted with stride s. Each patch becomes a single token, reducing the
sequence length from L to approximately L/s while preserving local temporal
structure within each patch. The shorter sequence lowers the quadratic atten-
tion cost and allows the model to capture longer-range dependencies within
the same computational budget.

o Channel independence. In multivariate settings, each variable is treated
as a separate univariate series and processed independently through the same
Transformer encoder.

PatchTST demonstrated that Transformer-based models can remain competitive
with strong linear baselines, and its patching strategy has been adopted in many
subsequent time series architectures, including the LLM-based approach used in this
thesis.

2.2 Large Language Models

Large language models provide the textual backbone used in this thesis. This section
introduces the architectural properties that make LLMs suitable as frozen feature
extractors, explains how text is converted into token embeddings, and contrasts
different adaptation strategies, with particular emphasis on the fully frozen setting
used in this work.

2.2.1 Architecture

A large language model (LLM) is a neural network trained on large text corpora to
predict the next token in a sequence [30]. Modern LLMs are built on the decoder-only
Transformer architecture, which consists of a stack of identical layers, each containing
two sub-layers: a causal self-attention mechanism and a position-wise feed-forward
network.

Causal self-attention is a restricted form of the self-attention described in Subsec-
tion 2.1.4. While the Transformer encoder used in PatchTST allows each token to
attend to all positions in the sequence, causal attention masks out all positions to the
right of the current token: token ¢ can attend only to tokens 1,..., 4. This enforces
an autoregressive property: each token’s representation depends only on itself and
its preceding tokens, which is essential for left-to-right text generation but also has
consequences when the architecture is repurposed for other tasks.

At each layer, the attention output and the feed-forward output are combined
with residual connections and layer normalisation, forming a deep residual network.
Modern LLMs stack tens to hundreds of such layers, with hidden dimensions (djy,)
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ranging from hundreds to tens of thousands. The result is a model that transforms
an input sequence of token embeddings into contextualised representations, in which
each position encodes information about all preceding tokens as filtered through the
model’s learned weights.

A key property of LLMs for downstream applications is that these learned represen-
tations encode far more than surface-level language patterns. Through pretraining
on diverse text, LLMs acquire structured knowledge about the world, temporal
patterns, causal relationships, and domain-specific facts that are distributed across
their parameters [6], [7], [13]. This property motivates the use of LLMs as feature
extractors for non-language tasks, including time series forecasting.

2.2.2 Tokenisation and Embeddings

Before an LLM can process text, the raw character string must be converted into a
sequence of discrete tokens from a fixed vocabulary [31]. Modern LLMs use subword
tokenisation algorithms such as Byte Pair Encoding (BPE), which iteratively merge
the most frequent character pairs in the training corpus until a target vocabulary
size is reached [31], [32]. The result is a vocabulary that balances character-level
granularity for rare words and whole-word tokens for common ones. A typical LLM
vocabulary contains tens to hundreds of thousands of tokens.

Each token is mapped to a dense vector via a learned embedding table: a matrix
W, € RV*%m  where V is the vocabulary size and dj,, is the model’s hidden
dimension. The embedding for a given token is simply the corresponding row of
this matrix. Positional information is added, either through learned positional
embeddings or rotary position encodings, so that the model can distinguish tokens
at different sequence positions [27].

The embedding table and the tokeniser are tightly coupled to the LLM, so using
a different tokeniser is non-trivial [33]. When an LLM is repurposed for a non-
language task, such as time-series forecasting, numerical inputs cannot be passed
directly through the embedding layer. They must often be projected into the
same dj,,-dimensional space through a separate mechanism. How this projection is
achieved is the central design problem of LLM-based time series methods, discussed
in Section 2.3.

2.2.3 Frozen vs. Fine-tuned Usage

When adapting a pre-trained LLM to a downstream task, a fundamental design
choice is which parameters to update. Three strategies span the spectrum:

Full fine-tuning: all parameters of the LLM are updated on the downstream task’s
training data [34]. This gives the model maximum flexibility to adapt but requires
substantial compute and data, risks catastrophic forgetting of pretrained knowl-
edge [35], and makes it difficult to attribute performance to what the model learned
during pretraining versus fine-tuning.

Parameter-efficient fine-tuning: A small set of additional parameters (adapters,

10



2. Background

low-rank updates, or soft prompts) is inserted into or appended to the frozen model,
and only these parameters are trained. Methods such as LoRA [34] inject trainable
low-rank matrices into the attention layers while keeping the original weights fixed.
This preserves most of the pretrained representations while allowing task-specific
adaptation with a fraction of the training cost.

Fully frozen: The LLM’s parameters are entirely fixed, only external layers (input
projection, output head) are trained. The frozen model acts as a fixed feature
extractor, and all task adaptation must happen in the trainable layers surrounding
it. This is the most restrictive setting but also the cleanest for studying what the
pretrained representations contribute: any benefit from the LLM’s knowledge must
come from its frozen weights, not from task-specific weight updates.

This thesis uses the fully frozen strategy. By keeping the LLM fixed, the experimental
design ensures that any effect of textual context operates through the pretrained
representations rather than through parameters adapted to the forecasting task.
This enables isolation of the prompt’s contribution from the backbone’s learned
knowledge.

2.3 LLMs for Time Series

As discussed in Subsection 2.2.2, numerical time series cannot be passed through
an LLM’s embedding table. Several strategies have been proposed to bridge this
modality gap. They can be broadly grouped into two paradigms.

In the prompt-based paradigm, numerical values are converted into text strings
and fed to the LLM as ordinary language input. Gruver et al. [8] showed that
LLMs can perform zero-shot forecasting when time series are formatted as comma-
separated numbers, with the tokenisation strategy (number of decimal places, spacing)
significantly affecting performance. While this demonstrates an intrinsic capacity for
numerical extrapolation, the approach is limited by the LLM’s tokeniser, which was
not designed for numerical precision, and by the inability to train task-specific input
representations [36].

In the time-series aligned paradigm, the LLM’s tokeniser is bypassed entirely: one or
more trainable layers project the numerical input into the model’s embedding space,
producing tokens that the frozen Transformer can process alongside (or instead of)
natural-language tokens. This is the paradigm used in this thesis, and it encompasses
a range of projection mechanisms of increasing complexity.

2.3.1 Projection Mechanisms within the Time-Series Aligned
Paradigm

The simplest projection is a learned linear mapping. Zhou et al. [12] demonstrated

this with GPT4TS, which freezes all self-attention and feed-forward layers of GPT-2

and trains only the input embedding, positional embedding, and layer normalisation.
The patched time series is mapped into the dy,,-dimensional space via a trainable
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linear layer, and the frozen Transformer processes these tokens as if they were
language. Despite this minimal adaptation, GPT4TS achieved competitive results
across forecasting, classification, and imputation tasks, suggesting that the frozen
Transformer’s representations capture useful temporal structure.

Time-LLM [13] introduces a more expressive projection called reprogramming: the
patched time-series tokens are aligned with the LLM’s embedding space via multi-
head cross-attention with a set of learned text prototypes. Each patch token serves
as a query and attends to a bank of k trainable prototype vectors residing in the
LLM’s dp,-dimensional space. The output is a sequence of reprogrammed tokens
that the frozen LLM can process through its standard forward pass. In addition,
Time-LLM prepends a natural-language prompt prefix, a textual description of the
dataset and forecasting task, before the reprogrammed tokens, so that the frozen LLM
receives both language and reprogrammed time-series tokens in a single sequence.
The authors report that this prompt improves performance, but the contribution of
the prompt content relative to the reprogramming mechanism is not systematically
investigated.

This thesis adopts the reprogramming mechanism from Time-LLM as the projection
layer in the time-series-aligned paradigm. The architecture is described in detail in
Chapter 3.

2.3.2 The Role of Prompts and Textual Context

A recurring design element in LLM-based forecasting is the use of natural-language
prompts alongside numerical input. The literature now offers a growing, but some-
times contradictory, body of evidence on whether, how, and under what conditions
these prompts contribute.

Several methods incorporate text as a core component, spanning different paradigms
of LLM usage. Within the time-series aligned paradigm, where a frozen LLM re-
ceives numerical input that has been projected into its token space, Time-LLM [13]
prepends a static dataset description along with task instructions, before the re-
programmed time-series tokens and reports that removing this “Prompt-as-Prefix”
degrades the average MSE by more than 8%, with even larger drops in few-shot
settings. GPT4MTS [19] pairs each channel in a multivariate series with a natural-
language variable description, using a frozen GPT-2 backbone. TEMPO [14] replaces
natural-language prompts with learnable prompt tokens conditioned on trend, sea-
sonal, and residual decompositions to guide a frozen GPT-2 backbone. In the
prompt-based paradigm, where LLMs are queried directly with text-formatted time
series, PromptCast [10] frames forecasting entirely as a sentence-to-sentence task,
and LSTPrompt [37] generates sample-wise prompts that describe the time series’
statistical properties, level, seasonality, and trend, to guide zero-shot predictions

from GPT-3.5 and GPT-4.

While these methods demonstrate the breadth of prompting strategies, they operate
in paradigms ranging from zero-shot text generation to learnable soft prompts,
making direct comparison of prompt mechanisms difficult. The remainder of this
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thesis focuses on the time-series-aligned paradigm, in which a frozen LLM receives
both natural-language text and reprogrammed time-series tokens within a shared
sequence.

Within the time-series aligned paradigm, the question of why prompts help has
been investigated directly. Niu et al. [16] conducted a systematic study using the
OFA/GPT-2 framework [12]. They tested two controls: “Random Prompting,” which
replaces the static dataset-description prompt with random text of comparable length,
and “Random Word Embedding,” which replaces the prompt’s word embeddings
with random vectors while preserving the token count. On the ETT [38] benchmarks,
both controls achieved forecasting accuracy comparable to the standard textual
prompt, and, for LLaMA [39] (8 layers), random prompting even produced a slight
improvement. Niu et al. concluded that (a) adding text prompts is roughly equivalent
to introducing additional adapter parameters, and (b) it is the introduction of
learnable parameters, rather than the textual information itself, that aligns the LLM
with the forecasting task. However, these experiments tested only static dataset-
level prompts (identical across all samples) and used small backbone scales: GPT-2
(12 layers, 124M parameters) and a truncated LLaMA (8 layers). Whether their
conclusion holds for sample-wise context or at larger scales remains unclear.

A related challenge comes from Tan et al. [17], who ablated three time-series aligned
methods (OFA, Time-LLM, and CALF) and showed that replacing the pretrained
LLM backbone with a randomly initialised Transformer of the same architecture
yields comparable performance on standard benchmarks. They further demonstrated
that shuffling the time-series input (not the text prompt) has little effect on LLM-
based forecasters, suggesting that the models do not acquire meaningful sequential
reasoning from pretraining. However, Tan et al. conclude by recommending that
LLM-based time series methods should focus on “multimodal applications that
require textual reasoning”, suggesting that LLMs may be more promising in settings
where informative textual context is provided alongside the numerical signal, which
is the setting investigated in this thesis.

Taken together, the existing evidence presents a tension: time-series aligned methods
that include prompts report better performance than those that omit them [13],
yet the two studies that directly investigate the mechanism, Niu et al. and Tan et
al., suggest that the benefits may stem from architectural artefacts. Notably, both
studies share the same limitations identified in Section 1.2: static prompts at small
backbone scales, with no investigation of sample-wise context.

2.4 Statistical Testing

Forecasting models are evaluated not only by their average error, but also by whether
observed differences in error are statistically reliable. This section introduces the
statistical tests used to compare model performance in this thesis, with particular
attention to the dependence introduced by overlapping forecast windows.

w
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2.4.1 Diebold-Mariano Test

Comparing forecasting models based solely on aggregate error metrics, such as mean
squared error (MSE) or mean absolute error (MAE), can be misleading. Two models
may differ in their average error, but the difference may not be statistically significant
after accounting for variability across individual forecasts. The Diebold-Mariano
(DM) test provides a formal framework for testing whether two models have equal
predictive accuracy [40].

The test proceeds as follows. Given n forecast windows, define the loss differential for
window i as d; = L(§, y;) — L(§P,y;), where L is a loss function (typically squared
error) and 9, 92 are the forecasts of models A and B. The null hypothesis is that
the expected loss differential is zero: Hy : E[d;] = 0. The DM test statistic is

DM = —, (2.1)

SRS

where d is the sample mean of {d;} and & is an estimate of its standard error. Under
the null hypothesis, this statistic is asymptotically standard normal, and a two-sided
p-value is computed accordingly.

A critical assumption is that the standard error 6; is estimated correctly. When
forecast windows are generated by a sliding window with a stride smaller than the
forecast horizon, consecutive loss differentials share overlapping forecast periods and
are therefore serially correlated. A naive variance estimate would understate the true
uncertainty, producing artificially small p-values. Addressing this autocorrelation is
the subject of Subsection 2.4.2.

2.4.2 Newey-West HAC Standard Errors

When the loss differentials {d;} are serially correlated, the standard error of d must
account for the autocovariance structure of the sequence. Newey and West [41]
proposed a heteroskedasticity and autocorrelation consistent (HAC) variance estimator
that incorporates autocovariances up to a chosen lag ¢:

1
52— 1
n

4
Ao +2) w(j,0) %’] 7 (2.2)
=1

where 4; is the sample autocovariance at lag j and w(j,f) =1 —j/({ + 1) is the
Bartlett kernel weight. The Bartlett kernel linearly downweights higher-order lags,
ensuring that the resulting variance estimate is positive semi-definite.

The lag truncation parameter ¢ controls how many lags of autocorrelation are ac-
counted for. Setting ¢ too low ignores genuine serial dependence and underestimates
the standard error; setting it too high introduces noise from estimating autocovari-
ances at lags where the true correlation is negligible. In the context of overlapping
forecast windows, a natural choice is ¢ = [H/s| — 1, where H is the forecast horizon
and s is the sliding-window stride: windows separated by [H/s]| or more steps in
the sample index correspond to non-overlapping forecast horizons in time, and are
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therefore approximately independent. When s = 1 this reduces to £ = H — 1. The
specific application of this estimator to the experiments in this thesis is described in
Subsection 3.6.2.
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Methods

This chapter describes the model architecture, prompt configurations, dataset, base-
lines, experimental setup, and evaluation methodology.

Notation: Lowercase bold letters (x, y) denote vectors, uppercase bold letters (W, Q,
K, V) denote matrices, and plain italic letters (u, o, di) denote scalars. Dimension
symbols carry upright subscripts: dim, dmodel, Mheads- Let X € R denote the input
lookback window and § € R¥ the forecast horizon. The values of L and H depend
on the dataset: L = 96, H = 48 for the Bike Sharing dataset (a 4-day lookback
and a 2-day forecast horizon) and L = 144, H = 96 for the Telecom KPI dataset (a
36-hour lookback and a 24-hour forecast horizon). All equations describe sample-
wise operations unless stated otherwise; the batch dimension B appears only in
implementation-level shape annotations, written in parenthesised tuple form (B, L, d).
Semicolons in brackets denote concatenation along the sequence axis, e.g. [A; BJ.

3.1 Model Architecture

A frozen pre-trained LLM is repurposed as a time-series backbone by reprogramming
(see 3.1.3) patched time-series embeddings into the LLM’s token space via learned
cross-attention, with an optional natural-language prompt prepended to provide
domain- or sample-level context. The entire LLM remains frozen throughout training;
only the reprogramming, patch embedding, and output projection layers are trained.

Qwen2.5 [42] is chosen as the backbone family because it is open-weight, available at
multiple scales with a shared architecture, and released under a permissive licence,
allowing controlled comparison across scales without confounding architectural differ-
ences. Importantly, Qwen2.5 offers a 0.5B variant that shares the same architecture
(grouped-query attention, RMSNorm, SwiGLU) as its 7B counterpart, providing a
wider scale range within a single family than alternatives such as LLaMA 3 (which
has 1B parameters for the smallest model) or Gemma 2 (which has 2B parameters
for the smallest model). This 14x parameter ratio between the two scales maximises
the sensitivity of the scale—context interaction tested in RQ4. Two sizes are used:
Qwen2.5-0.5B (dy,, = 896, 24 Transformer layers, 151,936 vocabulary tokens) and
Qwen2.5-7B (dp, = 3,584, 28 Transformer layers, 152,064 vocabulary tokens). All
Transformer layers are retained in both cases.

Figure 3.1 illustrates the end-to-end pipeline. The input is a univariate time series
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of L hourly observations, and the output is an H-step forecast. The following
subsections describe each stage in detail.

Textual context Pre-trained
Tokenizer Embeddings ILLL

Hours by day: <partition across days>

Forecast

Revin”' \/\/\/\//\f\/J\W

Time series

WW Revin Patching

Reprogramming
layer
Output Projection

Frozen

Patch embedding

Training Token fusion Keep patch-token
states
Figure 3.1: End-to-end architecture of the Time-LLM-inspired model. The frozen
LLM backbone (shaded) receives reprogrammed patch tokens, optionally preceded by
prompt embeddings. Only the reprogramming layer, patch embedding, and output
projection are trained.

3.1.1 Reversible Instance Normalisation (RevIN)

Before any processing, each input sample x € R* is normalised independently to
zero mean and unit variance along the time dimension:
X — jL

norm — s 3.1
oo = 5.)

where i and o are the sample-wise mean and standard deviation, computed over
the L input time steps and detached from the computation graph. After the model
produces a forecast y,orm, the output is denormalised by reversing the transformation:

y = ynorm -0+ U (32)

This makes the model invariant to the level and scale of each sample, enabling it to
learn shape and patterns rather than absolute magnitude [43].

3.1.2 Patch Embedding

The normalised input is divided into overlapping patches rather than processed
as individual time steps [21]. Patching reduces the effective sequence length seen
by the Transformer (N tokens instead of L), lowering computational cost while
preserving local temporal structure within each patch. Overlapping patches ensure
that boundary information is not lost between adjacent segments.

Patches of length p are extracted with stride s, producing

L—p
S

N:{ J+1 (3.3)

patches. Before unfolding, the series is end-padded by s time steps (replicating the
last observed value) so that a full patch always covers the final observations. This
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adds one patch, giving N = [(L + s —p)/s| + 1. For the Bike Sharing dataset, we
use a lookback window of L = 96, with p = 16 and s = 8, which yields N = 12
patches, each overlapping its neighbour by p — s = 8 time steps.

A 1D convolution maps the patch sequence to a d,0qe = 16-dimensional embedding.
Each patch of length p = 16 is treated as a p-channel input vector, and a convolutional
kernel of size 3 slides over the sequence of N patches. Consequently, the embedding
of patch ¢ is computed from patch,_;, patch;, and patch,, ,, with circular padding
applied at the boundaries. Each output token, therefore, incorporates local context
from neighbouring patches. This embedding dimension matches the Time-LLM
default for long-term forecasting [13] and the reduced PatchTST configuration
recommended for small datasets [21]. This value was adopted without further tuning,
sensitivity to dyeger is not explored in this thesis.

The result is a patch embedding matrix E € RY*dmodel: N patch tokens in a dyodel-
dimensional space.

3.1.3 Reprogramming Layer

The patch embeddings live in a d,,,qe-dimensional space, but the frozen LLM expects
input in its own dy,-dimensional token space. The reprogramming layer bridges
this gap using multi-head cross-attention [13], projecting the patch tokens into the
LLM’s embedding space, as illustrated in Figure 3.2. The cross-attention requires a

LLM Vocabulary

V xdllm

WeR
Prototypes
Pe IRK xdllm
Mapping layer
Wmap
Patch Tokens
Ze RN xdllm

[ | By | |
. [ | By | |
Cross attention HE - B8
[ | By | |
[ | By ] |

Normalised Patches Ee [RN xd_model

Time series 1
2 Patch -
».“m‘,/*«j""‘.m*mfw“ embedding Training

Figure 3.2: Illustration of the reprogramming mechanism from normalised time series
into patch tokens

set of key—value vectors that reside in the LLM’s embedding space that represent
meaningful directions for the patch queries to attend to. These are constructed by
compressing the frozen vocabulary embedding matrix W € RV>*%m into k = 1,000
learned prototypes:

P = W,,,, W € RF*dim, (3.4)
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where Wy, € R¥*V s a trainable linear mapping. Each prototype is a learned
weighted combination of the LLM’s vocabulary embeddings, thereby forming a
compact dictionary of directions in LLM space. The choice of k = 1,000 prototypes
follows the Time-LLM default [13]; the original authors tested k& = 500 and reported
worse results. For Qwen2.5-0.5B [44] with V' = 151,936, this mapping layer alone
contains approximately 152M parameters, the dominant trainable component in the
model (see Table 3.1). With ~12K training windows, the trainable layers lie in an
overparameterised regime relative to the data; whether a smaller k£ would lower the
parameter-to-data ratio without sacrificing performance was not tested.

The N patch embeddings serve as queries, and the k prototypes serve as keys and
values. Multi-head attention with npe.qs = 8 computes, for each head h:

-
head;, = softmax(Qh Ky > Vi, (3.5)
Vi

where Q;, € RV*4 are projected from the patch embeddings (dmodel — di), Kn, Vi €
Rk are projected from the prototypes, and dy = djm/Nneads is the per-head
dimension, following standard multi-head attention sizing [27]. The heads are
concatenated and linearly projected to dy,, dimensions. Each patch token is now a
dnm-dimensional vector that the LLM can process as if it were a language token.

3.1.4 Prompt Prefix

When a prompt is provided, it is tokenised using the LLM’s own tokeniser and
its token embeddings are looked up in the frozen embedding table. Because these
embeddings already live in R%= the same space the reprogramming layer maps
patches into, they can be directly prepended to the reprogrammed patch sequence:

Hinput = [Hprompt ; Z] € R(Lprompt+N)><dllm7 (36)

where Hyompy € REPrometXdim are the prompt token embeddings, Z € RV*%m are
the reprogrammed patch tokens, and Lyrompt is the number of prompt tokens. The
prompt embeddings are not trained; they are used as-is from the frozen LLM.

An attention mask marks real prompt tokens and all N patch positions as active
(value 1), while tokeniser padding positions receive value 0. Through the LLM’s
causal attention, each patch token can attend to all preceding prompt tokens, thereby
allowing contextual information to influence the time-series representation. The
specific prompt configurations are described in Section 3.2.

3.1.5 Frozen LLM Forward Pass

The combined sequence Hj,p,y is passed through all Transformer layers of the frozen
Qwen2.5 backbone (24 layers for 0.5B, 28 layers for 7B). Fach layer applies causal
self-attention and a feed-forward network, progressively mixing the prompt and patch
representations. The LLM’s weights remain frozen throughout training; it serves as
a fixed feature extractor, whose learned language representations are repurposed for
time-series data and multimodal fusion. Gradients flow through the frozen layers
during back-propagation, connecting the trainable components on either side.
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3.1.6 Output Projection

The LLM produces a hidden state for every input position. The N hidden states
corresponding to the patch tokens are extracted, and the prompt positions are
discarded. All dy,, dimensions of each hidden vector are retained; unlike the original
Time-LLM [13], which truncates the hidden states to a smaller dimension, we keep
the full representation because the univariate setting produces a modest output
projection even at full width. The N hidden vectors are concatenated into a single
vector and mapped to the forecast horizon by a fully connected layer:

flatten : RN*dm _y RN (3.7)
linear : RYMdm — R, (3.8)

The flattened dimension is N - dy,, and the output dimension is H, both dataset-
dependent: for the Bike Sharing dataset (N = 12, H = 48), this gives 10,752 — 48
at the 0.5B scale and 43,008 — 48 at the 7B scale.

The forecast is then denormalised using the sample-wise statistics from Subsec-
tion 3.1.1 via Equation 3.2, restoring the prediction to the original scale.

3.1.7 Trainable vs. Frozen Parameters

Only four components are trained: the vocabulary mapping layer, the reprogramming
cross-attention, the patch embedding convolution, and the output projection head.
The frozen LLM backbone accounts for the vast majority of the total parameters
but receives no gradient updates.

Table 3.1 summarises the parameter counts for both backbone scales. The mapping
layer dominates at both scales, projecting the full vocabulary (~152K tokens) to
1,000 prototypes. The reprogramming layer is substantially smaller because each
head operates in dj, /Npeaqs dimensions rather than the full dy,,, following standard
multi-head attention sizing.

Table 3.1: Parameter counts for both backbone scales. Only the first four components
are trainable; the LLM backbone is entirely frozen.

Component 0.5B 7B
Mapping layer (vocab — 1,000 prototypes) ~152M  ~152M
Reprogramming layer (cross-attention) ~24AM  ~38.6M
Patch embedding (Convld) ~1K ~1K
Output projection (FlattenHead) ~516K  ~2.1M
Total trainable ~155M ~193M
Qwen2.5 backbone (frozen) ~494M  ~T.6B

3.2 Prompt Configurations

Four prompt configurations are tested at each backbone scale, yielding eight LLM
experiments in total. All variants share identical architecture, hyperparameters, and
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training procedure; only the prompt input differs. The full prompt texts are provided
in Section A.2.

3.2.1 No Prompt (TS Only)

The LLM receives only the N reprogrammed patch tokens with no textual input.
This serves as the baseline configuration, isolating the contribution of the time-series
alignment mechanism and frozen LLM representations alone.

3.2.2 Static Context

A fixed natural-language description is prepended to every sample. It describes the
domain (Capital Bikeshare, hourly rental counts), known periodicities (daily, weekly,
seasonal), and the forecasting task. The prompt is identical across all samples and
batches, it provides generic domain knowledge but no sample-specific information.
The exact prompt is provided in Subsection A.2.1.

3.2.3 Sample-wise Context

The static description is extended with a sample-wise instance description generated
from the metadata of each window. This instance description specifies the start
and end datetimes of both the history and forecast windows, the days of the week
they span, and the partitioning of hours across those days. Each sample in a batch,
therefore, receives a unique prompt that explicitly encodes calendar information,
day of the week, time of day, and position within the week, which the model cannot
infer from the numerical time series alone. An example of a prompt containing
sample-wise context is provided in Subsection A.2.2.

3.2.4 Shuffled Sample-wise Context (Ablation)

The same sample-wise instance descriptions from Subsection 3.2.3 are used, but
randomly permuted across samples using a fixed seed. This breaks the correspondence
between each time-series window and its textual description: a Monday-morning
window might receive the context of a Saturday-evening window.

This ablation is the key control for distinguishing semantic content from token-level
conditioning. If the shuffled variant performs comparably to the correctly paired
variant, then the model benefits from the presence of text tokens regardless of their
content. If performance degrades, evidence points toward the model extracting and
using specific calendar information in the prompt.

3.3 Dataset

This thesis uses two time-series datasets: a Bike Sharing dataset and a Telecom
KPI dataset. The Bike Sharing dataset, based on the Capital Bikeshare system in
Washington, D.C. [18], is used in the eight-experiment ablation study. The Telecom
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KPI dataset, comprising operational performance metrics from a RAN, is used as a
case study for one configuration (see Subsection 3.5.1).

3.3.1 Bike Sharing Dataset

Bike rental demand exhibits properties that make it well-suited for investigating the
effect of textual context: strong daily periodicity (commuting peaks on weekdays,
midday peaks on weekends), weekly periodicity (weekday vs. weekend patterns), and
seasonal trends (higher ridership in summer, lower in winter). Importantly, demand
also deviates from these regular patterns on holidays and special events, precisely
the situations where calendar context should provide the most value.

All Bike Sharing experiments use the Capital Bikeshare dataset, which records hourly
bike rental counts from the Capital Bikeshare system in Washington, D.C., spanning
20112012 [18]. The raw data contain 165 missing hours (0.95% of the series),
which are imputed with the most recent observed value (forward filling), yielding a
continuous series of 17,544 hourly observations.

The raw hourly counts are preprocessed into sliding windows with a lookback of
L = 96 hours (4 days) and a forecast horizon of H = 48 hours (2 days), using a
stride of 1 hour. Each window is paired with metadata (anchor datetime, day of
week, and hour partitioning) to generate sample-wise context.

A global z-normalisation is fit to the training set’s historical values, yielding a single
mean and standard deviation. This transformation is applied identically to all splits
(train, validation, test). The global step places the series in a consistent numeric
range across the dataset, while the sample-wise RevIN normalisation inside the
model (Subsection 3.1.1) standardises each input window independently, removing
sample-specific level and scale variation. The two normalisation stages are therefore
complementary: global normalisation stabilises the overall data distribution, and
RevIN ensures that each sample presented to the model has zero mean and unit
variance regardless of when in the series it was drawn. Table 3.2 summarises the
split sizes.

Table 3.2: Bike Sharing dataset split. All splits are chronological and non-overlapping;
the anchor datetime column indicates the first time step of each window’s lookback.

Split Windows First anchor Last anchor
Train 12,180 2011-01-01 00:00 2012-05-22 11:00
Validation 1,740 2012-05-24 12:00 2012-08-04 23:00
Test 3,481 2012-08-07 00:00 2012-12-30 00:00
Total 17,401

The Bike Sharing dataset is split chronologically into training, validation, and test
sets using a 70/10/20 ratio to prevent future information leakage.
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3.3.2 Telecom KPI Dataset

RAN KPIs typically exhibit daily and weekly seasonality reflecting human activity
patterns, but are also subject to abrupt deviations driven by load surges, configuration
changes, and external events [45]. Compared to the Bike Sharing dataset, this setting
differs along several axes: the time span is much shorter (about 87 days versus
24 months), the sampling frequency is higher (15 minutes versus 1 hour) and the
data’s behaviour is far more irregular and bursty. Additionally, it contains three
KPIs with distinct temporal structures. The dataset is used in Section 4.8 as an
external validity check for the best LLM configuration identified on the Bike Sharing
dataset; the four research questions are not re-evaluated here (see Subsection 3.5.1).

The Telecom KPI dataset, supplied by Ericsson, contains operational measurements
from Long Term Evolution (LTE) [46] and has a 15 minute frequency. The cells are
part of a Radio Access Network (RAN) [47], the layer of mobile infrastructure that
connects user devices to the operator’s core network through base stations and their
antennas [47]. Operators monitor the health of the RAN using Key Performance
Indicators (KPIs): metrics aggregated at regular intervals that quantify performance
dimensions such as throughput, latency, cell availability, and energy consumption.
In this dataset, each cell is observed on three KPIs: two data-rate KPIs covering the
downlink and uplink directions, and one latency KPI, giving 18 distinct time series
of 8,640 timestamps each, or 155,520 observations in total.

Each forecasting sample uses a lookback of L = 144 time steps (36 hours) and a
forecast horizon of H = 96 time steps (24 hours). Sliding windows are extracted for
each series with a stride of 8 (one window every two hours). Normalisation is applied
per KPI, with separate means and standard deviations fit on the training portion of
each KPI, shared across its six cells, placing the three KPIs in comparable numeric
ranges while preserving relative magnitudes between cells. The per-window RevIN
normalisation from Subsection 3.1.1 is applied inside the model as before. When
textual context is used, it follows the same template as the Bike Sharing sample-wise
prompt (Subsection 3.2.3): a dataset description, a task description, and an instance
description specifying the timestamp range, day-of-week partitioning, and hour
partitioning of each forecast window. The KPI prompt also includes a cell-specific
section providing information such as the cell identifier and its geographical location.
The literal prompt text is confidential and is not provided.

The 18 series (six cells across three KPIs) are forecast as 18 independent univariate
problems. A single model is trained on the union of all 18 series and applied to
each series at inference time, with the cell-specific section of the prompt providing
the only signal that distinguishes one cell from another. No information is shared
between cells or across KPIs during forecasting, and the model treats each (cell, KPI)
pair as its own forecasting task.

The dataset is split chronologically into training, validation, and test sets using
a 70/10/20 ratio over the full timeline. Sliding-window construction over the 18
series at a stride of 8 produces 18,378 candidate windows in total. Windows whose
lookback or forecast horizon crosses a split boundary are dropped to avoid leakage,
leaving 17,334 windows used in training and evaluation. Table 3.3 summarises the
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resulting split sizes.

Table 3.3: Telecom KPI dataset split. The full timeline is partitioned chronologically;
windows whose lookback or forecast horizon would cross a split boundary are dropped.

Split Windows First anchor Last anchor
Train 12,708 2025-02-01 00:00 2025-04-03 05:45
Validation 1,368 2025-04-04 05:45 2025-04-12 23:45
Test 3,258  2025-04-13 23:45 2025-04-30 11:45
Total 17,334

3.4 Baselines

Four baselines of increasing complexity are included to contextualise the LLM-based
results. For a detailed description of these baselines, we refer to Section 2.1.

Seasonal Naive: the simplest baseline exploits daily periodicity, each forecast step
copies the value from one day earlier, i.e. ;1 = x41p_p for h=1,... H, where P
is the number of samples per day. On the Bike Sharing dataset, P = 24 (hourly
sampling) and H = 48, so the forecast reproduces the most recent two daily cycles
from the lookback window. On the Telecom KPI dataset, P = 96 (15-minute
sampling) and H = 96, so the forecast reproduces the most recent daily cycle. This
captures the dominant diurnal pattern but cannot adapt to trends, day-of-week
effects, or irregular events. It requires no training.

DLinear: in our implementation of DLinear [23], input is decomposed into a trend
and a remainder (seasonal) component using a moving average with kernel size 25,
and a separate linear layer maps each component from L steps to H steps. The two
outputs are summed to produce the forecast (9,312 parameters).

LSTM: a 2-layer LSTM encoder [24], [25] (hidden size 64) reads the L-step input
sequentially and maps the final hidden state to an H-step forecast via a linear layer
(53,552 parameters). This provides a recurrent baseline that, unlike DLinear, can
capture non-linear temporal dependencies.

PatchTST: a Transformer encoder operating on patched time series input with
channel independence. PatchTST [21] trains its own Transformer from scratch
rather than repurposing a frozen LLM. With 474,928 parameters, it remains among
the top-performing pure time-series Transformer models. It serves as the primary
baseline for assessing whether the frozen LLM backbone adds value beyond what a
purpose-built architecture achieves.

3.5 Experimental Setup

This section specifies the experimental setup. We first list the eight LLM experiments
comprising the controlled ablation on the Bike Sharing dataset (Table 3.4). Subsection
3.5.1 then describes the narrower scope of the Telecom KPI case study, which re-trains
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only the best LLM configuration alongside the four baselines as an external validity
check. Subsection 3.5.2 details the training configuration, which is shared across all
experiments and both datasets.

Table 3.4 lists all eight LLM experiments. Each experiment addresses one or more
research questions by comparing it with other experiments using pairwise comparisons.

Table 3.4: List of experiments. Each experiment shares an identical architecture and
hyperparameters; only the prompt configuration and backbone scale differ.

ID Backbone Prompt variant Answers

E1l Qwen2.5-0.5B TS only Baseline

E2 Qwen2.5-0.5B Static context RQ1

E3 Qwen2.5-0.5B Sample-wise context RQ2

E4 Qwen2.5-0.5B Sample-wise context (shuffled) RQ3

E5 Qwen2.5-7B TS only RQ4, baseline
E6 Qwen2.5-7B Static context RQ1, RQ4
E7 Qwen2.5-7B Sample-wise context RQ2, RQ4

E8 Qwen2.5-7B Sample-wise context (shuffled) RQ3, RQ4

3.5.1 Scope on the Telecom KPI Dataset

The eight experiments in Table 3.4 are run on the Bike Sharing dataset only. On the
Telecom KPI dataset (Subsection 3.3.2), we re-train Qwen2.5-7B with sample-wise
context (ET7), the largest and most prompt-rich variant in Table 3.4, together with the
four baselines. The remaining seven prompt-by-scale combinations are not re-tested,
since the case study targets the narrower question of whether E7 generalises to
industrial data rather than re-running the full ablation on a second domain; the four
research questions of Chapter 1 are therefore answered using only the Bike Sharing
dataset. The case study reports E7 against the four baselines in Section 4.8, using
pooled and per-KPI metrics.

3.5.2 Training Configuration

All eight experiments are trained with identical hyperparameters. The peak learning
rate of (5 x 107°) was set based on preliminary trial runs to ensure it was in the
right order of magnitude. Because OneCycleLLR sweeps the learning rate through a
wide range during training, the peak value need not be precisely optimal for stable
convergence [48]. The same value was held fixed across all eight experiments to avoid
confounding prompt and backbone effects with per-configuration tuning. The batch
size of 16 is the maximum that fits in GPU memory for the largest configuration (7B
with sample-wise context). To ensure identical training conditions across all eight
experiments, the same batch size is used even for smaller configurations where larger
batches would fit in memory. The only difference between experiments is the prompt
configuration and backbone size.

The OneCycleLR scheduler ramps the learning rate from near zero to 5 x 107> over
the first 20% of training steps, then anneals it back to near zero over the remaining
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80%. All models are trained for 50 epochs; the checkpoint with the lowest validation
MSE is saved and used for the final test evaluation. The test set is evaluated only
once, after training completes, to prevent any leakage into model selection.

All models are trained on a single NVIDIA H100 GPU. The training configuration is
detailed in Table 3.5.

Table 3.5: Training hyperparameters, shared across all experiments.

Setting Value

Optimiser Adam [49]

Learning rate 5x 1075

LR scheduler OneCycleLR [48] (20% warmup)
Loss function MSE

Epochs 20

Batch size 16

Model selection Best validation MSE checkpoint

3.6 Evaluation Methodology

This section describes how forecasting performance is evaluated and compared
across models. In addition to reporting aggregate error metrics, the evaluation
uses statistical tests to assess whether the observed performance differences are
statistically significant.

3.6.1 Metrics

Two standard forecasting metrics are reported for all models:

noq H
MSE = — )
SE =~ ; i t:1 —yie)?, (3.9)
noq H
MAE = — i 3.10
IS IE] (3.10)

where n is the number of test windows (3,481 for the Bike Sharing dataset, 3,258 for
the Telecom KPI dataset), g is the predicted value, and y;; is the ground truth.
Metrics are computed on normalised values: the Bike Sharing dataset uses the global
z-normalisation described in Subsection 3.3.1, while the Telecom KPI dataset uses
the per-KPI normalisation described in Subsection 3.3.2, ensuring that the three
KPIs contribute comparably to pooled metrics.

3.6.2 Diebold-Mariano Test

Aggregate metrics provide point estimates of model performance but do not indicate
whether differences between models are statistically significant. To make rigorous
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pairwise claims, model pairs are compared using the Diebold-Mariano (DM) test
with Newey-West HAC standard errors (Subsection 2.4.1, Subsection 2.4.2). The loss
function L is squared error, averaged over the H forecast steps. Because the sliding-
window stride means that consecutive test windows share most of their forecast
horizon, the Newey-West lag truncation parameter is set to £ = [H/s| — 1 (where s
is the sliding-window stride), so that only windows with non-overlapping forecast
horizons are treated as approximately independent. This gives £ = 47 on the Bike
Sharing dataset (H =48, s = 1) and ¢ = 11 on the Telecom KPI dataset (H = 96,
s = 8; see Subsection 3.3.2).

3.6.3 Pairwise Comparisons

Fourteen pairwise Diebold-Mariano (DM) tests are conducted. Table 3.6 lists the ten
within-LLM comparisons covering all four research questions. The remaining four
tests compare each baseline (Seasonal Naive, DLinear, LSTM, PatchTST) against
the strongest LLM variant, as determined by the results in Chapter 4.

Table 3.6: Pairwise DM test comparisons among the eight LLM experiments.

Comparison Tests RQ
Within 0.5B

E1 vs. E2 TS only vs. Static context RQ1
E1 vs. E3 TS only vs. Sample-wise context RQ2
E2 vs. E3 Static context vs. Sample-wise context RQ2

E4 vs. E3 (Shuffled) Sample-wise context vs. Sample-wise context RQ3

Within 7B

E5 vs. E6 TS only vs. Static context RQ1, RQ4
E5 vs. E7 TS only vs. Sample-wise context RQ2, RQ4
E6 vs. E7 Static context vs. Sample-wise context RQ2, RQ4

E8 vs. E7 (Shuffled) Sample-wise context vs. Sample-wise context RQ3, RQ4

Cross-scale
E1 vs. E5 TS only: 0.5B vs. 7B RQ4
E3 vs. E7 Sample-wise context: 0.5B vs. 7B RQ4

All tests are two-sided with significance assessed at a = 0.05. In Chapter 4, sig-
nificance levels are denoted as follows: * for p < 0.05, ** for p < 0.01, and *** for
p < 0.001.

No multiple-comparison correction (e.g. Bonferroni [50]) is applied. The fourteen
tests are not independent, they share overlapping test windows and models, and
the comparisons are structured by the four research questions rather than being
exploratory. Nonetheless, results near the significance threshold (particularly p-values
between 0.01 and 0.05) should be interpreted with caution, as they might not survive
a conservative multiplicity adjustment.

The same Diebold-Mariano procedure with Newey-West HAC standard errors is
applied to the Telecom KPI case study in Section 4.8, comparing the re-trained
ET7 against each of the four baselines, both pooled across KPIs and per KPI. The
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Newey-West lag for that dataset (¢ = 11) follows from the same [H/s| — 1 rule used
here.

3.6.4 Significant Date Subset Analysis

To investigate whether performance differences between the LLM variants and
PatchTST are concentrated on specific types of samples, the DM test is additionally
run on two subsets of the test data:

1. Significant dates: a test window is active on a significant date if any
timestamp belonging to that date falls within its H-hour forecast horizon.
Seven significant dates are defined for the test period (Washington, D.C., 2012):
Labour Day (3 Sep), 9/11 Memorial (11 Sep), Columbus Day (8 Oct), Veterans
Day (12 Nov), Thanksgiving (22 Nov), Christmas Eve (24 Dec), and Christmas
Day (25 Dec) [51]. Each individual date is active for 71 windows; after taking
the union and deduplicating windows that overlap consecutive significant dates
(primarily Christmas Eve and Christmas Day), this yields 450 of n = 3,481
test windows.

2. Normal dates: the remaining 3,031 test windows whose forecast horizon does
not overlap any significant date.

For each subset, a separate DM test is conducted on the MSE-based loss differentials.
The same Newey-West lag (¢ = 47) is used for both subsets. Because significant-
date windows cluster around specific calendar periods rather than being uniformly
distributed across the test set, the autocorrelation structure within this subset differs
from that of the full test set, and the HAC correction may not fully account for the
dependence. Results from the significant-date subset should therefore be interpreted
with appropriate caution. This analysis tests the hypothesis that textual context is
most informative when demand deviates from regular weekly patterns.
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Results

This chapter presents the experimental results on the Bike Sharing dataset, except
for Section 4.8, which applies the best LLM configuration to the Telecom KPI dataset
as a case study. Section 4.1 summarises the performance of all models. Section 4.2
through Section 4.5 address each research question in turn. Section 4.6 compares
the LLM variants against the baselines, and Section 4.7 examines performance on
significant dates. All reported p-values are from two-sided Diebold-Mariano tests
with Newey-West HAC standard errors (Subsection 3.6.2).

4.1 Overview of Results

Table 4.1 summarises the test set performance of all twelve models: eight LLM
experiments (E1-ES8), three trained baselines (DLinear, LSTM, PatchTST), and
one non-parametric baseline (Seasonal Naive). All metrics are computed on the
normalised values defined in Subsection 3.6.1.

Table 4.1: Results for all models on the Bike Sharing test set. The best result in
each metric column is shown in bold.

Backbone Prompt variant ID Test MSE Test MAE
Qwen2.5-0.5B TS only El 0.3720 0.4017
Qwen2.5-0.5B  Static context E2 0.3728 0.4034
Qwen2.5-0.5B  Sample-wise context E3 0.3661 0.3994
Qwen2.5-0.5B  Sample-wise context (shuffled) E4 0.3785 0.4071
Qwen2.5-7B TS only E5 0.4333 0.4457
Qwen2.5-7B Static context E6 0.4162 0.4280
Qwen2.5-7B Sample-wise context E7 0.3562 0.3933
Qwen2.5-7B Sample-wise context (shuffled) ES8 0.4235 0.4341
Baselines

Seasonal Naive — — 1.4386 0.7777
DLinear — — 0.7188 0.5855
LSTM — — 0.4728 0.4607
PatchTST — — 0.3805 0.4082

Figure 4.1 provides a visual comparison. Several patterns are immediately apparent.
First, all LLM variants and PatchTST substantially outperform the simpler baselines
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(Seasonal Naive, DLinear, and LSTM). Second, the 0.5B experiments (E1-E4) cluster
tightly between 0.366 and 0.379, whereas the 7B experiments (E5-E8) span a much
wider range from 0.356 to 0.433. Third, the best overall model is E7 (7B with
sample-wise context), while the worst LLM variant is E5 (7B without any textual
context), both from the larger backbone.

Figure 4.2 shows the training and validation MSE over the 50-epoch training budget.
Most training curves show smooth loss reduction with no signs of overfitting. Some
configurations exhibit transient spikes during the learning-rate warm-up in early
epochs, the most noticeable being E5 (7B TS only), before recovering and converging
normally.

Table 4.2 reports the computational cost of each experiment. Adding context tokens
substantially increases both memory usage and training time, particularly at the 7B
scale, where sample-wise context requires roughly 11x longer per epoch and nearly
twice the VRAM compared to TS-only.

Table 4.2: Computational cost per experiment. Shuffled variants (E4, E8) are
identical to their sample-wise counterparts and omitted.

ID Backbone Prompt variant Time/epoch [min] Peak VRAM [GB|
E1l Qwen2.5-0.5B TS only 0.6 5.5
E2 Qwen2.5-0.5B Static context 1.6 9.0
E3 Qwen2.5-0.5B Sample-wise context 2.6 12.4
E5 Qwen2.5-7TB TS only 3.0 37.6
E6 Qwen2.5-7B Static context 18.9 54.8
E7 Qwen2.5-7B Sample-wise context 32.4 71.1
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Figure 4.2: Training (dashed) and validation (solid) MSE over 50 epochs for the
Qwen2.5-0.5B variants (a) and the Qwen2.5-7B variants (b).
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Figure 4.3: Validation MAE over 50 epochs for the Qwen2.5-0.5B variants (a) and
the Qwen2.5-7B variants (b).

4.2 RQ1: Static Prompt Effect

Does a fixed dataset-level description improve forecasting performance compared to
using the time series alone?

Table 4.3 shows the DM test results for adding static context at each backbone scale.

Adding static context has no significant effect at either backbone scale. At 0.5B,
static context marginally worsens the MSE (0.3720 to 0.3728), whereas at 7B it
marginally improves the MSE (0.4333 to 0.4162). Neither change is statistically
significant. A fixed domain description identical across all samples provides no
information beyond what the model can already learn from the time-series patterns.
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Table 4.3: DM test results for RQ1. A positive statistic indicates that the prompted
variant has lower loss.

Comparison Test DM stat. p-value
El vs E2 0.5B: TS only vs static —0.167 0.868
E5 vs E6 7B: TS only vs static ~ +1.050 0.294

4.3 RQ2: Sample-wise Context Effect

Does sample-wise contextual text improve performance compared to a static prompt
or no prompt?

Table 4.4 shows the DM test results for adding sample-wise context at each backbone
scale, compared against both the TS-only and static-context baselines.

Table 4.4: DM test results for RQ2. A positive statistic indicates that the sample-wise
variant has lower loss.

Comparison Test DM stat. p-value
El vs E3 0.5B: TS only vs sample-wise +1.038 0.299
E2 vs E3 0.5B: static vs sample-wise +1.584 0.113
E5 vs E7 7B: TS only vs sample-wise +5.763 <0.001
E6 vs E7 7B: static vs sample-wise +4.654 <0.001

kokk

kokk

The effect of sample-wise context is scale-dependent. At 0.5B, sample-wise context
shows a directional improvement (MSE decreases from 0.3720 to 0.3661), but the
difference is not statistically significant. At 7B, sample-wise context produces a large,
highly significant improvement: compared to TS only, MSE drops from 0.4333 to
0.3562 (an 18% reduction, p < 0.001); compared to static context, MSE drops from
0.4162 to 0.3562 (a 14% reduction, p < 0.001).

The 7B model with sample-wise context (E7) achieves the best performance among
all variants across both scales. This is particularly striking because the 7B backbone
performs worst without context (E5, MSE = 0.4333). Figure 4.4 illustrates this on
three Bike Sharing test windows: panels (a) and (b) are windows where sample-wise
context improves noticeably over TS only, while panel (¢) is randomly drawn.
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Figure 4.4: Forecast comparison of E5 (Qwen2.5-7B, no context) and E7 (Qwen2.5-
7B, sample-wise context) on three test windows from the Bike Sharing dataset. (a)
and (b) are windows where sample-wise context produces visibly more accurate
forecasts; (c) is a randomly drawn comparator.

4.4 RQ3: Semantic Content vs. Token Condition-
ing

Does the content of the sample-wise context matter, or does any text prefix act as a

generic conditioning signal?

The correctly paired sample-wise context is compared against the shuffled ablation
at each backbone scale in Table 4.5.

Table 4.5: DM test results for RQ3. A positive statistic indicates that the correctly
paired variant has lower loss.

Comparison Test DM stat. p-value
E4 vs E3 0.5B: shuffled vs correct +1.845 0.065
E8 vs E7 7B: shuffled vs correct 4-5.269 <0.001™

At 0.5B, the shuffled context (E4, MSE = 0.3785) performs marginally worse than
the correctly paired context (E3, MSE = 0.3661), with p = 0.065, close to the
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significance threshold but not crossing it. This is consistent with RQ2: the 0.5B
backbone does not fully leverage textual context, regardless of whether the context
is correct or shuffled.

At 7B, the correctly paired context (E7, MSE = 0.3562) significantly outperforms the
shuffled version (E8, MSE = 0.4235), with p < 0.001. Shuffling the context, breaking
the correspondence between each time series window and its calendar description,
degrades performance to the level of the static-context variant (E6, MSE = 0.4162).
This indicates that mismatched sample-wise text provides roughly the same benefit as
generic text, and no more. The results are consistent with the model conditioning on
the specific calendar information in the prompt; when that information is incorrect,
the benefit disappears. Figure 4.5 shows three Bike Sharing test windows: panels (a)
and (b) are windows where correctly paired context outperforms shuffled context
noticeably, while panel (c¢) is randomly drawn.
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Figure 4.5: Forecast comparison of E8 (Qwen2.5-7B, shuffled context) and ET7
(Qwen2.5-7B, sample-wise context) on three test windows from the Bike Sharing
dataset. (a) and (b) are windows where the mismatched calendar information
degrades the shuffled variant’s forecast; (c) is a randomly drawn comparator.
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4.5 RQ4: Backbone Scale Interaction

How does the size of the frozen LLM backbone interact with the effect of textual
context?

Table 4.6 compares the two backbone scales under matched prompt configurations.

Table 4.6: DM test results for RQ4. A positive statistic indicates that the 7B variant
has lower loss.

Comparison Test DM stat. p-value
El vs E5 TS only: 0.5B vs 7B —7.630 <0.001
E3 vs ET Sample-wise: 0.5B vs 7B 4+1.099 0.272

EFF3

Without textual context, the 0.5B model significantly outperforms the 7B model
(MSE 0.3720 vs 0.4333, p < 0.001). The larger backbone’s additional capacity is not
beneficial and is even harmful when the model receives only time-series input. With
sample-wise context, the 7B model closes the gap entirely: the difference between
0.5B (MSE = 0.3661) and 7B (MSE = 0.3562) is no longer significant (p = 0.272),
and the 7B point estimate is the lowest of all variants.

Figure 4.6 visualises this interaction. The 0.5B backbone is relatively insensitive to
the context configuration, while the 7B backbone spans the full range from worst to
best depending on the textual input it receives.

Backbone
0.44 4 0.433 = Qwen2.5-0.5B
B Qwen2.5-7B

0.423

MSE (hormalised)

TS only Static Sample-wise Shuffled

Figure 4.6: Interaction between backbone scale and context configuration.

4.6 Baseline Comparison

Table 4.7 reports the DM test results comparing each baseline against the best LLM
variant (E7, 7B with sample-wise context).
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Table 4.7: DM test results comparing baselines against E7 (7B sample-wise). A
positive statistic indicates that E7 has lower loss.

Baseline MSE E7 MSE DM stat. p-value
Seasonal Naive 1.4386 0.3562  +12.627 <0.0017
DLinear 0.7188 0.3562  +13.475 <0.001™"
LSTM 0.4728 0.3562  +4.605  <0.001™""
PatchTST 0.3805 0.3562  +1.578  0.115

All LLM variants significantly outperform Seasonal Naive, DLinear, and LSTM
(p < 0.001). The comparison with PatchTST is more nuanced: ET7 achieves a
lower point estimate (MSE 0.3562 vs 0.3805), but the difference is not statistically
significant (p = 0.115). On aggregate metrics, the LLM-based approach matches but
does not clearly outperform a purpose-built time-series Transformer. However, as
the next section shows, this aggregate view masks an important distinction between
different types of test samples.

4.7 Significant Date Analysis

The aggregate comparison between E7 and PatchTST is not significant (p = 0.115).
However, sample-wise context should be most valuable on dates when demand
deviates from regular weekly patterns, holidays and special events that the frozen
LLM may recognise from its pretraining data. To test this, the 3,481 test windows are
partitioned into two subsets as defined in Subsection 3.6.4: significant-date windows
whose forecast horizon overlaps with a calendar event (n = 450), and normal-date
windows that do not (n = 3,031). A separate DM test is run on each subset.

Table 4.8 shows that the advantage of sample-wise context is concentrated on
significant-date windows. On normal dates, E7 and PatchTST perform comparably
(p = 0.384). On significant dates, E7 reduces MSE by 18.4% relative to PatchTST
and the difference is significant (p = 0.043). The corresponding reduction on normal
dates is 3.7%.

Table 4.8: DM test results comparing E7 (7B sample-wise) against PatchTST on
significant-date and normal-date subsets. A positive statistic indicates that E7 has
lower loss.

Subset n E7 MSE PatchTST MSE DM stat. p-value
Significant dates 450 0.4605 0.5644 +2.026 0.043"
Normal dates 3,031  0.3407 0.3539 +0.871 0.384

Table 4.9 breaks the significant-date result down by individual date. The effect
is heterogeneous rather than uniform: E7 produces large MSE reductions on 9/11
Memorial, Christmas Eve, Christmas Day, and Labor Day; performs comparably on
Thanksgiving; and is outperformed by PatchTST on Veterans Day and Columbus
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Day. The strongest gains occur on well-known dates associated with disruptions
to daily routines, while the negative results suggest that mismatched or weakly
informative context can hurt as well as help. We return to this heterogeneity in

Subsection 5.1.3.

Table 4.9: Per-date MSE reduction of E7 relative to PatchTST on the seven significant

dates. A positive MSE reduction indicates that E7 has lower loss.

9/11 Memorial 71
Christmas Eve 71
Christmas Day 71
Labor Day 71
Thanksgiving 71
Veterans Day 71

Date n E7MSE PatchTST MSE MSE reduction
0.1914 0.4653 +58.87%
0.4141 0.7550 +45.15%
0.3687 0.6383 +42.24%
0.3894 0.5233 +25.59%
0.7671 0.7757 +1.12%
0.4590 0.4227 —8.59%
0.6427 0.5293 —21.41%

Columbus Day 71

Figure 4.7 shows forecast comparisons on three significant-date windows.

—— History

1000

---- Ground truth

8001

600 -

400

Bike rentals [count]

A
200 A l‘ f
|

PatchTST

1000

800 -

Bike rentals [count]

200 -

Sample-wise

600

400 -

AN b
A

X
. VN

60 80 100 120
Time step

(b) Tue 18 Dec 2012, 06:00.

|
W\ A
ol M-V V. r | ol —
0 20 40 60 80 100 120 140 0 20 40
Time step
(a) Wed 05 Sep 2012, 20:00.
1000
. 8001
=
c
3
o
L 600 A
(%)
E )
@ 400 £
v A A
@ : /i
200 P 2 |
4 1
\ j
0 7 \3 a
0 20 40 60 80 100 120 140
Time step

(¢) Mon 19 Nov 2012, 11:00.

140

Figure 4.7: Forecast comparison of PatchTST and E7 (Qwen2.5-7B, sample-wise
context) on three significant-date windows from the Bike Sharing dataset. (a) covers
9/11 memorial week; (b) covers Christmas Eve week and (c) covers Thanksgiving

week.
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4.8 Case Study: Telecom KPI Forecasting

This section presents a case study of the best LLM configuration from Section 4.5
on the Telecom KPI dataset described in Subsection 3.3.2. The configuration is E7
(Qwen2.5-7B with sample-wise context, as defined in Table 3.4); we refer to it as
E7 throughout this section. As stated in Subsection 3.5.1, only E7 is re-trained on
the KPI data; the four research questions are not re-tested here. The same four
baselines (Seasonal Naive, DLinear, LSTM, and PatchTST) are re-trained using
the procedure described in Subsection 3.5.2, and evaluated on the same 3,258 test
windows. The training and validation loss curves for E7 on the KPI data are provided
in Section A.3.

Table 4.10 reports pooled test MSE and MAE across the 3,258 test windows. Pooled
metrics use normalised values from the per-KPI scaler described in Subsection 3.3.2,
placing all three KPIs on a comparable scale.

Table 4.10: Pooled test performance on the Telecom KPI dataset. Metrics are
computed on per-KPI normalised values. The best result in each column is shown in
bold.

Model Test MSE  Test MAE
Seasonal Naive 1.1741 0.7338
DLinear 0.7129 0.5922
LSTM 0.7167 0.5945
PatchTST 0.6762 0.5772
E7 0.6785 0.5686

The two Transformer-based models, PatchTST and E7, perform comparably on
pooled metrics: PatchTST achieves the lowest MSE (0.6762 vs. 0.6785) while E7
achieves the lowest MAE (0.5686 vs. 0.5772). Both achieve lower MSE and MAE
than Seasonal Naive, DLinear, and LSTM.

Since the three KPIs differ in physical interpretation, scale, and shape, we also report
per-KPI MSE and MAE on the same normalised scale, see Table 4.11.

Table 4.11: Per-KPI test performance on the Telecom KPI dataset. Each column
uses the KPI-specific normaliser fit on the training set. The best result in each
column is shown in bold.

DL rate UL rate Latency
Model MSE MAE MSE MAE MSE MAE
Seasonal Naive 1.2459 0.7430 0.9649 0.5909 1.3114 0.8674
DLinear 0.7639 0.5960 0.5626 0.4853 0.8130 0.6951
LSTM 0.7829 0.6123 0.5273 0.4642 0.8408 0.7069
PatchTST 0.7146 0.5784 0.5311 0.4732 0.7840 0.6801
E7 0.7110 0.5683 0.5215 0.4490 0.8036 0.6884
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E7 has the lowest MSE and MAE on both data-rate KPIs; PatchTST has the lowest
on latency. Figure 4.8 visualises the per-KPI breakdown.
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Figure 4.8: Per-KPI test MSE (a) and MAE (b) for the five models across the three
KPIs, on the per-KPI normalised scale.

The same Diebold-Mariano procedure used in Section 4.6 is applied to the KPI test
set. As specified in Subsection 3.6.2, the Newey-West lag is £ = 11 on this dataset,
since H = 96 and the sliding stride is s = 8. Table 4.12 reports each baseline against
E7, per KPI subset and pooled.

Against the three weakest baselines (Seasonal Naive, DLinear; LSTM), E7 achieves
notably better performance in almost every case, with only two non-significant cases
(DLinear on latency, LSTM on uplink rate). Against PatchTST we have mixed
results: E7 significantly outperforms PatchTST on uplink rate (p = 0.003) while
PatchTST is significantly better on latency (p = 0.020), the two are statistically
indistinguishable in regards to downlink rate. There is also no significant difference
in performance across all KPIs when pooled.

Figure 4.9 shows one randomly selected test window for each of the two data-rate
KPIs, and Figure 4.10 shows one for the latency KPI, in both cases comparing
PatchTST and E7.
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Table 4.12: Diebold-Mariano test results comparing each baseline against E7 on the
Telecom KPI dataset. A positive DM statistic indicates that E7 has lower loss.

Baseline DM stat. p-value
DL rate
Seasonal Naive +7.526 <0.001""
DLinear +5.809  <0.001™"
LSTM +8.994  <0.0017"
PatchTST +0.475  0.635
UL rate
Seasonal Naive +11.321  <0.001"
DLinear +7.827  <0.001™"
LSTM +1.547  0.122
PatchTST +2.992  0.003"
Latency
Seasonal Naive +16.639 <0.001""
DLinear +1.214  0.225
LSTM +3.070  0.002""
PatchTST —2.335  0.020°
Pooled
Seasonal Naive +17.087 <0.001""
DLinear +7.689  <0.0017"
LSTM +7.292  <0.0017"
PatchTST —0.525  0.600
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Figure 4.9: Forecast comparison of PatchTST and E7 (Qwen2.5-7B, sample-wise
context) on the two data-rate KPIs of the Telecom KPI dataset, each a single
randomly selected test window. (a) shows downlink rate and (b) uplink rate.
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Discussion and Conclusion

5.1 Discussion

This section interprets the experimental results and relates them to the broader
question of when textual context is useful in LLM-based time series forecasting. The
discussion first summarises the main findings, then examines the interaction between
backbone scale and textual context, the conditions under which the LLM-based
model offers an advantage, its transferability to industrial KPI data, the study’s
main limitations, and its relation to prior work.

5.1.1 Summary of Findings

This thesis investigated the role of textual context in LLM-based time series forecast-
ing through a systematic ablation study across four context configurations and two
backbone scales. The results are summarised below, organised by research question.

Analysis of the static prompt effect (RQ1) indicates that a fixed dataset-level
description does not significantly improve forecasting performance at either backbone
scale (0.5B: p = 0.868; 7B: p = 0.294). The static context is identical across all
samples: describing the dataset, the target variable, and the measurement frequency.
The null result suggests that a fixed domain description contributes no information
beyond what the model can already infer from the time-series patterns alone.

Analysis of the sample-wise context effect (RQ2) indicates that sample-wise textual
context significantly improves forecasting performance at the 7B scale. At 0.5B,
the improvement is directional but not statistically significant (p = 0.299). At 7B,
sample-wise context reduces MSE by 18% compared to TS only (p < 0.001) and by
14% compared to static context (p < 0.001), transforming the 7B backbone from the
worst-performing variant (E5, MSE = 0.4333) to the best (E7, MSE = 0.3562).

Analysis of semantic content versus token conditioning (RQ3) suggests that the
semantic content of the sample-wise context matters, rather than the text functioning
merely as a generic conditioning signal. At 7B, shuffling the context, breaking
the correspondence between each time-series window and its calendar description,
significantly degrades performance (p < 0.001), returning MSE to the level of static
context (E8: 0.4235 vs E6: 0.4162). At 0.5B, the difference between shuffled and
correct context is marginally non-significant (p = 0.065), consistent with the smaller
backbone’s limited ability to leverage textual input in either case. At the 7B scale,
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these results rule out the possibility that any text prefix acts as a generic conditioning
signal: the content of the prompt matters, not just its presence.

Analysis of the backbone scale interaction (RQ4) reveals a clear interaction between
backbone scale and textual context. Without text, the 0.5B backbone significantly
outperforms the 7B backbone (p < 0.001); with sample-wise context, the difference
is no longer significant (p = 0.272), and the 7B point estimate is the lowest overall.
The 0.5B backbone is relatively insensitive to the context configuration, with MSE
ranging from 0.366 to 0.379 across the four variants. The 7B backbone, by contrast,
spans the full range from worst to best (0.433 to 0.356) depending on the textual
input. Scaling the backbone is only beneficial when paired with informative textual
context, without it, the larger frozen representation space becomes a liability for the
trainable reprogramming layer.

The overall comparison between the best LLM variant (E7) and PatchTST is not
significant (p = 0.115), but partitioning the test set reveals a clear conditional
advantage. On the 450 significant-date windows, E7 reduces MSE by 18.4% relative
to PatchTST (p = 0.043); on the remaining 3,031 normal-date windows, the corre-
sponding reduction is 3.7%, and the two models are statistically indistinguishable
(p = 0.384). The per-date breakdown is heterogeneous: large MSE reductions on 9/11
Memorial, Christmas Eve, Christmas Day, and Labor Day, comparable performance
on Thanksgiving, and small negative results on Veterans Day and Columbus Day.

5.1.2 How Does Scale Interact with Text?

The most striking result of this study is a crossover interaction between backbone
scale and textual context. Without textual input, the 7B backbone is significantly
worse than the 0.5B backbone (p < 0.001). Adding a static dataset description
marginally narrows this gap: the 0.5B backbone is unaffected, and the 7B backbone
improves slightly but not significantly (p = 0.294). Sample-wise calendar context
reverses the relationship entirely. At 7B, sample-wise context reduces MSE by 18%
over no context (p < 0.001) and by 14% over static context (p < 0.001), transforming
the 7B backbone from the worst LLM variant to the best. At 0.5B, the same sample-
wise context produces only a small directional improvement that is not statistically
significant. The 0.5B backbone is in fact insensitive to the configuration of textual
context in general: its MSE ranges from 0.366 to 0.379 across the four prompt variants,
compared with 0.356 to 0.433 for the 7B backbone, which is roughly six times more
responsive to what kind of prompt it receives. The 7B model also distinguishes
correctly paired from shuffled sample-wise context significantly (p < 0.001), whereas
the 0.5B model is marginally indistinguishable on the same comparison (p = 0.065).

Our interpretation of these results rests on three established facts about LLMs.
First, pretrained LLMs encode substantial factual and structural knowledge in their
parameters, accessible at inference time without further training [6]. Second, larger
LLMs of the same family encode more of this knowledge than smaller ones [20].
Third, natural-language tokens enter the LLM through its own frozen tokeniser and
embedding table (Subsection 3.1.4), so they evoke the same internal representations
the model learned during pretraining, while reprogrammed numerical tokens do
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not have this property. Together, these facts suggest a single mechanism. Without
textual context, the trainable reprogramming layer must, on its own, construct token
sequences that the frozen LLM processes usefully. This is plausibly harder at 7B than
at 0.5B because the larger embedding space (3,584 dimensions versus 896) offers more
directions to navigate from the training signal alone, which is consistent with the 7B-
TS configuration underperforming the 0.5B-TS configuration. When a sample-wise
prompt is prepended, the natural-language tokens evoke representations the LLM
has organised during pretraining, and through causal attention [27] the subsequent
patch tokens can attend to whatever the prompt activated. The asymmetry between
the two scales then follows naturally. The 7B model has organised more nuanced
pretrained knowledge than the 0.5B model, for example finer-grained distinctions such
as “Thursday December 25”7 (Christmas Day) being distinct from other Thursdays
in December. This is consistent with both the larger effect of correct sample-wise
context at 7B and the larger penalty for shuffled context at 7B; the same activation
mechanism appears available at 0.5B in principle, but the smaller backbone offers
less pretrained knowledge for the prompt to activate.

5.1.3 The Situational Advantage: When LLMs Help

On aggregate metrics, the best LLM variant (E7) does not significantly outperform
PatchTST [21] (p = 0.115). By only comparing headline MSE numbers, one might
reasonably conclude that repurposing a 7-billion-parameter frozen language model
offers no advantage over a purpose-built time-series Transformer with fewer than 500K
parameters. However, the analysis of significant dates reveals that this conclusion is
incomplete.

On the 3,031 normal-date windows, E7 reduces MSE by 3.7% relative to PatchTST,
and the two models are statistically indistinguishable (p = 0.384). However, on
the 450 significant-date windows, E7 reduces MSE by 18.4%, and the difference is
significant (p = 0.043). The LLM’s advantage is situational: it is concentrated on
samples where demand deviates from patterns learnable from historical data alone.

These results suggest that the value proposition of LLM-based forecasting is not
to replace specialised models for routine predictions, but to complement them for
irregular events where purely pattern-based approaches struggle, and where the
relevant kind of irregularity is encoded in the LLM’s pretraining. Such domains
include retail demand around major holidays, energy load during extreme weather,
and transport demand during public events. In each, this selective advantage could
be practically significant even if aggregate metrics show no overall improvement.

5.1.4 Generalisation to Industrial KPI Data

The Telecom KPI case study (Section 4.8) provides a modest external validity check
rather than a replication of RQ1-RQ4: only the best configuration (E7) is re-trained,
and the four research questions are not re-tested in this domain. The interpretation
below therefore concerns whether the architecture and training recipe remain viable
in a different setting, not whether the prompt-content and scale findings carry over.
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On pooled metrics, E7 and PatchTST are statistically indistinguishable (p = 0.60),
as on the Bike Sharing dataset (p = 0.115 in Section 4.6). Per KPI subset, E7 is
significantly more accurate than PatchTST on uplink rate (p = 0.003), statistically
indistinguishable on downlink rate, and significantly less accurate on latency (p =
0.020). The pooled result indicates that the frozen-LLM architecture remains
competitive when applied to a domain with a higher sampling frequency (15 minutes
vs. 1 hour), a longer lookback (144 vs. 96 time steps), and a longer forecast horizon
(96 vs. 48 time steps) than the Bike Sharing setting.

The mixed per-KPI picture is harder to interpret. The Bike Sharing RQ3 result
(Section 4.4) showed that mismatched or uninformative text can degrade performance
rather than improve it, suggesting that the prompt content is more predictive of
uplink rate than of downlink rate or latency in this dataset. Confirming this would
require re-running the four-context ablation on KPI data, which lies outside the
scope of this thesis.

5.1.5 Limitations

Several limitations constrain the generalisability of these findings. First, the controlled
ablation is conducted on a single dataset and uses a single source of sample-wise
text. Second, only a single LLM family is considered. Third, each experiment is
trained once, so the differences between configurations are not separated from the
variance across training runs.

The controlled ablation that answers RQ1-RQ4 is conducted on the Capital Bikeshare
hourly series [52], using calendar metadata derived from each window’s timestamps
as the sample-wise text. Calendar metadata is one specific kind of informative text,
chosen because it is easy to generate and plausibly aligned with the LLM’s pretrained
knowledge of dates and weekdays. Other text types, such as weather forecasts, event
listings, free-form descriptions, or operational telemetry, differ in length, structure,
and the extent to which they are represented in pretraining, and may interact with
the reprogramming layer and backbone scale differently. The findings therefore
establish that the mechanism works for one dataset and one kind of sample-wise text,
but not that it generalises across the broader space. The Telecom KPI case study
provides a limited check on the transferability of the architecture and training recipe,
but does not address whether the prompt-content and scale findings replicate.

Only Qwen2.5 is used as the frozen backbone, at two scales (0.5B and 7B). The
observed scale interaction, namely that larger backbones benefit more from textual
context, may therefore not generalise across LLM families. Models with different
pretraining corpora, tokenisation schemes, or architectural choices, such as mixture-
of-experts architectures, could respond differently to prompt conditioning. The two
scales evaluated also leave open whether the pattern extends to intermediate model
sizes, such as 1.5B or 3B, or instead saturates beyond 7B.

Finally, each experiment in this thesis is run once, with a single training seed and a
single train/validation/test split. The Diebold-Mariano tests account for variance
across test windows but not for variance across training runs. Several of the reported
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differences between configurations are small in absolute terms (test MSE values
cluster in a 0.06 range across the eight LLM variants), so a fraction of that range
could plausibly be attributable to seed-level variation. The large effects reported in
this thesis — the 18% MSE reduction from sample-wise context at 7B, the shuffled-
vs-correct gap at 7B, and the 0.5B-vs-7B crossover — are unlikely to be artefacts
of a single seed given their magnitude and statistical strength. Smaller differences,
particularly the non-significant 0.5B comparisons and the marginal significant-date
result, should be interpreted with this in mind.

5.1.6 Relation to Prior Work

The relationship between our findings and prior work depends strongly on the
backbone scale. At the smaller scales used in earlier studies, our results are largely
consistent with those reported. At the 7B scale, our results diverge from several
prior conclusions, in ways the remainder of this subsection examines in detail.

Niu et al. [16] showed that replacing meaningful prompts with random text does not
degrade forecasting accuracy at small backbone scale (GPT-2 and truncated LLaMA),
and argued that prompts function as implicit adapters rather than conveying semantic
information. At small scale and with static prompts, our results are consistent with
theirs: replacing the no-prompt configuration with a static dataset description
produces no significant improvement at either 0.5B or 7B (E1 vs E2, E5 vs E6), and
our shuffled-context comparison at 0.5B is marginally non-significant (p = 0.065).
At 7B, however, our sample-wise experiments contradict their hypothesis. Correctly
paired calendar context significantly outperforms shuffled context (E8 vs E7, p <
0.001), holding the number of tokens and trainable parameters fixed. The content of
the text is therefore doing real work when the backbone is large enough to use it,
which is the opposite of what their adapter framing predicts.

The architectural differences between our setup and theirs help explain why their
hypothesis is likely incomplete rather than simply wrong. Niu et al’s adapter framing
rests on the observation that prompts coincide with the introduction of learnable
parameters: in their setup, replacing one prompt with another changes both the
input the LLM sees and the parameters available to adapt to it, so the two effects are
confounded. In our architecture this confound is removed. Prompt token embeddings
are looked up from the LLM’s frozen vocabulary embedding table and used as-is
(Subsection 3.1.4); they are not trainable. The trainable components, vocabulary
mapping, reprogramming cross-attention, patch embedding, and output projection,
are identical across the four prompt configurations, varying only in what they receive
as input. When the sample-wise variant at 7B significantly outperforms the no-
prompt, static-prompt and shuffled-prompt variants, there is no additional learnable
adapter to credit. The only thing that changes between configurations is the textual
information the frozen LLM receives. The adapter framing predicts no difference; we
observe a large one. The simplest reading is that the adapter mechanism is real for
the setups Niu et al. tested, but is not the full story: at sufficient scale, the content
of the textual signal contributes independently of any capacity it might carry.

Tan et al. [17] showed that replacing pretrained LLM backbones with randomly

49



5. Discussion and Conclusion

initialised Transformers yields comparable forecasting performance, and concluded
that the pretrained representations are not essential for time series forecasting. Our
TS-only results at 7B are compatible with this: without textual context, the 7B
backbone performs worse than the 0.5B backbone, suggesting that the additional
pretrained capacity provides no benefit when the model receives only numerical
input. However, Tan et al. also recommended that LLM-based methods focus on
“multimodal applications that require textual reasoning.” Our results are in line
with this recommendation: with sample-wise calendar context, the 7B backbone
becomes the best-performing variant, and its advantage is concentrated on holidays
and special events where semantic reasoning about dates is most informative. The
pretrained representations are useful, but only when the prompt elicits the relevant
knowledge.

Jin et al. [13] report that removing the Prompt-as-Prefix degrades average MSE by
over 8%, and their ablations attribute this gain to two static-prompt components: 1)
clear task instructions and 2) a dataset description, netting MSE reductions of 7.7%
and 9.6% respectively. We do not observe a comparable effect in our static-context
experiments. At 0.5B, adding a static dataset description marginally worsens MSE
by —0.2% (E1 vs E2), at 7B, it produces a directional improvement of 3.9% (E5
vs E6) but the difference is not statistically significant (p = 0.294). One possible
explanation is the difference in backbone architectures: Jin et al. used LLaMA-7B,
whereas our experiments use Qwen2.5. Another is the domain difference: all their
prompt ablations were performed solely on the Electricity Transformer Dataset
(ETDataset) [38].

Zhou et al. [12] achieved competitive forecasting performance with a frozen GPT-
2 backbone and no textual input, training only the input embedding, positional
embedding, and layer normalisation. Our 0.5B results are broadly consistent: at a
small backbone scale, the frozen Transformer provides useful representations for time
series forecasting even without text. The divergence arises at a larger scale, where
our results show that the frozen backbone’s additional capacity becomes a liability
without textual input. GPT4TS did not test larger backbones, so whether the same
pattern would emerge with their architecture remains an open question.

5.2 Future Work

The limitations identified in Subsection 5.1.5 point to four directions for future
research.

The most immediate extension is to replicate the four-RQ ablation on additional
datasets. Re-running the full eight-experiment matrix on the Telecom KPI dataset
is the most direct next step, as the data are already in place, to test whether the
prompt-content and scale findings observed on the Bike Sharing dataset carry over
to a higher-frequency industrial setting. Additionally, evaluating the model on public
benchmarks such as the ETT datasets used by Niu et al. [16] would enable a direct
comparison with their findings under matched conditions.

A complementary direction is to vary the kind of sample-wise text. For Bike Sharing,

50



5. Discussion and Conclusion

future work could augment or replace calendar metadata with weather forecasts,
event listings, or natural-language summaries of recent demand. For the KPI setting,
the sample-wise text could be augmented with operational signals known to drive
KPI behaviour, such as alarm logs, operator notes, configuration changes, and
maintenance schedules. Combining dataset replication with text-type variation
would help isolate which properties of the sample-wise text drive the scale-context
interaction.

A third direction is to broaden the analysis across LLM families and model scales.
Evaluating intermediate sizes, such as 1.5B or 3B, would clarify whether the scale-
context interaction develops gradually or instead reflects a threshold effect. Extending
the comparison to other model families, such as LLaMA, Gemma, or Phi, would show
whether the findings are specific to Qwen2.5’s pretraining corpus and architecture or
generalise across frozen LLM backbones.

Finally, multi-seed replication would address the single-seed limitation. Repeating
the eight-experiment matrix with several seeds would allow the within-configuration
variance to be estimated and sharpen confidence intervals on the smaller differences
reported here, particularly the comparisons that sit closer to the significance threshold.

A separate practical concern is computational efficiency. The 7B model with sample-
wise context requires 32 minutes per epoch and 71 GB of VRAM, roughly 50x the
cost of the 0.5B time-series-only variant and still far more expensive than PatchTST.
Since the aggregate improvement over PatchTST is not statistically significant,
practical adoption may depend on either demonstrating clear value in high-stakes
multimodal forecasting or on reducing computational overhead, for example, through
backbone distillation or selective prompting that applies textual context only when
it is expected to be informative.

5.3 Conclusion

This thesis investigated whether textual context improves LLM-based time series
forecasting and, if so, whether the improvement stems from the semantic content of
the text or from the presence of additional tokens. Through a systematic ablation
across four context configurations and two backbone scales on hourly bike rental
demand, together with a case study on an industrial telecom KPI dataset, six
conclusions emerge.

First, a fixed dataset-level description does not improve forecasting performance.
Static context provides no sample-wise information, and the frozen LLM gains
nothing from a textual restatement of what the reprogramming layer can already
learn from the data.

Second, sample-wise calendar context significantly improves performance at the 7B
scale, reducing MSE by 18% and transforming the 7B backbone from the worst
LLM variant to the best. The 0.5B backbone shows a directional but non-significant
benefit from the same context, suggesting that the effect is scale-dependent.

Third, the semantic content of the context matters. Shuffling the sample-wise
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descriptions, so that each time-series window receives calendar information from
a different window, destroys the benefit at the 7B scale, reverting performance to
static-context levels. This rules out the hypothesis that textual tokens act as a
generic conditioning signal and confirms that the model extracts and acts on the
specific calendar information in the prompt.

Fourth, backbone scale and textual context interact: a larger frozen LLM is only
beneficial when paired with informative text. Without context, the additional
capacity of the 7B backbone is a liability; with context, it becomes an asset. The
practical implication is that scaling the backbone without also providing meaningful
textual input is counterproductive.

Fifth, the LLM’s advantage over PatchTST is situational and selective. On normal
days, the two models perform comparably. On significant dates, E7 reduces the MSE
by 18.4% relative to PatchTST (p = 0.043), but the per-date breakdown shows that
this advantage is concentrated on well-known dates associated with disruptions to
daily routines. Less locally relevant dates show no benefit or a slight cost.

Sixth, the configuration that performs best in the controlled ablation transfers to
an industrial telecom KPI dataset, where it remains competitive with PatchTST
overall and outperforms the simpler baselines. The per-KPI breakdown is mixed: E7
is significantly more accurate on uplink rate, directionally more accurate but not
significantly so on downlink rate, and significantly less accurate on latency.
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A

Appendix 1

A.1 Discussion of a Reasoning-Based Architecture
That Was Not Performant

As part of the broader model exploration in this thesis, we also investigated an
architectural direction inspired by recent work that combines time-series forecasting
with textual prompting and explicit reasoning. This line of work is motivated by
the idea that large language models may contribute more than generic sequence
modelling capacity: they may also provide a mechanism for incorporating structured
instructions, contextual descriptions, and intermediate reasoning into the forecasting
process. Several recent papers suggest that this is a promising direction, including
work such as TimeOmni, Time-R1, Time-R1 Slow Thinking, and TimeReasoner
[11], [53], [54]. Related developments have also appeared in time series reasoning
for healthcare, especially in classification settings where temporal information is
combined with clinical or textual context [55].

From a thesis perspective, this family of methods was interesting for two reasons.
First, it represents an attempt to move beyond a richer integration of textual context
and time-series forecasting. Second, it provided an opportunity to explain the forecast
and motivate it. In particular, we chose to focus on an implementation inspired
primarily by Time-R1 Slow Thinking [54], since the reported results were promising
and the described setup appeared more flexible with respect to prediction length,
including a reported setting of 96/96. This was appealing in our experimental setting,
where such a context-horizon combination was practical and easy to compare against
the rest of our forecasting pipeline.

The implementation objective was not to propose a new reasoning-based architecture
from scratch, but rather to investigate whether we could implement it and have it
work in our setting, and to evaluate it across different textual contexts. In that sense,
this appendix should be read as a discussion of a negative but informative result.
The architecture was motivated by the literature, but the reproduction effort revealed
that the gap between a promising paper result and a stable implementation can be
substantial. This became especially clear once the training setup moved beyond
ordinary supervised forecasting and instead depended on several interconnected
components, including supervised fine-tuning, reinforcement learning, prompt design,
and parameter-efficient adaptation.
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A central difficulty was that the supervised fine-tuning stage was not described in
enough detail to allow an exact reconstruction. In practice, this meant that important
design decisions had to be inferred rather than reproduced directly. These decisions
included how to form the training examples, how to align the chain of thought with
ground truth, and how to represent the desired outputs. Although such omissions
are understandable, they become highly consequential in architectures where the
final behaviour may depend strongly on formatting and training-stage interaction.

For the reinforcement learning stage, we used GRPO, as it has been reported as
a competitive method, stating that their method 'slightly outperforms GRPOQO"
[54]. In addition, we used LoRA to make the adaptation computationally feasible,
rather than fully fine-tuning the entire language model backbone [56]. From an
engineering standpoint, this was a reasonable and practical choice. From a scientific
standpoint, however, it introduced another possible source of deviation from the
reported setup. Even if each design choice appeared justified, the accumulated effect
of small mismatches may have contributed to the failure to reproduce the published
behaviour.

In our experiments, we did not obtain results comparable to those described in the
reasoning-based forecasting literature. Instead, the model repeatedly converged to
degenerate output behaviour. Most notably, we encountered failure modes that
resemble what TimeReasoner refers to as copy-paste repeat and constant collapse [11].
In practical terms, this meant that the model often produced forecasts that were either
direct continuations of the last observed value or nearly constant trajectories with
very little variation across the prediction horizon. Rather than learning meaningful
future dynamics, the model appeared to settle on trivial solutions that were locally
stable from the optimiser’s perspective but not useful as forecasts.

As an additional diagnostic, we evaluated the base model’s behaviour before ap-
plying the reasoning-based optimisation procedure. This revealed a telling pattern:
approximately 75% of the generated forecasts were classified as constant predictions.
Moreover, these constant forecasts achieved better performance than the non-constant
forecasts. This suggests that the model was already biased toward a trivial yet locally
effective forecasting strategy, in which repeating or flattening the output could reduce
the loss without capturing meaningful temporal dynamics.

We tested this issue across multiple settings and repeated runs. In particular,
we experimented with different reward formulations intended to discourage trivial
forecasts. Some runs included explicit penalties for constant prediction. Others
attempted to reward matching the volatility of the ground truth, under the intuition
that a model producing overly flat forecasts should be penalised if the true future
sequence is more dynamic. We also tested reward-scaling variants to make these
constraints more influential during optimisation. However, these modifications did
not materially improve the model behaviour.

One interpretation of these results is that the model learned reward-compatible
shortcuts that were easier to optimise than genuinely informative forecasts. This fits
a broader pattern in reinforcement learning, in which weak or imperfect objectives
can yield locally attractive yet ultimately undesirable solutions. In our case, even
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when the reward function penalised constant outputs, the model did not shift toward
robust forecasting, suggesting that the problem was not confined to reward design.
Instead, it likely originated earlier in the pipeline, for example, in the supervised fine-
tuning stage, the response format, or in how forecasting was framed as a reasoning
task rather than a direct numerical prediction problem.

This also helps explain why the model often converged to trivial or low-variance out-
puts. Repeating the last observed value, or producing nearly constant continuations,
is a comparatively easy strategy when the model is unsure how to generate precise
numeric sequences in token form. The collapse patterns we observed, therefore,
highlight a mismatch between stable token generation and accurate forecasting: a
forecast that is easy for the language model to express is not automatically useful
from a time-series perspective.

Taken together, these observations suggest that multiple failure modes interacted.
Reward shaping alone could not resolve the issue, indicating deeper problems in the
training, while the token-based representation of numerical forecasts likely made the
task substantially harder. For this thesis, the key conclusion is therefore method-
ological. Exploring this architecture clarified the practical limits of reproducibility
in this emerging model class and provided a concrete reason not to base the main
experimental pipeline on it. Although the idea was conceptually attractive, our
implementation repeatedly exhibited unstable or collapsed behaviour and never
reached the reliability required for a central model in the thesis. This does not imply
that the architecture direction lacks merit; it indicates that, within the time and
resource constraints of this project, it could not be made sufficiently robust.

In summary, we explored a reasoning-based forecasting architecture motivated by
recent work such as TimeOmni, Time-R1, Time-R1 Slow Thinking, TimeReasoner,
healthcare-oriented reasoning models, and prompt-based forecasting approaches
such as PromptCast [11], [53], [54], [55]. Our implementation used a reconstructed
supervised fine-tuning stage, GRPO in the reinforcement learning stage, and LoRA
for parameter-efficient adaptation [54], [56]. Despite repeated experimentation, the
model consistently showed failure modes characterised by copy-paste repetition and
constant collapse, where forecasts became trivial continuations of the last observed
value [11]. Reward engineering aimed at discouraging such behaviour did not resolve
the issue. Consequently, this architecture has been put on hold for now, although
the investigation was still valuable, as it exposed practical challenges in reproducing
and stabilising reasoning-based time-series models.

A.1.1 Constant Collapse Analysis on Base LLM

Before applying RL, we ran a small set of experiments to better understand when
and why the model produces constant forecasts. The goal was not to train the model,
but to compare different system-prompt setups and input representations, and assess
their effects on forecasting quality and the rate of constant predictions.

We swept over several configurations. First, we compared the base Qwen2.5 model
with its instruction-tuned variant. Second, we tested three system prompts: no
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prompt, a table-style prompt, and a list-style prompt. Third, we varied how the
lookback window was represented in the input, using either a table-style representation
or a list-style representation.

For each model, system prompt, and lookback representation, we evaluated the
generated forecasts on a subset of the ETT dataset [38] comprising 500 samples.
Since this experiment only changed the system prompt and input formatting, no
training was performed. We measured standard forecasting errors using MSE and
MAE, and additionally computed the percentage of predictions that collapsed to a
constant value. Table A.1 summarises the best-performing configuration for each
model and lookback format, where the best system prompt is selected based on the
lowest constant prediction rate.

A clear observation from this sweep was that constant predictions often achieved
lower MSE and MAE than non-constant predictions. This suggests that the LLM
may not always generate meaningful forecasts, even when the resulting MSE or MAE
appears competitive. In particular, a low forecasting error can sometimes come from
collapsed constant predictions rather than from the model capturing the underlying
temporal dynamics.

We did not observe a significant performance difference between the base and
instruction-tuned Qwen2.5 models. The choice of system prompt and lookback
representation appeared to matter more than whether the model was instruction-
tuned.

Table A.1: Constant collapse analysis before RL on 500 ETT test samples.

Model System prompt Lookback format Constant (%) MSE MAE
Qwen2.5-Instruct Table Table 74 1.86 1.09
Qwen2.5-Instruct None List 83 1.60 1.06
Qwen2.5 None Table 83 1.71 1.06
Qwen2.5 List List 72 214 1.13
Qwen2.5-Instruct + TSQA FT List List 63 194 1.13

Finally, we also fine-tuned the 7B instruction-tuned model on the TSQA dataset
[57]. This dataset uses a list-style format, and the fine-tuned model achieved the
best overall performance on non-constant prediction. Importantly, it also had the
lowest constant-prediction rate, suggesting that supervised fine-tuning on a format
aligned with the target prompting setup may help reduce constant collapse while
improving forecasting performance.

A.2 Prompts

A.2.1 Static Context

Dataset description: This dataset records hourly bike rental counts
from the Capital Bikeshare system in Washington, D.C., USA, from 2011
to 2012. Bike rental demand follows clear daily and weekly patterns,

IV



A. Appendix 1

with different usage behaviour on weekdays and weekends. The series
also varies across seasons, with stronger demand in warmer periods and
weaker demand in colder periods.

Task description: Forecast the next 48 hourly bike rental counts given
the previous 96 hours of rental data.

A.2.2 Sample-wise Context

Dataset description: This dataset records hourly bike rental counts
from the Capital Bikeshare system in Washington, D.C., USA, from 2011
to 2012. Bike rental demand follows clear daily and weekly patterns,
with different usage behavior on weekdays and weekends. The series
also varies across seasons, with stronger demand in warmer periods and
weaker demand in colder periods.

Task description: Forecast the next 48 hourly bike rental counts given
the previous 96 hours of rental data.

Instance description: The available time series history starts at Friday
at TAM on August 3 and ends at Tuesday at 6AM on August 7.

The history window is partitioned as follows:
Friday: 17 hours

Saturday: 24 hours

Sunday: 24 hours

Monday: 24 hours

Tuesday: 7 hours

The future values to predict start at Tuesday at TAM on August 7
and end at Thursday at 6AM on August 9.

The forecast window is partitioned as follows:
Tuesday: 17 hours

Wednesday: 24 hours
Thursday: 7 hours

A.3 Telecom KPI Training Curves

Figure A.1 shows the training and validation MSE of E7 (Qwen2.5-7B with sample-
wise context) over the 50-epoch training budget on the Telecom KPI dataset. The
first epoch is omitted for scale. Both curves decrease smoothly and converge without
signs of overfitting.
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Figure A.1: Training and validation MSE for E7 (Qwen2.5-7B with sample-wise
context) over 50 epochs on the Telecom KPI dataset. The first epoch is omitted for
scale.
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