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Abstract

Large language models tokenize non-Latin-script
languages inefficiently: a single word in Ukrain-
ian or Crimean Tatar is split into two to three
times as many tokens as its English equivalent.
We propose dictionary-based speculative decod-
ing (DictSpec), which accelerates inference by
proposing draft continuations from a static n-
gram lookup table built offline from an unlabeled
corpus. The lookup table requires no trainable
parameters or GPU resources, is inexpensive to
construct, adds under 5 MB of memory overhead,
and can be reused across models that share a
tokenizer. We evaluate DictSpec on Ukrainian and
Crimean Tatar (Cyrillic and Latin scripts), imple-
menting a vLLM plugin to benchmark five models
ranging from 3B to 70B parameters on consumer-
and server-grade GPUs. In controlled emulation,
DictSpec reduces verification steps by up to
1.65x, with gains correlating substantially with
tokenizer fertility. In live vVLLM serving, pure
DictSpec gives modest speedups, while a hybrid
with prompt-local n-gram speculation reaches up
to 1.76x. We release our code and vLLM plugin
as open source.!

1 Introduction

Inference cost for large language models is not
uniform across languages. Tokenizers trained on
English-dominated corpora assign most common
English words a single token but fragment words
in non-Latin scripts into many subword pieces.
Each piece requires a separate forward pass
through the model. For languages such as Ukrain-
ian, Georgian, Hindi, and Crimean Tatar, this
creates a fokenization tax that makes inference
substantially slower (Rust et al., 2021). We target
this latency gap without modifying the model or
tokenizer.

"https://github.com/osyvokon/dictspec

Our main insight is that this inefficiency is not
uniformly distributed across decoding steps. The
model faces a genuinely difficult decision when it
must choose which word or phrase to begin. But
once the initial tokens of a word have been com-
mitted, the remaining tokens are often highly pre-
dictable. A model that has generated the Ukrainian
token prefix “_nep-coH-anb-HuiA _kom” almost
certainly intends to continue with “n'-wT-ep”,
completing “nepconanvhuii komn’romep” (“per-
sonal computer”).

Standard LLM inference spends the same com-
pute on a predictable token as on a genuinely
hard one. Speculative decoding exploits this gap:
a cheap draft mechanism proposes a multi-token
continuation, and the target model verifies the
entire proposal in a single forward pass, accepting
correct tokens and falling back on mismatches.

We propose dictionary-based speculative de-
coding (DictSpec), which realizes this idea with
a simple draft mechanism: a static lookup table
built offline from a corpus in the target lan-
guage. The table maps short token-sequence
prefixes to their most probable continuations.
For instance, the table maps the word prefix
“zomosnox”’ (“‘commander-i...””) to the continu-
ation completing “zorosHoxomarndysau” (“‘com-
mander-in-chief”). When more preceding con-
text is available, even shorter prefixes be-
come predictable: the tokens for “sepxosnuii
20” (“supreme commander-i...”) are enough to
predict the full word “zomosHoxomandysay’, be-
cause “sepxosnuti’ (“supreme”) strongly disam-
biguates what follows. At inference time, the
method checks the tail of the tokens generated so
far against the lookup table. If a matching prefix
is found, the stored continuation is proposed as
a draft. The target model then verifies the draft
using the standard speculative decoding protocol
(Leviathan et al., 2023; Chen et al., 2023). If the
proposed tokens are accepted, multiple decoding
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steps are resolved in a single verification pass.
If any proposed token is rejected, decoding falls
back to standard autoregressive generation from
that point. Because we use the standard specula-
tive decoding verification, the output distribution
is provably identical to that of unmodified autore-
gressive decoding.

Building the lookup table requires only an
unlabeled monolingual text corpus, takes a few
minutes on a consumer-grade laptop without a
GPU, and produces a compact data structure re-
quiring under 5 MB of CPU memory. Because
a dictionary is tied to a tokenizer and language/
script rather than to model weights, a single table
serves every model in a family and can be reused
without modification across inputs and sessions.

We evaluate the method across seven check-
points from five tokenizer families (Gemma 3,
Mistral, Mistral NeMo, Qwen 3.5, and Llama 3)
in a controlled emulation study over Ukrainian
and Crimean Tatar in both Cyrillic and Latin
scripts, sweeping dictionary construction parame-
ters across 1,350 total configurations, and validate
with wall-clock benchmarks in vVLLM.

Our main contributions are:

* We propose DictSpec, a simple and light-
weight draft mechanism that accelerates LLM
inference for non-Latin-script languages
while preserving the target model’s output
distribution exactly.

* We find that speedup correlates substantially
with tokenizer fertility (Pearson r = 0.72).
The method helps most where tokenization is
least efficient.

* We integrate the method into vLLM and eval-
uate pure DictSpec, prompt n-gram specula-
tion, and a hybrid of the two. Pure DictSpec
yields modest positive wall-clock gains on
coherent outputs, while the hybrid reaches up
to 1.76x.

2 Related Work

2.1 Tokenization Inefficiency in Non-Latin
Scripts

Subword tokenization methods such as Byte-Pair
Encoding (Sennrich et al., 2016) and Sentence-
Piece (Kudo and Richardson, 2018) build vocab-
ularies that reflect the statistical distribution of
the training corpus. When the corpus is domi-
nated by English and other high-resource Latin-
script languages, the resulting tokenizer allocates

most vocabulary entries to those languages and
offers poor coverage of non-Latin scripts. Rust
et al. (Rust et al., 2021) showed that tokenizer
quality varies dramatically across languages, and
that poor tokenizers inflate sequence length and
degrade model performance for morphologically
rich or non-Latin-script languages. This over-seg-
mentation increases both memory consumption
and latency, since each additional token requires a
separate autoregressive forward pass. Recent work
has documented similar findings for Ukrainian
specifically (Maksymenko and Turuta, 2025; Kiu-
lian et al., 2024; Kiulian et al., 2025), and broader
studies have shown that tokenizer fragmentation
introduces systematic cost and latency disparities
across languages (Petrov et al., 2023; Ahia et al.,
2023; Hong et al., 2024).

2.2 Extending or Retraining Tokenizers

One line of work addresses tokenization ineffi-
ciency by training a new tokenizer or extending
the existing vocabulary to better cover the target
language (Minixhofer et al., 2022; Cui et al,
2023; Kiulian et al., 2025). Lapa LLM reports
replacing a large portion of the base Gemma vo-
cabulary with Ukrainian-specific tokens in order
to reduce tokenization cost and improve efficiency
for Ukrainian generation (Paniv et al., 2025). Such
methods can substantially reduce tokenizer fertil-
ity and improve generation quality for underrepre-
sented languages, but they require re-embedding
the new vocabulary tokens and continued pre-
training on the target language. Moreover, this
adaptation must be repeated for every model archi-
tecture and size, which makes it a costly process
that does not transfer across models. They may
also degrade performance on non-target languages
by redistributing vocabulary capacity. Our method
requires no modification of the model or its tok-
enizer, and the output distribution remains exactly
that of the original model.

2.3 Speculative Decoding

Neural draft models. The idea of verifying mul-
tiple predicted tokens in parallel was proposed
by (Stern et al., 2018). Speculative decoding was
later formalized with distribution-preserving guar-
antees by (Leviathan et al., 2023) and (Chen et
al., 2023). The original formulation uses a smaller
language model as the draft model; the target
model verifies the proposed block in a single for-
ward pass, accepting or rejecting tokens according
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Step Example
1. Extracted n-grams nepcoHanbHUn KoMn'Tep (count=12,400)
nepcoHanbHUin KoMyHikaTop (count=180)
2. Tokenized forms _Nep COH anb HUA _KOM n' wWT ep;
_Nep COH anb HWIA _KOM YH1i Ka Top
3. Context prefix _Nep COH anb HUA _KOM
4. Candidate continuations n' wr ep (prob=98.6%; selected)
yHi ka Top (prob=1.4%; discarded)
5. Lookup entry (text) _Mep COH anb HUA _KOM —> n' KT ep
6. Lookup entry (ids) [12, 47, 91, 103, 255] — [301, 404, 509]

Table 1: Schematic illustration of the dictionary construction procedure for the Ukrainian n-gram nepcoHanbHui
KoMmn 'tTep (“personal computer”). Spaces mark token boundaries; _ denotes a token with a leading space.

to arule that preserves its marginal distribution. A
practical limitation is that a suitable draft model
must be obtained for each target model family and
language: a good English draft model may be a
poor draft model for Ukrainian, and training one
for a new language requires additional training
data and GPU resources.

Architectural methods. A second line of work
embeds draft generation into the target model
itself. Medusa (Cai et al., 2024) adds multiple
decoding heads, each predicting a different future
token; EAGLE (Li et al., 2024) builds a light-
weight draft network from the target model’s
hidden states. Both achieve strong speedups but
require architecture modifications and additional
training for the target model. Most relevant to our
motivation, Hong et al. (Hong et al., 2024) target
the speed penalty caused by excessive tokenization
of non-Latin scripts with a language-specific de-
coding head (reporting 1.7x speedup), but their
method still requires training the new head for each
target language and model.

Non-neural methods. The approach closest to
ours replaces the neural draft model with n-grams
drawn from the prompt or previously generated
text (Saxena, 2023). Prompt n-grams work well
when output closely resembles input (e.g., docu-
ment editing or summarization) but offer lower
coverage in open-ended generation. REST (He
et al., 2024) broadens coverage by retrieving con-
tinuations from a datastore. More recent work
builds n-gram tries from the input context for in-
context learning (Chen et al., 2025), and Stewart
et al. (Stewart et al., 2024) show that learning-
free n-gram statistics alone can yield competitive
speedups. Our method differs in that the lookup
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table is built offline from a large corpus, giving
high coverage of common continuations in the tar-
get language even when the prompt provides little
relevant context. The two strategies are comple-
mentary: prompt n-grams exploit repetition within
the current context, whereas DictSpec exploits
corpus-level regularities of the target language.
We evaluate both methods separately and in com-
bination in our vLLM experiments.

3 Method

3.1 Dictionary Construction

Our method builds a lightweight lookup table
that maps token prefixes to their most probable
continuations. Building the table requires only an
unlabeled text corpus in the target language, is
performed entirely offline, and needs no GPU or
model access. Table 1 illustrates the full procedure
on a concrete example.

We first extract frequent words and short n-
grams with their counts (Step 1) and tokenize each
using the target model’s tokenizer (Step 2). From
the resulting token sequences we build prefix-to-
continuation statistics: for each shared token prefix
(Step 3) we record which continuation is most
likely (Step 4) and store only that single most prob-
able suffix (Steps 5-6). Unlike a standard count-
based n-gram language model that estimates the
full next-token distribution, our table keeps only
the top continuation. This approach, combined
with an efficient trie (Yata, 2023) implementation,
allows us to fit the whole lookup table in just 2 to
5 MB, with median lookup latency below 7 ps.

To keep the table compact and improve accep-
tance probability, we apply two filters. First, we



retain only the most frequent n-grams. Second,
we apply a minimum probability threshold so that
we do not store ambiguous continuations, which
are likely to be rejected during verification. The
resulting dictionary is tied to the tokenizer and
language/script, so it can be reused across models
in a family. In our setting, building it takes a few
minutes on a consumer-grade laptop.

3.2 Speculative Decoding

Speculative decoding accelerates autoregressive
generation by having a cheap draft mechanism
propose a short continuation of up to ~ tokens
(the speculative budget) that the target model then
verifies in a single forward pass. The target model
checks the proposal left to right: accepted tokens
are appended and generation advances by several
positions at the cost of one verification step; when
a mismatch occurs, verification stops and the tar-
get model supplies the correct next token. Poor
proposals reduce efficiency but never compromise
correctness. In the worst case the method degrades
to standard autoregressive decoding, and the stan-
dard verification procedure preserves the exact
output distribution of the target model (Leviathan
et al., 2023).

3.3 Dictionary-Based Speculative Decoding

The target model must still decide which word or
phrase to begin, but once the first part of a word
has been generated, the rest is often predictable.
Our method uses the dictionary to propose that
predictable continuation. The target model then
verifies it.

At each decoding step we search the dictionary
for the longest suffix of the current token history
that appears as a key, backing off to shorter con-
texts only if necessary. This longest-match rule
yields the most specific completion. For instance,
referring to Table 1, after the model has generated
tokens _nep coH anb Huii _kom, the dictionary
matches the full five-token prefix and proposes the
continuation n' w1 ep (Step 5). The stored contin-
uation is verified by the target model. If the model
agrees, all three tokens are accepted in one step;
if it instead prefers ‘“xomynikaTtop”, verification
stops at the first mismatch and the model supplies
the correct token. The example also shows why
longer context matters: _kom alone is ambiguous,
whereas the full prefix is specific. When no match
is found, DictSpec emits no draft, and decoding
proceeds with a standard model step.

Because the dictionary operates over token IDs,
it can match partial sequences inside words, not
only at word boundaries, so speculation can begin
as soon as the recent suffix becomes distinctive.

The dictionary and prompt-local n-gram specu-
lation provide complementary draft sources. Dict-
Spec can propose common language-level contin-
uations that have not appeared in the current
prompt, while prompt n-grams can exploit repeti-
tion in the input or generated context. In the vLLM
experiments we therefore evaluate not only pure
DictSpec, but also a hybrid mode: the proposer
first queries the corpus dictionary and, when no
dictionary draft is available, falls back to vLLM’s
prompt n-gram proposer. Both sources are still
verified by the target model under the standard
speculative decoding protocol, so the output dis-
tribution is unchanged.

4 Experiments

We evaluate in two stages. First, we run a con-
trolled emulation (Section 4.5) that isolates the
speculative decoding mechanism from system-
level variables by replaying pre-tokenized refer-
ence text. Second, a wall-clock validation with
vLLM (Section 4.6) confirms that the emulated
gains translate to real throughput improvements in
a production serving engine.

4.1 Models

We evaluate seven recent checkpoints from five to-
kenizer families: Gemma 3 (Gemma Team, 2025),
Mistral (Jiang et al., 2023), Mistral NeMo, Qwen
3.5 (Team, 2026), and Llama 3 (Grattafiori et al.,
2024). Because each dictionary is tied to the tok-
enizer, models within a family produce identical
emulation results; we therefore report one row
per family in the emulation study. For wall-clock
validation we select models at two scales: 3—4B
on a consumer GPU and 27-70B on a server GPU
(Section 4.6). We include the older Mistral 7B v0.1
to assess whether tokenizer quality has improved
over three years.

4.2 Languages and Datasets

We focus on settings where tokenization inef-
ficiency is especially relevant: Ukrainian as a
mid-resource language using Cyrillic script, and
Crimean Tatar in Cyrillic and Latin scripts as a
low-resource language. The Latin-script Crimean
Tatar setting serves as a contrastive low-resource
condition.
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Language Train words Valid words
Ukrainian 251,618,586 124,703
Crimean Tatar 1,333,103 535,156
(Cyrillic)

Crimean Tatar 118,749 16,020
(Latin)

Table 2: Dataset statistics for dictionary construction
(train) and evaluation (valid).

Model en uk cr-cyr cr-lat
Gemma 3 1.28 238 330 2.98
Mistral 142 318 4.20 3.92
Mistral NeMo 1.26 2.62  3.51 3.07
Qwen 3.5 1.30 259 351 3.01
Llama 3.3 1.23 238 3.89 2.94

Table 3: Tokenizer fertility (average tokens per word)
for each model-language pair. Higher values indicate
more fragmented tokenization.

For Ukrainian we build the dictionary from
a sample of CulturaX (Nguyen et al., 2024).
For Crimean Tatar we use the QIRIM Crimean
Tatar monocorpus (QIRI'M Young, 2024), split by
script. In all cases the training-side corpus is used
only for offline dictionary construction and never
for target-model adaptation. Table 2 summarizes
the dataset sizes.

4.3 Tokenizer Fertility

We quantify tokenization inefficiency using fok-
enizer fertility: the average number of tokens per
whitespace-delimited word. We compute fertility
on the parallel sentences of FLORES+ (NLLB
Team et al., 2024) for English, Ukrainian, and
Crimean Tatar Latin. For Crimean Tatar Cyrillic,
which is absent from FLORES+, we use the
QIRIM validation split.

As Table 3 shows, English fertility is uniformly
low (1.2-1.4 tokens per word), while Crimean
Tatar Cyrillic is the most fragmented (3.3-4.2),
followed by Crimean Tatar Latin (2.9-3.9) and
Ukrainian (2.4-3.2). Newer tokenizers reduce
fragmentation but still exceed 3 tokens per word
on Crimean Tatar Cyrillic.

4.4 Dictionary Construction

The offline dictionary is built from frequent words
and short n-grams extracted from the training cor-
pus, tokenized with the target model’s tokenizer.
For each prefix we retain only the most probable
continuation above a minimum probability thresh-
old, truncating both prefixes and completions to at
most 8 tokens.

We sweep three dictionary-construction para-
meters:

* N-gram order: unigrams (n1), up to bigrams
(n12), up to trigrams (n123).

* Dictionary size: 10k, 50k, 100k, 200k, 500k,
1M entries.

* Minimum continuation probability: 0.2, 0.5,
0.8, 0.9, 1.0.

4.5 Controlled Emulation Study

We first evaluate with an exact speculative-decod-
ing emulator that replays pre-tokenized reference
text, simulating the draft-then-verify cycle under
identical conditions across all configurations. This
isolates the speculative mechanism from factors
such as batching, memory bandwidth, and GPU
kernel implementation, and is cheap to run and
repeat. Because the reference text is drawn from
a static corpus rather than generated by a model,
acceptance rates may differ from those observed
during real inference; we address this gap with
wall-clock experiments on live models in Sec-
tion 4.6.

At each step the emulator queries the dictionary
for the longest matching suffix (up to 8 tokens of
context) and proposes a continuation of up to vy =
8 tokens. The sweep covers 5 tokenizer families, 3
language/script settings, 3 n-gram orders, 6 dictio-
nary sizes, and 5 probability thresholds, for a total
of 1,350 runs.

4.5.1

Emulated speedup. The ratio of total tokens gen-
erated to the number of target-model verification
steps, i.e. ]X;—k Under standard autoregressive

steps

Metrics

decoding every token requires one step, so this
ratio is 1; values above 1 indicate that specula-
tive drafting has reduced the number of required
forward passes. This metric provides a hardware-
independent measure of speculative efficiency.
Draft coverage. The fraction of decoding steps
where the dictionary proposes a non-empty draft.
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Lang Speedup Coverage MAL Accept

Gemma 3

uk 1.26 0.59 0.44 0.17
cr-cyr 1.45 0.71 0.63 0.18
cr-lat 1.19 0.57 0.33 0.10
Mistral 7B

uk 1.43 0.70 0.61 0.17
cr-cyr 1.65 0.77 0.84 0.18
cr-lat 1.35 0.69 0.50 0.08
Mistral NeMo

uk 1.34 0.64 0.53 0.18
cr-cyr 1.51 0.73 0.70 0.18
cr-lat 1.21 0.61 0.34 0.07
Qwen 3.5

uk 1.34 0.63 0.54 0.18
cr-cyr 1.51 0.72 0.71 0.19
cr-lat 1.21 0.58 0.36 0.11
Llama 3.3

uk 1.28 0.61 0.46 0.18
cr-cyr 1.61 0.77 0.79 0.18
cr-lat 1.22 0.62 0.36 0.07

Table 4: Best emulated speculative speedup for each
model-language pair (best configuration across all
sweep dimensions). Coverage = draft coverage, MAL =
mean accepted draft length, Accept = token-level draft
acceptance rate.

Mean accepted draft length (MAL). The av-
erage number of drafted tokens accepted per draft-
producing step.

Acceptance rate. The fraction of all individu-
ally proposed draft tokens that are accepted by the
target model.

4.5.2 Main Results

We first ask whether the method reduces decoding
work at all. Table 4 reports the best achieved
speedup for each model-language pair in the
sweep. Speedups are highest for Crimean Tatar
Cyrillic (up to 1.65x), which also has the highest
tokenizer fertility, and lowest for Crimean Tatar
Latin (1.19-1.35x).

The per-token acceptance rate is modest (0.07—
0.19), but this does not prevent meaningful
speedups. Because the speculative budget allows
drafts of up to 8 tokens, even a draft where only the
first 1-2 tokens are accepted still advances gener-
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Figure 1: Tokenizer fertility versus best emulated spec-
ulative speedup. Higher fertility correlates with larger
gains from dictionary-based speculation.

ation by 2-3 tokens per verification step (number
of accepted tokens plus one “bonus” token).

4.5.3 Language and Tokenizer Fertility

Figure 1 plots tokenizer fertility against best
achieved speedup for every model-language pair.
The correlation is substantial and statistically sig-
nificant (Pearson r = 0.72, p = 0.002): Crimean
Tatar Cyrillic, the most fragmented setting, consis-
tently achieves the highest speedups. The one out-
lier is Crimean Tatar Latin, which has higher fer-
tility than Ukrainian yet slightly lower speedups.
This is likely because its much smaller training
corpus (119k vs. 252M words; Table 2) limits dic-
tionary coverage. This suggests that fertility is the
primary driver of gains, provided the dictionary
has adequate coverage.

4.5.4 Dictionary Size

Figure 2 shows mean speedup (averaged across
models) versus dictionary size for each minimum
probability threshold, with the n-gram configura-
tion fixed at n123. Speedup increases quickly
with dictionary size up to approximately 100k—
200k entries, then flattens, suggesting diminishing
returns from adding more entries beyond Lower
probability thresholds (especially p,,., = 0.2) give
the highest emulated speedups because they pre-
serve more candidate entries, while stricter thresh-
olds trade coverage for higher-confidence drafts.
In terms of memory, even the largest dictionaries
(1M entries, trigrams) compress to under 5 MB
when stored as a trie. For wall-clock validation we
therefore use a compact deployment configuration
(200k entries, n123, p.;, = 0.8), which occupies
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Figure 2: Mean emulated speedup (averaged across models) versus dictionary size for different minimum proba-

bility thresholds. N-gram configuration fixed at n123.
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Figure 3: Best emulated speedup by n-gram configuration for each model-language pair.

2-3 MB and keeps the method practical alongside
the target model with negligible overhead.

4.5.5 Effect of Longer N-grams

Figure 3 compares n1, nl12, and n123 for each
model-language pair. Adding bigrams (n12) con-
sistently improves over unigrams (n1), and adding
trigrams (n123) provides a further but smaller
improvement.

4.6 Wall-Clock Validation with vLLM

The emulation study leaves open the question
of whether the emulated gains translate to real
wall-clock speedups. To answer this, we integrate
DictSpec into vLLM (Kwon et al., 2023), an
open-source high-throughput serving system, and
measure end-to-end generation throughput.

We benchmark five checkpoints listed above on
two hardware tiers: Gemma 3 4B, Llama 3.2 3B,
and Qwen 3.5 4B on a 16 GB NVIDIA RTX
4090 Laptop GPU; Gemma 3 27B on one 80 GB
NVIDIA A100; and Llama 3.3 70B on two 80 GB
NVIDIA A100s with tensor parallelism. Models
within each family share a tokenizer, so the same

trie files from the emulation study apply directly.
We use the compact deployment configuration dis-
cussed in Section 4.5: n123, 200k entries, p,,;, =
0.8. The emulation study uses a speculative bud-
get of v =8 to explore the selected parameter
space, but the results show that acceptance drops
sharply after the first few draft tokens; we therefore
halve the budget to v = 4 for the wall-clock exper-
iments.

For each model-language pair we run four
configurations: baseline (standard autoregressive
decoding), prompt n-gram speculation using
vLLM’s built-in prompt-lookup proposer, Dict-
Spec (the corpus dictionary alone), and hybrid
(DictSpec with prompt n-gram fallback). Each
configuration serves 20 prompts with a maximum
batch size of 5, with a maximum of 2,048 gener-
ated tokens per prompt. We report generation
throughput (tokens per second) and the token-level
acceptance rate for each speculative configuration.

4.6.1 Main Results

Table 5 summarizes the wall-clock benchmarks
on coherent outputs. The live results are more
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Model Base DictSpec Acc.  Prompt n-gram Acc. Hybrid Acc.
tok/s tok/s (xbase) % tok/s (xbase) %o tok/s (xbase) %

Ukrainian
Gemma 3 4B 66.2 66.6 (1.01x) 41.2 75.8 (1.15x) 14.0 82.8 (1.25x) 18.0
Llama 3.2 3B 80.7 83.8 (1.04x) 43.6 1154 (1.43x) 26.6 1222 (1.51x) 28.7
Qwen 3.5 4B 55.6 58.9 (1.06x) 35.2 754 (1.36x) 18.4 75.8 (1.36x) 18.1
Gemma 3 27B 27.2 27.8 (1.02x) 50.0 29.2 (1.07x) 9.9 321 (1.18%x) 159
Llama 3.3 70B 21.1 22.1 (1.05x) 47.8 24.0 (1.14x) 129 28.3 (1.35x) 23.1
Crimean Tatar (Cyrillic)
Gemma 3 27B 27.3 29.4 (1.08x) 37.0 39.5(1.45%x) 240 373 (1.37x) 24.7
Llama 3.3 70B 21.2 26.5 (1.25x) 49.0 45.6 (2.15%x) 46.5 374 (1.76x) 36.9
Crimean Tatar (Latin)
Gemma 3 27B 26.1 26.3 (1.01x) 11.6 339 (1.30x) 18.3 31.7(1.22x) 185
Llama 3.3 70B 21.2 21.6 (1.02x) 194 29.0 (1.37x) 24.7 27.4(1.29x) 18.5

Table 5: Wall-clock generation throughput measured in VLLM on coherent outputs. Throughput columns are
reported in tok/s; speculative columns also show speedup over baseline in parentheses. Acc. (%) is the token-level
draft acceptance rate. Bold marks the fastest speculative configuration in each row. Models up to 4B run on a 16 GB
RTX 4090; Gemma 27B runs on one 80 GB A100; Llama 70B runs on two 80 GB A100s. Dictionary configuration:

n123, 200k entries, p,,;, = 0.8.

nuanced than the controlled emulation study. Pure
DictSpec improves throughput on all coherent
rows, but the gains are modest: 1.01-1.25x over
baseline. This reflects a practical deployment
tradeoff: high acceptance rate is not sufficient
by itself; the proposer must also fire often and
save enough model steps to overcome lookup and
scheduling overhead.

Prompt n-gram speculation is a strong baseline,
especially on Crimean Tatar, where the model
outputs contain substantial local repetition. The
hybrid setting is nevertheless useful: it improves
over pure DictSpec on every coherent row and
is the fastest configuration for all Ukrainian mod-
els. On the larger models, the hybrid reaches
1.18-1.76 x speedup, while pure DictSpec reaches
1.01-1.25x%.

Manual inspection of the generated outputs re-
veals that all three smaller models (3—4B parame-
ters) produce severely degenerate text on Crimean
Tatar configurations: outputs consist largely of
repetitive token loops or wrong-language text (e.g.
Kazakh). We therefore omit those rows from
Table 5 and use the 3—4B models only for Ukrain-
ian, where their outputs are coherent. The 27B
and 70B model outputs are coherent for all three
language/script settings.

The wall-clock evaluation refines the interpre-
tation of the method. Pure DictSpec is a high-
precision, low-overhead draft source that helps
most when tokenizer fertility is high, but as a
stand-alone vLLM proposer its live gains are
smaller than the emulated reduction in model

steps. Prompt n-grams provide strong adaptive
coverage when the generated text repeats local
context. The best practical deployment is therefore
a hybrid view: a small corpus dictionary is a useful
complementary draft source that can be combined
with prompt-local speculation without changing
the target model or its output distribution.

5 Conclusion

We presented DictSpec, a simple method that
reduces the inference cost caused by suboptimal
tokenization. A lightweight n-gram lookup table,
built offline from an unlabeled text corpus, pro-
poses draft token continuations that the target
model verifies under the standard speculative
decoding protocol, preserving the output distrib-
ution exactly. Across seven checkpoints from five
tokenizer families and three language/script con-
figurations, emulated DictSpec speedups correlate
substantially with tokenizer fertility. In live vLLLM
serving, pure DictSpec provides modest positive
gains on coherent outputs, while a hybrid with
prompt-local n-gram speculation reaches up to
1.76x.

The method requires no neural network train-
ing, no GPU resources for dictionary construction,
and adds less than 5 MB of memory overhead. A
single dictionary serves any model that shares the
same tokenizer and language/script setting. Thus,
DictSpec is most useful as a low-overhead corpus-
level draft source for languages whose tokenizers
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produce many tokens per word, especially when
combined with prompt-local speculation.

Several directions remain for future work.
First, combining DictSpec with prompt-based or
retrieval-based draft methods (Saxena, 2023; He et
al., 2024) could improve coverage and acceptance
rates. Second, when the output domain is approx-
imately known (e.g., a medical support system),
a domain-specific dictionary could substantially
improve acceptance rates. Finally, moving the
lookup table to GPU memory, possibly with a cus-
tom kernel, could further reduce drafting latency
by avoiding CPU-GPU memory communication
overhead.

Limitations

DictSpec is most effective when tokenizer fertility
is high. For languages with low fertility (e.g., Eng-
lish), the dictionary will match infrequently and
gains will be minimal. The method does not im-
prove the quality of the target model’s outputs; if
the model generates poor-quality text in the target
language, our method will not correct this. Simi-
larly, our method does not address the reduced
effective context length caused by over-segmenta-
tion. Our wall-clock benchmarks cover a limited
set of GPU configurations; wall-clock gains may
differ under other batched or multi-GPU serving
deployments. Finally, this work does not include
head-to-head comparisons with approaches that
modify the tokenizer itself, such as Lapa LLM
(Paniv et al., 2025).

Ethical Considerations

During the preparation of this manuscript, the
authors used LLMs extensively to rephrase and
polish draft text for improved clarity and readabil-
ity. The authors reviewed and edited all Al-gener-
ated suggestions and take full responsibility for the
final content.
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A Speculative Decoding Visualizations

The following figures visualize speculative decoding outcomes. Each token is color-coded: Accepted
draft tokens were proposed by the dictionary and accepted by the target model; Rejected (target corrected)
tokens were proposed but replaced by the target model; Bonus (target +1) tokens are additional tokens
generated by the target model after accepting a draft; and No draft available tokens had no dictionary
match and were decoded autoregressively.

A.1 Ukrainian

| Accepted draft [ Rejected (target corrected)  Bonus (target +1) | No draft available

## T ctopis| Ykpainm (1991 -|202(6 : fle|ca o/ napa) rpa¢ is

# 1. | Hapon|xenrs| Heza ne wrol[ctd] (1991 - 1[9/9 4/3: #* 2 4| cepnus| 1/9/9 1| poxy | Vpai[wa| npo| rono cuna| wesane|/nicts| ni

cnspe oeper @y my| , | Ha swomy| no wan  9/0 % | Wacenewns nia|tpuma|nu| ueii| k|pox . Pos nap Pa msn cbkoro Cow|sy cTas| kata nisa

Topon ,| ane| ii| By knu kom . Mep wi pokm Hesane xHo|cTi] Gynu noswa rinep iv ¢/ns uiew | Ta nonirtu

|ueni exoHomi uHow Kpu 30 k|,

urow | HecTa 6inb wicTi . | fle owila K pasl[uyk .| nepuwi| npesunent| Ykpainm , Hamara sca nposectu| exowomi uwi pe|gopmn| Ta scT

a|HoBu Tv| BigHock WM 3| mixwapoa How| cni|nbHo|Tok|. Ba|xnu BuM| nuTa|WHaM cTano nuTawHs | spep Woi| 3(6po i/, wo| sanuum naca wa

TepuTopii| Vkpaiuu nicns| pos ma py C[PCP|. v (19 94 poui| vkpai wa sin Mosw|nacs| sin smep Woro ap|ce|wany B o6 min Ha| rap

an Ti i Gesne km sin CUA|, Benu koi Bpwra[wii] Ta Pocii| (|By|aa|ne ut coxmi we

#x 2. Enoxal[ Ky 4m Ta| "|Ka[cer wuii| cka mmalln|" (1994 -2004):|xx fle owiln Ky|ulwa , o6pa Hmit npesumen Tom y 1(99

4 poui|, | 30 ce pemu/scs Ha ekoromi|uwili cTa 61 nisauii Ta 3a|ny|uen i i wo|sem|nux in sectu|uiii . Npo somn nucs pe dopmu|, c

nps mosa Wi HWa| npu Batv 3a uiw| Ta poss To | pu H|KoBoi| ekowowi ku , ane| sown| uacTo cy|nposoa xy sanvcsi| ko pyn uiew Ta| 3|nos

KUBAHHA MM . Mep io a| Ky ufmm| Taxow 6ys 3a|To|ma|pe wuii| nonirw uwmmu| cka wpa namw , Waii ry uHi|um AKMX cTaB " Ka ceT|Huii
ckaupa n|"| 2|08 8 poky|,| nos '|Aaa uuii| 3| ay ailo|sa nucamu, wo| wil6u To| kom npo met|y Banu npeaupenTa . B ueil uac Bip

6y Bano|(ca| ¢opuysanHs Hoso|I nonitw uWoi| e nitw Ta no cu newns| enau(By| o |ni |rap)xi ukux| rpyn|.|

#% 3|. | Mo|ma| pan yesa pesonlluisn (2 00 4)): # Npe|aunent coki| eu 6opu| |2 0 0/4 poky ctanu nepe nom wumM| Mo mewtom| e icTopii

Ykpainu| . Ma co ei ¢a nb cwdika uii| Ha | kopu cTb| Bi kTopa f Hy ko

uya npus senv| Ao xeu[ni| npote cTis , simo mux sk Mo |wa

paw|vesa| pesomo|uis .  Tu ca ui sioneii| suiijwnu| wa Maii man Hesa|ne cti y| Kue i, Bu mara wuu wue|c wux| Bu Bop is .  Nip

Tu ckom| rpoman cbko|cTi Ta mixapon Hoi cni MbHo|TM Gyno nposese Ho nosTo p He| rono|cyBaWWs , Wa sikomy nepe mi r| Bi kTop| B u

eno) .
#% 4. Npe aupeHt cTso 10 wew|ka| Ta " ra|so si eiiim " (20805-201)0): ** Bi KTop 10 |weHKo , | npw it wo BumM| Ao Bsnamm , np
o|rono|cus| Kypc Ha e Bponeii cbky| iHTe/rpa uik Ta| 6opo Tb 6y 3 Ko |pyn|uiew|.  Oawa k|, iloro| npeswpent|cTBO 6yno | nosma|ueH e

nonit uHow 6opo Tb 6ok 3 | npem)|*| ep-|

mini cTpom 0ni ew Tumo weWko Ta nocTi i wamm| " |rasovmu| ilina mm " 3| Pocilew , | sxi| npus somn nu| mo| nepe 6o is 3 noct

a uanusm| ra sy 8| Vkpailwy Ta €spo ny .| |E kowomi|uni pe|¢opmu| npoxou nu nosi nbHo|,| a ko pyn uis| sam|ua nacs cep iio 3 Ho

1| npoéne [Mow) .

#% 5. | No|sep Hewnsi A Hy xosuda Ta| €spo|maii jaan| (|2810 -20(1/4): #+ v 2010 poui npesugen Tom Ykpaiau 6yno o6paHo|

Bi/ktopa  f[Hy|Ko|Buua .  B/in nposoan B nonituky| s|6nu enws 3| Po|cilew Ta| Bin|mosu Bes| i nin nuca [Hs Y roau npo| aco
uia uiw 3| Espo neii cokum Cow 3om/ y| 2013 poui . [Ue| cTano now Tos/xoM go nouatky | ma co Bux npote|cTis| Ha Ma [itgalH|

i| Hesa|ne|jwro cri| , sino mwx| sk €spo maiilaan .|

* 6. | Pesonw|uis| I in HocTi Ta| AlWe k cis | Kpumy (2814 ): *x | v| meTomy| (2014 poky npote ctw| wa Maliina Hi] nepe p
no wan| cot Wi nwpeii ( He6e|cua cot

olcnu B kpusa Bi| cymu uku| 3| npaso|o|xo|poH wamm| opraWamm , wo npus/seno mo| sarw|6e|n

HA ). AWy koBW4 B TiK 3 Ykpaiwn|, a pAo| Bnapu npu i wos y psa . Y eipnoein b Po/cis a We K cy |Bana| Kpuw

cokuii ni|oeT|pis| Ta nip Tpuma na ce napa Tw cTis Wa cxop|i Vkpaiwum , wo| npus Beno| mo| nouatky eiim Ha [flow 6acil

#x 7. Bilia wa fow[6aci] (2014 -2022): «x Biliimal wa flon6a|ci| cTana Tpa ri uwow cTo piH(kow| B icTopii Vkpaimu|.

36 poii wid Kouo ni [k | mix | ykpain|cexon ap|milen] Ta nip|Tpumy|sa Humn| Po ci ew ce|napa Tu cTamu npus sis| po sarw 6e/ni T

csi 4| mopeit Ta| py i|uy|Banns| i opa|cTpyk| Typu . By no| nip nuca Wo| Min coki yro|mu ,| cnpsimosa wi| Wa| spe |ry|mosamns Komo nik

Ty ,| ane BoWa He 6ynu Bukowa Wi .

#% 8 . Mo BHO Ma cuTa 6|He | BTOp|r|Henna Pocii| (20 22/ - 202 4)):* 24 nwtoro 2022 poky Pocia poano|yana no sHo Ma ¢

uTa|6 He BTop r|HeHHa B Ykpaily|, uo| cTano waii6ine wmm| eiiiceko euM ko nik [Tom| B €spo ni 3| wac is fpy ro i ceilro|eoi| ei
iiHm . Po ciiif|cbki Bl cbka| Ha mara nucs| saxo|nu|Tw| Knie ,| ane| syctpi au 3ane/k/nui| o[nilp ykpain cbkoi ap|Mii Ta| HacenenH
EBMC!

ma na _sHa)uny Biii cb kosy | Ta ¢iHanco sy | onomo|ry| sia _saxim|wux paiu|.

Ha| npwa e na | go|| majcolsnx py i Hy Bans,| ry ma i Tap Woi katacTpo gn Ta[ m|inb iio nis| 63 wew uis|.  Vpa i|wa| otpw

#%9 . 0nip Ta Koutplactyn (128 22-2024): % H ea Baxa wuu| Ha| awa|uhy nepesa|ry e 03 6pojle HHi ,| pociit ceki| eiii

ceka|_He| amo rnu pocs [rTul ceoix | ui|nei . Ykpa iH|cbka ap|min , 3as asku repo i smy ceoix Bo i Wis| Ta ponomo 3i| 3a xopy ,

3y Mi na 3y nW HUTM HacTyn BOpo ra Ta| po3no Ya TW KoW Tp Ha cTyn|. By flo| 3si nbe Ho| 3wa|uWy uacTu Hy| oKy|noea Hux| Teputo p

iif , | sKmova lun Xapkis cbky| ofnacte Ta Xep CoH| .

#%1)0 . Ypailwa| wa wnsxy| no nepemo u Ta sin6y nosu| (|2 824 -(2/0 26 ): #x [Bifina] Tou|sac ,  ane| Vpailwa nponosxy|e

60po [Tuca|_3a| ceow wesane k|wicte Ta | Tepwto piallnbHy ui|nifc wicts|. | Kpa i wa oTpuna na_ctaryc) rawau gata wa 8lcTyn no| €sp
o|neii cekoro| Cow 3y Ta| akTwewo npawse Haa| sukowa Hesm| Bumo[r| ans| unew|cTBa .| |Mo|umHa eTbes npouec| sin6y mosu| spyi wosa W
oi in opa|cToyk Typu Ta eowowi ku .  YVkpa|i[wa] npa rwe| crats cunbHo b, memoxpa Tu|uwow Ta | npo u Ei Taw uolk mepxa sow | i
Te rpoBao k| & e sponeit coky cni mewo|Ty|. |Ma h[6yT|He Vkpaiwu| sane waTn| sin 11| sma|THocTi npoTu[cTos Tw pocii|cekid arpe

cii, nposecTw Heo6xin Wi pe dopmn Ta 3a ny wnTu i sectu/uii ana sinHos newns| .

Figure 4: Speculative decoding for Ukrainian using Gemma 3 27B.
Draft acceptance rate is 42% for this excerpt; speedup is 1.22x
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A.2 Crimean Tatar (Cyrillic)

[) Accepted draft [] Rejected (target corrected) Bonus (target +1) No draft available

M eHum an@ 6 KYH@MH

0

MieH c a6 a 3@ TYp ap bM | . TyprE] COH@ HaM m(@yﬁ bM| Be K YH K Me asbl@naH am . COHE]pa ss 6e
p. 6 up mnep qn@ K uT an OKE]yﬁ bIM| , | Ounb M KbabIM a pa Komn hmne BaKE] K@@pem. b a3
bl K@nep nom‘@bm Kop@E]A b n3 nan< ﬁapaM@ a9 pa 6 ump es@ 3ne TONn| naH am le.

K yH b opTaCHua 6 up a3 a@bm. M eH Kb bl pbl@nwﬁ au.lngI q@ea GMB M ec ens , n g

@, mop. Be| MaH TbI@EHMM@H@ CMM@ alI.IJ'IbIM@E] AKE]wn uaa anb DJ1M rbTeM:
cnj opT ﬂ@am, ﬁmpwmxe@@am q pa My3b|@mu@neﬁ@. M‘/3bl@EHVIM wq qox@ aMVlnwE] HW@
0 M eHuM pyXHbI panaHupa MaH b@@yq@ 6ep e .

AK'bI.I.I on r@aﬂ na MeHBMM& KbTbl@ Kenem[] A |l nem HeH KopmumE], 6 n3 o6ep aﬁ amaﬁE] Be | KOH| yuw
am hIE]. B a3 bl aKE]mn Ten ea@@@@paﬁ bM S| Aa K ox@yﬁ bIM| .| A Tbl M ﬁhl@@bl ﬂ,aHE]B MEH[]
@yHmM aK@E]E]uE] 6 up a3 TMJllIIO Be 3pTv| K YH b 14 1H nnaH@ a.n am .

B oi ne OnhI@ MEHMM@ 6 KyH@M@ep . MeH 6yH MeME]ﬂyM, um@ gmum bIMeKTI/I
sp@ 6ap : | a it nem , pocT H@MM, My3bl Be@m‘@n@. M eHum mq@yu ap@@@ w ei Kep@@erm
nb| .

Figure 5: Speculative decoding for Crimean Tatar (Cyrillic script) using Llama 3.3 70B. Draft acceptance rate is
33%; speedup is 1.20x
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A.3 Crimean Tatar (Latin)

() Accepted draft () Rejected (target corrected) Bonus (target +1) No draft available

(a|) | M ekte p mi dir|ine| resmi|y| mekt Up

H Ur met 1i me.p mU dir ine ,

M| ekte pte
azi proble ml er pe|y . ol
Hlus us en, s ini/ fl arda @ul‘l.an 11 gan | tex niya bas qa ov vast koz ge arpa .| Bund
bas ga , | me kte p bin @ bol Uml eri| tam ir et ilm muht ac da ola .

Alyr 1 , | tale bel ern|i dis ipl in ini ve motiv ats iyas 1n1| arttir ma q ic @@@@ ma faaliyet ler| teskil et ilmesi
. ay dal olur dep| oyl

Sn@ki va@
@@ Uh| it ine men

arda kte pte| b

tes||ir|| et|le

ol gan ban@ese le ler a@l
ve ola tale bel ern

ve oljarn

iz ni gek

le/|ml er | ya g in| zamanda|| ¢6z U/lip , me kte pt- s er

[

Te 's ekkir et em| .

al | etmek ic@ bu mekt Up ni vyaz E] U mar im
@ ah 5 ola E]

Bu m ese le ler ge| di qq bu/ prob

Say g1 larim nen ,
[|Ad 1n1z )]

(b)) Ar q adas

0

Sel am ,

mesaj D

M ekte pte ol gan bazi e/ml er a qq inda sa ﬁaE}yt ma q ist ed
v vast

_proble]
eksik , | hem| de me@@
|

B undan bas ga , tale bel ern - dis ipl/in ini ve motiv ats| iyas

kil et]il

B ular| a qq 1nda mep mU| dir ine ama q| k erek| dep| o y’L, am ma bun
med im .| Sen | bu a gq|inda ne E] yl|a @? Bel ki birlikte | bir seyler vyap

K 6r Us ken ce|,
[ Ad 1n1z|]

b ire k| faaliyet ler tes

arttir ma q| ic¢ @@

ah|/s1| olur| edi .

Figure 6: Speculative decoding for Crimean Tatar (Latin script) using Llama 3.3 70B. Draft acceptance rate is 16%;
speedup is 1.09x
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B Evaluation Prompts

The following are examples of prompts used in the wall-clock validation experiments (Section 4.6). For
each model-language pair, these prompts are sent to the vVLLM serving engine as chat-formatted requests,
and the model generates up to 2,048 tokens per prompt. The prompts are designed to elicit long-form
text in the target language and script.

B.1 Ukrainian

1. Hanmmm ictopito Ykpainu 3a mepion 1991-2026 pokie y mecstu naparpadax.

2. Hanminm xopotkuit Tekct (3—4 maparpadu) mpo cBiit 3BUYaiiHMiT JeHb, BUKOPUCTOBYIOUN BCi
cim BigMiHKIB ykpaiHcpkol MoBu. Ilicisa KoskHOTO a63any BKaXki, IKe CJI0BO B IKOMY BiIMIiHKY
BXKITO.

3. Hanwmn ece Ha 1000 ciiB npo sHauenHs TBopuocri Jleci Ykpainku 1n1s cygyacHOI yKpaiHChKOI
imenTrunocti. HaBequ KoHKpeTHi nIpukiIaau 3 ii TBOpiB.

4. Hanuim f[Ba BapiaHTM OHOTO I TOTO CaMOro IMOBimoMileHHS: (a) odiliiiffHMiT JMCT KO
Micpkoro rososu Ilerpenko Bikropa IBaHOBMUa 3 IpoXaHHIM BiIpeMOHTYBAaTU KOPOIY, i (6)
[IOBiIOMJIEHHS IPYTy B MecCeHIKepi mpo Ty camy mpobiaemy. BukopmcroByit BimmoBimmumit
CTIJIb, 3BEPTAHHA Ta JIEKCUKY AJI KOKHOTO BapiaHTY.

B.2 Crimean Tatar (Cyrillic)

1. K®bIpBIMTaTap XaJIKBBIHBIH'D TAPUXBIHBI OH IaparpadTa a3bIHbbI3. ANTHIH Opaa qeBUpUHACH
OyryHbre Kbajgap OJlI'baH 5HB MyUM BaKbUATAPHBI aHBIATHIHBBI3.

2. Ucvamn TacOpuHCKMIIHMHD KBBIPBIMTATap MIUUIETMHMHD WHKUIIAPBIHOAKA  POJIIO
aKBKBbIHIA OMHDB CE3III0K Oup 3cce A3bIHBEI3. OHBIHD «TepmKuMaH» ra3eTacblHAaH Be TUTEP
(daanmeTIepuHIeH MICAUIEp KeTUPUHBAS.

3. K®bbIppIMTaTap TMIMHAE CU3MHD aAuil OMp KyHIOHBU3HY TacBUpIereH 3—4 naparpadsiKs 61p
A3bI A3BIHBBIS.

4. 9xu BapmaHTTa OuMp xabep A3BIHBHI3: (a) MEKTell MyaUpUHE pacMmii 6mp Mekrion Be (0)
apKbafallIbIHbbI3I'ba MeCaKa allHbl Mecelle aKbKBBIHAA A3yB. Jp BapUaHT MUYIOH MYHACUII
YCJIIOII Be Cé3JIep KbyJIaHBIHBBIS.

B.3 Crimean Tatar (Latin)

1. Qirimtatar halqinif tarihini on paragrafta yazifiiz. Altin Orda devirinden bugilinge qadar olgan efi
muim vagqialarn afilatifiiz.

2. Ismail Gasprinskiynifi qirimtatar milletinifi inkisafindaki rolii agqinda bifi sézliik bir esse yazifiiz.
Onifi «Terciman» gazetasindan ve diger faaliyetlerinden misaller ketirifiiz.

3. Qurimtatar tilinde sizifi adiy bir kiiniifiizni tasvirlegen 3—4 paragrafliq bir yaz1 yazifiiz.

4. Eki variantta bir haber yazifuz: (a) mektep miidirine resmiy bir mektiip ve (b) arqadasifiizga
mesajda ayn1 mesele aqgqinda yazuv. Er variant i¢iin miinasip iisliip ve sozler qullanifuz.
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