
Findings of the Association for Computational Linguistics: IJCNLP-AACL 2026, pages 4197–4215
November 6-10, 2026 ©2026 Association for Computational Linguistics

UNITOR: Towards Universal Token-level Routing for
Efficient Reasoning in Large Language Models

Nguyen-Khang Le1*, Dinh-Truong Do1*, Nguyen Le Minh1

1Japan Advanced Institute of Science and Technology
Correspondence: {lnkhang, truongdo, nguyenml}@jaist.ac.jp

Abstract

Large Reasoning Models (LRMs) deliver
strong performance on complex reasoning
tasks, but their long chain-of-thought traces
incur substantial inference latency and cost. To
mitigate this overhead while preserving reason-
ing quality, token-level routing between a small
language model (SLM) and a large language
model (LLM) offers one of the best efficiency–
performance trade-offs. However, existing to-
ken routers face two major practical limita-
tions: they must be retrained for every new
SLM–LLM pair, and they require both models
to share a tokenizer. We present UNITOR, a
universal token-level router that removes both
constraints. UNITOR predicts per-token diver-
gence using model-agnostic signals, enabling a
single router to generalize across diverse SLM–
LLM pairs without retraining. To support het-
erogeneous model pairs, we further introduce
a token-alignment mechanism that eliminates
the requirement for tokenizer compatibility, en-
abling seamless token-level switching across
models with different tokenization schemes.
Experimental results show that a single UN-
ITOR router generalizes across different model
families (DEEPSEEK-R1, QWEN3, and PHI-4),
including pairs with incompatible tokenizers.
UNITOR matches the accuracy of R1-32B at up
to 6× lower cost and successfully operates on
unseen model pairs where existing token-level
routing methods fail.

1 Introduction

Large Language Models (LLMs) exhibit remark-
able capabilities across diverse tasks. On challeng-
ing problems, recent work increasingly relies on
test-time scaling of the largest and most power-
ful LLMs, often by generating extensive Chain-of-
Thought (CoT) reasoning (Wei et al., 2022) before
producing the final answer. While effective, this
practice incurs substantial computational cost and
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Figure 1: UNITOR Pareto-dominates prior routing meth-
ods on both accuracy vs. effective parameters (left) and
accuracy vs. cost (right).
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Figure 2: Prior token-level routers require retraining per
SLM–LLM pair and fail on incompatible tokenizers. A
single UNITOR router, trained once, works for all pairs.

latency (Jaech et al., 2024; Guo et al., 2025): the
expense is driven not only by model size but also by
the volume of intermediate “thinking” tokens. This
creates a central deployment dilemma for interac-
tive applications: how to retain strong reasoning
while keeping inference compute manageable.
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To resolve this tension, model routing has
emerged as a critical efficiency strategy (Chen et al.,
2024; Chuang et al., 2025). By orchestrating col-
laboration between cost-effective Small Language
Models (SLMs) and capable but expensive LLMs,
routing systems aim to invoke the heavy model only
when necessary. The evolution of these systems is
defined by their granularity of control.

Current routing approaches can be categorized
into query-level routing (Ong et al., 2025; Feng
et al., 2025) (Figure 3a), directing an entire user
prompt to a strong or weak model. While effective
for separating distinct complexity classes, this en-
forces a binary decision, causing mixed-difficulty
queries to be either over-served by the LLM or
under-served by the SLM. To address this, step-
level methods (Pan et al., 2025; Fu et al., 2025b)
(Figure 3b) decompose generation into intermedi-
ate reasoning steps, employing a “draft-then-verify”
paradigm. However, this introduces a dependency
on the verifier; if the SLM’s draft is rejected, the
system incurs the penalty of rollback and regen-
eration. The frontier of efficiency is currently de-
fined by token-level routing (Fu et al., 2025a) (Fig-
ure 3c). The key insight is that SLMs can gen-
erate most low-risk syntax and simple-logic to-
kens, while LLM intervention is only needed at
pivotal “branching points” in the reasoning path.
By switching models at token level, these systems
achieve a better efficiency–performance trade-off
than coarser routing schemes.

However, state-of-the-art token routers (Fu et al.,
2025a) suffer from a critical scalability limitation:
lack of transferability. In particular, the router is
typically tightly coupled to a specific SLM–LLM
pair and assumes a shared tokenizer, making it dif-
ficult to reuse across model families (e.g., a router
trained for Qwen3 can not transfer to DeepSeek-R1
or Phi4). This limitation stems from two issues.
First, adapting to a new SLM–LLM pair typically
requires an expensive data-generation pipeline and
retraining, because the router is trained on model-
specific representations (e.g., hidden states or to-
ken embeddings). Second, token-level switching
requires the SLM and LLM to share a compatible
tokenizer/vocabulary.

We introduce the Universal Token-Level
Router (UNITOR), which removes the need for
pair-specific router training and eliminates the re-
quirement that the SLM and LLM share a tok-
enizer. Our key idea is twofold. First, we predict
divergence using universal, model-agnostic signals,

including statistics of the SLM next-token distri-
bution, token-identity cues, and other lightweight
features (Section 3.2), enabling a single router to
generalize across SLM–LLM pairs without retrain-
ing. Second, at inference time, we introduce a
token-alignment mechanism that reconciles mis-
matched tokenizers by mapping recent generated
tokens back to text and re-encoding under the other
model’s vocabulary, allowing token-level routing
across heterogeneous vocabularies.

With UNITOR, we achieve a “plug-and-play”
capability: the router can be deployed on un-
seen model pairs without per-pair data genera-
tion or fine-tuning, and without constraints on tok-
enizer/vocabulary compatibility. We show that this
universal approach retains the efficiency benefits
of token-level routing and improves downstream
performance (Figure 1, 2), while eliminating the
overhead of per-pair training and the tokenizer-
compatibility constraint. This paves the way for
scalable and accessible test-time compute optimiza-
tion. In summary, our contributions are:

• We propose a token-level router that predicts
divergence using model-agnostic signals, en-
abling zero-shot transfer across model pairs.

• We introduce a token-alignment mechanism
for inference that supports token-level switch-
ing between models with different tokeniz-
ers/vocabularies.

• We demonstrate empirically that our universal
routing improves the accuracy–cost trade-off
and transfers robustly across different SLM–
LLM pairs.

2 Preliminaries on Token-Level Routing

We study token-level routing between a Small Lan-
guage Model (SLM) and a Large Language Model
(LLM) to balance generation quality and inference
cost. Let Ms and Ml denote the SLM and LLM,
parameterized by θs and θl, respectively. Both mod-
els are autoregressive models that generate tokens
sequentially conditioned on the preceding context.

2.1 Divergent and Non-divergent Tokens
Prior work (Fu et al., 2025a) observes that SLMs
and LLMs often agree on the next-token predic-
tion when conditioned on the same context. In
practice, however, large performance gaps arise
less from isolated errors and more from error ac-
cumulation: once a critical mismatch appears in a
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Figure 3: Overview of UNITOR compared to other routing methods. (a) Query-level routing operates at the query
level (Ong et al., 2025; Feng et al., 2025). (b) Step-level routing operates at the step level via a draft-and-verify
paradigm (Pan et al., 2025; Fu et al., 2025b). (c) Token-level routing offers high efficiency but requires a heavy data
pipeline and retraining for each new SLM, and assumes the SLM and LLM share the same token set. (d) UNITOR
achieves token-level efficiency without constraining the model pair or vocabulary.

partial response, the two models can follow increas-
ingly different reasoning trajectories. Following Fu
et al. (2025a), we categorize token-level differences
between SLM and LLM outputs into two types.
Non-divergent differences are surface-form varia-
tions (e.g., don’t vs. do not, because vs. since) that
preserve semantics and do not affect downstream
reasoning. Divergent differences change meaning
or logic, causing subsequent reasoning to deviate.

Motivated by this distinction, token-level routing
decides online whether an SLM-proposed token is
divergent or non-divergent. If a token is classified
as divergent, it is discarded and regenerated by the
LLM; otherwise, it is accepted. A router makes this
per-token divergence decision during generation.

2.2 Token-Level Routing

Token-level routing enables dynamic model selec-
tion at each decoding step. Given a query q with
token representation x = (x1, . . . , xn), decoding
proceeds autoregressively. At step t, the routing
function selects the model based on the output of
the SLM.

mt = Rtoken(x, y<t; θs) ∈ {Ms,Ml},

where y<t = (y1, . . . , yt−1) denotes the previously
generated tokens. The selected model mt then
generates the next token via greedy decoding:

yt = argmax
y

Pmt(y | x, y<t).

This fine-grained routing leverages the SLM for
low-risk tokens while invoking the LLM only when
necessary. Other routing strategies (e.g., query-
level, step-level) are provided in Appendix E.

3 UNITOR: Universal Token Routing

We present UNITOR, a universal token-level rout-
ing framework that achieves model-agnostic train-
ing and inference, enabling seamless deployment
with any SLM-LLM pair while maintaining high
efficiency and performance. Prior token-level rout-
ing methods (Fu et al., 2025a) face two key lim-
itations that prevent generalization across model
pairs: (1) the router design and training process
rely on model-specific features (e.g., hidden states,
token embeddings), tightly coupling the router to
a particular SLM-LLM combination; and (2) the
inference procedure assumes both models share the
same vocabulary, which rarely holds in practice.
UNITOR addresses both limitations.

For training, we design the router to operate on
model-agnostic features extracted from the SLM’s
output distribution, rather than internal represen-
tations. We develop an efficient data generation
pipeline that produces training samples applicable
to any model pair. For inference, we introduce a to-
ken alignment mechanism that handles vocabulary
mismatches, enabling seamless switching between
models with different tokenizers.

3.1 Training of Universal Token Routing
The router model is the core component of token-
level routing, responsible for determining whether
the SLM or LLM should generate each token. For-
mally, the router learns a binary classification func-
tion: R : ft → {0, 1}, where ft represents the
features extracted at token position t, and the out-
put indicates whether the token is divergent (1) or
non-divergent (0). A token is considered divergent
if using the SLM at that position would lead to se-
mantically different output compared to the LLM.
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Figure 4: Illustration of the per-token data genera-
tion process. For each token position in the LLM-
generated reference, we collect SLM features and deter-
mine whether the token is divergent.

When a token is predicted as divergent, the LLM is
invoked; otherwise, the SLM generates the token.

Prior work trains the router using hidden states
or token embeddings from a specific SLM, which
tightly couples the router to a particular model pair.
To enable generalization, we propose a data genera-
tion pipeline that produces model-agnostic training
data. Figure 4 illustrates our data generation pro-
cess. Given a query q, we first use the LLM to gen-
erate a reference response yref = (yref

1 , . . . , yref
T ).

For each token position t, we prompt the SLM to
generate a token ŷt conditioned on the query and
the preceding reference tokens:

ŷt = argmax
y

PMs(y | q, yref
<t).

If ŷt ̸= yref
t , we continue generation with the SLM

to complete the response and use a verifier model
to assess whether this substitution leads to semantic
divergence from the LLM output. This provides
the supervision signal: the token is labeled as di-
vergent if the SLM continuation is semantically
inconsistent with the reference, and non-divergent
otherwise. For each position, we extract model-
agnostic features ft from the SLM’s output distri-
bution and pair them with the divergence label to
form a training instance (ft, dt), where dt ∈ {0, 1}.
Using this pipeline, we generate 15 million training
samples from queries drawn from (Labs, 2025).

3.2 Model-Agnostic Features
While prior work (Fu et al., 2025a) relies on model-
specific signals (e.g., hidden states and token em-
beddings), we find that model-agnostic features are
highly predictive of token-level divergence. We
group these features into (i) distribution-based un-
certainty features from the SLM next-token proba-
bilities, (ii) token-identity features, and (iii) other
lightweight features (Appendix D).
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Figure 5: Analysis of model-agnostic features: entropy
(left) and token frequency (right). Data distribution and
divergence rate are shown on the top, and the ROC curve
is shown on the bottom.

Distribution features. Since models differ in vo-
cabulary and distribution shape, we make these
features model-agnostic by extracting the top-k
SLM next-token probabilities, renormalizing over
the truncated support, and computing summary
statistics; throughout, we set k = 100. Entropy
is particularly informative:

Ht = −
∑︂

v∈VS

PMS
(v | q, y<t) logPMS

(v | q, y<t),

where higher Ht indicates greater uncertainty and
correlates with higher divergence rates (Figure 5).
Other statistics derived from the normalized top-k
distribution are also effective (Appendix D.1).

Token-identity features. We include features
that depend only on the selected token, such as
token frequency. To remain model-agnostic, we
estimate frequencies from external corpora (e.g.,
Wikipedia or FineWeb (Penedo et al., 2024)).
Higher-frequency tokens are less likely to be di-
vergent (Figure 5). Token type (digits, punctuation)
and normalized vocabulary position provide addi-
tional signal (Appendix D.2).

Other features. We also include lightweight
structural features (e.g., relative position in the se-
quence); details are provided in Appendix D.
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3.3 Inference with Token Alignment
A key challenge for universal token-level routing
is vocabulary mismatch: the SLM and LLM typi-
cally use different tokenizers with distinct vocab-
ularies VS and VL. As a result, tokens produced
by one model cannot be directly appended to the
other model’s token sequence, because the same
text may be segmented differently. To address this
challenge, we introduce a token-alignment mecha-
nism that maintains consistent text while allowing
seamless model switching. We maintain two token
sequences s = (si)

t
i=1 ∈ Vt

S and l = (lj)
u
j=1 ∈ Vu

L

representing the same text.
where t and u may differ due to tokenizer gran-

ularity. At each generation step, the router R
selects a model based on the current features:
m = R(f) ∈ {Ms,Ml}. Alignment is triggered
only when the selected model changes (i.e., when
switching between models).

We describe the procedure for switching from
SLM to LLM; the reverse direction is handled sym-
metrically. The key idea is to decode a window of
recent SLM tokens to text, then re-encode this text
with the LLM tokenizer. Using a window of size
W stabilizes token boundaries during re-encoding.
We then align the re-encoded tokens with the exist-
ing LLM sequence by finding the longest overlap
and append only the unmatched suffix to update the
LLM sequence. Algorithm 1 provides pseudocode.

4 Experiments

In this section, we begin by describing the exper-
imental setup in Section 4.1. We then compare
the performance and efficiency of our proposed

UNITOR with current state-of-the-art methods in
Section 4.2. Finally, we conduct a series of ablation
studies in Section 4.3 to assess the contribution of
each component of our method.

4.1 Experimental Setup

Models. Each routing method requires a small
language model (SLM) and a large language model
(LLM). We evaluate UNITOR using three LLMs—
DeepSeek-R1-Qwen-32B, Qwen3-32B, and Phi4-
Reasoning-14B—and three SLMs—DeepSeek-
R1-Qwen-1.5B, Qwen3-0.6B, and Phi-4-Mini-
Reasoning-3.8B. We evaluate all heterogeneous
SLM–LLM combinations across families, requir-
ing the router to generalize without shared archi-
tectures or tokenizers between the paired models.

Baselines. We compare against state-of-the-art
baselines at each routing granularity. (1) Query-
level routing: HybridLLM (Ding et al., 2024),
GraphRouter (Feng et al., 2025), and methods from
the RouteLLM framework (Ong et al., 2025), in-
cluding a BERT-based classifier (QR-BERT), ma-
trix factorization (QR-MF), an LLM-based clas-
sifier (QR-LLM), and a weighted Elo-based rout-
ing strategy (QR-SW). (2) Step-level routing:
SpecReason (Pan et al., 2025), which routes be-
tween the SLM and LLM at the level of reasoning
steps. (3) Token-level routing: R2R (Fu et al.,
2025a), a pair-specific token router that serves as a
strong token-level inference method. Since R2R is
not transferable across model pairs, we only report
results using the official released weights for the
DeepSeek-R1-Qwen-1.5B → 32B pair. (4) Spec-
ulative decoding: EAGLE-2 (Li et al., 2024) and
EAGLE-3 (Li et al., 2025).

Benchmarks. We evaluate mathematical reason-
ing on AIME (2024–2025) (Veeraboina, 2023), sci-
entific and general knowledge reasoning on GPQA
(Rein et al., 2024), and code generation on Live-
CodeBench (2024–2025) (Jain et al., 2025). Unless
otherwise noted, we set the maximum generation
length to 32K tokens.

Metrics. Following prior work (Fu et al., 2025a),
we report Accuracy (Acc.). For computation, we
use Average Activated Parameters Pavg (in bil-
lions), which accounts for the average parame-
ters used per generated token, including the SLM,
router, and the LLM weighted by its activation fre-
quency. We also report Total Cost C, defined as
C = Pavg ×#output tokens , which captures total
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inference computation per query in a hardware-
agnostic manner. To assess practical efficiency,
we additionally report Latency, measured as wall-
clock end-to-end decoding time per query under a
fixed hardware and implementation setting.

Implementation details. UNITOR uses a
lightweight FFN router with 35M parameters,
trained on 15M token-level routing labels. We keep
the router fixed across evaluations. To meet a user-
specified budget, we choose the routing threshold
on a held-out calibration split to match a target
Pavg of 6B. Additional implementation details for
baselines, our method, and the label-generation
procedure are provided in Appendix A.

4.2 Performance & Efficiency
Universal routing across model pairs. Table 1
reports AIME results on both within-family and
cross-family SLM–LLM pairs. Across all settings,
UNITOR achieves the best accuracy–cost trade-off,
consistently outperforming query-level and step-
level routing while using fewer activated parame-
ters and lower inference cost. These results high-
light the effectiveness of token-level routing with a
universal routing strategy.

UNITOR also exceeds the performance of the
specialized token-level router R2R (Fu et al.,
2025a) on the DeepSeek pair, despite R2R being
trained using model-specific features such as hid-
den states or input embeddings. In contrast, UNI-
TOR relies solely on universal features, including
normalized logits and token-frequency statistics.
More importantly, UNITOR generalizes to unseen
SLM–LLM pairs without any per-pair data gen-
eration or retraining. This robustness is enabled
by (i) routing based on universal uncertainty sig-
nals rather than model-dependent representations,
and (ii) our tokenizer alignment mechanism, which
supports heterogeneous vocabularies without addi-
tional supervision.

Generality across benchmarks. To evaluate
generalization across domains, Figure 7 reports
results on three generation benchmarks—AIME,
LiveCodeBench, and GPQA—using the DeepSeek-
R1 model family. In addition to routing methods,
we include the standalone SLM (R1-1.5B), the full
LLM (R1-32B), and intermediate distilled mod-
els (R1-7B and R1-14B) for reference. Across all
benchmarks, UNITOR consistently outperforms
query-level and step-level routing methods at com-
parable or lower average activated parameter bud-

gets, and remains competitive with the pair-specific
token router R2R (Fu et al., 2025a) while requir-
ing no per-pair router training. Remarkably, UN-
ITOR also surpasses the R1-14B model while
maintaining an average activated parameter size
of only 5.9–6.4B, demonstrating robust generaliza-
tion across domains.

Scaling behavior. Figure 8 plots accuracy as a
function of the average activated parameters on
AIME and GPQA across multiple DeepSeek-R1-
based model pair configurations. Distilled mod-
els (R1-7B, R1-14B) achieve strong performance
through extensive training, reaching approximately
88–90% of the 32B model’s accuracy while us-
ing only about half of the parameters at 14B. In
contrast, by routing only divergent tokens to the
LLM, UNITOR achieves 92% of the LLM’s accu-
racy while activating only 17% of its parameters,
establishing a new and more favorable Pareto fron-
tier. Moreover, the adjustable routing threshold
in UNITOR enables post-training control over the
accuracy–compute trade-off, allowing users to tar-
get arbitrary average activated parameter budgets
while consistently outperforming baseline routing
methods at comparable budgets.

Latency and throughput. Table 2 reports wall-
clock latency and throughput on AIME for
DeepSeek-R1 (1.5B → 32B) and Qwen3 (0.6B
→ 32B). All methods are implemented in SGLang
(Zheng et al., 2024) and evaluated with tensor par-
allelism on three NVIDIA A6000 (48GB) GPUs.
UNITOR uses the same routing thresholds as
Table 1, while query-level methods use the 7B
routed option for comparable activated parameters.
Across both model pairs, UNITOR achieves ma-
jor speedups over LLM-only decoding, delivering
4.47× and 4.86× higher throughput than R1-32B
and Qwen3-32B, respectively. Compared to query-
level and step-level routing, UNITOR consistently
reduces latency and improves throughput. It also
outperforms optimized speculative decoding meth-
ods such as EAGLE-2/3 (Li et al., 2024, 2025). Al-
though the pair-specific router R2R achieves com-
petitive throughput, UNITOR attains lower latency
by generating fewer tokens. Overall, these results
show that UNITOR provides strong end-to-end ef-
ficiency while remaining practical for deployment.

4.3 Analysis
Impact of router features. Our router avoids
model-specific representations (e.g., hidden states
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Small Model
Target Model DeepSeek-R1-Distill-Qwen-32B Qwen3-32B Phi4-Reasoning-14B

Acc. Param. Cost Acc. Param. Cost Acc. Param. Cost

DeepSeek-R1-Distill
Qwen-1.5B

QR-BERT 20% 6.7 174.0 38% 7.2 156.2 18% 6.8 155.4
QR-MF 25% 7.3 176.2 33% 7.3 169.2 12% 7.3 180.3
QR-SW 23% 7.0 169.8 37% 6.9 151.7 15% 7.2 175.2
QR-LLM 23% 6.8 163.5 32% 7.0 165.3 17% 7.2 166.4
SpecReason 30% 8.1 138.4 37% 6.8 102.2 45% 7.2 114.2
R2R 43% 6.2 119.4 – – – – – –
UNITOR (Ours) 48% 5.9 110.8 43% 5.5 97.8 45% 4.2 88.7

Qwen3
0.6B

QR-BERT 13% 7.2 170.5 33% 7.1 138.9 12% 7.4 152.4
QR-MF 25% 6.9 136.3 32% 7.1 136.9 12% 7.4 150.8
QR-SW 17% 6.8 157.7 30% 7.0 142.7 10% 6.9 156.2
QR-LLM 20% 6.7 142.8 25% 7.1 153.2 13% 7.0 147.1
SpecReason 22% 10.2 129.3 18% 9.8 123.9 15% 7.2 78.4
UNITOR (Ours) 30% 6.1 118.5 53% 6.7 111.5 35% 3.5 63.9

Phi-4-Mini
Reasoning-3.8B

QR-BERT 37% 7.0 208.8 52% 7.1 186.2 28% 6.9 191.3
QR-MF 38% 7.1 198.8 48% 6.9 182.0 25% 6.8 189.6
QR-SW 37% 6.9 200.2 50% 6.7 177.5 28% 7.0 208.6
QR-LLM 38% 6.9 207.3 50% 7.3 207.9 28% 7.1 199.5
SpecReason 38% 9.6 120.9 37% 9.7 139.1 47% 7.8 99.6
UNITOR (Ours) 38% 6.7 96.6 55% 6.7 121.4 53% 5.4 58.2

Table 1: Performance of UNITOR and baselines on within-family and cross-family SLM–LLM pairs on AIME.
Param. denotes average activated parameters per token (billions), and Cost is the average output length (thousands
of tokens) multiplied by average activated parameters (billions). Entries marked “–” indicate methods that are not
applicable to cross-family pairs.
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Figure 7: Performance on DeepSeek-R1-Distill-Qwen (1.5B → 32B) across AIME, LiveCodeBench, GPQA. Best
QR denotes the best-performing result among the four RouteLLM frameworks (Ong et al., 2025).

or embeddings) and instead uses universal sig-
nals from the SLM next-token distribution and to-
ken properties. We compare the full feature set
(distribution, token-identity, and lightweight aux-
iliary features) with ablated variants in Table 3.
Consistent with Section 3.2, distribution-based un-
certainty is the strongest signal: using only dis-
tribution features retains about 90% of the full
model’s accuracy. Adding token-identity features
further improves performance, while the remaining
lightweight features provide smaller but consistent
gains by complementing uncertainty signals and
improving divergence detection.

Impact of training data size. We study how
routing supervision scale affects a single univer-
sal router by training the same architecture with

Router Features Acc. #Token (K) Param. (B) Cost Lat. (s)

Dist. + Tok-ID +
Other 48% 18.7 5.9 110.8 220

Dist. + Tok-ID 47% 20.5 5.9 120.9 246
Dist. only 42% 19.0 6.1 119.7 243

Table 3: Feature ablation on the AIME benchmark.
Dist. denotes distribution-based uncertainty features
derived from logits; Tok-ID denotes token-identity fea-
tures; Other denotes other input features (Appendix A).

5M, 10M, and 15M token-level divergence labels.
Table 4 shows a clear scaling trend: more training
data improves accuracy while reducing LLM usage
and overall cost. With only 5M labels, the router
over-routes to the LLM, leading to higher activa-
tion rates and cost. Scaling to 10M labels already
reduces both cost and latency. Using the full 15M-
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Figure 8: Accuracy as a function of average
activated parameters on AIME and GPQA.

Method DeepSeek-R1-1.5B + R1-32B Qwen3-0.6B + Qwen3-32B

#Token (K) Lat. (s) Spd (tok/s) #Token (K) Lat. (s) Spd (tok/s)

SLM Only 26.0± 11.8 193.7± 89.0 134.4 22.7± 10.8 114.9± 64.7 197.3
LLM Only 17.6± 12.8 924.1± 685.0 19.0 15.6± 10.0 827.9± 542.4 18.9

QR-SW 24.3± 12.6 379.0± 506.2 64.0 20.4± 10.5 278.0± 353.3 73.3
QR-LLM 24.0± 12.6 367.5± 476.5 65.2 21.6± 11.3 300.8± 476.4 71.7
QR-BERT 25.9± 11.7 394.1± 513.2 65.7 19.6± 10.7 269.4± 333.7 72.7
QR-MF 24.1± 12.6 386.4± 477.4 62.3 19.3± 11.4 266.4± 390.1 72.3

EAGLE-2 15.7± 12.3 364.0± 303.8 43.1 – – –
EAGLE-3 – – – 13.9± 8.4 430.9± 299.4 31.0

SpecReason 17.1± 8.3 369.3± 322.1 46.3 12.6± 7.7 262.5± 219.4 48.0
R2R 19.4± 13.1 232.3± 151.4 83.5 – – –

UNITOR
(Ours)

18.7± 13.4 220.0± 157.6 85.0 18.7± 10.9 203.5± 118.6 91.9

Table 2: Latency and decoding speed on AIME. We report the average
generated tokens (#Token), wall-clock latency, and throughput. Values
are mean ± standard deviation. “–” indicates unavailable baselines
due to missing drafter weights for the corresponding model pair.

Training Size Acc. #Token (K) Param. (B) Cost Lat. (s)

15M 48% 18.7 5.9 110.8 220
10M 43% 18.5 6.1 112.9 231
5M 42% 17.9 7.9 141.4 263

Table 4: Training-label scaling on AIME. More la-
bels improve calibration, reducing LLM usage and cost
while increasing accuracy.

label set achieves the best trade-off, reaching 48%
accuracy with the lowest cost and latency. These
results suggest that larger supervision improves
calibration, enabling the router to better detect di-
vergent tokens and avoid unnecessary LLM calls.

Additional analyses. Additional analyses and
extended results are provided in Appendix B.

5 Related Work

Test-time scaling improves LLM performance but
often requires long Chain-of-Thought (CoT) traces,
increasing latency and inference cost (Jaech et al.,
2024; Guo et al., 2025; Wang and Zhou, 2024). To
mitigate this overhead, speculative decoding (Le
et al., 2025; Miao et al., 2024) and model rout-
ing (Srivatsa et al., 2024; Ong et al., 2025) have
received significant attention.

Speculative Decoding. Speculative Decoding
(SD) uses a smaller “draft” model (SLM) to pro-
pose tokens that are then verified by the target LLM
(Sun et al., 2023; Leviathan et al., 2023; Le et al.,
2025). EAGLE-2/3 (Li et al., 2024, 2025) improve
acceptance via stronger feature integration and dy-
namic draft trees, and HASS (Zhang et al., 2025)
aligns draft and target representations. However,
classical SD enforces strict distribution matching

by rejecting any token that differs from the LLM
output, which can discard valid paraphrases and
limit speedups in open-ended reasoning.

Model Routing. Model routing assigns compu-
tation based on input complexity to avoid strict
token-level verification. Early methods use query-
level routing (Feng et al., 2025; Lu et al., 2024;
Wang et al., 2025), sending each prompt to a strong
or weak model (e.g., RouteLLM (Ong et al., 2025)).
However, this coarse choice can be suboptimal for
mixed-difficulty prompts (Fu et al., 2025a). Step-
level methods, such as SpecReason (Pan et al.,
2025), route over intermediate steps but often rely
on delimiters/heuristics and can be costly when
steps are rejected.

Token-Level Routing. The finest control gran-
ularity is token-level routing, where the system
decides model usage for every token generated.
Approaches like CITER (Zheng et al., 2025) and
RSD (Liao et al., 2025) utilize reinforcement learn-
ing or reward models to govern these transitions.
Most notably, R2R (Fu et al., 2025a) established a
new state-of-the-art by training a lightweight router
to detect “semantic divergence” points where the
SLM’s reasoning path drifts from the LLM’s in-
tended logic. However, these routers are typically
pair-specific and trained on model-internal states,
making them hard to transfer to new SLM–LLM
pairs. UNITOR targets this limitation.

6 Conclusion

We presented UNITOR, a universal token-level
routing framework that eliminates pair-specific
router training and supports heterogeneous SLM–
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LLM vocabularies via token alignment. By routing
based on model-agnostic uncertainty features and
token-identity cues, UNITOR generalizes across
model pairs and delivers strong accuracy–efficiency
trade-offs on different benchmarks.

Limitations

While UNITOR demonstrates strong universality
and efficiency across diverse SLM–LLM pairs, sev-
eral limitations remain that we discuss explicitly to
guide future work.

Reliance on SLM probability access. UNITOR
requires access to the SLM’s top-k next-token log-
its to compute its distribution-based features, and
token-frequency features require a one-time tok-
enization of an external corpus per SLM vocabu-
lary. This makes the method directly applicable
to open-weight SLMs but precludes deployments
where the small model is a black-box API that ex-
poses only generated text.

Assumption of a meaningful capability gap.
Token-level routing is beneficial only when the
LLM is materially stronger than the SLM on at
least a subset of tokens; otherwise, the router de-
generates toward using a single model. UNITOR in-
herits this assumption and is not designed for pairs
with near-identical capability or for settings where
the SLM is selectively stronger than the LLM (e.g.,
domain-specialized small models).

Language and domain coverage of training data.
Our routing labels are generated from Bespoke-
Stratos-17k, and our token-frequency tables are
built from FineWeb (Penedo et al., 2024). Both
corpora are predominantly English. Although the
underlying distribution and token-identity features
are in principle language-agnostic, we do not em-
pirically evaluate UNITOR on non-English or code-
switched generation, and divergence rates may dif-
fer in those settings. A broader multilingual study
is left to future work.
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A Additional Experimental Setup

A.1 Router Architecture

Input Feature. Detailed feature construction is
described in Appendix D.5. We concatenate the dis-
tribution features, the token-frequency signal, and
lightweight structural features (e.g., token position).
The resulting feature vector is passed through a lin-
ear projection to match the input dimensionality of
the router backbone.

Router neural network backbone. The router
itself is implemented as a lightweight feed-forward
neural network with four stacked blocks and resid-
ual connections. Each block follows a standard
expand–contract design, consisting of an input Lay-
erNorm, a linear projection that expands the hidden
dimension by a factor of four, a GELU nonlinear-
ity, and a second linear projection that restores the
original dimension. Dropout is applied to both lin-
ear layers for regularization. Residual connections
link consecutive blocks to stabilize optimization.
The hidden dimension is set to 1024 throughout
the network. After the final block, an additional
LayerNorm and a linear layer map the hidden repre-
sentation to a scalar score, which is passed through
a sigmoid function to produce a normalized routing
probability. A fixed threshold pth ∈ (0, 1) is used
to convert this probability into a binary routing de-
cision: values above pth indicate that the current
token is likely to diverge and should be generated
by the LLM.

A.2 Training Data

Training set. We construct router-training exam-
ples from three task families—mathematics, code,
and question answering (QA)—using prompts
sampled from the Bespoke-Stratos-17k collec-
tion (Labs, 2025). For each prompt, we generate a
reference response with DEEPSEEK-R1-DISTILL-
QWEN-32B using greedy decoding (temperature
= 0) and a maximum generation length of 32,768
tokens. We retain only generations that produce an

explicit end-of-sequence (EOS) token within this
limit.

To create token-level routing labels, we
use DEEPSEEK-R1-DISTILL-QWEN-1.5B as the
SLM. At each token position, we compare the
SLM’s greedy next-token prediction against the
reference token. When the prediction matches, the
token is treated as non-divergent. When the predic-
tion differs, we continue the rollout with the SLM
and use QWEN2.5-72B-INSTRUCT as a verifier
to determine whether the resulting continuation is
semantically consistent with the reference (neutral)
or represents a meaningful divergence. These veri-
fier judgments provide the binary supervision used
in the subsequent stages of our data-generation
pipeline.

Validation set. We build the validation set using
the same procedure and model settings as above,
but with disjoint prompts. Specifically, we use the
229 Bespoke-Stratos-17k examples (across math,
QA, and code) that are excluded from the router-
training split. A summary of the training and vali-
dation splits is provided in Table 5.

Type #Query #Token #Divergent Div. Rate
Training 2710 15M 735K 4.9%
Validation 229 619K 32K 5.2%

Table 5: Statistics of tokens difference and divergence
across the training and validation sets.

A.3 Training Scheme

Loss function. The divergence labels are im-
balanced (non-divergent tokens are substantially
more frequent). To account for this, we optimize
a weighted binary cross-entropy loss with logits
(BCEWithLogitsLoss). Class weights are set
inversely proportional to empirical class frequen-
cies so that mistakes on the minority class receive
larger penalties.

Optimization and hyperparameters. We train
the router with AdamW (β1=0.9, β2=0.999) us-
ing a learning rate of 1 × 10−5, dropout rate 0.2,
and weight decay 5× 10−4. Training is performed
in float32 precision with batch size 4096. We run
training for at most 50 epochs and apply early stop-
ping with patience 10 based on validation perfor-
mance (evaluated once per epoch). We select the
checkpoint from the best validation epoch as the
final router.
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Threshold selection. After training, we calibrate
the routing threshold pth using the validation set.
We run the router once on the pre-collected inputs
(features derived from SLM logits, token-frequency
statistics, and token-position features) and record
the predicted divergence probabilities. We then
sweep pth ∈ [0, 1] to map out the trade-off be-
tween LLM activation rate and average activated
parameters (Figure 9). Since the inputs are fixed,
calibration consists of a single forward pass and
an inexpensive threshold sweep. At inference time,
for any user-specified compute budget (e.g., a tar-
get Pavg), we choose pth to meet the corresponding
budget.

A.4 Routing System Implementation Details
Model initialization. The routing system con-
sists of three modules: the SLM (DeepSeek-
R1-Distill-Qwen-1.5B), the LLM (DeepSeek-R1-
Distill-Qwen-32B), and the router. We place the
SLM on a single GPU via the SGLang sched-
uler (mem_fraction_static=0.15). The
LLM is served with tensor-parallel inference
across two GPUs using SGLang schedulers
(mem_fraction_static=0.7). The router
runs on GPU 0 as a standalone PyTorch model,
independent of the SGLang runtime.

Inference workflow. At each decoding step, the
SLM proposes the next token and returns its output
logits. The router converts these SLM outputs into
a divergence probability. If the probability exceeds
the threshold pth, we route the step to the LLM:
we enqueue a new request to the LLM built from
the current input token IDs, initialize a scheduling
batch in EXTEND mode, and allocate the required
KV-cache memory. The system maintains prefix
indices to track which tokens have been consumed
by each model and to keep both model states syn-
chronized. When the LLM produces a token, it
is returned through an output queue and replaces
the SLM-proposed token. A token manager tracks
active sequences and termination conditions (EOS
or maximum length). This loop repeats token-by-
token until completion.

B Additional Experiment Results

B.1 Impact of the routing threshold
Figure 9 shows the relationship between the routing
threshold pth and the cost of inference. Specifically,
pth controls the “positive rate”—the percentage of
tokens sent to the LLM—which determines the

average activated parameters (Pavg). We tune this
threshold on validation data to satisfy a compute
budget (e.g., Pavg ≈ 6B). While Pavg can vary if
the test workload is significantly harder or longer,
we find this deviation is negligible when validation
and test data are from the same distribution. For
new workloads, pth can be re-calibrated using a
small sample dataset.

We also examine the router’s ability to catch
divergence events. Lowering the threshold sends
more tokens to the LLM, which improves the recall
of divergent tokens. Figure 9 demonstrates that re-
call rises sharply with only a small increase in com-
pute (Pavg). This suggests the router successfully
identifies the most critical tokens first, optimizing
the trade-off between compute and accuracy.

B.2 UNITOR with Sampling Decoding

In this appendix, we report additional results for
UNITOR under sampling decoding. We use temper-
ature T = 1.0 for both the SLM and LLM and keep
all other settings identical to the main experiments
in Section 4. As shown in Table 6, UNITOR re-
mains competitive under sampling: it outperforms
query-level routing baselines and achieves approx-
imately 90% of the R1-32B accuracy while using
only 10.0B average activated parameters. These
results indicate that UNITOR’s token-level rout-
ing remains effective beyond greedy decoding and
transfers to stochastic generation settings.

Method Acc. Param. (B) Cost (KB)

R1-1.5B 28% 1.5 17.5
R1-32B 55% 32.0 364.9

QR-SW 42% 11.1 132.0
QR-LLM 43% 11.4 127.7
QR-BERT 37% 11.3 134.5
QR-MF 38% 11.1 118.8

UniToR (ours) 50% 10.0 120.8

Table 6: AIME results under sampling decoding (tem-
perature T = 1.0) for the DeepSeek-R1 model pair.

B.3 Inference Latency Breakdown

To quantify the runtime overhead introduced by
UNITOR, we instrument the serving stack and pro-
vide a fine-grained breakdown of end-to-end de-
coding latency. The routing logic is integrated di-
rectly into the SGLANG serving pipeline, and all
measurements are conducted on the AIME-2024
benchmark, averaged over 30 questions using three
NVIDIA A6000 GPUs.
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Figure 9: Relationship between the routing threshold, recall for divergent tokens, and average parameter size.

Component #Calls Time (s) Share

LLM (Qwen3-32B) 34,760 2,072.70 52.43%
SLM (R1-1.5B) 222,688 1,477.42 37.37%
Router inference 222,688 201.96 5.11%
Token alignment (Alg. 1) 34,760 105.25 2.66%
Feature extraction 222,688 60.43 1.53%
Others – 35.69 0.90%

Table 7: Component-level latency breakdown on AIME-
2024 using the R1-1.5B + QWEN3-32B pair (W = 16,
3×A6000). Routing-specific components account for
less than 10% of total runtime, confirming that routing
overhead is small relative to model inference cost.

Table 7 presents the component-wise execution
time. The results show that the vast majority of
decoding time is spent in model forward passes,
with the LLM and SLM accounting for 52.43%
and 37.37% of total runtime, respectively. In con-
trast, the routing-specific overhead introduced by
UNITOR remains minimal. Router inference con-
tributes only 5.11% of total execution time, while
token alignment accounts for 2.66%. Feature ex-
traction incurs an additional 1.53%, yielding a com-
bined routing-related overhead of less than 10%.

These findings confirm that the computational
cost of routing decisions is negligible relative to
the underlying model inference cost. Although UN-
ITOR introduces additional control logic at each
decoding step, this overhead is substantially out-
weighed by the reduction in expensive LLM invo-
cations enabled by adaptive token-level switching.
This demonstrates that the practical efficiency gains
of UNITOR are not offset by routing complex-
ity, making it suitable for deployment in latency-
sensitive inference settings.

B.4 Resource Consumption and Efficiency
Analysis

To provide a comprehensive assessment of prac-
tical deployment efficiency, we report aggregate

resource consumption metrics averaged across
AIME, LIVECODEBENCH, and GPQA. In addi-
tion to task accuracy, we evaluate each method in
terms of parameter footprint, inference cost, com-
putational demand measured in TFLOPs per query,
and hardware requirements in terms of GPU count.

The results in Table 8 demonstrate that UNITOR
achieves the most favorable accuracy–efficiency
trade-off among all evaluated approaches. Com-
pared to the pair-specific router R2R, UNITOR
improves average accuracy by 2 percentage points
while simultaneously reducing computational cost
by approximately 6% (187 vs. 199 TFLOPs/query).
This highlights that universality does not come
at the expense of efficiency; instead, the pro-
posed model-agnostic routing strategy yields both
stronger performance and lower resource consump-
tion.

B.5 Open-Ended Generation (MT-Bench)

A common concern surrounding token-level rout-
ing is that its effectiveness may be limited to
verifiable reasoning tasks, where divergence la-
bels can be derived from objective correctness sig-
nals. To evaluate whether UNITOR generalizes
beyond this setting, we assess the same router—
without retraining or task-specific adaptation—on
MT-BENCH (Zheng et al., 2023), a benchmark of
open-ended multi-turn dialogue spanning creative
writing, roleplay, coding, reasoning, and subjective
conversational tasks.

We evaluate an unseen cross-tokenizer model
pair, R1-1.5B + QWEN3-32B, using GPT-4o as
the automatic judge. As shown in Table 9, UNI-
TOR achieves an overall score of 7.26, retaining
approximately 93% of the full QWEN3-32B per-
formance (7.81) while activating only ∼28% of the
large model’s parameters on average. This demon-
strates that adaptive token-level routing remains
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Method Acc (%) Param (B) Cost TFLOPs/q #GPUs

R1-1.5B 13 1.5 41.1 82 1
R1-7B 31 7.0 154.4 309 1
R1-32B 46 32.0 567.4 1135 2
R2R 42 6.5 99.5 199 2
UNITOR 44 6.1 93.3 187 2

Table 8: Average resource consumption and accuracy across reasoning benchmarks (A6000 GPUs).

Model Writing Roleplay Reason. Math Coding Extract. STEM Human. Overall

R1-1.5B 3.30 3.55 3.80 8.00 2.55 4.45 4.30 3.95 4.24
Qwen3-32B 7.60 7.30 7.20 8.25 7.50 7.85 8.20 8.55 7.81
UNITOR (P̄ =6B) 6.80 6.90 6.70 8.85 7.20 6.45 7.50 7.65 7.26

Table 9: MT-Bench results (GPT-4o judge) using the R1-1.5B + QWEN3-32B pair with a 4K maximum generation
length. UNITOR retains 93% of the full LLM’s performance across diverse open-ended generation tasks while
using only ∼28% of its parameters on average. Notably, it surpasses QWEN3-32B on mathematical reasoning by
selectively allocating more LLM tokens to high-divergence regions.

highly effective even in open-ended generation sce-
narios where correctness is inherently subjective.
Performance remains consistently strong across
most categories, with UNITOR staying within 0.5–
1.0 points of the full LLM on writing, coding,
STEM, and human preference tasks. Most no-
tably, it surpasses QWEN3-32B on mathematical
reasoning (8.85 vs. 8.25), suggesting that the router
successfully identifies moments requiring stronger
reasoning capacity and allocates LLM computation
precisely where needed.

These results provide strong evidence that the
model-agnostic routing signals learned by UNI-
TOR capture general patterns of token-level un-
certainty rather than task-specific heuristics. This
allows a single universal router to transfer effec-
tively from verifiable reasoning benchmarks to
open-ended conversational generation, further sup-
porting the practicality of UNITOR as a general-
purpose inference acceleration framework.

B.6 Label Quality Validation

Since UNITOR relies on verifier-generated token-
level divergence labels for supervision, the relia-
bility of these labels is critical to the effectiveness
of the routing policy. Following the human evalu-
ation protocol introduced by Fu et al. (2025a), we
conduct a manual validation study to assess the
quality of our labeling pipeline. We randomly sam-
ple 500 token-level disagreement cases and recruit
three graduate researchers to independently anno-
tate each instance as either neutral or divergent.
Ground-truth labels are determined by majority
vote across the three annotators. A fourth indepen-

Verifier Acc. Recall Prec.

Human (4th annot.) 0.82 0.82 0.61
Qwen2.5-72B (ours) 0.85±0.01 0.86±0.02 0.65±0.02
Qwen2.5-7B 0.80±0.01 0.83±0.02 0.56±0.02
Qwen2.5-3B 0.75±0.01 0.72±0.02 0.50±0.02

Table 10: Verifier agreement with human-annotated
token-level divergence labels on 500 sampled disagree-
ments. QWEN2.5-72B matches or exceeds human-level
agreement, validating the quality of our automated la-
beling pipeline.

dent annotator is used as the human performance
baseline, enabling direct comparison between veri-
fier predictions and human-level agreement.

Table 10 compares the performance of our veri-
fier (QWEN2.5-72B) against both the human base-
line and smaller QWEN2.5 variants. The results
show that QWEN2.5-72B achieves 0.85 accuracy
and 0.86 recall, slightly exceeding human-level
agreement (0.82 accuracy and recall). It also con-
sistently outperforms smaller verifier models across
all evaluation metrics.

These results validate the reliability of our
verifier-based annotation pipeline and suggest that
high-capacity LLMs can provide token-level diver-
gence supervision at a quality comparable to, or
exceeding, expert human annotation. This supports
the use of automated verifier labeling as a scalable
alternative to expensive manual annotation.

B.7 Sensitivity to Alignment Window Size

The token-alignment mechanism in UNITOR uses
a sliding context window of size W to reconcile
token boundaries across heterogeneous tokeniz-
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Window Acc. Param. (B) Align. time (s)

W = 16 (ours) 36.67 6.31 105.25
W = 32 33.33 6.21 115.71
W = 64 30.00 6.13 122.66
W = 128 30.00 6.38 128.13
Full context 33.33 6.34 135.56

Table 11: Sensitivity analysis of alignment window size
W on AIME-2024 (30 problems, R1-1.5B + QWEN3-
32B). Smaller windows achieve both higher accuracy
and lower alignment overhead, with W = 16 selected
as the default.

ers. The choice of W introduces a trade-off be-
tween alignment context and computational over-
head: larger windows provide more context for
matching but increase alignment latency during
decoding. To evaluate this trade-off, we sweep
W ∈ {16, 32, 64, 128} as well as a full-context
alignment setting on AIME-2024 using the R1-
1.5B + QWEN3-32B pair over 30 problems. Ta-
ble 11 reports accuracy, effective parameter usage,
and alignment latency.

The results show that routing performance is
robust across a broad range of window sizes, in-
dicating that UNITOR does not require extensive
tuning of this hyperparameter. However, smaller
windows consistently provide better efficiency. In
particular, W = 16 achieves the highest accuracy
(36.67) while also yielding the lowest alignment la-
tency (105.25s), offering the best overall accuracy–
efficiency trade-off.

Interestingly, increasing the window size does
not improve routing quality. In several cases, larger
windows slightly degrade performance despite in-
curring higher computational overhead. We hy-
pothesize that this is because token divergence de-
cisions are predominantly determined by local con-
textual information, making additional long-range
alignment context unnecessary and potentially in-
troducing noise into token matching. Based on
these findings, we adopt W = 16 as the default
setting throughout all experiments.

C Prompts and Response Examples

C.1 Verifier Prompt

As described in Appendix A.2, we use a verifier
model (Qwen2.5-72B-Instruct) to judge whether a
mismatch between the reference continuation and
the SLM continuation is semantically neutral or
constitutes a meaningful divergence. Our verifier
prompt explicitly marks the disagreement span and

asks the model to decide whether the difference
changes the meaning, reasoning steps, or correct-
ness of the answer (Text 1). The prompt also re-
quests a short justification and includes a few in-
context examples to reduce ambiguity and encour-
age consistent labeling.

C.2 Qualitative Response Example

To provide an intuitive illustration of UNITOR rout-
ing, we include a representative AIME problem
(Text 2) together with outputs from the SLM (R1-
1.5B), the LLM (R1-32B), and UNITOR. Example
generations are shown in Text 3–Text 5.

Text 2: Example Question (AIME)

Alice and Bob play the following game. A
stack of n tokens lies before them. The players
take turns with Alice going first. On each turn,
the player removes either 1 token or 4 tokens
from the stack. Whoever removes the last token
wins. Find the number of positive integers n
less than or equal to 2024 for which there exists
a strategy for Bob that guarantees that Bob will
win the game regardless of Alice’s play.

In this example, the SLM and LLM arrive at
different final answers due to a divergence in the
intermediate reasoning. UNITOR detects the diver-
gence point and routes the corresponding token(s)
to the LLM, steering generation back to the higher-
quality reasoning path and producing a final answer
that matches the LLM.

D More on feature analysis

D.1 Distribution-based Features

• Max Probability: The probability assigned
to the top-1 prediction, indicating model con-
fidence.

• Probability Margin: p1 − p2, the difference
between top-1 and top-2 probabilities.

D.2 Token-identity-based features

• Normalized Vocabulary Position: The token
ID divided by vocabulary size, where lower
values correspond to more common tokens in
the base vocabulary.

• Token Character Length: The number of
characters in the decoded token.
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Text 1: Verifier Prompt

Task:
Determine if the divergence between Sentence 1 and Sentence 2 affects the

meaning, reasoning, logic, or conclusion derived from them.

Instructions:
- The marker "*" indicates where the sentences diverge. It is not part of the

original text.
- Assess whether this divergence changes the meaning, reasoning, logic, or

conclusions, or if it introduces new information or contradictions.

Output 1 if:
- The divergence causes a change in meaning, reasoning, logic, or conclusions.
- It introduces new information, shifts focus, or contradicts prior facts.
- The sentences follow different reasoning paths or focus on different aspects.

Output 0 if:
- The divergence is superficial and does not affect meaning, reasoning, logic,

or conclusions.
- Both sentences follow the same reasoning path or lead to the same conclusion.

Reasoning:
Provide a brief explanation of how the divergence impacts (or does not impact)

meaning, reasoning, logic, or conclusions.

---
Example 1 (Same - 0):
Sentence 1:
"The ratio of adults to total people <is*> now 11/25."
Sentence 2:
"The ratio of adults to total people <chang*>ed from 5/12 to 11/25 after adding

50 people."
Output: 0
Reasoning: The change from "is" to "changed" does not affect the overall

meaning, reasoning, logic, or conclusions.

Example 2 (Different - 1):
Sentence 1:
"Let’s solve this using <integration> by parts."
Sentence 2:
"Let’s solve this using <u->substitution."
Output: 1
Reasoning: The change in method (from integration by parts to substitution)

alters the reasoning and approach to solving the problem.

---
Now complete the task:
Common Context:
{CONTEXT}

Sentence 1:
{SENTENCE1}

Sentence 2:
{SENTENCE2}

Answer (Output: <0 or 1>)
Reasoning:
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Text 3: R1-1.5B Response

Okay, so Alice and Bob are play-
ing this game where they take turns
removing either 1 or 4 tokens from a
stack. Alice goes first, and the person
who takes the last token wins. I need
to figure out how many positive in-
tegers n ≤ 2024 allow Bob to have
a winning strategy, no matter how
Alice plays. Hmm, this sounds like
a combinatorial game theory prob-
lem. I remember something about
winning and losing positions in such
games.

Let me start by understanding the
rules better. Each player can remove
1 or 4 tokens on their turn. So, if
there are n tokens, a player can take
1 or 4 tokens, and the next player
does the same until

. . .
n = 15: Alice can take 1, leav-

ing 14 for Bob. n = 14 is a winning
position for Bob, so Bob can win. Al-
ternatively, Alice can take 4, leaving
11 for Bob. n = 11 is a winning po-
sition for Bob, so Bob can win. So,
n = 15 is a losing position for Alice,
meaning Bob can win.

. . .
Final Answer

N/A

Text 4: R1-32B Response

Okay, so Alice and Bob are play-
ing this game where they take turns
removing either 1 or 4 tokens from
a stack of n tokens. Alice goes
first, and whoever takes the last to-
ken wins. I need to figure out how
many positive integers n ≤ 2024
make Bob have a winning strategy,
meaning no matter how Alice plays,
Bob can force a win.

Hmm, let me think. This sounds
like a combinatorial game theory
problem. I remember that in such
games, positions can often be classi-
fied as either winning or losing posi-
tions. A winning position means the
current player can force a win, while
a losing position means the current
player will lose if the opponent plays
optimally.

So, in this case, if n is a losing
position, then the player whose turn
it is will lose if the opponent plays
correctly.

. . .
n = 15: The player can take

1, leaving n = 14 (W), or take
4, leaving n = 11 (W). So, all
moves lead to the opponent’s W.
Therefore, P (15) is L.

. . .
Final Answer

809

Text 5: UniToR Response

Okay, so Alice and Bob are play-
ing this game where they take turns
removing either 1 or 4 tokens from
a stack of n tokens. Alice goes
first, and whoever takes the last to-
ken wins. I need to figure out how
many positive integers n ≤ 2024
make Bob have a winning strategy,
meaning no matter how Alice plays,
Bob can always win.

Hmm, let me think. This sounds
like a combinatorial game theory
problem. I remember that in such
games, positions can often be classi-
fied as either winning or losing po-
sitions. A winning position means
the current player can force a win no
matter what the opponent does, while
a losing position means the current
player will lose if the opponent plays
optimally.

. . .
- P (15): The player can take

1, leaving P (14), which is winning
for the opponent, or take 4, leav-
ing P (11), which is winning for the
opponent. So, both moves leave
the opponent in a winning position.
Therefore, P (15) is losing.

. . .
Final Answer

809

• Token Frequency: The empirical frequency
of the token in the training data.

• Token Type Indicators: Binary features for
punctuation, digits, whitespace, and special
tokens.

D.3 Position-based features
• Sequence Position: Normalized position of

the token within the generation sequence.

D.4 Analysis
Figure 10 summarizes the predictive power of in-
dividual features. Distribution-based features ex-
hibit strong discriminative ability, confirming that
model uncertainty is the primary signal for predict-
ing token-level divergence. Among the remaining
features, token character length and normalized
vocabulary position achieve moderate predictive
performance.

Interestingly, we observe that vocabulary posi-
tion (i.e., token ID) is a strong indicator of diver-
gence: tokens with higher ID values tend to ex-
hibit higher divergence rates. However, this effect

is highly dependent on the tokenizer’s vocabulary
construction and is therefore unlikely to general-
ize reliably across different models. In contrast,
sequence position features (e.g., log position and
relative position) yield low AUC scores, indicat-
ing that a token’s location within the generated
sequence has a limited impact on its likelihood of
divergence.

D.5 Feature Construction

Distribution features. At each decoding step, we
extract a compact set of model-agnostic features
from the SLM output distribution. Specifically, we
select the top-100 logits, apply softmax to obtain
probabilities, and use the resulting vector (and sum-
mary statistics) as distribution features.

Token-identity features. To capture token rarity,
we incorporate token-frequency statistics. For each
SLM, we build a frequency lookup table by tok-
enizing 5M samples from FineWeb (Penedo et al.,
2024); this preprocessing is performed once per
SLM and reused across experiments. During infer-
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Figure 10: ROC curves and AUC of features.

ence, we retrieve the frequency of the generated to-
ken from this table. We also include token-type in-
dicators (e.g., digit, punctuation, alphabetic), com-
puted by decoding the token and applying simple
rules.

Other lightweight features. We include addi-
tional features derived from generation metadata,
such as the token’s relative position in the context.

E Background on Routing Strategies

E.1 Query-level Routing

Let Q be the query space and A the output space.
Query-level routing selects a single model to gen-
erate the entire response:

Rquery : Q → {Ms,Ml}.

Given a query q ∈ Q, a routing function Rquery
assigns the query to either the SLM or LLM, and
the selected model M = Rquery(q) generates the
complete response a ∈ A.

E.2 Step-level Routing

Step-level routing assumes the output can be de-
composed into a sequence of reasoning steps a =
(r1, . . . , rT ). Given a query q, at step t, the SLM
first proposes a candidate step r̂t = Ms(q, r<t),
where r<t = (r1, . . . , rt−1) denotes the preceding
steps. The LLM evaluates this proposal using a
scoring function Eθl , producing a confidence score
et = Eθl(q, r<t, r̂t). Given a threshold τ , the step

is accepted if et ≥ τ ; otherwise, the LLM gener-
ates the step:

rt =

{︄
r̂t, if et ≥ τ,

Ml(q, r<t), if et < τ.

E.3 Token-level Routing
Token-level routing enables dynamic model selec-
tion at each decoding step. Given a query q with
token representation x = (x1, . . . , xn), decoding
proceeds autoregressively. At step t, a routing func-
tion first selects the model:

mt = Rtoken(x, y<t; θs) ∈ {Ms,Ml},

where y<t = (y1, . . . , yt−1) denotes the previously
generated tokens. The selected model mt then
generates the next token via greedy decoding:

yt = argmax
y

Pmt(y | x, y<t).

This fine-grained routing allows the system to lever-
age the SLM for simpler tokens while invoking the
LLM only when necessary.

F Algorithms
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Algorithm 1 Token Alignment When Switching
SLM/LLM
Require: SLM current sequence s = (s1, . . . , st)
Require: LLM current sequence l = (l1, . . . , lu)
Require: window size W
1: {Extract window and decode to text}
2: swin ← (smax(1,t−W+1), . . . , st)
3: x← DecodeVS (swin)
4: {Re-encode under LLM vocabulary}
5: lnew ← EncodeVL(x)
6: m← |lnew|
7: {Find longest suffix–substring overlap}
8: k∗ ← 0, j∗ ← 0
9: for k = 1 to min(u,m) do

10: for j = 1 to m− k + 1 do
11: if l[u− k + 1 : u] = lnew[j : j + k − 1] then
12: k∗ ← k, j∗ ← j
13: end if
14: end for
15: end for
16: {Append only unmatched continuation}
17: l← (l, lnew[j

∗ + k∗ : m])
18: {Append unmatched suffix to LLM sequence}
19: l← (l, lnew[k+1:])
20: return Updated LLM token sequence l
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