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Abstract

Large language models process text as se-
quences of tokens, raising the question of how
coherent representations emerge from frag-
mented word pieces during inference. Prior
work has proposed a detokenization stage in
early layers, where tokens are recombined into
larger linguistic units, but direct intervention-
based evidence for the role of specific model
components remains limited. This article in-
vestigates whether a small subset of attention
heads (1/3/5%) contributes disproportionately
to this process. Candidate heads are identified
based on their preference for within-word at-
tention, measured using attention weights and
L5 norms, and their contribution is evaluated
through targeted ablation and activation patch-
ing in a word reconstruction task. Across lan-
guages (English, Turkish, Chinese), tokeniza-
tion schemes (BPE, SentencePiece, byte-level),
and model families, ablating these heads gen-
erally produces greater degradation in recon-
struction performance than random ablations.
Results further show that larger models ex-
hibit increased specialization, characterized by
steeper and more pronounced early-layer re-
trieval peaks. These findings provide addi-
tional evidence for the detokenization hypothe-
sis and suggest that early layers rely on special-
ized attention heads to construct internal word-
level representations from fragmented inputs.

1 Introduction

Large language models (LLMs) process text as se-
quences of discrete tokens rather than whole words
(Mielke et al., 2021), which can split meaning-
ful units into smaller fragments. For example,
the GPT-2 tokenizer represents “Hemingway” as
[' H', 'eming', 'way'l. The choice of tok-
enization scheme has been shown to have impact
on downstream performance, especially in lower-
resource languages and languages with non-Latin
scripts (Ahia et al., 2023; Petrov et al., 2023). De-

spite this, models remain robust to input corrup-
tion (Cao et al., 2023), raising the question of how
models recover coherent semantic units. One hy-
pothesis, often called detokenization (Lad et al.,
2024; Kaplan et al., 2025), suggests that early lay-
ers partially reverse tokenization by combining to-
kens into larger segments.

In this article, we investigate whether detok-
enization depends on a specific subset of atten-
tion heads and how the process varies across lan-
guages (Chinese, Turkish, and English), tokeniza-
tion schemes, and model sizes. We examine two
dimensions: differences between otherwise com-
parable models using BPE-, SentencePiece-, and
byte-level tokenization, and differences in scale
within a single model family. Using activation
patching (Vig and Belinkov, 2019; Ghandeharioun
et al., 2024), we evaluate performance on a word
retrieval task in which a model reconstructs a full
word from the representation of its final token. Re-
trieval performance is analyzed across layers under
original, targeted ablation (1/3/5%), and random
ablation conditions. This setup allows us to assess
whether detokenization relies on specialized atten-
tion heads or whether later components compen-
sate for disruptions introduced earlier in the net-
work. We aim to clarify how tokenizer design and
multilingual input influence the formation of in-
termediate word-level representations in large lan-
guage models.

Prior work has identified attention heads asso-
ciated with both token merging and higher-level
semantic copying, but has largely not established
whether these heads are necessary for forming
coherent internal representations or whether later
components can compensate for their disruption.
For example, Feucht et al. (2025) study “concept
attention heads” that copy semantic units in tasks
such as translation and synonymy, while other
work identifies heads involved in token-level struc-
ture, such as attending within word boundaries or
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merging tokens (Ferrando and Voita, 2024; Lad
et al., 2024; Kamoda et al., 2025). However, the
causal importance of these heads, and the extent
to which their roles generalize across tokenizers,
languages, and model scales, has received limited
empirical attention. In this work, we address these
gaps by testing whether a subset of attention heads
is critical for forming internal representations and
by examining how their importance varies across
tokenization schemes and languages.

2 Background

Modern LLMs represent text using tokenizers to
split it into tokens. Different schemes exist, with
compression-based algorithms such as BPE (Sen-
nrich et al., 2016) and SentencePiece (Kudo and
Richardson, 2018) being common choices, while
some approaches instead use byte-level tokeniz-
ers that operate directly on raw bytes (Xue et al.,
2022). The primary motivation for subword tok-
enization is to mitigate the out-of-vocabulary prob-
lems of earlier word-based approaches (Mielke
et al,, 2021). However, this process can pro-
duce non-optimal segmentations for low-resource
languages which affect downstream performance
(Ahia et al., 2023), possible non-canonical tok-
enizations and overly eager splitting when encoun-
tering minor typos. Despite this, modern LLMs
remain surprisingly robust to orthographic pertur-
bations (Cao et al., 2023) and non-canonical tok-
enizations (Jimenez Gutierrez et al., 2023; Zheng
et al., 2026).

This robustness suggests that models reconstruct
larger meaningful units from fragmented subto-
kens during inference, motivating analysis of their
internal computations. Mechanistic interpretabil-
ity studies how computations arise within trans-
former components, with Lad et al. (2024) propos-
ing a hierarchical structure with four stages of
inference inside LLMs: detokenization, where
subtokens merge into lexical units; feature engi-
neering, which constructs intermediate semantic
features; prediction ensembling, where candidate
next-token predictions emerge; and residual sharp-
ening, which concentrates probability mass onto a
small set of tokens. The detokenization stage, in
particular, offers an explanation for the observed
robustness by recombining fragmented subtokens
into coherent lexical units in the early layers of
the model. This stage-based view of inference
is consistent with findings that LLM representa-

tions exhibit a structured progression across layers.
For example, Wendler et al. (2024) and Conneau
et al. (2020) show that early and late layers can
be language-specific, while middle layers form a
more language-agnostic or English-centered con-
ceptual space.

These layer-wise computations arise from the
transformer architecture introduced by Vaswani
et al. (2017), whose central component is the self-
attention mechanism. Put simply, self-attention
transforms each token representation in an input
sequence to encode its relationship to other tokens.
In a self-attention layer, three linear projections of
an input sequence with dimensionality d produce
the Query, Key, and Value vectors. These vectors
Q, K, and V are then used to calculate attention
scores:

QK"

Att(Q, K, V') = softmax ( 7 > Vo Q)
The softmax term produces a probability distribu-
tion over tokens that sums to 1; multiplying it by
V' yields the attention output, a weighted sum of
value vectors. To allow the model to capture differ-
ent types of relationships in parallel, transformers
use multi-head attention. This involves applying
Equation 1 many times in parallel, forming several
attention heads that can attend to distinct parts of
the sequence. Each head is computed as follows,
where W; represents the learnable weight matrices
for the ¢-th attention head:

head; (Q, K, V) = At(QWE, KW vw))
2
Because each head computes attention patterns
independently, heads can become functionally spe-
cialized. Prior work has identified heads in BERT
(Devlin et al., 2019), an encoder-only transformer,
associated with syntactic structure (Clark et al.,
2019). Liu et al. (2026) identified heads in LLMs
corresponding to specific languages, and were able
to steer the model towards specific languages by ad-
justing their activations. There are also more stud-
ies on more task-specific behaviors such as rela-
tional reasoning (Hanna et al., 2023) and acronym
detection (Garcia-Carrasco et al., 2024). Zhou
et al. (2025) show that ablating even a single head
in LLaMA?2-7B leads to a 16x increase in harmful
responses. At the same time, many heads can be re-
moved with limited impact on performance (Voita
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et al., 2019; Michel et al., 2019), suggesting that
only a subset contribute to some computations.

When discussing detokenization, Lad et al.
(2024) argue that it functions as a continuation
of the embedding process, concatenating nearby
tokens. This builds on earlier work showing po-
sitional heads mainly attend to the previous to-
ken (Correia et al., 2019; Elhage et al., 2021).
Elhage et al. (2021) create toy transformer mod-
els with single layers to form what is effectively
a skip trigram model, with if [source]
[destination] -> [out] pairs. For example,
a tokenized sequence of “Cindy” without a space
["C", "indy"] can be mapped back to the more
typical form [",Cindy"] through specific atten-
tion head patterns. Extending the identification
of subword merging heads by Ferrando and Voita
(2024), Lad et al. (2024) find heads in Pythia 2.8B
with consistent attention patterns between the final
subtoken of four-token words and a single-token
control.

Kaplan et al. (2025) argue that attention is the
earliest component of the detokenization mecha-
nism, marking which elements are used in later
stages. Rather than identifying individual heads,
they measure mean attention weights across lay-
ers between single-token words and inside multi-
token words, finding higher weights inside multi-
token words. To assemble these attended compo-
nents into a full internal representation, Kaplan
et al. (2025) draw on findings that transformer
feed-forward networks act as key/value memories
encoding factual and linguistic knowledge (Geva
et al., 2021; Meng et al., 2022), arguing that mod-
els use attention outputs to retrieve full internal rep-
resentations in early-mid layers.

3 Data

The analysis uses the Universal Dependencies
PUD (UD-PUD) treebanks v2.17 (Nivre et al.,
2020; Akhundjanova et al., 2025) for Chinese, En-
glish, and Turkish. UD-PUD is a multilingual par-
allel corpus derived from Wikipedia and news text
with syntactic dependency annotations, released
under CC BY-SA 3.0. Its parallel structure en-
ables cross-lingual comparison while minimizing
domain variation. Throughout the paper, word
refers to a syntactic word as annotated in UD.
Sequences are randomly shuffled and iterated
over. For each sequence, up to two candi-
date words are selected under several constraints.

Words with part-of-speech tags that often remain
unchanged across languages (punctuation, proper
nouns, symbols, and numerals) are excluded to
avoid trivial matches. Words occurring within
the first three positions of a sequence are also re-
moved, since limited preceding context and posi-
tional artifacts (such as first-token attention sinks
(Xiao et al., 2024)) may confound the analysis. For
each language, we collect 250 unique words to-
gether with their preceding context from the PUD
sequence. The identification and ablation samples
are drawn using different random seeds.

4 Methodology

We identify candidate attention heads using
boundary-based attention patterns inspired by Ka-
plan et al. (2025); Ferrando and Voita (2024).
Since tokenization efficiency differs across lan-
guages and tokenizers, we avoid binary distinc-
tions such as single-token versus multi-token
words used in e.g. Kaplan et al. (2025). Instead, we
compare two conditions: (a) in-boundary attention
from the final subtoken of a word to its penultimate
subtoken, and (b) out-boundary attention from the
first subtoken of a word to the final subtoken of
the preceding word. This contrast distinguishes at-
tention within a word from attention across a word
boundary. See Figure 1 for an example.

¥

yHem ing way

(a) in-boundary

LN

uWalt (Whitman

(b) out-boundary

Figure 1: Examples of each condition in GPT-2: in-
boundary (top) and out-boundary (bottom). Arrows de-
note attention from a source token to a target token.

For each layer [ and head h, we then compute the
mean attention difference between the candidates
from each condition using:

Sl o

Because attention weights alone may not reflect
downstream contribution (Jain and Wallace, 2019;
Serrano and Smith, 2019), we additionally mea-
sure the Lo norm of each head output prior to
output projection and average these per-candidate
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norms within each condition, following Kobayashi
et al. (2020):

(norm) _ (|in|) (Jout])
Al,h =Hyp o —Hpp e 4
Both metrics are z-normalized within each lan-
guage/model configuration and summed to obtain
a final head score:

S = Zl(fzm) + zl(fl,frm). )

Attention indicates which tokens a head attends
to, while the output norm measures the magnitude
of its output. We normalize the two scores and
weight them equally to rank the heads. To eval-
uate whether candidate heads contribute to word
reconstruction, we combine zero-ablation (Michel
et al.,, 2019) with Patchscopes (Ghandeharioun
et al., 2024). Hidden states from a source prompt
are patched into a retrieval prompt of the form:

"Repeat the following word: X, X, X,"
where X is replaced with the patched representa-
tion. The model then generates 10 tokens from
the patched prompt using greedy decoding, and re-
trieval is counted as successful if the original word
appears in the generated output. Patchscopes is
used here as a readout of whether the hidden rep-
resentation contains sufficient information to re-
construct the original word. Cumulative retrieval
through a given layer counts a word as successfully
retrieved if it has been recovered at any transformer
layer up to that point, excluding the input embed-
ding.

The prompt is translated into Chinese'! and Turk-
ish’ by native speakers. We evaluate three condi-
tions:

1. No ablation

2. Targeted ablation of the top-scoring heads un-
der 1/3/5% ablation.

3. Random ablation of an equal number of heads
from the same layers, excluding the heads se-
lected by the corresponding targeted-ablation.

Random-ablation curves are summarized by
their median across random draws, with interquar-
tile ranges shown in Figures 3 and 4. We es-
timate uncertainty using 10,000 paired sentence-
level bootstrap resamples, keeping words from the
same sentence together across conditions, ablation
strengths, and layers. We report pointwise 95%

'EEXMAE: X X X

’Bu kelimeyi tekrarla: X, X, X,

percentile confidence intervals. Final cumulative
retrieval counts whether a word is successfully re-
trieved at any transformer layer, excluding the in-
put embedding. Differences in final cumulative re-
trieval are evaluated using two-sided paired permu-
tation tests at the sentence level. Stars indicate raw
p-values (*p < .05, **p < .01, ***p < .001).

Experiments are conducted on TokSuite (Altin-
tas et al., 2025), a family of 1B Llama-2—style mod-
els trained using different tokenizers under fixed
training-token budgets (40B English tokens and
15B tokens each for Chinese, Turkish, Farsi, and
Italian), and Qwen2.5 models (Yang et al., 2024;
Qwen et al., 2025). We evaluate the GPT-2 (Rad-
ford et al., 2019), Aya (Dang et al., 2024), XGLM
(Lin et al., 2022), and ByT5 (Xue et al., 2022) to-
kenizers to compare English-centric BPE, multi-
lingual BPE, Unigram, and byte-level tokenization
strategies in the TokSuite models. These names
denote tokenizers used within otherwise matched
1B TokSuite models, not the corresponding off-the-
shelf model checkpoints. For brevity, models are
referred to by tokenizer shorthand throughout the
paper (e.g. the TokSuite model using the XGLM
tokenizer is written as xglm).

Bytes per token (BPT = t‘;l{t:nss), along with vo-
cabulary size, are reported in Table 1 to capture

tokenizer differences.

BPT Score
Tokenizer Vocab size English Turkish Chinese
aya 255k 4.68 4.35 4.05
bytb 256 1.00 1.00 1.00
gpt2 50k 4.63 2.30 1.36
qwen2.5 151k 4.52 3.17 3.67
xglm 256k 4.59 4.47 3.38

Table 1: Tokenizer statistics over UD-PUD: vocabulary
size and byte/token (BPT) scores for English, Turkish,
and Chinese. Higher BPT values indicate greater tok-
enization efficiency, with more bytes represented per
token.

Under the detokenization hypothesis, ablating
candidate heads should impair reconstruction per-
formance more than random ablation. Candi-
date heads are identified separately for each lan-
guage/model pair and restricted to the first fifteen
layers, where detokenization is hypothesized to oc-
cur (Kaplan et al., 2025; Lad et al., 2024).

Experiments took ~150 GPU hours to run, with
the 7B models being run on an A40, the rest on
V100s.
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Language Model Clean final 1 Targeted A final Random A final Gap 5%
1% 3% 5% 1% 3% 5%
aya 0.37 -0.04 -0.15*** -0.18*** 0.00 0.02 0.00 -0.18"**
Chinese gpt2  0.35 -0.01 -0.02 -0.02 0.00 0.01 -0.01 -0.01
xglm 0.32 -0.09*** -0.20*** -0.21*** 0.00 0.01 0.01 -0.22"**
byts  0.17 -0.01 -0.01 0.00 0.00 0.00 0.01 -0.01
xglm  0.82 0.00 -0.21*** -0.41*** 0.02 0.03 0.03 -0.45"**
Enclish gpt2 045 -0.02 -0.09** -0.22*** -0.01 -0.01 0.00 -0.22***
J aya 0.27 0.04 -0.12*** -0.22*** 0.00 0.00 0.00 -0.22***
byt5  0.06 -0.01 0.00 -0.04*  -0.01 0.00 0.00 -0.04*
xglm  0.50 -0.02 -0.11"** -0.20*** 0.00 0.01 0.02 -0.22***
Turkish gpt2  0.50 0.00 -0.06"* -0.07** 0.00 -0.01 0.00 -0.08"**
aya 0.33 -0.04 -0.14*** -0.21*** 0.00 0.01 0.00 -0.21"**
byt5  0.02 0.00 -0.01 -0.01 0.00 -0.01 -0.01 0.00

Table 2: Summary of final-layer cumulative retrieval under increasing ablation strength for TokSuite. Clean final
is the cumulative retrieval rate at the final layer. Targeted and random deltas are measured relative to the clean
condition. More negative values indicate stronger disruption after all layers have had the opportunity to compensate.
Gap 5% is the targeted delta minus the random delta at the largest ablation level. Stars indicate p-values from two-
sided paired sentence-level permutation tests: *p < .05, **p < .01, ***p < .001.

5 Results

Across nearly all models and languages, targeted
ablation reduces retrieval performance more than
random ablation, particularly at ablation rates of
3% and 5%. At 5% ablation, the targeted final-
layer delta is more negative than the random
delta in 23 of the 24 model-language conditions.
The strongest effect is observed for the Qwen2.5
7B model in English, where the targeted-minus-
random final-layer gap is —0.61 at 5% ablation;
more negative values indicate greater disruption
under targeted ablation. Similar patterns are ob-
served across both TokSuite and Qwen2.5 mod-
els, suggesting that the identified heads contribute
to representations involved in word reconstruction.
In most cases, retrieval does not fully recover in
later layers after targeted ablation, indicating that
these effects are concentrated in early-stage pro-
cessing. Final-layer retrieval results are summa-
rized in Table 2 and Table 3.

The magnitude of the effect varies across to-
kenizers and languages. In the TokSuite mod-
els, English achieves the highest retrieval perfor-
mance, followed by Turkish and Chinese. The
strongest targeted-ablation effects occur for the
xglm tokenizer in English, where retrieval drops
from approximately 0.7 to 0.15 within the first
quarter of layers under 5% ablation. In con-
trast, some tokenizer/language combinations ex-
hibit relatively weak targeted-ablation effects. For
bytb, targeted ablation produces little additional
degradation beyond random ablation. Similarly,

the gpt2 tokenizer shows comparatively small
targeted-ablation effects in Chinese and Turkish.
Across Chinese and Turkish, differences between
tokenizer variants are generally smaller than in
English. Figure 3 presents cumulative retrieval
across layers, and Figure 2a shows retrieval rates
per layer.

The larger Qwen2.5 models generally exhibit
clearer layer specialization as parameter size in-
creases. The 7B and 3B models show pronounced
early-layer retrieval peaks, as shown in Figure 2b,
whereas smaller models distribute retrieval more
evenly across layers. Targeted ablation effects
also increase with model size: in the 7B model,
retrieval drops sharply under 3% and 5% abla-
tion, while random ablation produces smaller re-
ductions. Although random ablation has a larger
effect in Qwen2.5 than in TokSuite overall, tar-
geted ablation consistently remains more disrup-
tive. Cumulative retrieval curves are shown in Fig-
ure 4.

6 Discussion

6.1 Ablation patterns

Targeted ablation generally causes larger retrieval
degradation than random ablation, suggesting
that the candidate-selection procedure successfully
identifies retrieval-relevant attention heads. The ef-
fect is strongest in the TokSuite models under 5%
ablation, while the Qwen2.5 models show similar
degradation between 3/5%. 1% ablation degrada-
tion is minimal in most cases. The significance
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Language Model Clean final Targeted A final Random A final Gap 5%
1% 3% 5% 1% 3% 5%

Qwen2.5-7B  0.28 -0.04 -0.19"** -0.22*** -0.01 -0.01 -0.01 -0.21%

Chinese Qwen2.5-1.5B 0.23 -0.03 -0.09** -0.08"* 0.00 -0.03 0.02 -0.10™*

’ Qwen2.5-0.5B 0.16 -0.04 -0.13*** -0.15*** -0.02 -0.02 0.02 -0.17*

Qwen2.5-3B 0.15 -0.02 -0.05*** -0.09"** 0.01 -0.01 0.02 -0.10**

Qwen2.5-7B  0.81 -0.02 -0.74*** -0.80*** 0.00 -0.11*"** -0.19"** -0.61"**

Enclish Qwen2.5-1.5B 0.74 -0.13*** -0.34** -0.63*** -0.02 -0.08"* -0.18""* -0.45***

& Qwen2.5-3B 0.67 -0.19"** -0.46"** -0.53"** 0.03 -0.04 -0.07*  -0.46"**

Qwen2.5-0.5B 0.12 -0.04*  -0.12*** -0.12"** 0.00 0.01 0.01 -0.13***

Qwen2.5-7B  0.28 -0.02 -0.24*** -0.27"** -0.02 -0.07*** -0.06"* -0.21"**

Turkish Qwen2.5-3B 0.16 -0.05**  -0.07*** -0.12"** -0.02 -0.01 -0.03*  -0.09"**

Qwen2.5-1.5B 0.10 0.00 -0.07*** -0.10"** 0.00 0.00 -0.04*  -0.06™**
Qwen2.5-0.5B 0.01 -0.01 0.00 0.00 0.00 0.00 0.01 -0.01

Table 3: Summary of final-layer cumulative retrieval under increasing ablation strength for qwen2.5. Clean final
is the cumulative retrieval rate at the final layer. Targeted and random deltas are measured relative to the clean
condition. More negative values indicate stronger disruption after all layers have had the opportunity to compensate.
Gap 5% is the targeted delta minus the random delta at the largest ablation level. Stars indicate p-values from two-
sided paired sentence-level permutation tests: *p < .05, **p < .01, ***p < .001.
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Figure 2: Retrieved rate over relative depth for each model family, pooled across languages.

tests in Tables 2 and 3 support this pattern. At
5% ablation, targeted ablation reduces retrieval sig-
nificantly more than random ablation in 20 of 24
model/language configurations (raw p < .05). The
exceptions are byt5 in Chinese and Turkish, gpt2
in Chinese, and Qwen2.5-0.5B in Turkish. This
suggests that the selected heads contribute dispro-
portionately to word reconstruction in most con-
figurations. While all models are able to recover
slightly from targeted ablation, they are not able to
fully recover.

However, for some cases the difference between
random/targeted ablation increases between 3%
and 5% ablation. These findings suggest that the
targeted candidate set captures many high-impact
heads, but not all of them. This would also be
consistent with the limited impact of 1% ablation
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in many cases. More granular candidate-selection
strategies may improve coverage. For example,
Ferrando and Costa-Jussa (2024) identify candi-
date heads through logit-difference analysis be-
tween corrupted and clean runs combined with ex-
haustive sweeps over attention heads and compo-
nents. Although substantially more computation-
ally expensive, similar approaches may better re-
cover detokenization-relevant heads that are not
strongly expressed through token-boundary atten-
tion patterns alone.

6.2 Tokenizer and language effects

The impact of tokenizer choice can be partly ex-
plained by differences in byte efficiency and the
resulting training dataset size in TokSuite models.
Because all models are trained on a fixed number



Clean cumulative retrieval

Cumulative
retrieval

5% targeted — clean

[

o 0.0 Favra

—_

b=

= s 01 '\//

Yo

S =

50 —0.2 4

2

2 —-0.3

£

O -04 E
< T T T T

0.0 0.25 0.5 0.75 1.0 0.0 0.25

T
0.5 0.75 1.0 0.0

Relative layer depth

xglm

gpt2

Figure 3: Cumulative retrieval for TokSuite under targeted ablation, pooled across languages. Top: clean retrieval.
Bottom: targeted minus clean at increasing ablation levels. Colored lines show targeted ablation; dotted gray and
shading show the random-ablation median and interquartile range.

of tokens, tokenizers with lower byte efficiency
rates expose the model to less raw text. As shown
in Table 1, byt5 operates on 1 byte per token,
meaning that it is effectively trained on less data
than more efficient tokenizers such as xglm which
gets ~4 bytes per token. This reduced exposure
may limit the model’s ability to learn specialized
attention patterns. Instead of relying on a small set
of heads to reconstruct word-level representations,
the model may develop more distributed mecha-
nisms for combining token information, reducing
the impact of targeted ablation.

However, byte efficiency alone does not explain
the observed differences. For example, the gpt2
tokenizer achieves a byte per token close to byt5
for Chinese (1.36 vs. 1.0), yet attains higher re-
trieval performance (0.35 vs. 0.17). Similarly, the
xglm tokenizer markedly outperforms gpt2 in En-
glish (0.82 vs. 0.45) despite slightly worse byte
efficiency. Vocabulary size is also insufficient to
explain the gap: aya and xglm have nearly iden-
tical vocabularies (256k vs. 255k) but exhibit dif-
ferent retrieval rates. These comparisons indicate
that factors beyond byte efficiency, training dataset
size, and vocabulary size play a role.

Cross-lingual transfer may be one such factor.
Prior work shows that monolingual BERT mod-
els can learn abstractions that generalize across
languages (Artetxe et al., 2020), and that em-
bedding alignment correlates with transfer (Desh-
pande et al., 2022). The gpt2-based model
may therefore benefit from representations learned

from other languages when processing Chinese
and Turkish, helping compensate for less efficient
tokenization. In contrast, the explicitly multilin-
gual aya tokenizer performs worse than gpt2 in
both English and Turkish despite more efficient
tokenization. This is consistent with the “curse
of multilinguality” (Chang et al., 2024): given
fixed model capacity, increasing the number of
languages can reduce per-language performance
due to competition for shared representational re-
sources. This apparent contradiction, that the
less efficient gpt2 tokenizer nevertheless yields
stronger robustness and performance than explic-
itly multilingual tokenizers, may reflect the ben-
efits of vocabulary overlap identified by (Kallini
et al., 2025), who show that partially shared vocab-
ularies can improve cross-lingual transfer relative
to fully disjoint vocabularies, even in the presence
of multilingual capacity trade-offs.

Tokenizer architecture itself may also play arole.
The xglm tokenizer achieves the highest retrieval
performance in English, outperforming even larger
models such as 7B Qwen?2. 5, despite slightly worse
byte efficiency than gpt2. This suggests that dif-
ferences in tokenization strategy (e.g., Unigram
vs. BPE) may influence how effectively embed-
dings and intermediate representations are learned.
While prior work emphasizes the dominant role of
the embedding layer as compared to the tokenizer
itself (Wu et al., 2023), these results indicate that
tokenizer design can still shape how efficiently em-
beddings are learned during training.
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Figure 4: Cumulative retrieval for qwen2 .5 under targeted ablation, pooled across languages. Top: clean retrieval.
Bottom: targeted minus clean at increasing ablation levels. Colored lines show targeted ablation; dotted gray and
shading show the random-ablation median and interquartile range.

6.3 Model scale and layer specialization

Retrieval performance generally increases with pa-
rameter size, with the 0.5B model generally per-
forming worst and the 7B model performing best
within the Qwen2. 5 family. This is consistent with
prior findings regarding how embeddings emerge
during training: embeddings of high-frequency
words converge quickly during training, while low-
frequency words take longer and retain alignment
with the bias in their random initializations (Pa-
padimitriou and Prince, 2025). However, this re-
lationship does not strictly hold in the results in
comparison to parameter size. The 1.5B model
slightly outperforms the 3B model in English and
Chinese. This suggests that increasing parame-
ter size does not uniformly improve representation
quality across configurations. One interpretation is
that scaling changes how representations are con-
structed within the model, where smaller models
may rely on more distributed mechanisms, while
larger models develop specialized components.
This shift is reflected in the layerwise retrieval
patterns (Figure 2b). The 7B and 3B models ex-
hibit qualitatively distinct early peaks (within the
first 25% of layers), followed by a rapid decline,
suggesting key representations are handled by spe-
cific components early, and then disregarded. In
contrast, the 0.5B and 1.5B models show more
gradual and distributed accumulation of retrieval
across layers®. Similar patterns have been ob-

3These effects are even more pronounced in English than

served in larger models (Kaplan et al., 2025), as
well as in studies showing that structured behav-
iors such as induction are less clearly localized in
smaller models (Feucht et al., 2025). Within this
framework, the 1.5B model may represent an in-
termediate regime in which layer specialization is
emerging but not yet fully established. This could
explain its performance relative to the 3B model
despite more distributed behavior across layers,
and is consistent with phase transition phenomena
observed during training, where models abruptly
shift toward more specialized structure after suf-
ficient training (Elhage et al., 2022; Power et al.,
2022). It would also be consistent with the results
that the 3B model performs worse than the 0.5B
model in Chinese.

7 Conclusion

This article investigated whether detokenization in
large language models depends on a specialized
subset of attention heads. Across languages, tok-
enizers, and model families, targeted ablation dis-
rupted retrieval more than random ablation, sug-
gesting that early reconstruction of fragmented to-
kens relies on a relatively concentrated set of com-
ponents. Larger models also exhibited sharper
early-layer retrieval peaks and stronger ablation
effects, indicating increased functional specializa-
tion in the larger models.

The results further suggest that tokenizer choice

in Turkish or Chinese.
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influences how these representations are formed.
While byte efficiency and training exposure con-
tribute to performance differences, they do not
fully explain the observed variation across tokeniz-
ers and languages. Instead, the findings point to-
ward a combination of tokenizer architecture, mul-
tilingual transfer, and representational organiza-
tion as contributing factors. At the same time, the
candidate-selection procedure likely captures only
part of the underlying circuitry, meaning that ad-
ditional retrieval-relevant heads may not be identi-
fied by the current boundary-based metrics. The
experiments provide additional causal evidence
for the detokenization hypothesis and support the
view that early transformer layers actively recon-
struct coherent word-level representations from
fragmented token inputs.

Future Work

There are several paths for future work. This study
does not consider the impact ablation has on gen-
eration. It could be the case that ablation does not
hinder the model’s ability to generate good next-
token predictions. One direction of future work
could take inspiration from Basile et al. (2026)
who managed to sfeer output using semantic at-
tention head ablation, but redesign the task for
detokenization. Another unexplored area is how
the phenomenon emerges during training. Korner
et al. (2026) studied EuroLLM checkpoints to see
how shared concept spaces emerged during train-
ing. This remains unexplored for detokenization.

Limitations

Ablation is an inherently interventional method
and may induce non-typical model states. As noted
by Hase et al. (2021), observed failures under abla-
tion may reflect artifacts of the intervention rather
than naturally occurring model behavior. While
this study focuses on internal representations rather
than downstream outputs, the possibility remains
that the measured effects do not fully correspond to
how the model operates under normal conditions.

The applicability of the findings may be limited
by the range of models and the dataset size. Larger
datasets and models could affect the results but
could not be investigated here because of compu-
tational constraints.

Another limitation concerns the interpretation
of attention head importance. As argued by Wiegr-
effe and Pinter (2019), the apparent importance

of specific components may be explained by cor-
related or redundant structures elsewhere in the
model. Consequently, the results do not establish
a strictly causal role for individual attention heads,
but rather indicate their importance within the con-
straints of the ablation setup. These experiments
do not establish that the selected heads contribute
exclusively to word reconstruction.
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