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Abstract

Text classification (TC) is a foundational task in natural language processing (NLP), where
supervised fine-tuning (SFT) of pre-trained language models (PLMs) has become the dom-
inant paradigm. However, systematic investigations of three key design choices within fine-
tuning frameworks for TC are still lacking: (1) using a classification head projecting to the
label space versus the vocabulary space, (2) augmenting input text with task instructions,
and (3) integrating label text directly into training sequences. To address this gap, we in-
troduce a principled 2 × 2 × 2 design matrix and conduct an empirical study grounded
in this unified methodological framework across four core benchmark datasets (two Chinese
and two English) using both encoder-only and decoder-only PLMs, and further validate our
findings on multi-label and long-document benchmarks. Results indicate that classification
heads projecting to the label space or the vocabulary space achieve comparable performance.
Explicit task instructions, while effective in few-shot in-context learning (ICL), do not con-
sistently improve performance in supervised fine-tuning. Notably, although decoder-only
models exhibit the capability to learn from label-appended sequences, this behavior super-
ficially resembles ICL and fundamentally arises from architectural alignment between label
placement and causal next-token supervision rather than genuine reasoning over label se-
mantics. These results provide both analytical insight into PLM supervision dynamics and
actionable design guidelines for efficient TC workflows.1

Keywords: Text classification, Fine-tuning, Projection space, Task instructions, Label
encoding

1. Introduction

Text classification (TC), alternatively referred to as text categorization, is a classical
problem in natural language processing (NLP). The fundamental objective of TC lies in the
attribution of distinctive tags or labels to textual entities encompassing sentences, queries,
paragraphs, and entire documents [1]. It has found widespread applications in sentiment
analysis, news categorization, spam detection, intent recognition, content moderation, in-
formation retrieval, and many other NLP domains [2]. The rise of Transformer-based [3]
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pre-trained language models (PLMs) like BERT [4] and GPT [5] has established supervised
fine-tuning (SFT) as a prevalent method for TC [6].

Figure 1 illustrates a commonly used SFT framework for TC based on PLMs, where con-
textualized representations from the PLM backbone are passed to a task-specific multilayer
perceptron (MLP) for final classification. Despite its simplicity, the framework incorporates
three fundamental design choices that warrant attention. First, the decision between label-
space projection [4, 7] and vocabulary-space projection [8, 9] constitutes a key architectural
trade-off in classification head design. Second, another important choice lies in the use of
direct input [10] versus instructional input [11]. Third, the explicit inclusion [12] or exclu-
sion [13] of labels within the input context during training introduces a third critical design
dimension.

Figure 1: Text classification framework using pre-trained language models (PLMs) and three critical design
choices. The term ”backbone” refers exclusively to the transformer layers of PLMs (e.g., BERT encoder
blocks), excluding any pretraining or downstream task heads.

The standard fine-tuning configuration typically adopts label-space projection, direct in-
put, and label exclusion. In contrast, the alternative choices—vocabulary-space projection,
instructional input, and explicit label inclusion—are commonly employed in unified NLP
frameworks (e.g., T5) [8], instruction tuning paradigms (e.g., FLAN) [11], and few-shot TC
or in-context learning (ICL) settings [12, 14, 15]. These three design dimensions can sig-
nificantly impact performance and computational efficiency, making them critical targets
for systematic investigation. However, prior research has predominantly addressed few-shot,
zero-shot, or ICL settings. A systematic investigation into how these three factors affect per-
formance in data-rich supervised fine-tuning scenarios (with hundreds of examples or more)
remains largely absent in the current literature.

To address this gap, we conducted a systematic comparative study based on the frame-
work in Figure 1. The experimental design employed six benchmark datasets (four core
single-label tasks plus two additional challenging benchmarks—one multi-label and one long-
document—across English and Chinese) and a set of encoder-only and decoder-only PLMs
spanning from base-scale models to a 14B-parameter LLM. We evaluated eight combinato-
rial strategies, each representing a unique configuration across the three design dimensions
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(two options per dimension). These strategies were assessed as reciprocal baselines over a
comprehensive set of dataset–model–strategy combinations. Our study establishes, through
controlled ablation, that: (1) Label-space and vocabulary-space projections perform compa-
rably in supervised TC across datasets, architectures, and model scales; (2) Explicit task
instructions offer no consistent performance benefit in SFT, in contrast to their importance
in few-shot ICL; (3) Exposing label tokens in the input creates architecture-dependent posi-
tional shortcuts. Encoder-only models degrade sharply under label inclusion, while decoder-
only models’ apparent label comprehension arises from architectural alignment between label
placement and causal next-token supervision rather than genuine in-context learning. Beyond
empirical metrics, our work contributes the following conceptual advances:

• We present the first theoretically-grounded, factorial evaluation of three orthogonal
design choices—projection space, instructional context, and label encoding—for super-
vised TC.

• We uncover the mechanistic basis underlying decoder-only models’ robustness to label-
appended training, linking it to offset alignment rather than emergent reasoning.

• We distill formally-supported, architecture-aware guidelines: employ label-space heads
for standalone classifiers, reuse the model’s native vocabulary-space head (causal or
masked LM) only when already present, and exclude both instructional templates and
label-included inputs during supervised fine-tuning.

The remainder of this paper is organized as follows: Section 2 reviews related work and
identifies research gaps; Section 3 presents the combined training strategies; Section 4 details
the experimental configurations and reports results and analysis; and Section 5 concludes
with key findings and future directions.

2. Related work

2.1. Research gaps

TC fine-tuning predominantly follows the BERT-derived paradigm: label-space projec-
tion, direct raw text input, and label exclusion during encoding [4, 7]. More broadly, contem-
porary PLM adaptation regimes differ along two key dimensions: parameter updating and
instructional integration. Specifically, zero-shot prompting (including in-context learning)
operates with a frozen PLM guided by natural-language instructions and demonstrations
at inference time; supervised fine-tuning (SFT) updates parameters on labeled examples
for a single target task; and instruction tuning extends this by performing multi-task fine-
tuning on large collections of (instruction, output) pairs to instill generic instruction-following
ability prior to task-specific adaptation [16, 17]. Empirically, in text classification, moder-
ately sized models trained via SFT frequently match or outperform few-shot prompting with
much larger PLMs once sufficient labeled data are available [18, 19, 20]. Our work focuses
specifically on the supervised fine-tuning regime, examining how architectural heads, input
formulations, and label encodings within the SFT pipeline influence performance and com-
putational efficiency for fixed downstream tasks, thereby providing a methodological baseline
for PLM-based text classification workflows.

Nevertheless, within SFT, the dominant BERT-derived configuration has not been sys-
tematically benchmarked against alternative designs employed in unified and instruction-
oriented frameworks. Unified frameworks, such as T5-style models, leverage vocabulary-space
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projection and templated inputs [8, 21]; yet their efficacy in standard supervised TC settings
remains underexplored. Similarly, while instruction tuning demonstrates substantial gains
in zero-shot and cross-task generalization [11], the utility of explicit task instructions within
single-task SFT pipelines—particularly in data-rich settings—remains unclear and under-
explored. Complementary application-driven work on neural text processing, for example
spelling correction, typically concentrates on a single task and a fixed training setup rather
than systematically varying supervision design [2].

A deeper theoretical tension concerns the role of label text. ICL studies suggest that
appending labels to the input text (e.g., “Text: . . . Label: . . . ”) might induce implicit
reasoning behaviors [22, 23]. In contrast, encoder architectures trained with MLM inherently
isolate label processing from text encoding [4], treating labels as physically separate prediction
targets. This dichotomy remains unresolved, particularly regarding whether models genuinely
leverage label semantics or merely exploit positional patterns. Existing studies address these
design choices in isolation—across few-shot vs. full-data settings and encoder vs. decoder
architectures [14, 24]—yet they lack a unified evaluation.

The three design dimensions we investigate—projection space, instructional context, and
label integration—thus constitute an underexplored design space within SFT. Their col-
lective impact across diverse datasets and model architectures has not been systematically
characterized, motivating the methodological baseline study presented here.

2.2. Technical background

Projection Space. Label-space projection follows the BERT-style [CLS] + MLP ar-
chitecture, widely validated in industrial-scale applications [7]. Vocabulary-space projection
builds on T5-style generative heads [8], framing label prediction as a token-level language
modeling task via likelihood maximization. Theoretically, both approaches are grounded in
representation learning principles: label-space projection aims to encourage intra-class com-
pactness in the learned representation space [25], while vocabulary-space projection exploits
the semantic structure of the pre-trained token embedding distribution [26].

Instruction. The use of instructional inputs in our study is based on FLAN’s structured
prompting paradigm [11], but we adapt these inputs for supervised fine-tuning settings,
beyond their typical use in few-shot inference. This differs from “instruction tuning” in
the LLM literature, where models are fine-tuned on heterogeneous mixtures of instruction–
response pairs to acquire generic instruction-following abilities across tasks [16]. In our
experiments, FLAN-style instructions serve only as optional natural-language prefixes within
a single-task SFT pipeline.

Label encoding. Label serialization in our experiments mirrors the formatting used in
ICL [12], but our setting introduces a key point of methodological scrutiny—testing whether
models rely on semantic interpretation of labels or simply exploit positional heuristics. We
employ a controlled ablation design to isolate the effect of each variable, validating results
across standard TC benchmarks in both English and Chinese, using macro-averaged F1 as
the primary evaluation metric.

2.3. Differentiation from prior work

Our work diverges from existing studies in three key aspects: (1) Rather than isolating
single factors (e.g., instruction tuning for zero-shot transfer), we propose a joint evaluation
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framework that systematically assesses the potentially interdependent effects of projection
space, instructional context, and label integration; (2) In contrast to prevailing ICL inter-
pretations, we demonstrate empirically that decoder-based models’ apparent label compre-
hension during fine-tuning primarily arises from the interaction between causal attention
and logit–label alignment mechanisms, rather than from genuine semantic reasoning; (3) We
identify that under specific conditions, certain configurations—such as vocabulary-space and
label-space projections, as well as direct and instructional inputs—can achieve statistically
comparable performance. This finding supports the adoption of simplified implementation
strategies for TC, addressing practical efficiency concerns often overlooked in theoretical
analyses.

3. Methodology

In this section, we present a unified abstraction of Transformer-based PLM backbones.
Based on this abstraction, we analyze three core design dimensions in the TC framework and
derive eight training strategies from their combinatorial configurations.

3.1. Unified input-output mapping for Transformer backbones

Figure 2: Illustration of equal-length input-output mapping in Transformer backbones. Regardless of whether
the model is encoder-only or decoder-only, each forward pass produces a hidden vector for each input token,
enabling a consistent representation mechanism across architectures.

Viewed as black boxes, encoder-only and decoder-only Transformer backbones share a
fundamental property: each forward pass implements an equal-length sequence-to-sequence
(seq2seq) mapping (Figure 2). Concretely, a token sequence (potentially including special
markers such as [CLS], [SEP], or [EOS]) is mapped to a vector sequence of identical length
in a single forward pass, regardless of internal architectural differences. Although the output
sequence expands progressively during autoregressive decoding, each forward pass operates
on a fixed-length input to produce hidden states. This unified viewpoint abstracts away
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architectural differences in attention mechanisms (bidirectional vs. causal) and establishes
the foundational consistency necessary for our comparative study.

We formalize this unified mapping as follows. Given an input text sequence x, the Trans-
former backbone defines a parameterized function fθ that generates contextualized represen-
tations:

H = fθ(x) = [H1, H2, . . . , HN ] (1)

where Hi ∈ Rh denotes the hidden state vector for the i-th token in the tokenized sequence
of length N , and h is the hidden dimension. This formulation implicitly handles tokenization
and supports both encoder-only models with full self-attention and decoder-only models with
causal masking via appropriate constraints on the attention masks in fθ.

This abstraction creates a clean separation of concerns: the backbone exposes a single
interface H = fθ(x), where x is treated as a unified input string independent of tokenization
details. The resulting hidden sequence H then provides a common feature space on which
downstream classification heads operate.

3.2. Definitions of the three design dimensions

Text classification (TC) tasks can be formulated in terms of conditional probabilities. Let
x denote the textual input and y the target class. The objective of TC is to identify a label
y that maximizes the conditional probability P (y | x), which can be written as:

ŷ = argmax
y

P (y | x) (2)

where ŷ denotes the predicted class label.
Building upon the unified seq2seq mapping established in Section 3.1, we formulate the

text classification framework as a composition of transformations. The complete pipeline
comprises two sequential components: the Transformer backbone fθ that maps input text x
to contextualized representations H, and the classification head gϕ that maps these represen-
tations to real-valued scores over classes. To obtain probabilities, we apply a task-dependent
normalization function ρ to these scores, yielding

P (y | x) = ρ
(
gϕ(fθ(x))

)
(3)

where gϕ(fθ(x)) ∈ Rn denotes a vector of class-wise scores and ρ(·) maps these scores to a
probability distribution over labels (e.g., via a softmax mapping; the concrete instantiation
of ρ is specified in Section 3.3). The projection space determines the output domain of gϕ
and consequently the nature of the target variable y, while the input paradigm and label
context govern the construction of the input x. We now elaborate on each of these three
design dimensions.

First, projection space. The projection space defines the output domain of the classi-
fication head gϕ in Equation (3), and thus determines whether the backbone representation
is mapped to the label set or to the model vocabulary. For a classification problem with n
classes and label set Y = {1, 2, . . . , n}, we consider two instantiations of gϕ as illustrated in
Figure 3.

Label-space projection uses a pooled representation of the backbone outputs H = fθ(x).
Let

H lab
pool = Poollab(H) ∈ Rh (4)
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denote a pooled feature vector, where Poollab(·), for example, may take the hidden state of a
special token (such as [CLS]), the last token, or the mean of all token representations. The
classification head then applies an affine projection to the label space:

glabϕ (H) = WlabH
lab
pool + blab ∈ Rn, (5)

where Wlab ∈ Rn×h and blab ∈ Rn correspond to the n× h head in Figure 3(a).
Vocabulary-space projection uses a (possibly different) pooling operator that aggregates

one or more token representations before applying the vocabulary head:

Hvoc
pool = Poolvoc(H) ∈ Rh, (6)

where Poolvoc(·) may, for example, select the hidden state at a [MASK] token or combine
several relevant positions. A vocabulary-level projection of size V = |V| is then applied,
where V denotes the PLM’s token vocabulary:

u = WvocabH
voc
pool + bvocab ∈ RV , gvocϕ (H) = ExtractW(u) ∈ Rn, (7)

with Wvocab ∈ RV×h and bvocab ∈ RV . Here W = {w1, . . . , wn} ⊂ V denotes the set of label
tokens, and ExtractW(·) is an operator that selects the n components of u associated with
the tokens in W .

For notational simplicity, we write both heads as single affine maps on top of pooled
features; in practice, the corresponding MLP implementations may include standard non-
linear activations and dropout, which we omit in the notation to focus on the choice of
projection space. In summary, label-space projection maps pooled features directly to an
n-dimensional label space, whereas vocabulary-space projection first projects pooled features
into the V -dimensional vocabulary space and then uses only the n components associated
with the label-token subset W .

Second, input paradigm. The input paradigm specifies how the observable input string
x in Equation (3) is constructed from the raw task text and an optional natural-language
instruction. Let x0 denote the raw text to be classified (e.g., the news sentence in Figure 4)
and let I denote an instruction string describing the task and label set (the underlined prefix
in Figure 4(b)). We use Concat(·, ·) to denote concatenation in token space.

Direct input feeds the model with a templated version of the raw text only:

xdir = τdir(x0), (8)

where τdir(·) is a deterministic template function that, for example, may insert special tokens
such as [CLS] or [MASK] before or after x0. In the AG’s News example of Figure 4(a),
τdir(x0) instantiates the pattern “x0. The category is [MASK]”.

Instructional input is motivated by recent instruction-tuning and prompt-design practices,
where models are conditioned on natural-language descriptions of the task and label space
by augmenting the raw text with explicit task descriptions or label definitions. Formally,
instructional input augments the same template with an explicit instruction prefix:

xinst = τinst(I, x0) = Concat
(
I, τdir(x0)

)
= Concat(I, xdir), (9)
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so that the model receives both the task description I and the templated raw text. Figure 4(b)
illustrates this setting, where I explains that a category must be chosen and enumerates the
label options, followed by the same pattern as in the direct-input case.

Under these two paradigms, the backbone operates on either xdir or xinst to produce con-
textual representationsH = fθ(x). The treatment of the label text L—that is, whether labels
are excluded from or included in the input—is orthogonal to this choice and is formalized
separately under the label-context dimension.

Figure 3: Label-space versus vocabulary-space projection for text classification. Red underlining indicates
key differences. h represents the feature dimension from the PLM backbone, n is the number of classes, and
V denotes the PLM’s vocabulary size. In label-space projection, the [CLS] token (commonly used in BERT)
captures the sentence’s contextualized representation. However, alternatives such as mean pooling or last-
token pooling can also be used for sentence-level representations. In contrast, vocabulary-space projection
uses the [MASK] token for predicting class labels at the token level, with its position and usage determined
by the specific task and PLM design.

Third, label context. Label context is motivated by in-context learning (ICL), where
large PLMs condition on sequences of labeled demonstrations and each label is written ex-
plicitly as text in the prompt (Figure 5(a)). We therefore ask whether, during supervised
fine-tuning, exposing or hiding label text in the input context affects performance; this pres-
ence or absence of label text defines our third design dimension.

Let (x0, y) be a supervised training pair, where x0 is the raw text and y ∈ Y is the class
index. Let L = ℓ(y) denote a textual realization of the label (e.g., “Positive”), obtained from
a deterministic mapping ℓ : Y → Σ∗. Given an input paradigm (direct or instructional), we
first construct a base template xbase ∈ {xdir, xinst} as defined above, and then choose one of
two label-context schemes corresponding to Figure 5(b,c).

Label exclusion keeps the label text outside the model input. The backbone only receives
the base template:

xexcl = xbase, (10)

and the label information y (or L) is used solely on the output side when defining the training
loss. This corresponds to the standard supervised fine-tuning setup illustrated in Figure 5(b),
where the input contains a [MASK] (or equivalent prediction slot) but no explicit label string.
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Figure 4: Direct input versus instructional input for text classification. Key differences are highlighted with
red underlining; the format shown is the template used in this study and serves as an illustration.

Figure 5: Label exclusion versus explicit label inclusion in supervised fine-tuning, contextualized within the
in-context learning (ICL) framework. (a) In-context learning: The model receives a new query appended
to a sequence of demonstration examples with explicit labels in the input. (b) Standard supervised fine-
tuning: Labels are excluded from the input; the model predicts a label from the input alone and is trained via
a loss computed against gold labels. (c) Label-included fine-tuning: A hybrid approach that incorporates
ICL-style formatting by including labels in the training input, potentially influencing model behavior via
contextual alignment. Key differences between (b) and (c) are highlighted with red underlining.
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Label inclusion appends a textual form of the gold label to the base template, yielding
an ICL-style training input:

xincl = τlabel(xbase, L) = Concat(xbase, L), (11)

where τlabel(·, ·) denotes a label-templating function. For example, Figure 5(c) illustrates an
ICL-style pattern in which the raw text and its label are serialized as “Text: x0 Label: L”.
In our experiments, τlabel is instantiated by such concatenations of the base template and the
label text.

In all cases, Equation (3) is evaluated with x set to either xexcl or xincl, independently
of the projection space and input paradigm. This allows us to isolate the effect of exposing
label text in the input context and to compare label-excluded fine-tuning with ICL-inspired,
label-included fine-tuning in a controlled manner.

3.3. Combinatorial training strategies

Given the three orthogonal design dimensions formalized in Section 3.2—projection space
(label vs. vocabulary), input paradigm (direct vs. instructional), and label context (exclusion
vs. inclusion)—each with two alternatives, we obtain a total of 2×2×2 = 8 training strategies.
In all cases, the backbone fθ maps the chosen input string x to contextual representations
H = fθ(x), and the classification head gϕ produces an n-dimensional score vector that is
turned into probabilities via Equation (3). The three design dimensions determine: (1) the
choice of projection head, i.e., gϕ ∈ {glabϕ , gvocϕ }; (2) the choice of input paradigm, selecting
either xdir or xinst; and (3) the treatment of label context, determining whether the final
serialized input is xexcl or xincl.

To instantiate this framework for our experiments, we specify loss functions for both
single-label and multi-label text classification. For single-label TC, the target y ∈ Y =
{1, . . . , n} is a single class index. Given scores

s(x) = gϕ
(
fθ(x)

)
∈ Rn, (12)

we instantiate the normalization function ρ in Equation (3) as a softmax over classes and use
the standard cross-entropy loss

LSL(x, y) = − log
[
ρ
(
s(x)

)]
y
, (13)

where [·]y denotes the y-th component. This formulation applies uniformly to both projection
spaces: for label-space projection we set gϕ = glabϕ , and for vocabulary-space projection we
set gϕ = gvocϕ as defined in Section 3.2.

For multi-label TC, the target becomes a binary vector y ∈ {0, 1}n indicating the presence
or absence of each label. Let pk(x) denote the predicted probability that label k is active for
input x. We then use a factorized binary cross-entropy loss

LML(x,y) = −
n∑

k=1

[
yk log pk(x) + (1− yk) log

(
1− pk(x)

)]
. (14)
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The difference between projection spaces lies in how pk(x) is parameterized. For label-space
projection, the head produces an n-dimensional score vector s(x) = glabϕ (fθ(x)) ∈ Rn and we
set

pk(x) = σ
(
sk(x)

)
, k = 1, . . . , n, (15)

i.e., a coordinate-wise sigmoid over the label-space scores. For vocabulary-space projection,
the input template contains n prediction slots (e.g., n [MASK] positions), one per candidate
label. At the k-th slot the vocabulary head produces logits u(k)(x) ∈ RV over the vocabulary.
We designate two special tokens w(0), w(1) ∈ V to represent the negative and positive state
of label k and compute

pk(x) =
exp

(
u
(k)

w(1)(x)
)

exp
(
u
(k)

w(0)(x)
)
+ exp

(
u
(k)

w(1)(x)
) , k = 1, . . . , n, (16)

i.e., a two-way softmax between {w(0), w(1)} at each prediction position. Substituting these
pk(x) into Equation (14) yields the multi-label loss for vocabulary-space projection. In our
experiments (Section 4.1), these losses are combined with standard ℓ2 weight decay on the
trainable parameters (including the head parameters), but no additional regularizers are
introduced that distinguish label-space from vocabulary-space parameterizations.

Table 1: Taxonomy of text classification strategies along orthogonal design dimensions. Each configuration
specifies the serialized input x and the choice of projection head gϕ.

Configuration
Input x Scores gϕ(H)

ProjSp InParad LblCtx

Lab Dir Excl xdir glabϕ (H) ∈ Rn

Lab Dir Incl xincl = τlabel(xdir, L) glabϕ (H) ∈ Rn

Lab Inst Excl xinst glabϕ (H) ∈ Rn

Lab Inst Incl xincl = τlabel(xinst, L) glabϕ (H) ∈ Rn

Voc Dir Excl xdir gvocϕ (H) ∈ Rn

Voc Dir Incl xincl = τlabel(xdir, L) gvocϕ (H) ∈ Rn

Voc Inst Excl xinst gvocϕ (H) ∈ Rn

Voc Inst Incl xincl = τlabel(xinst, L) gvocϕ (H) ∈ Rn

Note: ProjSp = projection space (Lab: label-space head glabϕ ; Voc: vocabulary-space head gvocϕ ); InParad
= input paradigm (Dir: direct input xdir = τdir(x0); Inst: instructional input xinst = τinst(I, x0)); LblCtx =
label context (Excl: label exclusion xexcl = xbase; Incl: label inclusion xincl = τlabel(xbase, L) as defined in
Section 3.2). Here x0 is the raw text, I is the task instruction, and L = ℓ(y) is the textual form of the gold
label. In all configurations, gϕ(H) ∈ Rn denotes the n-dimensional score vector used in Equation (3).

Combining the three binary design dimensions yields the eight strategies summarized in
Table 1. Each row fixes (1) the projection space (label vs. vocabulary), (2) the input paradigm
(direct vs. instructional), and (3) the label context (exclusion vs. inclusion), thereby deter-
mining both the serialized input x passed to the backbone and the form of the head gϕ used
in Equation (3). These eight configurations are evaluated uniformly across encoder-only and
decoder-only PLMs in Section 4, where they serve as reciprocal baselines for assessing the
impact of each design choice. We adopt an operational notion of equivalence between config-
urations. For a fixed model–dataset pair and under the loss formulations and regularization
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scheme defined in this section, two configurations are said to behave equivalently if they are
trained using the same hyperparameter search space and number of epochs, and the resulting
evaluation metrics are statistically indistinguishable under the significance test described in
Section 4.1.3. We apply this criterion when comparing the eight strategies in Section 4.

4. Experiments

This section presents a comprehensive empirical evaluation of three design dimensions
in supervised text classification fine-tuning: projection space, input paradigm, and label
context. We begin by detailing the experimental setup (Section 4.1). Our core analysis sys-
tematically compares the eight combinatorial strategies across four standard benchmarks to
establish their relative performance (Section 4.2). We then validate the observed relation-
ships across diverse model architectures, including larger-scale and alternative backbones
(Section 4.3), and further assess their generalization to complex tasks such as multi-label
and long-document classification (Section 4.4). Subsequent analyses investigate the role of
instructional input by varying template styles and training data scales (Section 4.5) and
provide a mechanistic analysis of label-appended supervision (Section 4.6). The findings are
then synthesized and discussed (Section 4.7). All models are fine-tuned via LoRA and eval-
uated using macro-F1 as the primary metric, with accuracy and micro-F1 as complementary
metrics for single- and multi-label tasks, respectively.

4.1. Experimental setup

4.1.1. Datasets

Table 2: Dataset summary (language, domain, task, and data splits).

Dataset Language Domain Task Train / Dev / Test Total

AG’s News EN News Topic 120k / – / 7.6k 127.6k
SST-5 EN Reviews Sentiment 8.5k / 1.1k / 2.2k 11.8k
TNEWS ZH News Topic 53.4k / 10k / – 63.4k
AEC TC ZH Construction Explainability 1.2k / 145 / 148 1.5k
HoC EN Biomedical Hallmark (multi-label) 12.1k / 1.8k / 3.6k 17.5k
HPN EN News Hyperpartisan (long-doc) 515 / 65 / 65 645

Note: EN = English, ZH = Chinese. Counts are in thousands (k), except where shown as raw integers. ‘–‘
indicates unavailable splits: AG’s News lacks an official development set; TNEWS test set ground truth
labels are not publicly released for evaluation. ‘long-doc‘ denotes long-document classification.

Core benchmarks. We evaluate our framework on six text classification datasets se-
lected to assess generalization across languages, domains, label structures, and input lengths.
For the core analysis in Section 4.2, we use four established single-label benchmarks: AG’s
News [27] and SST-5 [28] (English; topic classification and fine-grained sentiment analysis),
TNEWS [29] (Chinese; news categorization), and AEC TC [30] (Chinese; domain-specific
explainability classification in construction engineering).

Additional challenging benchmarks. To further assess robustness in more complex
scenarios (Section 4.4), we include two specialized datasets: the Hallmarks of Cancer (HoC)
corpus [31, 32], an English biomedical multi-label classification dataset with highly imbal-
anced label distributions where PubMed abstracts are annotated with cancer hallmarks, and
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Figure 6: Category distribution across datasets. Each subfigure reports the number of samples per class
label for AG’s News (a), SST-5 (b), AEC TC (c), HPN (d), TNEWS (e), and HoC (f). The plots highlight
differences in label cardinality and class imbalance across datasets.

the Hyperpartisan News (HPN) dataset [33], an English long-document benchmark compris-
ing 645 political news articles labeled for hyperpartisan bias, which we randomly split into
train/validation/test subsets (515/65/65).

Collectively, these datasets cover binary to 15-way classification, single- and multi-label
settings, balanced to highly imbalanced label distributions, and sentence- to document-level
inputs, enabling comprehensive evaluation across diverse classification regimes. Table 2 sum-
marizes key statistics, and Figure 6 visualizes category distributions.

4.1.2. Models and baselines

Primary configurations. Our evaluation employs all eight combinatorial strategies as
reciprocal baselines using representative PLMs. Primary experiments employ BERT [4] as
the encoder-only architecture (bert-base-uncased for English datasets; bert-base-chinese for
Chinese datasets) and Qwen-0.5B [34] as the decoder-only representative.

Robustness verification. To ensure architectural robustness and probe scaling effects,
we additionally evaluate mGTE (gte-multilingual-mlm-base) [35] as an alternative encoder-
only model on AEC TC, MiniCPM (MiniCPM-1B-sft-bf16) [36] as an additional decoder-
only model on SST-5, and Qwen-14B [34] as a larger-scale decoder-only model on AEC TC,
extending our analysis to a more representative scale of contemporary LLMs. This model
set provides a principled scaling trajectory while maintaining experimental feasibility.

Model specifications are summarized in Table 3, including Transformer-layer parame-
ters (excluding embeddings and classification heads), hidden dimensions, layer depths, and
Hugging Face identifiers [37]. The selected models span 85 million to 14 billion parame-
ters, covering practical deployment scales while preserving architectural consistency within
encoder-only and decoder-only categories and providing substantial scale diversity for robust
comparisons.
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Table 3: Specifications of pre-trained language models (PLMs) used in this study.

Model Hugging Face ID
Params
(M)

Hidden
size

Layers Architecture

BERT
google-bert/
bert-base-uncased

85.1 768 12 Encoder-only

BERT
google-bert/
bert-base-chinese

85.1 768 12 Encoder-only

Qwen-0.5B
Qwen/
Qwen2.5-0.5B

357.9 896 24 Decoder-only

mGTE
Alibaba-NLP/
gte-multilingual-mlm-base

113.3 768 12 Encoder-only

MiniCPM
openbmb/
MiniCPM-1B-sft-bf16

1247.4 1536 52 Decoder-only

Qwen-14B
Qwen/
Qwen2.5-14B

13212.9 5120 48 Decoder-only

Note: “Params” denotes the number of Transformer-layer parameters in millions (M), excluding
embedding layers and task-specific MLP heads. We use bert-base-uncased for English datasets and
bert-base-chinese for Chinese datasets.

4.1.3. Implementation and training details

Architecture instantiation. All models are implemented using the Hugging Face
Transformers library [38]. In our implementation, only the projection space determines the
model interface; the input paradigm and label context affect solely the input construction.
For label-space projection, we use the sequence classification interface (AutoModelForSe-
quenceClassification), with encoder-only architectures deriving features from the [CLS] to-
ken and decoder-only architectures from the final token. For vocabulary-space projection,
encoder-only models employ AutoModelForMaskedLM and decoder-only models use Auto-
ModelForCausalLM. During template construction, we place prediction slots at the end of
the sequence. During training, these slots are filled either with a mask/placeholder token
when labels are excluded or with the gold label text L when labels are included; at inference,
all slots are filled with the appropriate mask/placeholder token. For encoder-only models the
prediction slots are implemented using [MASK] tokens, whereas for decoder-only models we
use analogous dedicated label-prediction tokens. We use a single slot for single-label tasks
and multiple slots (one per candidate label) for multi-label classification (HoC). Figure 7
provides implementation examples for all eight configurations.

Training configuration. Fine-tuning employs LoRA [39] on the query/value projection
matrices (Wq/Wv). We perform grid searches over LoRA ranks {8, 16, 32}, learning rates
{5×10−5, 1×10−4, 3×10−4, 5×10−4, 1×10−3}, and batch sizes {4, 8, 16}. Fixed parameters
include LoRA α = 32, dropout = 0.1, and weight decay = 0.01. All other hyperparameters
follow the defaults of Transformers v4.46.2. Each hyperparameter configuration is trained for
10 epochs, extended to 30 epochs for HoC and HPN due to their increased task complexity
(multi-label classification with high class imbalance and long-document inputs, respectively).
We save two checkpoints per epoch and, for each configuration, report results from the
checkpoint that achieves the best validation macro-F1. The same hyperparameter search
space, training schedule, and model-selection procedure are applied to all eight strategies
for a given model–dataset pair, avoiding reliance on early-stopping heuristics and ensuring
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Figure 7: Schematic mapping from projection space and model architecture to interfaces and input templates.
Parentheses indicate optional segments controlled by the input paradigm and label-context settings in Table 1.
In the vocabulary-space setting, [Y ] denotes a label-prediction slot: during training it is instantiated as a
[MASK] token for encoder-only models (when labels are excluded) or as the gold label text L when labels are
included, and as an analogous dedicated prediction token for decoder-only models; at inference, all prediction
slots are filled with the appropriate mask or placeholder token. Gold label text L is used only during training
and never appears in the inference inputs. For multi-label TC we use [Y1], . . . , [Yn] (one slot per label).

that comparisons are based on validation performance rather than training duration. For
the convergence and efficiency analyses in Section 4.2.2, we further fix a single representative
configuration per model–dataset pair and apply it to both label-space and vocabulary-space
heads.

Evaluation protocol. Performance is evaluated using macro-F1 (M-F1) as the primary
metric due to its robustness to class imbalance. For single-label tasks, we additionally re-
port accuracy; for the multi-label HoC dataset, we also report micro-F1 (µ-F1). All results
are averaged over five runs with different random seeds (from 42 to 46). Experiments pri-
marily use NVIDIA L20 GPUs (48GB memory), with Qwen-14B and the long-document
HPN experiments run on RTX PRO 6000 GPUs (96GB memory). Unless otherwise stated,
reported values denote means; mean ± standard deviation indicates statistical dispersion.
Statistical significance is assessed via paired t-tests (df = 4), and strategies are treated as
indistinguishable from the best-performing configuration when p > 0.005 (significance level
0.005).

4.2. Main results

4.2.1. Overall performance across strategies

Table 4 presents macro-F1 and accuracy results under a full factorial design, enabling
main-effect and interaction analyses across all eight combinatorial strategies over four bench-
mark datasets. The results are based on encoder-only (BERT) and decoder-only (Qwen-
0.5B) architectures. Configurations that exhibit no statistically significant difference from
the best-performing strategy (paired t-test, p > 0.005) are highlighted in bold. Within these
top-performing setups, three consistent trends emerge.

First, label-space (Lab) and vocabulary-space (Voc) projections deliver statistically equiv-
alent results. For instance, BERT achieves 94.2% macro-F1 with Lab-Dir-Excl versus 94.1%
with Voc-Dir-Excl on AG’s News, while Qwen scores 89.9% and 91.9% respectively on AEC -
TC test, with no significant difference. This parity, observed across datasets and architec-
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tures, suggests that both projection paradigms are functionally interchangeable when suffi-
cient supervision is available.

Second, instructional input (Inst) provides no consistent advantage over direct input (Dir)
across high-performing configurations. For example, on SST-5 test, BERT yields 52.4%
macro-F1 under Lab-Inst-Excl compared to 51.9% under Lab-Dir-Excl, and on TNEWS dev,
Qwen achieves 56.2% under Voc-Inst-Excl versus 56.8% under Voc-Dir-Excl. These negligible
differences contrast with the prominent role of instructions in few-shot ICL, indicating that
explicit task prompts are largely redundant in full-data fine-tuning. We explore whether this
pattern persists under reduced training data in Section 4.5.2.
Table 4: Overall performance of BERT and Qwen across eight combinatorial strategies on four datasets.

Model Dataset Split

ProjSp Lab Lab Lab Lab Voc Voc Voc Voc

InParad Dir Dir Inst Inst Dir Dir Inst Inst

LblCtx Excl Incl Excl Incl Excl Incl Excl Incl

BERT

AG’s

News
Test

M-F1% 94.2±0.3 81.7±0.6 94.2±0.5 84.6±0.8 94.1±0.5 24.9±1.8 94.2±0.4 16.3±1.8

Acc.% 94.2±0.4 81.6±0.6 94.2±0.5 84.5±0.7 94.1±0.6 30.6±1.6 94.2±0.5 24.5±1.6

SST-5

Dev
M-F1% 51.7±0.3 23.7±2.0 51.7±0.4 20.9±1.1 51.4±0.3 8.1±1.7 51.2±0.6 8.3±1.6

Acc.% 52.6±0.3 30.6±1.8 53.0±0.3 29.1±1.2 51.5±0.3 25.3±1.6 51.5±0.5 26.3±1.6

Test
M-F1% 51.9±0.4 20.5±1.9 52.4±0.4 19.7±1.6 51.6±0.5 7.5±1.5 51.9±0.4 8.9±1.7

Acc.% 52.8±0.4 26.7±1.8 53.2±0.3 28.6±1.4 52.7±0.5 7.5±1.4 52.9±0.5 28.6±1.5

TNEWS Dev
M-F1% 55.3±0.5 18.5±1.9 55.9±0.7 19.5±1.5 55.7±0.7 4.2±1.3 55.6±0.6 3.8±1.7

Acc.% 56.0±0.8 26.7±1.8 56.5±0.7 23.4±1.8 56.2±0.7 10.5±1.2 56.1±0.5 8.4±1.6

AEC TC

Dev
M-F1% 89.7±0.6 51.5±1.2 89.6±0.4 50.9±1.0 90.3±0.3 13.7±1.5 91.5±0.8 11.9±1.3

Acc.% 89.7±0.5 57.2±1.2 89.7±0.5 55.9±0.8 90.3±0.6 17.2±1.4 91.7±0.5 17.2±1.8

Test
M-F1% 90.6±0.5 48.2±1.8 91.6±0.6 48.8±1.7 92.4±0.6 10.7±1.3 89.9±0.4 9.6±1.4

Acc.% 90.5±0.3 55.4±1.9 91.6±0.4 54.1±1.7 92.4±0.5 12.5±1.8 89.9±0.5 13.5±1.6

Qwen-
0.5B

AG’s

News
Test

M-F1% 94.8±0.5 18.4±1.8 94.6±0.4 10.8±2.0 94.3±0.5 94.2±0.4 94.3±0.4 94.1±0.5

Acc.% 94.8±0.4 29.3±1.6 94.6±0.3 21.1±1.3 94.3±0.4 94.2±0.4 94.3±0.4 94.1±0.5

SST-5

Dev
M-F1% 54.2±0.4 12.6±1.8 54.9±0.5 10.4±0.6 54.0±0.4 53.3±0.5 54.2±0.5 53.9±0.7

Acc.% 56.2±0.4 18.8±1.8 55.7±0.6 18.8±1.7 56.3±0.4 55.3±0.4 54.0±0.4 54.1±0.8

Test
M-F1% 54.2±0.5 14.0±1.6 54.7±0.6 10.6±1.9 53.9±0.4 54.9±0.6 54.6±0.5 54.3±0.6

Acc.% 56.5±0.6 19.6±1.8 55.4±0.6 19.8±1.7 54.6±0.4 55.9±0.5 55.2±0.7 56.5±0.6

TNEWS Dev
M-F1% 56.8±0.7 4.9±1.8 57.3±0.8 5.1±1.9 56.8±0.6 56.6±0.5 56.2±0.3 56.1±0.4

Acc.% 57.3±0.3 13.4±0.7 57.8±0.6 9.2±1.7 58.3±0.8 57.6±0.4 57.1±0.7 56.9±0.3

AEC TC

Dev
M-F1% 89.6±0.5 16.6±1.7 90.3±0.4 17.2±1.2 89.5±0.7 90.5±0.6 89.4±0.5 90.3±0.5

Acc.% 89.7±0.5 24.1±2.0 90.3±0.5 23.5±1.7 89.7±0.8 90.7±0.5 89.7±0.6 90.3±0.7

Test
M-F1% 89.9±0.5 17.7±1.2 89.4±0.5 15.2±1.4 91.9±0.5 91.6±0.7 91.9±0.5 90.1±0.6

Acc.% 89.9±0.6 27.0±1.9 89.2±0.7 23.2±1.4 91.9±0.5 91.6±0.6 91.9±0.5 90.2±0.4

Note: M-F1% denotes macro-averaged F1; Acc.% denotes accuracy. Strategies correspond to all 2×2×2
combinations of projection space (ProjSp ∈ Lab, Voc), input paradigm (InParad ∈ Dir, Inst), and label
context (LblCtx ∈ Excl, Incl), as defined in Table 1. Underlined values indicate the best-performing
configuration among the eight strategies for each fixed combination of model and data split. Bolded
strategies are statistically indistinguishable from the underlined best-performing configurations (p > 0.005,
paired t-test over 5 runs, significance level 0.005).

Third, label inclusion (Incl) triggers markedly divergent behaviors between architectures,
particularly under different projection spaces. In the label-space setting (Lab-Incl), BERT
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significantly outperforms Qwen, though both degrade relative to their optimal configura-
tions. For instance, on AG’s News, BERT scores 81.7% versus Qwen’s 18.4% in macro-F1.
In contrast, under vocabulary-space projection with label inclusion (Voc-Incl), Qwen main-
tains performance (94.1–94.2%) comparable to its optimum (94.8%), while BERT collapses
to 16.3–24.9% macro-F1. This performance inversion reveals fundamental differences in how
encoder-only and decoder-only architectures process label-appended sequences across projec-
tion paradigms. We further dissect these mechanisms in Section 4.6.

In summary, the results demonstrate that: (1) Projection space (Lab vs. Voc) yields
equivalent performance under supervised settings; (2) Instructional input fails to offer stable
benefits; and (3) The effectiveness of label inclusion is highly architecture-dependent, with
opposing trends observed between BERT and Qwen. These findings underscore the need for
architecture-aware alignment of design choices when fine-tuning PLMs for text classification.

4.2.2. Training convergence and computational efficiency across projection spaces

Guided by the overall comparison in Section 4.2.1, we focus here on the two configurations
that consistently appear among the top-performing strategies across models and datasets,
namely the label-space/direct/label-excluded (Lab/Dir/Excl) and vocabulary-space/direct/label-
excluded (Voc/Dir/Excl) settings. These configurations thus serve as our final algorithmic
variants when analyzing optimization dynamics and convergence behavior. To isolate the
effect of the classification head on convergence and efficiency, we analyze representative
model–dataset pairs under fixed training schedules, varying only the projection space, as
shown in Figure 8 and Table 5. For each backbone–dataset combination, label-space and
vocabulary-space heads share exactly the same training configuration; all hyperparameters
follow the setup described in Section 4.1.3.

Figure 8 shows validation macro-F1, validation loss, and training global gradient norm
over 10 epochs for BERT and Qwen-0.5B under Lab/Dir/Excl and Voc/Dir/Excl configura-
tions. On both datasets, label-space and vocabulary-space variants of each backbone follow
closely aligned macro-F1 trajectories and reach performance plateaus within 3–4 epochs, in-
dicating similar convergence speeds and comparable final performance. Loss curves show
dataset- and model-specific patterns (e.g., stronger overfitting for Qwen-0.5B on SST-5), but
within each backbone, Lab and Voc curves remain closely aligned. Gradient norms decay
from initial peaks and stabilize within comparable ranges for both projection types, demon-
strating equally stable optimization dynamics.

Table 5 summarizes efficiency metrics over the same 10-epoch runs. For each model–dataset
combination, training and dev throughput are of similar magnitude between Lab and Voc
projections, and total wall-clock times differ only modestly within each pair. However,
vocabulary-space heads consistently require more GPU memory during training and infer-
ence. This overhead is expected, as vocabulary-space projection computes logits over the full
vocabulary, while label-space projection operates over the much smaller label set. Overall,
these results demonstrate that for a fixed PLM backbone, the choice between label-space
and vocabulary-space projection has minimal impact on convergence speed or throughput,
but vocabulary-space heads incur a consistent memory penalty due to their larger output
dimensionality.
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Figure 8: Training convergence of label-space vs. vocabulary-space projections on SST-5 and AEC TC. (a–c)
SST-5: validation macro-F1, validation loss, and training global gradient norm over 10 epochs. (d–f) AEC -
TC: the same metrics. Each subplot compares BERT and Qwen-0.5B with label-space (Lab) and vocabulary-
space (Voc) heads under identical training schedules, varying only the projection space. Validation metrics
are computed on the dev split at two checkpoints per epoch; gradient norms are averaged over training steps
between consecutive checkpoints.

Table 5: Training and validation efficiency of label-space vs. vocabulary-space projections on SST-5 and
AEC TC (10-epoch runs).

Dataset Model ProjSp
Train thr.
(tokens/s)

Train mem.
(GB)

Dev thr.
(tokens/s)

Dev mem.
(GB)

Wall time
(s)

SST-5

BERT Lab 15336 0.65 43579 0.26 336
BERT Voc 15746 1.04 39370 0.47 349
Qwen-0.5B Lab 7289 2.85 20529 1.04 660
Qwen-0.5B Voc 7628 5.87 20445 3.64 664

AEC TC

BERT Lab 11569 0.95 36642 0.26 99
BERT Voc 13161 1.32 39539 0.45 92
Qwen-0.5B Lab 5519 3.23 16387 1.07 150
Qwen-0.5B Voc 5874 6.31 15989 4.83 159

Note: Throughput (thr.) and memory (mem.) measurements for training (Train) and development (Dev)
phases; Wall time = total wall-clock time over 10 epochs.
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4.3. Cross-model validation with alternative and larger backbones

To assess the robustness of our findings beyond the BERT and Qwen-0.5B backbones, we
repeat the full 2× 2× 2 strategy evaluation on held-out datasets using alternative encoder-
only and decoder-only PLMs. Specifically, we consider mGTE on AEC TC, MiniCPM-1B
on SST-5, and a larger decoder-only model, Qwen-14B, on AEC TC. These models differ
substantially in architecture, parameter count, and pretraining pipelines, and thus serve as
a stress test for the generality of the trends observed in Section 4.2.

Table 6: Cross-model validation on held-out datasets using an alternative encoder-only backbone (mGTE),
a mid-scale decoder-only backbone (MiniCPM), and a larger decoder-only backbone (Qwen-14B).

Model/
Dataset

Split
ProjSp Lab Lab Lab Lab Voc Voc Voc Voc
InParad Dir Dir Inst Inst Dir Dir Inst Inst
LblCtx Excl Incl Excl Incl Excl Incl Excl Incl

mGTE/
AEC TC

Dev
M-F1% 90.2 76.7 89.6 73.4 90.3 9.2 91.0 9.9
Acc.% 90.3 77.2 89.7 73.8 90.3 16.6 91.0 19.3

Test
M-F1% 91.9 78.3 91.3 76.3 91.1 7.3 91.2 8.7
Acc.% 91.9 78.4 91.2 76.3 91.2 13.5 91.2 12.2

MiniCPM/
SST-5

Dev
M-F1% 56.9 8.5 56.8 8.3 56.2 56.4 58.0 56.8
Acc.% 56.9 26.3 57.1 26.2 57.0 56.5 58.3 58.2

Test
M-F1% 58.5 7.4 57.7 8.9 59.3 58.6 58.9 59.4
Acc.% 59.5 28.6 58.4 28.6 60.3 59.5 60.0 59.7

Qwen-14B/
AEC TC

Dev
M-F1% 90.5 17.5 91.8 18.4 91.5 90.6 90.9 91.7
Acc.% 90.7 26.5 92.0 29.3 90.7 90.7 91.0 91.7

Test
M-F1% 92.1 17.7 91.8 19.5 92.2 92.2 92.1 92.1
Acc.% 91.9 24.0 91.9 30.1 92.2 92.2 92.2 92.1

Note: See Table 4 for metric definitions and annotation conventions.

Table 6 reports macro-F1 and accuracy for all eight strategies on these backbones. Across
mGTE and MiniCPM, we recover the same three core conclusions as before: label-space and
vocabulary-space projections attain very similar performance among the top configurations;
instructional input does not provide a consistent benefit over direct input; and label in-
clusion remains strongly architecture-dependent, with encoder-only models degrading under
all Incl settings, while decoder-only models are robust under Voc/·/Incl but still fail under
Lab/·/Incl, mirroring the behaviors observed for BERT and Qwen-0.5B. Qwen-14B extends
this picture to a substantially larger decoder-only LLM: on AEC TC, all label-excluded con-
figurations (Lab/·/Excl and Voc/·/Excl) achieve comparable macro-F1 and accuracy, with
no consistent advantage of one projection space over the other, whereas the characteristic
collapse of Lab/Dir/Incl persists and vocabulary-space variants with label inclusion remain
competitive.

From a representation-learning perspective, these results are consistent with viewing both
heads as shallow maps on top of the same contextual representations: once the backbone
is fine-tuned, most task-specific capacity resides in the shared transformer layers, so the
precise parameterization of the final affine map (label logits versus vocabulary logits restricted
to class tokens) has limited impact on achievable accuracy. This aligns with prior large-
scale text-to-text and instruction-tuned models that cast classification as generation over
verbalized labels [8, 11], yet empirically match dedicated classification heads when sufficient

19

寇岩滔
高亮

寇岩滔
高亮

寇岩滔
高亮



supervision is available. Taken together, our cross-model and cross-scale experiments suggest
that the main conclusions about projection space, instruction usage, and label inclusion
are intrinsic to encoder-only and decoder-only PLMs, rather than artifacts of a particular
backbone size or implementation.

4.4. Cross-dataset validation on multi-label and long-document benchmarks

To further test the robustness of our conclusions in more challenging settings, we evalu-
ate all eight combinatorial strategies on two additional benchmarks: HoC, a domain-specific,
highly imbalanced multi-label classification task, and HPN, a long-document news classifica-
tion task (Section 4.1.1). Table 7 summarizes results for encoder-only (BERT, mGTE) and
decoder-only (Qwen-0.5B) backbones.
Table 7: Cross-dataset validation on HoC (multi-label, imbalanced, domain-specific) and HPN (long-
document) using all eight combinatorial strategies.

Dataset Model Split
ProjSp Lab Lab Lab Lab Voc Voc Voc Voc
InParad Dir Dir Inst Inst Dir Dir Inst Inst
LblCtx Excl Incl Excl Incl Excl Incl Excl Incl

HoC

BERT
Dev

M-F1% 72.8 14.7 71.0 15.5 71.1 11.5 72.5 9.7
µ-F1% 84.4 73.0 83.9 73.0 83.9 73.0 83.9 73.0

Test
M-F1% 72.2 14.4 72.1 15.1 72.3 11.0 72.4 9.9
µ-F1% 85.1 73.2 84.8 73.2 84.8 73.2 84.5 73.2

Qwen-0.5B
Dev

M-F1% 70.8 10.9 70.1 11.2 70.9 70.2 71.5 70.8
µ-F1% 84.2 73.0 84.9 73.0 84.0 84.4 85.3 84.9

Test
M-F1% 70.9 12.0 70.8 11.4 71.1 70.2 72.5 72.5
µ-F1% 85.0 73.2 85.1 73.2 84.8 85.0 85.9 85.5

HPN

mGTE
Dev

M-F1% 90.8 81.3 91.8 80.9 91.8 59.6 90.5 65.2
Acc.% 91.7 82.7 92.3 82.6 92.3 64.6 92.2 70.8

Test
M-F1% 90.1 80.9 90.1 80.4 91.5 46.2 90.1 61.4
Acc.% 90.8 82.7 90.8 82.6 92.3 64.6 90.8 66.2

Qwen-0.5B
Dev

M-F1% 92.8 54.0 93.3 59.3 93.7 93.5 94.0 93.3
Acc.% 93.3 64.6 93.9 67.7 94.3 93.9 94.4 93.9

Test
M-F1% 92.9 48.0 93.3 51.9 93.0 93.3 93.3 93.9
Acc.% 93.7 63.1 93.9 63.1 93.4 93.9 93.9 94.4

Note: HoC is evaluated with macro-F1 (M-F1) and micro-F1 (µ-F1); HPN is evaluated with macro-F1
(M-F1) and accuracy (Acc.). See Table 4 for metric definitions and annotation conventions.

On the multi-label HoC benchmark, both BERT and Qwen-0.5B exhibit similar macro-
F1 and micro-F1 under the best label-space and vocabulary-space configurations, confirm-
ing that the projection-space equivalence generalizes to multi-label, imbalanced biomedical
classification. Instructional input again provides no consistent advantage over direct input:
for both models, Inst/Excl configurations are at best on par with Dir/Excl. Notably, la-
bel inclusion leads to substantial degradation for encoder-only BERT across all projections,
while decoder-only Qwen-0.5B remains competitive under Voc/·/Incl but collapses under
Lab/·/Incl—replicating the architecture-dependent sensitivity observed in single-label set-
tings.

For the long-document HPN benchmark, mGTE and Qwen-0.5B achieve comparable
macro-F1 and accuracy for their best configurations, with label-space and vocabulary-space
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variants again performing comparably within each backbone. Consistent with previous find-
ings, instructional input does not systematically improve performance, and label inclusion
is consistently harmful for encoder-only mGTE, particularly under vocabulary-space projec-
tion where performance drops dramatically. Decoder-only Qwen-0.5B, by contrast, attains
its strongest results under vocabulary-space projections, with both label-excluded and label-
included variants among the top-performing strategies, while Lab/·/Incl remains unstable.

Collectively, these results demonstrate that our core findings—projection-space equiv-
alence, limited utility of explicit instructions in supervised fine-tuning, and architecture-
sensitive effects of label inclusion—extend robustly to multi-label classification with severe
class imbalance and long-document understanding tasks, strengthening the external validity
of our conclusions.

4.5. Instruction analysis
4.5.1. Effect of instruction template style

One possible concern is that the limited impact of instructional input observed in Sec-
tions 4.2–4.4 might be due to the specific template we use, rather than to instructions
per se. To address this, we compare three instruction styles on AG’s News using both
BERT and Qwen-0.5B under the instructional, label-excluded setting (Lab/Inst/Excl and
Voc/Inst/Excl).

Beyond our original label-style template (see Figure 4), which explicitly lists the numeric
label set and asks the model to output a label ID, we evaluate two widely used alternatives.
The first is a natural-language QA-style prompt that poses the task as a question–answer
format (“Which topic is this news article about?”), following recent work on natural question
prompts for classification [40]. The second is a few-shot template with four in-context labeled
examples, adapted from standard few-shot prompt designs for text classification [41]. In all
cases, only the instruction text is changed; the underlying model architectures, training
schedules, and evaluation protocols are kept identical to those in Section 4.1.3.
Table 8: Effect of instruction template style on AG’s News test performance under instructional, label-
excluded configurations.

Model ProjSp Metric
Prompt style
Label-style
(ours)

QA-style Few-shot

BERT
Lab

M-F1% 94.2 94.0 93.7
Acc.% 94.2 94.0 93.7

Voc
M-F1% 94.2 93.9 94.0
Acc.% 94.2 93.8 94.0

Qwen-0.5B
Lab

M-F1% 94.6 94.6 94.7
Acc.% 94.6 94.6 94.7

Voc
M-F1% 94.3 94.3 94.5
Acc.% 94.3 94.3 94.2

Note: Lab and Voc denote Lab/Inst/Excl and Voc/Inst/Excl configurations, respectively. Metric
conventions follow Table 4.

Table 8 reports macro-F1 and accuracy on the AG’s News test set for BERT and Qwen-
0.5B under instructional, label-excluded configurations. Across both models and both pro-
jection spaces, the three instruction styles yield very similar performance: differences are
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within about one percentage point in macro-F1 and accuracy, and no template consistently
dominates the others. These results indicate that, within the supervised fine-tuning regime
considered here, reasonable variations in instruction wording and the inclusion of a small
number of in-context examples do not materially change the effectiveness of instructional
input.

4.5.2. Effect of training data scale on instructional efficacy

Figure 9: Macro-F1 versus training data scale for BERT and Qwen across input paradigms (Dir/Inst) and
projection spaces (Lab/Voc). All configurations use label exclusion (Excl). Data scales: 7 (1×7), 21 (3×7), 35
(5×7), 70 (10×7), 700 (100×7), and 1,157 (Full) samples. Projection space (Lab: Label, Voc: Vocabulary);
Input paradigm (Dir: Direct, Inst: Instructional); Label context (Excl: Exclusion, Incl: Inclusion).

To investigate whether instructional input confers advantages under limited supervision,
we run controlled experiments on the AEC TC dataset across multiple training-set sizes.
Specifically, six data regimes are constructed by uniformly sampling per class: 7 (1×7),
21 (3×7), 35 (5×7), 70 (10×7), 700 (100×7), and the full training set (1,157 samples). We
evaluate two input paradigms—direct input (Dir) and instructional input (Inst)—under fixed
label exclusion (Excl) with both label-space (Lab) and vocabulary-space (Voc) projections.
Performance (macro-F1) of BERT and Qwen is measured across all data scales (Figure 9).

Results reveal a consistent trend: instructional input (Inst) yields no statistically sig-
nificant improvement over direct input (Dir) at any data scale, from extreme few-shot (7
samples) to full-data regimes. For both BERT and Qwen, the Dir and Inst curves remain
closely aligned within each projection space, and small fluctuations do not exhibit any sys-
tematic Inst>Dir advantage under our significance criterion (Section 4.1.3). This absence of
gains reinforces the view that supervised fine-tuning (SFT) and in-context learning (ICL) are
governed by fundamentally distinct mechanisms. While ICL critically relies on task instruc-
tions for generalization in low-resource settings, SFT demonstrates no such reliance, even
under severely limited supervision.

Combined with the prompt-style experiments in Section 4.5.1, these results indicate that
the limited impact of task instructions in our experiments is robust both to reasonable vari-
ations in instruction wording and to substantial changes in training data scale. This con-
vergence of evidence supports the interpretation that the weak influence of instructions is a

22

寇岩滔
高亮

寇岩滔
高亮

寇岩滔
高亮

寇岩滔
高亮

寇岩滔
高亮



structural property of supervised fine-tuning on a fixed text-classification task, rather than
an artifact of a particular template choice or data regime.

We tentatively interpret this pattern as a consequence of gradient-based fine-tuning al-
lowing the model to develop task-specific representations that are only weakly tied to the
precise instructional framing. One plausible explanation is that, during fine-tuning, the
model learns to extract task-relevant features primarily from the labeled input–output pairs,
while treating the instruction span as a largely invariant auxiliary context; the loss is applied
at the prediction positions, so paraphrasing the instruction or adding a few in-context exam-
ples induces only marginal adjustments in the gradient signal. This view is consistent with
prior work showing that prompt formatting can have a substantial impact in pure prompting
and few-shot settings, where model parameters are frozen and behavior is driven entirely by
the prompt [42], whereas in instruction-tuned or domain-adapted scenarios, performance is
largely governed by the adapted parameters and further surface-level prompt tweaks often
bring only limited additional gains [43]. However, we emphasize that the precise mechanisms
underlying this robustness to instruction in supervised fine-tuning remain an open question
and merit more targeted theoretical and empirical analysis.

4.6. Mechanistic dissection of label-appended supervision

Figure 10: Controlled perturbations of label tokens in label-included, direct-input configurations (LblCtx =
Incl, InParad = Dir). x0 denotes the raw text, L the gold label token, Lrnd a randomly sampled label from
the set of class labels, Lsyn a synonym of L, and Lmt a multi-token paraphrase of L. During evaluation, all
configurations share the same template x0+“The predicted category is: ”+[MASK]; only the training inputs
xtrain differ as shown. In Case 8 (positional offset break), an additional neutral token “.” is appended after
the label. For decoder-only models, an analogous dedicated prediction token is used in place of [MASK].

To determine whether models rely on label semantics or positional heuristics, we conduct
a controlled perturbation study on AEC TC using nine label-included, direct-input variants
(Cases 0–8 in Figure 10). Case 0 reproduces our original setting with the true label appended
after the text; Cases 1–3 vary label identity and position (random vs. gold label, appended
vs. prepended); Cases 4–7 replace the gold label with a synonym or a multi-token paraphrase,
again in appended vs. prepended form; and Case 8 appends a neutral token after the label
to disrupt positional alignment while keeping the label itself unchanged. Performance for
encoder-only and decoder-only models under these perturbations is reported in Table 9, with
baseline comparisons drawn from Table 4.
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Table 9: Performance on AEC TC under nine label-included perturbation cases for encoder-only (BERT)
and decoder-only (Qwen-0.5B) models.

Model ProjSp Split Metric
Case

0 1 2 3 4 5 6 7 8

BERT

Lab
Dev

M-F1% 51.5 52.2 91.0 90.1 51.6 54.5 30.1 39.0 53.2
Acc.% 57.2 55.9 91.0 90.2 56.6 57.5 38.6 44.1 56.4

Test
M-F1% 48.2 50.2 91.6 90.6 52.9 51.4 30.0 35.6 53.6
Acc.% 55.4 56.1 91.6 90.5 56.5 53.5 37.8 43.2 57.2

Voc
Dev

M-F1% 13.7 11.9 90.1 89.6 10.6 13.4 42.5 45.4 10.5
Acc.% 17.2 17.2 90.2 89.7 16.6 19.3 48.5 52.2 17.9

Test
M-F1% 10.7 10.7 90.4 91.1 11.5 14.2 43.3 48.2 10.7
Acc.% 12.5 14.9 90.4 91.2 18.2 21.0 50.3 53.1 18.2

Qwen-0.5B

Lab
Dev

M-F1% 16.6 60.5 86.1 90.3 12.4 28.9 18.9 27.5 30.0
Acc.% 24.1 62.8 86.2 90.3 20.7 38.6 27.6 31.7 35.2

Test
M-F1% 17.7 63.9 84.7 90.6 13.4 28.2 17.7 28.9 23.1
Acc.% 27.0 64.9 84.5 90.5 23.0 40.5 28.4 33.8 33.8

Voc
Dev

M-F1% 90.5 14.5 90.2 91.0 89.8 12.1 11.5 30.2 8.7
Acc.% 90.7 19.3 90.3 91.0 89.8 15.2 20.7 36.6 16.5

Test
M-F1% 91.6 14.3 90.3 90.6 90.2 10.6 14.3 34.2 7.7
Acc.% 91.6 18.2 90.4 90.5 90.2 16.2 19.6 39.9 16.9

Note: Columns 0–8 correspond to the nine label-included perturbation cases defined in Figure 10. All
configurations use direct input with label inclusion (Dir/Incl). Metric conventions follow Table 4.

Encoder-only (BERT) results. Across all nine label-included cases, encoder-only
BERT is robust only when the label tokens do not convey usable information about the true
class. In both label- and vocabulary-space projection, the random-label conditions (Cases 2
and 3) are the only settings whose dev/test macro-F1 values remain statistically comparable
to the label-exclusion baseline in Table 4. By contrast, all configurations that expose the
gold label or its semantic variants (Cases 0, 1, 4–8) yield substantially lower scores in both
macro-F1 and accuracy (Table 9). This holds for both projection heads: injecting the true
label, a synonym, or a lengthened (multi-token) label—whether appended or prepended—
creates a shortcut that the encoder can exploit, leading to degraded generalization relative
to standard label-excluded fine-tuning.

Decoder-only (Qwen) results. Qwen-0.5B is robust to label inclusion primarily under
a narrow set of configurations. In the label-space setting, the prepend–random-label condition
(Case 3) is the only one that remains statistically indistinguishable from the label-exclusion
baseline in Table 4. The append–random-label condition (Case 2) mitigates the most severe
degradation but still performs noticeably below both Case 3 and the baseline, while all
configurations that expose the true label or its semantic variants (Cases 0, 1, 4–8) show clear
drops in macro-F1 and accuracy. In the vocabulary-space setting, competitive performance
is observed only for the random-label conditions (Cases 2 and 3) and for cases where the
label is realized as a single token appended at the end of the input (Cases 0 and 4). Once
this pattern is minimally perturbed—for example, by using multi-token labels, moving the
label away from the final position, or appending an additional neutral token after the label
(Case 8)—performance drops sharply relative to the label-exclusion baseline.
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Figure 11: Offset-aligned supervision in decoder-only vocabulary-space projection with appended labels. For
input sequence [T1, T2, . . . , TN−1,Label

∗], causal masking restricts attention to preceding tokens (blue arrow).
The standard shifted loss aligns logits at positions 1, . . . , N−1 with targets where only the final position uses
the gold label (others set to −100). Logits at the Label∗ position are discarded (blue cross), preventing the
label from being both context and target—eliminating trivial copy shortcuts.

Mechanistic interpretation. The observed patterns reflect fundamental differences in
supervision alignment between architectures. For encoder-only models, bidirectional atten-
tion enables exploitation of label-based shortcuts regardless of projection space. In both label-
space and vocabulary-space settings, any context token reliably encoding the gold label—
whether original, synonym, or paraphrase—induces the model to minimize loss through direct
attention to that token rather than processing the task text. This explains the performance
collapse across Cases 0, 1, 4–8, where only random labels (Cases 2–3) break the correlation
and restore baseline performance.

For decoder-only models, label-space projection faces two distinct challenges: first, the
inclusion of label text alters the final-token representation used for pooling, creating an
input–inference mismatch; second, the model learns to exploit label tokens as positional
shortcuts instead of building robust text representations. Only prepended random labels
(Case 3) circumvent both issues by preserving the pooling position within task text while
eliminating exploitable semantic cues. In vocabulary-space projection, decoder robustness
stems from the interplay of causal masking and next-token prediction: when single-token
labels are appended terminally (Cases 0, 4), the architectural coupling shown in Figure 11
prevents trivial copying—causal masking restricts attention to preceding tokens, and the
offset alignment ensures label tokens are never both context and prediction targets. This
forces reliance on textual context rather than enabling shortcut solutions.

Figure 12: Confusion matrices for Qwen-0.5B on AEC TC under decoder-only vocabulary-space configura-
tions. (a) Baseline (Voc/Dir/Excl); (b) Appended true label (Voc/Dir/Incl, Case 0); (c) Appended true label
with trailing neutral token (Voc/Dir/Incl, Case 8).

Figure 12 and Table 10 together provide qualitative validation of our mechanistic inter-
pretation. The confusion matrices show that the baseline (a) and appended-label Case 0 (b)
maintain near-diagonal structure, while Case 8 (c) collapses predictions into few columns (no-
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Table 10: Qualitative predictions of Qwen-0.5B on AEC TC under label-excluded and label-included config-
urations.

Example Text
Gold
Label

Predicted Label
Excl Case 0 Case 8

E1
Dance classrooms should preferably be
furnished with wooden flooring.

0 0 0 4

E2
The site shall have satisfactory
engineering geological conditions.

4 4 4 4

E3
Point-type detectors should be installed
horizontally.

6 6 6 4

Note: Excl = Voc/Dir/Excl (baseline); Case 0 = Voc/Dir/Incl with appended true label; Case 8 =
Voc/Dir/Incl with appended label and trailing neutral token.

tably class 4). Correspondingly, the qualitative examples demonstrate that Cases 0 and Excl
produce correct predictions across diverse inputs, whereas Case 8 consistently maps different
texts to the same incorrect labels (e.g., class 4). Since only the positional structure varies
across these configurations, this evidence confirms that decoder-only models’ robustness to
label-appended inputs relies on architectural alignment rather than semantic reasoning.

Core insight. Our mechanistic analysis reveals that decoder-only models’ success with
appended labels is architecturally determined—contingent on their causal attention and offset
alignment mechanisms rather than semantic reasoning or in-context learning capabilities.
This explains both the severe degradation in encoders (where full-context attention creates
pervasive shortcut vulnerability) and the position-dependent performance in decoders (where
success strongly depends on precise architectural alignment between label placement and
prediction offset), thereby clarifying fundamental distinctions between supervised fine-tuning
and in-context learning paradigms.

4.7. Discussion

Our systematic analysis yields both practical guidelines for text classification deployment
and fundamental insights into PLM fine-tuning mechanisms. From an engineering perspec-
tive, we recommend label-space heads as the default choice across both encoder and decoder
architectures, regardless of data availability (from low-resource to high-resource settings), due
to their parameter efficiency and equivalent performance to vocabulary-space projections.
Practitioners should opt for vocabulary-space projections only in multi-task systems that in-
herently require vocabulary-space modeling, where a vocabulary head is already present and
actively used for other tasks. Instructional templates should be omitted entirely, as they incur
computational costs without providing consistent accuracy gains across data regimes—from
extreme few-shot (7 samples) to full-data settings—or template variations. Label exclusion
remains the optimal strategy, as label inclusion introduces architecture-specific vulnerabili-
ties: encoders suffer from pervasive shortcut exploitation due to bidirectional attention, while
decoders’ conditional robustness depends critically on the coupling between causal masking
and next-token prediction objectives.

These findings clarify fundamental distinctions in PLM behavior. The apparent in-context
learning capability observed in decoders with label-appended training is a mechanistic con-
sequence of offset supervision in causal language modeling, not emergent semantic reasoning.
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This understanding resolves the operational contrast between supervised fine-tuning and
in-context learning: SFT updates parameters via gradient descent on explicit targets, mak-
ing exposed labels induce harmful shortcuts, whereas ICL constructs task representations
dynamically from exemplars. Consequently, label insertion during SFT creates exploitable
heuristics without enhancing generalization.

5. Conclusion

This work presents a systematic study of three orthogonal design choices—projection
space (label vs. vocabulary), input paradigm (direct vs. instructional), and label context
(exclusion vs. inclusion)—in supervised fine-tuning for text classification. Through rigor-
ous experimentation across six datasets and diverse architectures, we establish three core
principles:

First, projection equivalence. Label-space and vocabulary-space projections deliver statis-
tically indistinguishable performance across the encoder-only and decoder-only models and
datasets considered in this study. The primary distinction is efficiency: vocabulary-space
heads incur higher memory cost due to full-vocabulary logits, whereas label-space heads are
more suitable for compact, dedicated classifiers.

Second, instructional irrelevance. Explicit task instructions, despite their utility in few-
shot in-context learning, yield no consistent gains across all data regimes of supervised fine-
tuning.

Third, label inclusion triggers positional shortcuts that catastrophically degrade encoder
performance. For decoder-only models, robustness arises mainly when labels are positioned
at the end of the sentence, due to the interaction between causal attention masks and next-
token offset alignment, rather than from genuine semantic reasoning over label text. This
contrast shows that the observed robustness is an architectural artifact rather than genuine
semantic reasoning.

Taken together, these findings support simple design recommendations for practitioners.
For standalone classifiers, label-space heads should be the default choice, with vocabulary-
space projections reserved mainly for settings that already reuse vocabulary heads in multi-
task or text-to-text systems. Instructional templates can be omitted from SFT pipelines, as
they add computational overhead without providing robust gains. Likewise, label tokens are
best kept out of the input, making label exclusion a stable, architecture-agnostic option for
supervised text classification.

Limitations and future work. Despite covering six datasets across two languages and
multiple regimes (single- vs. multi-label, short vs. long documents, general vs. domain-specific
text), our study still operates on a relatively narrow slice of the possible design space.

First, dataset diversity remains limited: we do not consider highly specialized or safety-
critical domains such as legal, financial, or clinical decision support, nor low-resource or
morphologically rich languages, where supervision design choices may interact more strongly
with domain shift and annotation scarcity.

Second, while our models span 85M to 14B parameters, they stop short of frontier-scale
LLMs and mixture-of-experts architectures; future work should test whether projection equiv-
alence and the limited role of instructions persist in models with stronger emergent reasoning
abilities and more complex training pipelines.
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Third, our experiments focus on standard LoRA-based supervised fine-tuning for closed-
set classification; extending the analysis to other adaptation mechanisms (e.g., prefix tuning,
full-parameter fine-tuning, retrieval-augmented or semi-supervised setups) and to more in-
teractive task formats (e.g., rationales, chain-of-thought supervision) would help clarify how
robust our conclusions are beyond the text classification setting. Addressing these limita-
tions will further sharpen the methodological role of SFT as a baseline for adapting PLMs
in diverse real-world applications.
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