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Abstract

The quality of pre-training data critically im-
pacts the capabilities of large language models.
Existing pipelines rely on expert-crafted heuris-
tic rules, which primarily operate at the sample
level and are based on coarse statistical indica-
tors, thus lacking content-aware, fine-grained
noise detection. While recent generative ap-
proaches, e.g., PROX-C, enable token-level re-
finement, their reliance on synthesizing Python
code incurs prohibitive computational cost at
scale and can introduce hallucinations into the
refined data. To overcome these limitations, we
propose SELECting over Tokens (SELECT), a
novel framework that reframes data refinement
as a highly efficient token classification task.
SELECT classifies each token as either infor-
mative or noisy and subsequently removes the
latter. This design achieves fine-grained data
optimization while avoiding the inefficiency of
generation, ensuring scalability. When evalu-
ated on diverse downstream benchmarks, the
model trained on SELECT-refined corpora, on
average, outperforms the one trained on raw
data by over 2% and exceeds the best heuristic
baselines by more than 1% while preserving
17% more tokens than the latter. Furthermore,
SELECT achieves higher average performance
than the generative PROX-C across all experi-
mental settings, and is 2.5x faster at inference,
even with twice the parameters. Our results
establish SELECT as an effective, efficient, and
scalable solution for pre-training data optimiza-
tion.

1 Introduction

Contemporary Large Language Models (LLMs)
(Meta, 2024; Achiam et al., 2023; Anthropic, 2024;
Reid et al., 2024) have demonstrated remarkable
capabilities across a wide array of tasks, includ-
ing creative writing (Yuan et al., 2022), program-
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ming (Li et al., 2023), and logical reasoning (Wei
et al., 2022; Kojima et al., 2022). The bedrock of
these achievements lies in large-scale, high-quality
pre-training corpora, which endow these models
with extensive world knowledge and sophisticated
reasoning abilities (Together, 2023; Penedo et al.,
2024).

Currently, the vast majority of pre-training cor-
pora are sourced from the internet, a domain replete
with noisy and low-quality content. This necessi-
tates a thorough data curation process prior to train-
ing. Conventional pipelines heavily rely on expert-
crafted heuristic rules (Raffel et al., 2020; Rae
et al., 2021; Penedo et al., 2024), which typically
make judgments at the document level based on
coarse statistical metrics, rendering them content-
agnostic and unable to perform fine-grained fil-
tering. Consequently, these inflexible rules can
only discard entire documents rather than surgically
removing noisy tokens within them. To achieve
finer granularity, some methods have shifted to
the line level (Henriksson et al., 2025; Huo et al.,
2025), scoring each line and discarding those be-
low a threshold. While an improvement, these
approaches still struggle with inaccurate scoring
due to a lack of global context and remain too
coarse, unable to perform token-level edits. Seek-
ing even finer control, other works have pushed
towards token-level refinement. Some approaches
have employed medium-sized LLMs to rewrite low-
quality text, aiming to preserve salient informa-
tion while eliminating noise (Su et al., 2024; Maini
et al., 2024). The generative nature of these meth-
ods, however, renders them computationally expen-
sive and severely limits their scalability. Further-
more, they are prone to introducing factual halluci-
nations (Maini et al., 2024), which are challenging
to verify. Other methods, such as PROX-C (Zhou
et al., 2024) and RefineX (Bi et al., 2025), frame
data refinement as a programming task, generat-
ing Python scripts to perform token-level cleaning.
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Figure 1: Comparing the inference pipelines of PROX-C (generative) and SELECT (classification). PROX-C’s
reliance on slow, sequential decoding creates a bottleneck, whereas SELECT’s single-pass classification architecture
enables significantly faster inference.

Nevertheless, PROX-C remains fundamentally gen-
erative; despite using a smaller model, it is still ex-
ceedingly time-consuming at the pre-training scale,
and its generated scripts can also suffer from hallu-
cinations, leading to erroneous text manipulations.

To address these limitations, we introduce SE-
LECting over Tokens (SELECT), a novel frame-
work that reformulates data refinement as a token
classification problem. This reformulation results
in a fundamentally different inference paradigm
from generative methods like PROX-C (Zhou et al.,
2024), as depicted in Figure 1. In more detail, our
method (illustrated in Figure 2) begins by creating
a high-quality seed dataset. We prompt a frontier
LLM to refine a small set of documents under a
strict, deletion-only constraint. After rigorous text
alignment and verification, this process yields a
corpus with token-level labels annotating content
as either informative or noisy. Next, we frame this
task as a sequence labeling problem (Ma and Hovy,
2016), employing the BIO tagging scheme to iden-
tify informative spans (B, I) and noisy tokens for
removal (O). Finally, a small encoder-only model is
fine-tuned on this labeled data to perform scalable
sequence labeling by jointly modeling individual
token classifications and the transition probabilities
between adjacent labels.

To validate the efficacy of SELECT, we refine
the raw corpus using multiple baselines (heuristics,
PROX-C) and SELECT, producing a distinct 40B-
token dataset for each. A 1.7B-parameter LLM is
then pre-trained from scratch on each corpus. Com-
pared with raw data, the model trained on the SE-
LECT-cleaned corpus yields over 2% higher aver-
age scores across diverse downstream benchmarks,
and exceeds the best heuristic baseline by over

1% on average while retaining 17% more tokens.
Against PROX-C, SELECT consistently delivers
higher average performance across all experimen-
tal settings, and—despite having twice the param-
eters—achieves 2.5× faster inference. Data qual-
ity analysis with the fineweb-edu classifier further
shows that SELECT-processed raw corpora shift to-
wards higher quality: the proportion of documents
with scores ≥ 2 rises by 5.37%, and those scoring
1 increase by 2.50%. These results highlight SE-
LECT as a scalable, high-performance solution for
large-scale pre-training data curation.

The major contributions to our work are summa-
rized as follows:
• We propose SELECT, a data cleaning framework

that reformulates noise removal as token classifi-
cation, enabling fine-grained filtering and avoid-
ing the inefficiency and hallucinations of genera-
tive approaches.

• We design a deletion-only LLM-based seed
dataset construction and verification process that
produces a high-quality, token-level labeled cor-
pus, enabling the training of token classification
models.

• Experimental results show that, SELECT consis-
tently surpasses heuristic and generative base-
lines (PROX-C) on average across all experimen-
tal conditions, retaining 17% more tokens than
the best heuristic, delivering 2.5× faster infer-
ence than PROX-C even with twice its parameter
count.

2 Approach: SELECting over Tokens

The overall workflow of the SELECT framework
is illustrated in Figure 2. In the following sections,
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Figure 2: An overview of the SELECT Framework. We first generate a BIO-labeled dataset by using an expert LLM
to refine a seed corpus under a deletion-only constraint, followed by rigorous alignment and validation. This dataset
is then used to fine-tune the encoder-only base model into the final SELECT model, which is prepared by adapting a
decoder-only base model via continued pre-training on a Masked Language Modeling task.

we detail its key components.

2.1 Task Definition
Given a training corpus D, for each document d
in the raw dataset, we first tokenize the text into a
sequence of tokens d = (t1, t2, . . . , t|d|).

The refinement process of transforming docu-
ment d into refined document d̂ can be formulated
as a token classification problem—specifically, a
sequence labeling task (Ma and Hovy, 2016). Our
goal is to classify each token into one of three cat-
egories following the BIO tagging scheme. The
corresponding labels are:

• B: Beginning token of a main content segment

• I: Inside token of a main content segment

• O: Outside tokens representing noise content

The refined document d̂ is then produced by pre-
serving only the tokens labeled as B or I while
removing those labeled as O.

This task formulation enables precise, token-
level content refinement that preserves the origi-
nal document structure by strictly removing tokens
rather than rewriting them, thus avoiding halluci-
nations. Furthermore, the BIO tagging scheme
provides a clear representation of each main con-
tent segment, imposing structural constraints on the
label sequence (e.g., an I tag should follow a B or
I). These dependencies are then explicitly modeled
through transition probabilities to ensure sequence-
level coherence (see Section 2.3 for details).

2.2 Data Construction
Annotation via LLM-driven Refinement To
construct our training dataset, we sample a

small-scale corpus of raw webpages and employ
DeepSeek-R1 (DeepSeek-AI et al., 2025) to re-
fine them via a carefully designed prompt (see Ap-
pendix A for the full prompt). The prompt directs
the model to extract the main content (i.e., infor-
mative content) by removing noisy, boilerplate el-
ements, operating under a critical deletion-only
policy that prohibits any rewrites or paraphrasing.
This ensures strict token-level alignment between
the source and cleaned text, a prerequisite for our
token classification task using BIO tagging.

While the prompt enumerates representative
noise types (e.g., URLs, navigation) for guidance,
it also empowers the model to leverage its world
knowledge to more comprehensively identify and
remove non-essential content. Furthermore, the
LLM is instructed to discard an entire page if it
lacks substantive main content or if the content is
incoherent, incomplete, or exhibits low information
density.

The resulting LLM output is denoted as d̂ =
(t̂1, t̂2, . . . , t̂|d̂|), where t̂i represent the LLM-
produced tokens.

While our prompt explicitly enforces a deletion-
only policy, the LLM may still introduce subtle
modifications. We therefore implement a rigor-
ous verification step during the sequence alignment
phase to identify and discard any samples exhibit-
ing such alterations, ensuring only pure deletions
are retained.

Token Sequence Alignment We first apply the
longest-matching-segments algorithm (see Ap-
pendix B) to identify all contiguous character seg-
ments in d that exactly match a subsequence in d̂
and whose length exceeds a minimum threshold
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Lmin = 20 characters. Formally, this produces a
sequence of aligned segment index tuples:

M = {(sk, ek, ŝk, êk)}Kk=1, (1)

where (sk, ek) are the starting and ending indices
in d, and (ŝk, êk) are the corresponding indices in
d̂. All matched segments satisfy

ek − sk + 1 = êk − ŝk + 1 ≥ Lmin. (2)

The segments are ordered such that

1 ≤ s1 < e1 < s2 < · · · < sK < eK ≤ |d|,
1 ≤ ŝ1 < ê1 < · · · < ŝK < êK ≤ |d̂|.

(3)

We categorize the alignment result into three
cases:

1. Aligned: The matched segments completely
cover d̂ without gaps:

K⋃

k=1

[ŝk, êk] = [1, |d̂|]. (4)

This case means that d̂ is a strict filtered sub-
sequence of d.

2. Adjusted: For some adjacent matched seg-
ments, the gap between them in d and d̂ differs
by at most ∆max = 5 characters:

|(sk+1 − ek)− (ŝk+1 − êk)| ≤ ∆max,

∀k ∈ {1, . . . ,K − 1}. (5)

The small discrepancy is typically due to
light paraphrasing or word substitution by the
LLM. In this situation, we replace the LLM-
produced characters in the gap with the corre-
sponding original characters from d, thereby
merging the two matched segments into one
continuous block.

3. Unaligned: Cases where the above two con-
ditions are not satisfied. These alignments
cannot be reliably traced back to the original
sequence and are thus discarded.

BIO Label Assignment To facilitate token-level
labeling, we first convert the character-level aligned
spans into their corresponding token-level spans.
We then generate BIO labels for each retained sam-
ple (Categories 1 and 2): the first token of a span
is labeled B (Beginning), subsequent tokens within

the span are I (Inside), and all tokens outside any
matched span are labeled O (Outside). This yields
high-quality supervised labels that faithfully reflect
the LLM-cleaned main body text while guarding
against inadvertent rewriting. Finally, we obtain ap-
proximately 400k high-quality training examples.

2.3 Model Training
With the BIO-labeled dataset constructed, we de-
velop our refinement model starting from the 0.6B
Qwen3-Base (Yang et al., 2025). The training
process follows a two-stage paradigm: contin-
ued pre-training with Masked Language Modeling
(MLM) (Devlin et al., 2019), followed by super-
vised fine-tuning (SFT).

First, to adapt the decoder-only model for bidi-
rectional sequence labeling, we replace its causal
attention with a bidirectional mechanism and per-
form continued pre-training on a 100B token
FineWeb corpus using an MLM objective.

Second, the MLM-adapted model is fine-tuned
on our BIO-labeled data. While a simple binary (in-
formative/noisy) classification approach is feasible,
our initial explorations revealed a common issue:
such models often misclassify individual tokens
within a continuous, informative text segment, lead-
ing to undesirable "chunk fragmentation". To en-
sure the structural integrity of the extracted content,
it is crucial to model the dependencies between ad-
jacent token labels. A standard method for this is a
Conditional Random Field (CRF) layer, which mo-
tivates our adoption of BIO tagging. However, as
detailed in Appendix C.2, we found the CRF layer
to be numerically unstable when processing the
long sequences common in our task. To overcome
this, we adopt a more robust approach inspired by
the core principle of CRFs: directly modeling the
transition probabilities between adjacent labels.

Formally, let x = (x1, . . . , x|d|) be the sequence
of final hidden states from the language model,
where xi ∈ RH corresponds to the i-th input token.
For each position i ∈ {1, . . . , |d| − 1} and any
two labels u, v ∈ C = {B, I,O}, the transition
probability from label u at position i to label v at
position i+ 1 is defined as:

ptri (u→ v) =
exp

(
gi(u→ v)

)
∑

v′∈C exp
(
gi(u→ v′)

) , (6)

where gi(u→ v) = Wu→vxi + bu→v, with learn-
able parameters Wu→v ∈ R1×H and bu→v ∈ R.

The overall transition probability of a label se-
quence y = (y1, y2, . . . , y|d|) given the hidden
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states x is:

Ptr(y | x) =
|d|−1∏

i=1

ptri (yi → yi+1). (7)

The total training loss L is a combination of the
standard token classification loss and the negative
log-likelihood of the transition probabilities. For-
mally, it is defined as:

L = Lcls + Ltr, (8)

where Lcls is the average token-wise cross-entropy
loss, and Ltr is the average transition loss. They
are calculated as follows:

Lcls = −
1

|d|

|d|∑

i=1

log pclsi (yi | x) (9)

Ltr = −
1

|d| − 1

|d|−1∑

i=1

log ptri (yi → yi+1). (10)

Here, pclsi (yi | x) is the softmax probability of
the correct label yi for the i-th token. The final
objective is to minimize L over the training data.

Unlike independent token-level softmax classi-
fication, our method models adjacent label depen-
dencies via ptr, yielding more consistent and struc-
turally coherent label sequences. During inference,
we adopt the Viterbi algorithm to find the optimal
sequence of labels, a standard practice in traditional
sequence labeling.

The rationale for choosing the base model for
SELECT (e.g., why not directly use off-the-shelf
encoders like BERT (Devlin et al., 2019) or Mod-
ernBERT (Warner et al., 2024)), along with further
details on training and inference, is provided in
Appendix C and D.

3 Experiments

3.1 Experimental Setup

Pre-training Corpus and Base Models Follow-
ing the standard pipeline for constructing pre-
training corpora, we begin by sampling raw HTML
data from early-2025 Common Crawl1 dumps.
This data undergoes a series of standard pre-
processing steps—including URL filtering, content
extraction, and language identification—to produce
our initial raw text corpus. The raw corpus is then

1https://commoncrawl.org/

cleaned using our proposed method, SELECT, as
well as several baselines (heuristic rules and PROX-
C), yielding a distinct 40B-token dataset for each
approach. Subsequently, we pretrain a 1.7B param-
eter model based on the Qwen-3 (Yang et al., 2025)
architecture from scratch on each of these resulting
corpora.

Evaluation Tasks and Baselines In our experi-
mental setup, we assess the performance of each
pretrained model across a benchmark of ten down-
stream tasks, leveraging the official implementation
of the LightEval framework (Fourrier et al., 2023).
To ensure an equitable comparison among the dif-
ferent approaches, we designed our experiment
around three distinct data preparation scenarios:
(1) document level filtering only, (2) fine-grained
refinement only, and (3) a combination of both. In
the combined scenario, the fine-grained refinement
process is subsequently applied to various datasets
that have already undergone filtering. A compre-
hensive description of all filtering and refinement
baselines employed in our study is provided below:

• Document Level Filtering: Our document level
filtering baselines are categorized into two main
types: rule-based and model-based. For rule-
based baselines, we evaluate the individual rule
sets from C4 (Raffel et al., 2020) and Go-
pher (Rae et al., 2021), alongside the new rules
introduced with FineWeb (Penedo et al., 2024)
(hereafter referred to as FineWeb rules), as well
as their combination (COMB), which is the actual
filtering strategy used to create the FineWeb cor-
pus. For the model-based baseline, we employ
the PROX-D model from the PROX framework.

• Model Refine: We use PROX-C as our pri-
mary fine-grained refinement baseline, following
the 1.5k-token chunking setup from the original
work. Additionally, to further validate the impact
of granularity, we introduce a line-level filtering
model baseline (Henriksson et al., 2025). We
create two versions, hereafter referred to as Line-
FilterSELECT and Line-FilterPROX-C, by carefully
calibrating their filtering thresholds to precisely
match the respective data retention rates of the
token-level methods for a fair comparison.

Further details on the pre-training and evaluation
setups can be found in Appendix E and F. We se-
lected PROX-C as the sole baseline for token-level
fine-grained refinement, as the model for REFINEX
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Method ARC-C ARC-E CSQA HellaS MMLU OBQA PIQA SIQA WinoG SciQ Avg #Win

Raw 25.09 44.53 32.84 39.66 27.98 30.40 69.86 42.94 49.49 68.40 43.12 0 / 10
+ PROX-C 26.79 46.63 32.60 43.49 28.64 31.60 70.78 43.04 50.36 72.20 44.61 3 / 10
+ SELECT 27.39 48.65 34.56 43.48 28.66 33.20 70.67 42.84 50.67 72.80 45.29 7 / 10

Rule-based filtering: GO = Gopher rules, C4 = C4 rules, FW = FineWeb rules, COMB = Go + C4 + Fw.

GO 25.94 46.00 33.91 41.05 27.73 32.20 69.59 42.99 51.22 67.20 43.78 1 / 10
+ PROX-C 26.19 46.25 32.92 44.93 28.28 33.00 70.08 41.76 50.83 69.00 44.32 4 / 10
+ SELECT 26.11 47.94 35.46 44.06 27.97 33.00 70.78 41.81 51.54 69.20 44.79 5 / 10

C4 26.37 45.29 31.45 42.47 27.35 33.20 70.08 43.24 49.72 66.70 43.59 1 / 10
+ PROX-C 24.74 44.23 33.58 44.40 27.96 33.20 70.95 42.63 51.07 64.40 43.72 4 / 10
+ SELECT 26.96 46.00 34.40 44.65 27.89 33.00 70.40 43.24 50.51 66.00 44.31 5 / 10

FW 25.85 45.37 32.35 41.53 28.31 30.80 68.72 43.14 49.80 69.90 43.58 2 / 10
+ PROX-C 25.85 45.66 34.48 44.67 28.19 31.80 69.48 42.73 49.96 71.30 44.41 3 / 10
+ SELECT 26.37 48.36 34.32 44.07 28.01 32.80 70.51 42.48 51.07 70.80 44.88 5 / 10

COMB 27.30 46.21 33.42 43.39 27.81 32.20 69.75 42.37 50.99 67.50 44.09 2 / 10
+ PROX-C 26.62 45.45 33.91 44.85 28.03 32.20 70.67 42.48 50.51 66.70 44.14 2 / 10
+ SELECT 25.17 47.05 34.23 45.64 28.02 35.00 70.13 43.35 51.70 67.40 44.77 6 / 10

LLM-based filtering: PROX-D

PROX-D 26.96 53.91 33.99 43.85 30.50 34.40 69.91 42.43 51.38 75.00 46.23 3 / 10
+ PROX-C 29.86 53.32 36.04 45.54 30.37 35.80 69.53 42.02 50.67 74.80 46.79 3 / 10
+ SELECT 29.61 56.48 35.63 45.88 30.84 35.40 69.70 42.27 50.43 80.30 47.65 4 / 10

Table 1: Performance comparison of 1.7B models across 10 downstream benchmarks. All models are pretrained on
40B-token corpora of identical size. These corpora are created using different data curation methods: using the raw
text, applying various filtering strategies, or applying an additional fine-grained refinement step to the filtered data.
Within each experimental group, the best result is underlined. The #Win column counts the number of tasks in
which a method outperformes others in its group.
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was not publicly available at the time this work was
conducted.

3.2 Verifying SELECT’s Effectiveness

Consistent Superiority of SELECT Across Set-
tings Following the evaluation protocol of PROX,
we assess our pretrained models on ten bench-
mark tasks from LightEval. As shown in Table 1,
when applied directly to the raw corpus, SELECT
achieves an average improvement of 2.17% over
the model trained solely on the raw data, and out-
performs the best heuristic filtering rule—COMB

(used to curate FineWeb corpora)—by 1.2% on av-

erage. SELECT also proves effective on pre-filtered
corpora: when applied after heuristic filtering, it
yields additional gains of 0.68–1.30%, and achieves
a 1.42% improvement when applied to corpora fil-
tered by PROX-D. Compared to the model-based
refinement baseline PROX-C, SELECT consistently
performs better across all experimental conditions,
with average gains ranging from 0.47% to 0.86%.
As illustrated in Figure 3, SELECT consistently
outperforms all baselines throughout the training
process. Comprehensive results for every interme-
diate checkpoint are available in Appendix G.1.

Notably, applying SELECT directly to the raw
corpus yields superior results to all configura-
tions where heuristic filtering is applied before
SELECT. This observation underscores SELECT’s
high token-level precision: whereas heuristics dis-
card entire documents that contain some noise,
SELECT surgically removes only the noisy to-
kens, thereby preserving the valuable, informative
content within those same documents. This fine-
grained filtering enables more effective utilization
of the training data.

To further validate this principle of granularity,
we conduct a controlled comparison against a line-
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Table 2: Comparison of average downstream perfor-
mance for token-level versus line-level refinement meth-
ods across various corpora. Line-Filter* and Line-
Filter† are Line-FilterSELECT and Line-FilterPROX-C, re-
spectively. See Appendix G.1 for per-task results.

Method Raw GO C4 FW COMB PROX-D

SELECT 45.29 44.79 44.31 44.88 44.77 47.65
Line-Filter* 44.48 44.02 44.17 43.78 44.49 46.13
PROX-C 44.61 44.32 43.72 44.41 44.14 46.79
Line-Filter† 43.90 43.94 43.77 43.91 43.70 46.41

level model. As shown in Table 2, the token-level
methods demonstrate a clear advantage over their
line-level counterparts under identical data reten-
tion rates. With the sole exception of PROX-C on
the C4 dataset, both SELECT and PROX-C con-
sistently yield superior average downstream per-
formance compared to the retention-matched Line-
Filter baselines. This finding strongly confirms
our central hypothesis that finer-grained data re-
finement is crucial for achieving optimal results, as
it allows for more precise removal of low-quality
content.

Efficiency Advantage over Generative Meth-
ods In terms of processing efficiency, SELECT,
as a classification-based model, offers a substantial
speed advantage over generative approaches like
PROX-C. The performance difference stems from
their fundamental architectural disparities.

The inference of a generative model like PROX-
C comprises two main phases: (1) prefill: a par-
allel prompt processing phase and (2) decode: a
sequential auto-regressive decoding phase. While
the prefill is efficient, the decode process is inher-
ently slow. It must generate tokens one by one,
with each step attending to the entire input con-
text, thus becoming a memory-bandwidth-bound
bottleneck.

Table 3: Inference latency breakdown for SELECT and
PROX-C.

Method Speed (ms/sample)

PROX-C (Prefill) 6.44
PROX-C (Decode) 21.80
PROX-C (Total) 28.24
SELECT (Total) 11.23

To empirically validate this, we profile the la-
tency of both models on a single A100-80G GPU.
As detailed in Table 3, PROX-C’s slow decode
phase (21.80 ms/sample) accounts for over 77%
of its total inference time. In contrast, SELECT’s
entire operation is a single parallel forward pass
(11.23 ms/sample), which is architecturally analo-

gous to only the efficient prefill stage of a gener-
ative model. By bypassing the sequential decod-
ing bottleneck entirely, SELECT achieves a 2.5x
speedup over PROX-C.

3.3 In-depth Analysis of SELECT

Impact on the Length Distribution of Original
Corpora To analyze the effect of our refinement
method, we examine the document length distri-
butions before and after processing (Figure 4, Ta-
ble 4). The impact is most pronounced on the
raw corpus, whose original distribution is char-
acterized by a prominent cluster of peaks corre-
sponding to extremely short documents (under 100
tokens). While PROX-C only removes some of
the most extreme outliers(e.g., <10 tokens), likely
because they consist of specific noise types it tar-
gets (e.g., URLs, navigation bars), SELECT sys-
tematically suppresses the entire low-token noise
region, transforming the bumpy, multi-modal distri-
bution into a clean, unimodal one. This highlights
SELECT’s superior ability to generalize beyond
specific, predefined noise types. Furthermore, our
annotation prompt enables the complete removal
of a document if it is deemed entirely noise. Conse-
quently, SELECT aggressively prunes these short,
low-quality samples (discarding 27.8% of the raw
data), which explains why the average document
length increases after its application.

On the pre-filtered COMB and PROX-D corpora,
where this low-token noise is already absent, the
distributions produced by SELECT and PROX-C
become more similar in their overall shape, with
both exhibiting a smoother, single-peak form. This
convergence underscores that SELECT’s most dis-
tinct advantage lies in its robust purification of raw,
highly noisy data. Representative examples illus-
trating these behavioral differences are available in
Appendix I.1.

Table 4: Average number of tokens for different meth-
ods.

Method Avg. Tokens

Raw 534.45
+ PROX-C 504.91
+ SELECT 552.45

COMB 715.07
+ PROX-C 629.45
+ SELECT 643.80

PROX-D 1375.71
+ PROX-C 1233.31
+ SELECT 1079.93
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Figure 4: Token count distributions before and after applying different refinement methods to three baseline corpora:
raw data, rule-based filtered data (COMB), and LLM-based filtered data (PROX-C).

Analysis of Token Retention Table 5 presents
the token retention rates of various methods. When
compared to coarse-grained filtering like COMB,
SELECT demonstrates the advantage of its fine-
grained approach. While achieving superior av-
erage downstream performance, SELECT retains
17% more tokens (59.63% vs. 50.95%) by surgi-
cally removing noise instead of discarding entire
documents.

In contrast, when compared to the generative
method PROX-C, SELECT retains fewer tokens
(e.g., 59.63% vs. 76.89% on raw data). This dispar-
ity does not indicate lower effectiveness, but rather
a more thorough cleaning process. SELECT’s lower
retention rate is a direct result of its stronger gener-
alization capabilities in noise detection, which stem
from the annotation process that encourages lever-
aging the LLM’s world knowledge beyond a fixed
set of noise patterns. As shown in Appendix I.1,
SELECT identifies a wider variety of noise, includ-
ing complex patterns like system-generated mes-
sages and content redundancy, which PROX-C of-
ten misses. This more aggressive cleaning yields a
purer corpus, leading to consistently higher average
downstream performance (Table 1).

Finally, in large-scale pre-training scenarios
where GPU compute is the bottleneck, through-
put is critical. Although SELECT retains fewer to-
kens per sample (approx. 77.6% of what PROX-C
keeps), its 2.5x inference speedup means it pro-
duces significantly more clean data for the same
computational cost. In a fixed compute budget,
SELECT yields approximately 1.94 times (2.5 ×
0.776) the amount of high-quality tokens compared
to PROX-C, establishing it as a more scalable solu-
tion.

SELECT Boosts the Share of High-Quality Text
We evaluate the quality of the raw corpus alongside
the versions refined by SELECT and PROX-C, us-
ing the FineWeb-Edu classifier(Penedo et al., 2024).
The results, summarized in Table 6, clearly demon-

Table 5: Token retention ratio of different methods.

Method Kept Ratio(%)

Raw 100
+ PROX-C 76.89
+ SELECT 59.63

COMB 50.95

PROX-D 19.38
+ PROX-C 17.33
+ SELECT 14.53

strate that both methods substantially increase the
proportion of high-quality data compared to the
original corpus. Notably, SELECT achieves the
most impressive results. Specifically, the propor-
tion of samples with a quality score ≥ 2 increases
by 9.16% and 5.37% compared to the original data
and PROX-C, respectively. Similarly, for samples
with a score of 1, SELECT shows gains of 7.31%
and 2.50% over the original data and PROX-C.
This trend also holds on pre-filtered corpora like
COMB and PROX-D (see Appendix H for details).

Table 6: Quality scores annotated by the FineWeb-Edu
classifier.

Quality Method Rat.(%)

Score = 0
Raw 38.09
PROX-C 29.49
SELECT 21.62

Score = 1
Raw 46.55
PROX-C 51.36
SELECT 53.86

Score ≥ 2
Raw 15.36
PROX-C 19.15
SELECT 24.52

3.4 Ablation Study
To validate the effectiveness of our full SELECT
model—specifically its use of BIO tagging and tran-
sition modeling—in addressing the "chunk frag-
mentation" issue, we conduct an ablation study.
We compare it against a simpler ablated model that
employs a binary (I/O) labeling scheme and a stan-
dard token-wise classification head, foregoing any
transition modeling.
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The cleaning performance of both models is eval-
uated on our annotated test set at the token and
chunk levels. For a fair comparison, predictions
of B or I from our full SELECT model are both
mapped to I. As shown in Table 7, both models
achieve nearly identical token-level F1 scores. This
is expected, as fragmentation typically stems from
only a few misclassified tokens within a larger, cor-
rect segment. A more sensitive metric for this prob-
lem is the chunk-level F1 score. For this metric,
analogous to NER, we treat contiguous spans of I
tokens as chunks and require an exact-match for a
prediction to be correct. On this challenging met-
ric, the full SELECT model outperforms the ablated
version by a substantial 12.0%, strongly confirm-
ing that our inclusion of BIO tagging and transition
modeling is crucial for capturing the structural con-
tinuity of informative content, making the model
more robust and less prone to omitting valid tokens
within a coherent segment. We provide several
representative examples in Appendix I.2 to qualita-
tively illustrate the behavioral differences between
the two models.

Table 7: Token- and chunk-level performance of the
full SELECT model versus the ablated model on the
annotated test set.

Method Precision (%) Recall (%) F1 (%)

token-level

SELECT 92.3 94.4 93.3
w/o BIO & Ptr 91.9 94.6 93.2

chunk-level

SELECT 51.8 47.4 49.5
w/o BIO & Ptr 33.1 43.3 37.5

We also investigate the impact on downstream
tasks by pre-training a 1.7B model on a 40B-token
corpus cleaned by the ablated model. The re-
sults, detailed in Appendix G.2, show that the full
SELECT model outperforms its ablated counter-
part by a modest 0.18% in average performance.
This slight improvement is reasonable, as the fine-
grained correction of fragmentation affects a rela-
tively small number of tokens, and its full impact
may not be apparent at our current experimental
scale (1.7B model, 40B tokens). We hypothesize
that this performance gap could widen on larger
models, which are generally more sensitive to sub-
tle variations in data quality. Given that our de-
sign adds negligible inference overhead, the full
SELECT model remains the preferred choice for
its superior structural predictions and potential for
greater benefits at scale.

4 Related work

4.1 Pre-training Data Filtering

Standard data curation pipelines employ coarse,
document-level filtering to prune low-quality con-
tent from web-scale corpora (Touvron et al., 2023;
Together, 2023; Penedo et al., 2024). This is typ-
ically achieved using heuristic rules based on sta-
tistical indicators (Raffel et al., 2020; Rae et al.,
2021; Penedo et al., 2024) or by training classifiers
to score entire documents (Penedo et al., 2024; Su
et al., 2024; Li et al., 2024). The primary limitation
of these methods is their inability to perform fine-
grained refinement, often discarding documents
that contain a mix of valuable and noisy content.
SELECT addresses this by operating at the token
level, preserving informative segments while excis-
ing noise.

4.2 Model-based Data Refinement

To enable more granular control, recent work has
focused on model-based data refinement, rang-
ing from coarse line-level filtering (Henriksson
et al., 2025; Huo et al., 2025) to finer, token-level
operations. Methods like PROX-C (Zhou et al.,
2024) and REFINEX (Bi et al., 2025) leverage
LLMs to synthesize editing programs that perform
token-level operations. However, as generative ap-
proaches, they face critical challenges: high infer-
ence latency, which limits scalability, and the risk
of generating erroneous code that can corrupt the
data. SELECT circumvents these issues by fram-
ing refinement as a discriminative task, offering a
substantially faster and more reliable alternative.

5 Conclusion

We introduce SELECT, a novel framework that re-
frames data cleaning as a token classification task.
On average, the model trained on SELECT-refined
data outperforms one trained on raw data by over
2% and surpasses the best heuristic baseline by
over 1%, while retaining 17% more tokens than
the latter. SELECT also achieves higher average
performance than the generative PROX-C across
all settings, achieving 2.5x faster inference. Qual-
ity analysis further confirms SELECT boosts the
proportion of high-quality samples. These results
establish SELECT as an efficient, effective, and
scalable solution for pre-training data curation.
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Limitations

Our study’s scope was primarily limited by signifi-
cant computational constraints. This restricted our
main pre-training experiments to a 1.7B parame-
ter model on a 40B-token corpus, which in turn
prevented a thorough investigation into the scaling
properties of our method with larger models and
data volumes. The sheer cost of each large-scale
run also made it infeasible to perform significance
testing across multiple random seeds to statisti-
cally validate our findings. A similar constraint
applied to the continued pre-training (CT) exper-
iments, where we were limited to the 0.6B scale
Qwen3 model. We leave the exploration of these
larger-scale settings and more rigorous statistical
validation as critical directions for future work.

A separate limitation stems from our seed
dataset generation, which relies on a single LLM
(DeepSeek-R1) and a fixed prompt. This may in-
troduce model- or prompt-specific biases. A sys-
tematic analysis of these potential effects by testing
various models and prompts was beyond the scope
of this work, leaving it as an important area for
future investigation.
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Prompt for Data Refinement

Task Description:
You are a specialized assistant for web content refinement. Given the raw content of a web page, your task is to remove all noisy elements and return only the valid main content.

• Definition of Main Content:
The complete, substantive body of information on a page that possesses a coherent narrative structure and high informational density. Examples: article paragraphs, descriptive text,
informative tables.

• Definition of Noise:
Noise refers to any content that is unrelated to the main body text, including but not limited to non-essential boilerplate (e.g., headers, footers, navigation bars), meaningless URL
links, advertisements, and duplicate or redundant segments. Identification of noise should be based on the contextual understanding of the original webpage, and is not confined to the
aforementioned examples.

Requirements:

• Accuracy and Fidelity:
You must accurately extract the main content from the source text. The original formatting of all retained text must be preserved. A brief rationale for any refinements is required.

• Deletion-Only Constraint:
Only deletion operations are permitted. You are strictly forbidden from rewriting, correcting, paraphrasing, or fabricating any content. Text that carries meaningful information must
not be removed.

• Handling of Low-Quality Pages:
If the source text contains no substantive main content, is semantically incoherent, or exhibits very low information density, you must return an empty string in the refined_text field.

Format:

Input:
[doc]<raw_webpage_content>[/doc]

Output:

refinement_reason:
[doc]<brief_justification_for_refinements>[/doc]

refined_text:
[doc]<extracted_main_content_or_empty_string>[/doc]

Examples:
Example 1:
Input:

[doc]As Microsoft is expected to refresh its Surface lineup with new AI features later this year, this episode of First Ring Daily has Brad Sams
and Paul Thurrott discussing Microsoft’s “peak Surface” moment.[/doc]

Output:

refinement_reason:
[doc]The text is a single, coherent, and informative sentence. It was identified as main content with no noisy elements, so nothing was removed.[/doc]

refined_text:
[doc]As Microsoft is expected to refresh its Surface lineup with new AI features later this year, this episode of First Ring Daily has Brad Sams
and Paul Thurrott discussing Microsoft’s “peak Surface” moment.[/doc]

Example 2:
Input:

[doc]Posted 9th October 2020
Life can be superficial, what matters is what’s on the inside!
Copyright ©2025 YogaBeamz. All rights reserved.
Website design by Adrian Burns.[/doc]

Output:

refinement_reason:
[doc]The date stamp, copyright notice, and designer credit were identified as non-essential boilerplate and removed. The central sentence was preserved
as the main substantive content.[/doc]

refined_text:
[doc]Life can be superficial, what matters is what’s on the inside![/doc]

Example 3:
Input:

[doc]You should be redirected to https://www.bard-scotland.com.[/doc]

Output:

refinement_reason:
[doc]The input consists solely of a navigational redirect notice. As it contains no substantive informational content, the entire line was discarded.
[/doc]

refined_text:
[doc][/doc]

[Additional illustrative examples are omitted for brevity.]

ACTUAL TASK EXECUTION:
Input:

[doc]{input_text}[/doc]

Output:

Figure 5: The prompt used for data refinement
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B Longest-Match Segments Extraction

The procedure for the longest-matching-segments
algorithm is detailed in Algorithm 1.

C Refine Model Training Details

C.1 Base Model Selection
The selection of our base model involves a compar-
ative evaluation of two strategies. The first strat-
egy is to leverage an existing encoder-only model.
While models like BERT and its variants are readily
available, their limited 512-token context is inade-
quate, as it would force us to process documents in
isolated chunks, disrupting long-range dependen-
cies. We thus rule out these models and instead
consider ModernBERT-large (0.4B), a more suit-
able candidate with its 8k-token context.

The second, alternative strategy is to convert a
decoder-only model into a bidirectional encoder.
We achieve this by performing continued pre-
training (CT) with a Masked Language Modeling
(MLM) objective. For this role, we identify Qwen3-
0.6B-Base as the optimal choice, balancing perfor-
mance with efficiency. It offers a 32k-token context
and rich world knowledge crucial for our task, yet
maintains significantly faster inference than larger
models like Qwen3-1.7B-Base. After CT on 100B
English tokens, this model is transformed into a
powerful encoder, hereafter referred to as Qwen3-
0.6B-Base-Encoder (see Appendix C.3 for training
details).

To finalize our selection, we conduct a direct
empirical bake-off between ModernBERT-large
and Qwen3-0.6B-Base-Encoder. Using a simpli-
fied setup with binary I/O labels and a standard
token-wise classification head, we fine-tune both
models on our LLM-annotated dataset. As shown
in Table 9, while token-level performance is com-
parable, Qwen3-0.6B-Base-Encoder significantly
outperforms ModernBERT-large on the more chal-
lenging chunk-level F1 metric by 5.2%. This per-
formance gap is not merely due to the parameter
count difference (0.6B vs. 0.4B) but is primar-
ily attributed to the vast disparity in their origi-
nal pre-training data. The Qwen3 base model in-
herits knowledge from a massive 36T-token cor-
pus, in stark contrast to the 2T tokens used for
ModernBERT-large. Our 100B-token continued
training served primarily as a functional adapta-
tion to transform the model from a decoder into an
encoder, rather than as the main source of its capa-
bility. This order-of-magnitude difference in initial

data scale creates a fundamental knowledge gap,
endowing the Qwen3-based encoder with superior
generalization capabilities. This result decisively
validates our choice of Qwen3-0.6B-Base as the
backbone for the SELECT model.

C.2 Training Instability of the CRF Layer
During the supervised fine-tuning (SFT) stage, we
initially explore the integration of a Conditional
Random Field (CRF) layer to model label depen-
dencies, a standard approach for sequence label-
ing (Ma and Hovy, 2016). For this setup, we adapt
the Qwen3-0.6B-Base-Encoder model by stack-
ing a head composed of two components: a score
layer and a CRF layer. The score layer, imple-
mented as a linear projection, first transforms the
final hidden states of Qwen3-0.6B-Base-Encoder
into token-level emission scores. Formally, let
x = (x1, . . . , x|d|) be the sequence of final hid-
den states, where each xi ∈ RH . For each each
xi, this layer computes a corresponding vector of
emission scores ei ∈ R|C|, where |C| is the number
of tags. Subsequently, the CRF layer takes these
emission scores as input to explicitly model label
dependencies by learning transition scores between
successive labels.

When training the model equipped with a CRF
layer using 16k and 32k context lengths, we ob-
serve severe training instability, despite applying
gradient clipping with a maximum norm of 1.0.
The gradient norms of both the score layer pre-
ceding the CRF and the overall model exhibit ex-
tremely frequent and large spikes. In contrast,
when we limit the sequence length to 512, the
model’s gradient norm returns to a normal range,
and spikes become infrequent and small in mag-
nitude. As we progressively increase the context
length to 2048, 4096 and 8192, we find that the fre-
quency and magnitude of grad-norm spikes escalate
with the sequence length. At 4096, the spikes are
already prominent, markedly more frequent and
larger than at 512. By 8192, the spikes become
so frequent and large—with the largest reaching a
magnitude of 1e5—that they begin to significantly
disrupt training. We illustrate the evolution of the
gradient norms for both the score layer and the over-
all model at context lengths of 512, 4096, 8192 and
16k in Figure 6. For the 8192 and 16k contexts, due
to the extreme magnitude of the spikes, we plot the
y-axis on a logarithmic scale and clip the maximum
value at 1e20 for visualization.

We hypothesize that these large gradient spikes
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Algorithm 1 Find Longest-Match Segments Between Source and Target Sequence

Require: Source character sequence: d = (c1, c2, . . . , c|d|)

Target character sequence: d̂ = (ĉ1, ĉ2, . . . , ĉ|d̂|)
Minimum match length: Lmin

Ensure: Match setM = {(sk, ek, ŝk, êk)}Kk=1

1: InitializeM← ∅
2: Initialize pointers i← 0 for d̂ and j ← 0 for d
3: while i < |d̂| and j < |d| do
4: Let P ← { p | j ≤ p < |d| ∧ d[p] = d̂[i] } ▷ set of start matching positions in d
5: Set ℓmax ← 0 and p∗ ← −1
6: for all p ∈ P do
7: ℓ← LONGESTMATCHLEN(d[p :], d̂[i :])
8: if ℓ > ℓmax then
9: ℓmax ← ℓ and p∗ ← p

10: end if
11: end for
12: if ℓmax ≥ Lmin then
13: Append (p∗, p∗ + ℓmax, i, i+ ℓmax) toM
14: i← i+ ℓmax ▷ advance by ℓmax in d̂
15: j ← p∗ + ℓmax ▷ advance by ℓmax in d
16: else
17: i← i+ 1 ▷ advance by one in d̂
18: end if
19: end while
20: returnM
21:

22: function LONGESTMATCHLEN(d, d̂)
23: r ← 0
24: while r < |d| and r < |d̂| and d[r] = d̂[r] do
25: r ← r + 1
26: end while
27: return r
28: end function
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Table 8: Pretrained model architecture and training hyper-parameters.

Model Hidden Size Intermediate Size Context Len Heads Layers Vocab Size # Params (w/o embed)

1.7B 2,048 6,144 4,096 16 28 151,936 1,720,574,976 (1,409,410,048)

Model Context Length Batch Size Max Steps Warmup Steps Weight Decay Optimizer LR Scheduler LR

1.7B 4,096 1,024 9,500 500 0.1 AdamW cosine 3e-4→ 3e-6

Table 9: Token- and chunk-level performance of
ModernBERT-large and Qwen3-0.6B-Base-Encoder on
the annotated test set.

Method Precision (%) Recall (%) F1 (%)

token-level

ModernBERT-large 92.4 93.5 93.0
Qwen3-0.6B-Base-Encoder 91.9 94.6 93.2

chunk-level

ModernBERT-large 27.2 39.7 32.3
Qwen3-0.6B-Base-Encoder 33.1 43.3 37.5

stem from the model’s probability distribution be-
coming overly sharp on long sequences. In a
linear-chain CRF, both the forward-backward recur-
sion and the log-partition computation accumulate
scores over the entire sequence. As the sequence
length increases, the cumulative scores for different
label paths diverge significantly. When processed
through the softmax-like normalization in the CRF,
these large score differences create an extremely
sharp (low-entropy) probability distribution, where
the model assigns probability mass almost exclu-
sively to a single "winning" path. This makes the
loss landscape exceptionally steep around the cur-
rent parameters. Consequently, even a small dis-
crepancy between the model’s prediction and the
ground truth can generate an extremely large gra-
dient signal with respect to the emission scores.
These amplified gradients then propagate back into
the underlying language model, resulting in the
observed grad-norm spikes for long sequences.

The inherent training instability of the CRF layer
on long sequences motivates our decision to forgo
its use. Instead, we introduce transition probabili-
ties to explicitly model the dependencies between
successive labels.

C.3 Two-Stage Training Procedure

Our training process involves two sequential stages:
continued pre-training and supervised fine-tuning
(SFT). Both stages are conducted using the FSDP
framework (Zhao et al., 2023).

The first stage is continued pre-training. To
better adapt the model for sequence labeling, which

benefits from bidirectional context, we first per-
form continued pre-training on the Qwen3-0.6B-
Base model. We sample a 100B token corpus from
the FineWeb dataset (Penedo et al., 2024) for this
purpose. Prior to training, we modify the model’s
architecture by replacing its native causal atten-
tion with bidirectional self-attention. The model
is then pre-trained with a Masked Language Mod-
eling (MLM) objective (Devlin et al., 2019). To
preserve its long-context capabilities, we set the
maximum sequence length to 32k tokens. We use a
batch size of 512 and a cosine learning rate sched-
ule, decaying from a peak of 5e-5 down to 1e-6.

The second stage is supervised fine-tuning. Fol-
lowing the continued pre-training stage, we fine-
tune the model on our LLM-annotated BIO dataset.
The SFT process runs for 6 epochs with a batch
size of 128. We maintain the same 32k sequence
length to handle long documents. The learning rate
is again managed by a cosine decay schedule, start-
ing at 1e-5 and decreasing to 1e-6. We select the
checkpoint with the best performance on a valida-
tion set as our final refinement model.

D Model Inference

At inference time, we aim to find the most likely
label sequence

y∗ = argmax
y∈Y

[logPcls(y | x) + logPtr(y | x)],

where Y is the set of all possible label sequences.
Given the classification probabilities Pcls and tran-
sition probabilities Ptr from the trained model, we
employ the Viterbi algorithm to efficiently compute
y∗.

Viterbi Decoding Algorithm Let Vi(u) denote
the maximum log-probability of any label sequence
ending at position i with label u. The recurrence
relation is defined as:
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V1(u) = log pcls1 (u), ∀u ∈ C, (11)

Vi(u) = max
v∈C

[
Vi−1(v) + log ptri−1(v → u)

]

+ log pclsi (u), i ≥ 2. (12)

The overall optimal score is:

max
u∈C

V|d|(u), (13)

and the optimal label sequence y∗ is then recovered
by backtracking the argmax choices at each step.

Batch-efficient Decoding Although the Viterbi
algorithm involves a for-loop over sequence posi-
tions i = 1, . . . , |d|, the per-step operations only
involve small |C| × |C|-shaped matrices. To max-
imize throughput, we first run the model forward
multiple times with moderate batch sizes (deter-
mined by GPU memory constraints), accumulating
the resulting pcls and ptr into a large batch (typ-
ically exceeding 200 samples). A single Viterbi
decoding pass is then performed on the entire accu-
mulated batch. Because the decoding computations
are lightweight and scale negligibly with batch size,
this strategy allows the Viterbi stage to account for
less than 1% of total inference time, even for inputs
up to 32K tokens in length.

E Pre-training Details

For our comparative experiments, all participating
models are based on the Qwen3-1.7B architecture.
We pretrain these models from scratch on a 40B
token corpus using the FSDP framework; the scale
of this pre-training is determined by our available
computational resources. The training hyperparam-
eters are set as follows: a batch size of 1024, a
sequence length of 4096, and a learning rate with
a cosine decay schedule from 3e-4 to 3e-6. De-
tailed model architecture and optimizer settings are
summarized in Table 8.

F Experimental Evaluation Details

When evaluating the capabilities of the pre-trained
model, we strictly follow the evaluation protocol
of PROX, employing the same test set and the
LightEval framework. The only difference is that,
while PROX randomly samples 1,000 instances
from each test set for evaluation, we instead use the
full test set to obtain more accurate and statistically
reliable results.

The complete list of evaluated datasets includes
ARC-Easy and ARC-Challenge (Clark et al., 2018),
CommonSenseQA (Talmor et al., 2019), Hel-
laSwag (Zellers et al., 2019), MMLU (Hendrycks
et al., 2021), OpenBookQA (Mihaylov et al., 2018),
PIQA (Bisk et al., 2020), SocialIQA (Sap et al.,
2019), WinoGrande (Sakaguchi et al., 2021), and
SciQ. We report normalized zero-shot accuracy as
the default evaluation metric across all benchmarks.

G Evaluation Results

G.1 Main Model Evaluation Results
Full results across all downstream benchmarks for
the 1.7B models are reported in Table 10 and Ta-
bles 11.

The complete experimental results comparing
the token-level methods (SELECT and PROX-C)
against the retention-matched, line-level filter base-
lines are presented in Table 12.

G.2 Ablation Study Evaluation Results
As mentioned in Section 3.4, we conducted an abla-
tion study to measure the impact of our full refine-
ment model (SELECT) against a simplified version.
The detailed downstream performance comparison
is presented in Table 13.

H Analysis of Quality Distribution on
Pre-filtered Data

To demonstrate the robustness of SELECT, we an-
alyze its effect on pre-filtered data (COMB and
PROX-D) by scoring document quality with the
FineWeb-Edu classifier (Penedo et al., 2024). As
shown in Table 14 and Table 15, SELECT consis-
tently improves the data quality distribution, even
when used as a secondary refinement step.

On PROX-D filtered data (Table 14), SELECT
achieves the highest proportion of top-quality con-
tent (Score≥ 3) and the lowest share of low-quality
content (Score ≤ 1). A similar trend is observed
on COMB filtered data (Table 15), where SELECT
again yields the highest percentage of high-quality
documents (Score ≥ 2) and the lowest percentage
of poor-quality ones (Score = 0). This confirms
that SELECT’s fine-grained cleaning capabilities
generalize across different data quality baselines.

I Case Study

I.1 Comparison with PROX-C
This subsection presents a qualitative comparison
between our proposed method, SELECT, and the
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baseline, PROX-C, through several detailed case
studies (Table 16 to Table 18). These cases pro-
vide a granular analysis of SELECT’s superior
generalization, specifically highlighting two key
advantages: (1) its ability to identify a diverse
spectrum of complex noise patterns that extend
beyond simple boilerplate (e.g., system-generated
messages, content redundancy and structured meta-
data), which are often missed by PROX-C; and (2)
its robustness in filtering low-quality data by cor-
rectly discarding entire pages devoid of substantive
content.

I.2 Ablation Case Study: Impact of BIO
Tagging and Transition Modeling

To visually demonstrate the benefits of the BIO
tagging scheme and transition probability model-
ing discussed in Section3.4, this subsection com-
pares the outputs of the full SELECT model and
its ablated counterpart. The ablated model uses a
simpler binary (I/O) classification without model-
ing label transitions. The following cases (Table19
to Table21) illustrate how the full model’s explicit
modeling of label dependencies leads to more struc-
turally coherent content extraction, preventing the
fragmentation of informative chunks that can occur
with the simpler ablated model.
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Table 10: Full evaluation results (1/2) on a 1.7B pretrained model across different downstream tasks, with varying
numbers of training steps during pretraining.

#token ARC-C ARC-E CSQA HellaSwag MMLU OBQA PiQA SIQA WinoG SciQ AVG

Raw

2000 22.87 39.77 29.16 32.27 26.34 26.40 64.47 41.76 49.88 59.00 39.19
4000 25.34 44.40 31.86 36.25 27.13 28.60 67.63 42.27 49.01 66.40 41.89
6000 23.89 43.98 32.19 38.81 27.50 28.80 68.66 42.63 49.57 69.30 42.53
8000 25.00 44.28 32.76 39.50 27.82 29.80 69.70 42.94 49.88 68.40 43.01
9500 25.09 44.53 32.84 39.66 27.98 30.40 69.86 42.94 49.49 68.40 43.12

Raw + PROX-C

2000 22.78 41.33 28.91 34.18 26.78 28.00 64.85 41.35 49.17 62.50 39.99
4000 25.00 44.74 31.53 38.75 27.49 30.40 67.79 42.43 51.38 67.90 42.74
6000 25.94 45.71 32.35 42.09 27.83 31.00 69.86 42.73 50.36 70.10 43.80
8000 26.71 45.92 32.60 43.45 28.45 32.40 70.78 42.99 50.83 71.60 44.57
9500 26.79 46.63 32.60 43.49 28.64 31.60 70.78 43.04 50.36 72.20 44.61

Raw + SELECT

2000 24.57 41.88 31.12 33.91 26.69 27.40 64.58 41.30 48.38 64.80 40.46
4000 24.57 45.58 32.51 39.21 27.45 30.40 68.66 41.81 50.28 67.20 42.77
6000 26.45 48.27 33.74 42.06 28.31 31.60 70.51 42.73 50.51 72.40 44.66
8000 26.88 48.78 34.64 43.37 28.65 32.60 70.29 43.09 50.36 72.60 45.13
9500 27.39 48.65 34.56 43.48 28.66 33.20 70.67 42.84 50.67 72.80 45.29

Go

2000 23.21 41.54 28.83 33.43 26.76 29.20 64.36 42.68 49.49 60.90 40.04
4000 25.09 44.02 32.10 37.21 27.10 30.20 67.30 42.43 51.14 67.00 42.36
6000 24.49 45.37 33.33 39.98 27.39 31.60 68.72 42.99 50.67 66.40 43.09
8000 26.02 45.50 33.82 40.78 27.80 31.80 69.37 43.19 50.99 67.10 43.64
9500 25.94 46.00 33.91 41.05 27.73 32.20 69.59 42.99 51.22 67.20 43.78

Go + PROX-C

2000 23.46 40.70 29.48 34.63 26.67 28.80 65.61 42.22 49.41 62.30 40.33
4000 25.51 44.02 31.20 39.80 27.24 30.80 67.63 42.58 50.99 64.30 42.41
6000 25.00 46.30 32.19 43.42 27.69 32.40 69.10 42.02 51.14 68.40 43.77
8000 26.11 46.13 32.76 44.60 27.78 33.00 70.18 42.12 50.83 68.50 44.20
9500 26.19 46.25 32.92 44.93 28.28 33.00 70.08 41.76 50.83 69.00 44.32

Go + SELECT

2000 22.95 41.25 31.29 34.14 26.28 29.60 66.00 42.58 51.07 60.70 40.58
4000 25.09 45.71 33.33 40.06 27.07 30.80 68.93 42.43 50.59 66.40 43.04
6000 25.94 46.97 33.74 42.51 27.64 31.60 70.02 42.07 50.43 69.00 43.99
8000 25.77 47.90 34.97 43.79 27.83 31.60 70.78 41.81 51.22 69.00 44.47
9500 26.11 47.94 35.46 44.06 27.97 33.00 70.78 41.81 51.54 69.20 44.79

C4

2000 24.57 39.98 29.40 34.16 26.06 29.00 64.58 42.84 49.88 62.00 40.25
4000 24.15 42.17 30.47 38.28 27.26 32.60 68.23 42.17 49.33 65.90 42.06
6000 25.51 44.57 31.20 41.03 27.15 32.00 69.31 43.19 48.86 65.90 42.87
8000 26.37 45.20 31.37 42.16 27.34 32.40 70.02 43.14 49.49 65.90 43.34
9500 26.37 45.29 31.45 42.47 27.35 33.20 70.08 43.24 49.72 66.70 43.59

C4 + PROX-C

2000 22.53 40.15 30.88 34.76 26.70 29.80 65.61 41.25 49.49 60.80 40.20
4000 23.72 43.06 31.70 39.53 27.34 32.60 68.44 42.12 50.67 62.20 42.14
6000 25.34 44.36 32.51 42.72 28.27 32.60 69.42 41.86 50.36 65.40 43.28
8000 25.26 44.49 32.68 44.14 28.11 32.80 70.35 42.27 51.14 64.70 43.59
9500 24.74 44.23 33.58 44.40 27.96 33.20 70.95 42.63 51.07 64.40 43.72

C4 + SELECT

2000 24.57 40.57 29.98 34.79 26.78 29.80 65.40 42.07 49.88 59.60 40.34
4000 24.23 43.73 33.66 40.31 27.35 32.20 69.48 43.14 49.96 63.80 42.79
6000 26.19 44.95 33.99 42.71 28.02 32.60 70.13 43.19 50.20 65.70 43.77
8000 26.62 45.83 34.15 44.52 27.96 33.20 70.40 43.09 50.43 65.80 44.20
9500 26.96 46.00 34.40 44.65 27.89 33.00 70.40 43.24 50.51 66.00 44.3148077



Table 11: Full evaluation results (2/2) on a 1.7B pretrained model across different downstream tasks, with varying
numbers of training steps during pretraining.

#token ARC-C ARC-E CSQA HellaSwag MMLU OBQA PiQA SIQA WinoG SciQ AVG

Fw

2000 24.32 40.07 28.50 33.59 26.12 29.20 65.29 42.17 50.51 61.30 40.11
4000 24.66 42.59 30.88 37.43 27.20 29.60 66.27 42.53 51.38 63.80 41.63
6000 25.17 44.07 32.19 40.01 27.70 31.40 68.01 42.68 50.59 68.10 42.99
8000 26.19 45.92 32.68 41.27 28.24 31.20 68.61 43.19 49.25 71.00 43.76
9500 25.85 45.37 32.35 41.53 28.31 30.80 68.72 43.14 49.80 69.90 43.58

Fw + PROX-C

2000 22.95 40.49 29.81 34.79 26.45 30.40 64.96 41.71 49.96 62.40 40.39
4000 25.34 44.32 32.76 39.92 27.25 30.40 68.28 42.84 49.09 66.20 42.64
6000 26.62 45.24 34.07 43.29 27.82 31.60 69.10 42.89 49.88 68.30 43.88
8000 25.26 45.66 34.48 44.45 28.33 31.00 69.42 42.27 50.59 70.70 44.22
9500 25.85 45.66 34.48 44.67 28.19 31.80 69.48 42.73 49.96 71.30 44.41

Fw + SELECT

2000 23.98 41.20 29.89 34.32 26.46 29.00 65.51 41.86 50.67 59.90 40.28
4000 26.11 45.66 31.78 39.52 27.47 31.40 68.77 42.63 50.59 66.20 43.01
6000 26.19 46.89 33.58 42.46 27.85 33.00 70.35 42.22 50.67 69.60 44.28
8000 26.71 48.27 34.23 43.57 28.10 32.40 70.51 42.37 51.30 70.70 44.82
9500 26.37 48.36 34.32 44.07 28.01 32.80 70.51 42.48 51.07 70.80 44.88

Comb

2000 24.66 40.87 29.16 33.85 26.45 27.80 65.13 41.50 50.75 58.20 39.84
4000 25.85 43.81 31.86 39.32 26.69 30.20 67.90 42.78 49.80 64.60 42.28
6000 26.02 45.33 33.01 41.96 27.78 32.40 69.42 42.94 50.59 65.60 43.51
8000 26.79 45.83 33.33 43.10 28.06 32.00 69.31 42.48 51.22 67.10 43.92
9500 27.30 46.21 33.42 43.39 27.81 32.20 69.75 42.37 50.99 67.50 44.09

Comb + PROX-C

2000 24.15 39.65 29.40 35.04 26.68 27.80 66.38 41.81 50.83 60.40 40.21
4000 24.83 43.73 31.45 40.44 27.51 33.00 68.39 42.84 50.83 62.70 42.57
6000 25.51 44.61 32.02 43.28 27.57 31.80 69.59 42.37 50.59 64.20 43.16
8000 26.88 45.50 33.66 44.54 28.04 33.00 70.67 42.63 50.43 65.90 44.13
9500 26.62 45.45 33.91 44.85 28.03 32.20 70.67 42.48 50.51 66.70 44.14

Comb + SELECT

2000 24.06 41.54 30.14 35.35 26.22 30.00 64.58 41.56 49.96 60.80 40.42
4000 24.83 44.91 33.74 40.93 26.92 32.40 69.48 42.89 51.14 64.30 43.15
6000 25.85 45.62 33.99 43.96 27.64 32.60 69.42 42.73 51.07 65.40 43.83
8000 25.09 46.30 34.07 45.32 28.07 33.40 70.08 43.24 52.25 66.90 44.47
9500 25.17 47.05 34.23 45.64 28.02 35.00 70.13 43.35 51.70 67.40 44.77

PROX-D

2000 25.00 46.00 28.26 34.05 27.82 28.40 63.71 40.99 50.67 67.80 41.27
4000 27.73 51.01 32.19 39.24 29.43 32.40 67.57 41.40 50.75 70.60 44.23
6000 26.71 52.82 33.25 41.86 30.02 34.20 69.21 42.37 52.25 74.00 45.67
8000 27.13 54.00 33.82 43.52 30.41 34.60 69.97 42.84 50.91 74.60 46.18
9500 26.96 53.91 33.99 43.85 30.50 34.40 69.91 42.43 51.38 75.00 46.23

PROX-D + PROX-C

2000 25.17 47.90 30.63 35.10 27.84 31.80 64.85 41.45 50.12 68.00 42.29
4000 26.62 49.75 32.51 40.44 29.07 33.40 67.30 42.48 48.62 72.40 44.26
6000 28.33 52.36 34.48 43.91 30.19 33.60 68.88 42.02 50.28 73.40 45.74
8000 29.18 53.41 35.71 45.28 30.38 35.20 69.48 42.22 49.80 74.10 46.48
9500 29.86 53.32 36.04 45.54 30.37 35.80 69.53 42.02 50.67 74.80 46.79

PROX-D + SELECT

2000 26.71 47.52 31.53 35.36 27.78 31.00 65.13 41.97 50.12 69.40 42.65
4000 28.75 53.66 33.58 41.00 29.46 34.20 68.23 42.02 50.75 75.70 45.73
6000 29.27 55.35 34.97 44.13 30.40 33.20 69.37 42.02 50.91 77.00 46.66
8000 29.61 55.93 36.04 45.70 30.80 35.40 70.02 42.58 51.38 79.30 47.68
9500 29.61 56.48 35.63 45.88 30.84 35.40 69.70 42.27 50.43 80.30 47.6548078



Table 12: Full per-task results for the comparison between token-level methods and their retention-matched, line-
level counterparts across all corpora.

methods ARC-C ARC-E CSQA HellaSwag MMLU OBQA PiQA SIQA WinoG SciQ AVG

On Raw Corpora

SELECT 27.39 48.65 34.56 43.48 28.66 33.20 70.67 42.84 50.67 72.80 45.29
Line-FilterSELECT 25.94 46.84 33.99 43.20 27.99 32.60 71.22 42.27 51.54 69.20 44.48

PROX-C 26.79 46.63 32.60 43.49 28.64 31.60 70.78 43.04 50.36 72.20 44.61
Line-FilterPROX-C 26.45 45.33 33.17 41.87 28.28 31.20 69.70 42.17 49.88 70.90 43.90

On GO filtered Corpora

SELECT 26.11 47.94 35.46 44.06 27.97 33.00 70.78 41.81 51.54 69.20 44.79
Line-FilterSELECT 26.71 45.62 34.48 43.42 28.40 32.20 69.70 43.60 50.59 65.50 44.02

PROX-C 26.19 46.25 32.92 44.93 28.28 33.00 70.08 41.76 50.83 69.00 44.32
Line-FilterPROX-C 25.68 44.23 34.73 42.83 27.75 33.00 69.10 42.94 50.91 68.20 43.94

On C4 filtered Corpora

SELECT 26.96 46.00 34.40 44.65 27.89 33.00 70.40 43.24 50.51 66.00 44.31
Line-FilterSELECT 25.94 44.49 35.05 44.79 27.99 34.80 70.84 42.37 51.07 64.40 44.17

PROX-C 24.79 44.30 33.62 44.36 27.96 33.20 70.87 42.53 51.07 64.50 43.72
Line-FilterPROX-C 25.60 44.57 35.05 43.71 27.71 32.40 70.24 42.68 49.33 66.40 43.77

On FW filtered Corpora

SELECT 26.37 48.36 34.32 44.07 28.01 32.80 70.51 42.48 51.07 70.80 44.88
Line-FilterSELECT 25.51 45.16 33.74 43.13 27.91 30.20 69.91 41.97 50.75 69.50 43.78

PROX-C 25.85 45.66 34.48 44.67 28.19 31.80 69.48 42.73 49.96 71.30 44.41
Line-FilterPROX-C 26.19 45.79 33.25 42.79 28.00 31.20 70.51 42.22 51.14 68.00 43.91

On COMB filtered Corpora

SELECT 25.17 47.05 34.23 45.64 28.02 35.00 70.13 43.35 51.70 67.40 44.77
Line-FilterSELECT 27.13 45.75 34.64 45.30 28.03 33.80 70.40 43.19 51.07 65.60 44.49

PROX-C 26.62 45.45 33.91 44.85 28.03 32.20 70.67 42.48 50.51 66.70 44.14
Line-FilterPROX-C 25.17 44.49 33.09 45.08 28.03 32.00 69.26 42.99 50.43 66.50 43.70

On PROX-D filtered Corpora

SELECT 29.61 56.48 35.63 45.88 30.84 35.40 69.70 42.27 50.43 80.30 47.65
Line-FilterSELECT 27.90 51.01 35.54 45.40 29.36 36.20 70.24 42.17 51.62 71.90 46.13

PROX-C 29.86 53.32 36.04 45.54 30.37 35.80 69.53 42.02 50.67 74.80 46.79
Line-FilterPROX-C 28.07 52.19 33.42 44.31 30.47 35.40 70.46 41.86 50.28 77.60 46.41

Table 13: Downstream performance comparison between SELECT and the ablated model.

Methods ARC-C ARC-E CSQA HellaSwag MMLU OBQA PiQA SIQA WinoG SciQ AVG

SELECT 27.39 48.65 34.56 43.48 28.66 33.20 70.67 42.84 50.67 72.80 45.29
w/o BIO & Ptr 27.13 48.82 36.86 44.34 29.06 31.60 69.48 42.02 51.54 70.20 45.11
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(c) Context Length = 8192
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Figure 6: The gradient norm evolution over training steps under different sequence lengths.

Table 14: Distribution of quality scores on PROX-D
filtered data.

Quality Method Rat.(%)

Score ≤ 1
PROX-D 8.39
PROX-C 7.94
SELECT 7.51

Score = 2
PROX-D 53.41
PROX-C 52.51
SELECT 50.90

Score ≥ 3
PROX-D 38.20
PROX-C 39.56
SELECT 41.59

Table 15: Distribution of quality scores on COMB fil-
tered data.

Quality Method Rat.(%)

Score = 0
COMB 13.32
PROX-C 14.02
SELECT 12.21

Score = 1
COMB 60.16
PROX-C 58.58
SELECT 56.72

Score ≥ 2
COMB 26.52
PROX-C 27.40
SELECT 31.06
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Table 16: Cases (1/3) after applying PROX and SELECT. Text in red indicates content removed by each method.

Case 1

Refined by PROX:
| It is currently Sat Jan 18, 2025 12:22 am |
|
All times are UTC - 5 hours [ DST ] |
| Information |
|—|
Sorry but this board is currently unavailable. |
|
All times are UTC - 5 hours [ DST ] |

Refined by SELECT:
| It is currently Sat Jan 18, 2025 12:22 am |
|
All times are UTC - 5 hours [ DST ] |
| Information |
|—|
Sorry but this board is currently unavailable. |
|
All times are UTC - 5 hours [ DST ] |

Table 17: Cases (2/3) after applying PROX and SELECT. Text in red indicates content removed by each method.

Case 2

Refined by PROX:
Lorem Ipsum is simply dummy text of the printing and typesetting industry. Lorem Ipsum has been the industry’s
standard dummy text ever since the 1500s, when an unknown printer took a galley of type and scrambled it to make a
type specimen book. It has survived not only five centuries, but also the leap into electronic typesetting, remaining
essentially unchanged. It was popularised in the 1960s with the release of Letraset sheets containing Lorem Ipsum
passages, and more recently with desktop publishing software like Aldus PageMaker including versions of Lorem
Ipsum.
What is Lorem Ipsum?
Lorem Ipsum is simply dummy text of the printing and typesetting industry. Lorem Ipsum has been the industry’s
standard dummy text ever since the 1500s, when an unknown printer took a galley of type and scrambled it to make a
type specimen book. It has survived not only five centuries, but also the leap into electronic typesetting, remaining
essentially unchanged. It was popularised in the 1960s with the release of Letraset sheets containing Lorem Ipsum
passages, and more recently with desktop publishing software like Aldus PageMaker including versions of Lorem
Ipsum.

Refined by SELECT:
Lorem Ipsum is simply dummy text of the printing and typesetting industry. Lorem Ipsum has been the industry’s
standard dummy text ever since the 1500s, when an unknown printer took a galley of type and scrambled it to make a
type specimen book. It has survived not only five centuries, but also the leap into electronic typesetting, remaining
essentially unchanged. It was popularised in the 1960s with the release of Letraset sheets containing Lorem Ipsum
passages, and more recently with desktop publishing software like Aldus PageMaker including versions of Lorem
Ipsum.
What is Lorem Ipsum?
Lorem Ipsum is simply dummy text of the printing and typesetting industry. Lorem Ipsum has been the industry’s
standard dummy text ever since the 1500s, when an unknown printer took a galley of type and scrambled it to make a
type specimen book. It has survived not only five centuries, but also the leap into electronic typesetting, remaining
essentially unchanged. It was popularised in the 1960s with the release of Letraset sheets containing Lorem Ipsum
passages, and more recently with desktop publishing software like Aldus PageMaker including versions of Lorem
Ipsum.
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Table 18: Cases (3/3) after applying PROX and SELECT. Text in red indicates content removed by each method.

Case 3

Refined by PROX:
2 Replies
50394 Views
Last post by CFAudio
Sat Jul 20, 2019 11:33 pm
3 Replies
61774 Views
Last post by sonicwarrior
Fri Oct 14, 2011 2:57 am
0 Replies
95966 Views
Last post by Joe Malone
Sat May 08, 2010 12:13 pm
0 Replies
97143 Views
Last post by Joe Malone
Sat Jul 04, 2009 2:58 pm
0 Replies
99915 Views
Last post by Joe Malone
Wed Sep 24, 2008 4:42 pm
10 Replies
126423 Views
Last post by Joe Malone
Tue Mar 27, 2007 7:39 pm

Refined by SELECT:
2 Replies
50394 Views
Last post by CFAudio
Sat Jul 20, 2019 11:33 pm
3 Replies
61774 Views
Last post by sonicwarrior
Fri Oct 14, 2011 2:57 am
0 Replies
95966 Views
Last post by Joe Malone
Sat May 08, 2010 12:13 pm
0 Replies
97143 Views
Last post by Joe Malone
Sat Jul 04, 2009 2:58 pm
0 Replies
99915 Views
Last post by Joe Malone
Wed Sep 24, 2008 4:42 pm
10 Replies
126423 Views
Last post by Joe Malone
Tue Mar 27, 2007 7:39 pm
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Table 19: Cases (1/3) after applying SELECT and the ablated model. Text in red indicates content removed by each
method.

Case 1

Refined by SELECT:
This map shows the population size and distribution of villages in Dorset after the Norman Conquest in 1086AD.
The plotted data is an extract from the Open Domesday Book. Many thanks to the works of Professor John Palmer,
George Slater and opendomesday.org without whose contribution this site could not have been created.
Total Population(ex slaves) of the 0 Domesday Villages in 1086AD shown is 0 This would equate to a Fyrd(national ser-
vice) of approximately 0 soldiers. Please Note that the estimate for the Fyrd is based on 6% of the population(excluding
Priests and Slaves) being eligible for military duties.
| Summary of Domesday information for this map |
|—|
Population Overview |
|—|
Occupation Overview |
|—|
Land Overview |
|—|
Animals Overview |
|—|
| No Animal details recorded in Domesday | Valuation |
|—|
| | AD1066 | AD1086 |
|—|
| Value(geld) | | | |
|—|
Hundreds population and villages Population excludes slaves |
|—|
| Hundred | Villages | Population |
|—|
|

Refined by the ablated model:
This map shows the population size and distribution of villages in Dorset after the Norman Conquest in 1086AD.
The plotted data is an extract from the Open Domesday Book. Many thanks to the works of Professor John Palmer,
George Slater and opendomesday.org without whose contribution this site could not have been created.
Total Population(ex slaves) of the 0 Domesday Villages in 1086AD shown is 0 This would equate to a Fyrd(national ser-
vice) of approximately 0 soldiers. Please Note that the estimate for the Fyrd is based on 6% of the population(excluding
Priests and Slaves) being eligible for military duties.
| Summary of Domesday information for this map |
|—|
Population Overview |
|—|
Occupation Overview |
|—|
Land Overview |
|—|
Animals Overview |
|—|
| No Animal details recorded in Domesday | Valuation |
|—|
| | AD1066 | AD1086 |
|—|
| Value(geld) | | | |
|—|
Hundreds population and villages Population excludes slaves |
|—|
| Hundred | Villages | Population |
|—|
|
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Table 20: Cases (2/3) after applying SELECT and the ablated model. Text in red indicates content removed by each
method.

Case 2

Refined by SELECT:
Ilyushin IL-2 "Sturmovik"
Item Number: 1220IL-2 Sturmovik airplane model. The IL-2 was the symbol of Soviet air power in World War II. It
is emblematic of the Soviet stress on ground attack aircraft as part of combined arms warfare. In 1938 the Ilyushin
design bureau began work on a heavily armored low-level attack aircraft, a ’sturmovik’ in Russian. This word came
to be synonymous with the Il-2. Entering production in 1940, the Il-2 sported an armament of two wing-mounted
armor-piercing cannon and two machine guns and carried eight rockets and 400 kilograms (880 pounds) of bombs. It
had protective armor up to 12mm thick around the engine and two-man cockpit, although the rear fuselage was of
plywood. The VVS (Air Forces) had 249 Il-2s in service when the war started. As aircraft factories relocated east of
the Urals in 1941 to escape German bombing, Stalin characterized the Il-2 as necessary to the Red Army "like air,
like bread." Production became a national priority, and the Russians built 36,163 Il-2s by November 1944, at first
under appalling winter conditions as laborers erected factory walls and roofs around open-air assembly lines. Later,
production rates climbed as high as 1.5 aircraft an hour at some plants, and 41,129 were built by the war’s end. The
first production Il-2s flew directly to frontline units before tests of the prototype were even completed. The plane’s
easy handling, powerful armament, and invulnerability to ground fire made it a devastating ground attack aircraft,
especially with the tenacity of desperate pilots, and the Germans called it the "Black Death." But losses were extremely
high from German fighters, even after a rear gun was added for self defense-14,200 were claimed downed in 1943
and 1944 alone. The Luftwaffe even formed specially-trained fighter units to target Il-2s, and several of Germany’s
highest-ranking aces gained most of their kills against Il-2s.
Mahogany Wood. Scale: 1/32. Wingspan 18 inches, Length 14 3/8 inches.

Refined by the ablated model:
Ilyushin IL-2 "Sturmovik"
Item Number: 1220IL-2 Sturmovik airplane model. The IL-2 was the symbol of Soviet air power in World War II. It
is emblematic of the Soviet stress on ground attack aircraft as part of combined arms warfare. In 1938 the Ilyushin
design bureau began work on a heavily armored low-level attack aircraft, a ’sturmovik’ in Russian. This word came
to be synonymous with the Il-2. Entering production in 1940, the Il-2 sported an armament of two wing-mounted
armor-piercing cannon and two machine guns and carried eight rockets and 400 kilograms (880 pounds) of bombs. It
had protective armor up to 12mm thick around the engine and two-man cockpit, although the rear fuselage was of
plywood. The VVS (Air Forces) had 249 Il-2s in service when the war started. As aircraft factories relocated east of
the Urals in 1941 to escape German bombing, Stalin characterized the Il-2 as necessary to the Red Army "like air,
like bread." Production became a national priority, and the Russians built 36,163 Il-2s by November 1944, at first
under appalling winter conditions as laborers erected factory walls and roofs around open-air assembly lines. Later,
production rates climbed as high as 1.5 aircraft an hour at some plants, and 41,129 were built by the war’s end. The
first production Il-2s flew directly to frontline units before tests of the prototype were even completed. The plane’s
easy handling, powerful armament, and invulnerability to ground fire made it a devastating ground attack aircraft,
especially with the tenacity of desperate pilots, and the Germans called it the "Black Death." But losses were extremely
high from German fighters, even after a rear gun was added for self defense-14,200 were claimed downed in 1943
and 1944 alone. The Luftwaffe even formed specially-trained fighter units to target Il-2s, and several of Germany’s
highest-ranking aces gained most of their kills against Il-2s.
Mahogany Wood. Scale: 1/32. Wingspan 18 inches, Length 14 3/8 inches.
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Table 21: Cases (3/3) after applying SELECT and the ablated model. Text in red indicates content removed by each
method.

Case 3

Refined by SELECT:
The BBC and the government have put together daily lessons for children across the UK. If you have finished the work
we have set or you fancy something different, take a look.
Oak National Academy
I’m very pleased to welcome Oak National Academy, a new online classroom and resource hub, which has launched to
support teachers until schools re-open. The online classroom will provide free lessons and resources for pupils from
reception through to year 10. All resources, lessons and more information can be accessed here.
As part of a collective response to the crisis, 40 teachers will be producing over 180 free online lessons each week,
which will cover a range of subjects from English and maths to arts and languages.
BBC Bitesize
This week the BBC is launching its own education package as part of their Charter across TV and online – helping to
keep children learning and supporting parents. You can find more information about this here. The key difference
between the BBC offer and the Oak National Academy is that the Academy is a planned and sequenced series of
lessons for schools and trusts to use as part of their planned curriculum offer. Whereas the BBC offer is aimed more at
parents and pupils.
Please note that we are not responsible for any of this content. If there are any technical issues, please contact the BBC
or Oak Academy directly. We have found that the Oak Academy videos work best on Internet Explorer (the sound
doesn’t always work on Chrome, but we are sure they will be ironing out these teething issues moving forward).

Refined by the ablated model:
The BBC and the government have put together daily lessons for children across the UK. If you have finished the work
we have set or you fancy something different, take a look.
Oak National Academy
I’m very pleased to welcome Oak National Academy, a new online classroom and resource hub, which has launched to
support teachers until schools re-open. The online classroom will provide free lessons and resources for pupils from
reception through to year 10. All resources, lessons and more information can be accessed here.
As part of a collective response to the crisis, 40 teachers will be producing over 180 free online lessons each week,
which will cover a range of subjects from English and maths to arts and languages.
BBC Bitesize
This week the BBC is launching its own education package as part of their Charter across TV and online – helping to
keep children learning and supporting parents. You can find more information about this here. The key difference
between the BBC offer and the Oak National Academy is that the Academy is a planned and sequenced series of
lessons for schools and trusts to use as part of their planned curriculum offer. Whereas the BBC offer is aimed more at
parents and pupils.
Please note that we are not responsible for any of this content. If there are any technical issues, please contact the BBC
or Oak Academy directly. We have found that the Oak Academy videos work best on Internet Explorer (the sound
doesn’t always work on Chrome, but we are sure they will be ironing out these teething issues moving forward).
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