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Abstract

Large Language Models (LLMs) are strong at
multi-step reasoning, but running them for ev-
ery generated token is expensive. Small lan-
guage models (SLMs) are much cheaper, yet
less reliable at the hardest reasoning steps. Ex-
isting routing methods mostly make a single
query-level decision, assuming that response
difficulty is uniform once decoding begins. For
chain-of-thought reasoning, however, difficulty
varies during generation, making token-level
routing a more appropriate granularity. This
setting introduces three challenges: token-level
uncertainty is noisy, local routing decisions
must satisfy global efficiency constraints, and
frequent switching can disrupt reasoning co-
herence. We present TokenRouter, a black-box
runtime controller for uncertainty-guided token-
level routing between small and large language
models. TokenRouter combines a robust en-
tropy detector, a self-calibrating control pol-
icy, and a dynamic intervention commitment
mechanism for stable switching over difficult
spans. Across three reasoning benchmarks, To-
kenRouter maintains over 99% of pure-LLM
accuracy while reducing large-model activation
to 56.2%—76.0% of generated tokens. Code
is available at https://github.com/sznnzs/
TokenRouter.

1 Introduction

Large Language Models (LLMs) have become
strong reasoners on multi-step tasks, but this ca-
pability is expensive to deploy because every gen-
erated token requires a full forward pass through a
large model (Kojima et al., 2022; Wei et al., 2022b;
Yao et al., 2023; Liu et al., 2025). This cost is
especially pronounced for chain-of-thought reason-
ing, where solving a single problem may require
long autoregressive traces. Small language models
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(SLMs) offer a much cheaper alternative, but rely-
ing on them throughout decoding can hurt accuracy
at the most difficult reasoning steps. This creates
a practical tension in efficient LLM reasoning: al-
ways using the large model wastes computation,
while always using the small model risks failure at
the most critical moments.

Model routing is a natural response to this trade-
off. Prior work typically routes at the query level:
a router examines the input once and then assigns
the entire request to a single model (Hu et al., 2024;
Ong et al., 2025; Tran et al., 2025). This design
is effective when difficulty is largely determined
by the input as a whole, but reasoning traces are
rarely uniform. Within a single response, easy pro-
cedural spans and difficult reasoning steps often
alternate (Yu et al., 2025; Kim et al., 2025). As
a result, query-level routing uses the wrong gran-
ularity for chain-of-thought reasoning. It cannot
selectively allocate stronger model capacity to the
parts of the generation that actually need it.

Our starting point is therefore to treat efficient
reasoning as a runtime collaboration problem be-
tween small and large language models. The key
question is not only which model should answer
a query, but also when the system should escalate
from the SLM to the LLM during generation, and
for how long. This perspective motivates token-
level routing. It also distinguishes our setting from
one-shot routing and from training-heavy token
routing schemes: we seek a black-box test-time
controller that can operate on unmodified models
using signals that are available at decoding time.

Making token-level routing work in practice is
challenging. First, token-level uncertainty signals
are noisy, so naive switching based on raw scores
can trigger spurious interventions (Raposo et al.,
2024; Wu et al., 2025). Second, local routing de-
cisions must still satisfy a global efficiency target
rather than overusing the LLM whenever uncer-
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tainty spikes. Third, per-token switching can os-
cillate and degrade the overall quality of reason-
ing (Pan et al., 2026; Zheng et al., 2025). A useful
routing mechanism must therefore be uncertainty-
guided, budget-aware, and stability-aware at the
same time.

To address these challenges, we introduce Token-
Router, a closed-loop framework for uncertainty-
guided token-level routing. TokenRouter uses the
SLM’s output entropy as a deployable uncertainty
signal for black-box runtime control. A robust en-
tropy detector first smooths the raw entropy stream
into a stable estimate of local reasoning difficulty,
making the routing signal less sensitive to token-
level noise. A self-calibrating control policy then
converts a target usage budget into an adaptive
switching threshold, allowing the system to reg-
ulate LLLM usage online rather than relying on a
fixed trigger. Finally, a dynamic intervention com-
mitment mechanism keeps the LLM active long
enough to cover difficult spans, reducing oscilla-
tion and preserving reasoning coherence. Together,
these components form a unified runtime policy for
stable small-large collaboration during decoding.

We evaluate TokenRouter on three reason-
ing benchmarks spanning different difficulty lev-
els (Cobbe et al., 2021; Hendrycks et al., 2021;
Li et al., 2024). Across these benchmarks, To-
kenRouter maintains over 99% of the reasoning
accuracy of a powerful LLM (e.g., DeepSeek-
R1-Distill-Qwen-14B) while activating it for only
56.2% to 76.0% of the generated tokens, with
the remaining tokens handled by a much smaller
model (e.g., DeepSeek-R1-Distill-Qwen-1.5B).
These results show that uncertainty-guided small-
large collaboration can achieve a strong accuracy-
efficiency trade-off for reasoning without modify-
ing the two underlying models.

Our contributions are as follows:

* We formulate efficient reasoning as an
uncertainty-guided token-level routing prob-
lem between small and large language models,
targeting the granularity mismatch of query-
level routing for chain-of-thought generation.

* We propose TokenRouter, a black-box closed-
loop runtime controller that integrates robust
uncertainty estimation, self-calibrated effi-
ciency control, and stability-aware interven-
tion during decoding.

* We present a deployment-oriented implemen-

tation that keeps routing lightweight through
CPU-side decisions, KV-cache reuse, and min-
imal additional memory cost, together with
end-to-end runtime analysis.

* We show strong accuracy-efficiency trade-offs
on primary reasoning benchmarks and further
evaluate cross-domain and cross-model trans-
fer robustness.

2 Related Work

2.1 Efficient LLM Inference

To reduce the deployment cost of LLMs, prior work
has explored model compression and dynamic com-
putation (Shi et al., 2025b). Most of these methods
are white-box, requiring access to model internals.
Static compression techniques (Wang et al., 2024;
Fang et al., 2024), including quantization (Xiao
et al., 2023), pruning (Sun et al., 2024), and knowl-
edge distillation (Gu et al., 2024), permanently
shrink models but typically require retraining or
fine-tuning. Dynamic methods such as early ex-
iting (Bae et al., 2023; Chen et al., 2024) adapt
computation at runtime, yet remain tightly cou-
pled to specific architectures and do not naturally
support collaboration across independent models.
In contrast, our method is a black-box framework
that coordinates unmodified models at inference
time and is therefore complementary to these ap-
proaches.

2.2 Collaborative Computing Architectures

Combining multiple computational units is a com-
mon strategy for balancing performance and ef-
ficiency, including deployment settings that coor-
dinate on-device small models with cloud-based
large models or other heterogeneous inference re-
sources (Chen et al., 2026; Niu et al., 2025). The
Mixture-of-Experts (MoE) architecture (Dai et al.,
2024; Yun et al., 2024) scales model capacity
through sparse expert activation within a single sys-
tem, while speculative decoding (Xia et al., 2024)
pairs a small draft model with a large verifier to
reduce latency. Beyond LLM inference, contin-
ual systems also adapt matching rules as network
conditions evolve (Shi et al., 2025a). TokenRouter
instead schedules independent models based on
real-time reasoning difficulty, targeting selective
capacity allocation over a generation trace while
preserving quality.
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Figure 1: An overview of the TokenRouter framework, where numbered steps illustrate the adaptive token-level
routing process for a sample reasoning task. Its control module continuously monitors the SLM’s output entropy,
triggering an intervention from the more capable LLM only at moments of high local reasoning difficulty to ensure

both efficiency and accuracy.

2.3 Model Routing

Model routing directs an input request to the most
suitable model within a model suite (Jitkrittum
et al., 2026; Varangot-Reille et al., 2026). Most
existing methods are query-level (Hu et al., 2024):
a classifier assesses the query once and routes it to
a single model (Ong et al., 2025; Tran et al., 2025).
Because this decision is fixed before generation, it
cannot adapt to complexity that changes within a
response. Our work instead performs token-level
routing, re-evaluating decisions during decoding
to enable finer-grained allocation. Unlike probe-
or classifier-based adaptive triggers, TokenRouter
targets per-token control and therefore prioritizes
signals already available from decoding.

3 Methodology

We propose TokenRouter, an adaptive runtime
framework for efficient LLM reasoning via token-
level routing. As shown in Figure 1, the frame-
work combines three components: a robust entropy
detector that turns noisy token entropy into a sta-
ble estimate of local reasoning difficulty, a self-
calibrating control policy that converts a target com-
pute budget into adaptive activation thresholds, and
a dynamic intervention commitment mechanism
that prevents oscillatory switching and preserves
coherence during difficult spans.

3.1 Problem Formulation

We formulate adaptive inference as a constrained
sequential decision process that dynamically se-

lects between a large language model (LLM)
and a small language model (SLM). At each
timestep ¢, the policy observes the current pre-
fix state s; = (y1,...,%:—1), chooses an action
a; € {LLM, SLM}, generates the next token y; ~
Da, (+|st), and transitions to s;11. The objective is
to find a policy 7* that maximizes the expected util-
ity U(Y) of the final sequence Y = (y1,...,yr)
subject to a global budget on the LLM usage rate
Rtarget:

7" =argmaxEy . [U(Y)] (1)

T
. 1
subject to T tzl I(7(st) = LLM) < Ryarget
(2

where I(-) is the indicator function and U (Y") is an
external metric, such as final-answer accuracy. The
key challenge is partial observability: the reasoning
complexity required at each state s; is latent and
must be inferred online from noisy proxy signals.

3.2 Robust Entropy Detector

The first component addresses the perception chal-
lenge: obtaining a reliable real-time estimate of
local reasoning difficulty. We use the Shannon en-
tropy of the model’s output distribution F; as an
observable proxy. Here, black-box means that the
controller does not access hidden states, attention
maps, gradients, or model parameters, and only re-
quires next-token log probabilities exposed by the
decoding interface. The raw entropy at timestep ¢,
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denoted as z, is:

z = H(P) = — Zpt(v) logpe(v)  (3)

veV

The raw signal is highly volatile because it con-
flates genuine shifts in reasoning complexity with
stochastic noise from autoregressive generation and
local word variation. As a result, raw entropy alone
is an unreliable basis for stable control.

We therefore model the underlying reasoning dif-
ficulty z; as a latent variable in a state-space model.
Assuming that this difficulty evolves smoothly over
time, we use the following state evolution equation:

€t—1 N(Ov Q) (4)

Ty = Fry_ 1+ €1,

The observation equation links this latent state to
the noisy entropy measurement:

zp = Hxy +vy, vy~ N(0,R) %)

We set F' = 1, reducing the latent dynamics to a
random walk, and H = 1, treating the observed en-
tropy z; as a direct linear measurement of the under-
lying difficulty x;. The process noise ¢;_; captures
unpredictable shifts in reasoning difficulty, while
the measurement noise v accounts for stochasticity
in the entropy signal.

This formulation yields an efficient closed-form
estimate of the posterior distribution p(x¢|z1.¢)
through a standard predict-update cycle. The pre-
diction step forecasts the current prior:

Ty = F2yp g (6)
P11 = FPt71|t71FT +@Q (7)
The update step then incorporates the new observa-
tion z:
Ky = Pt\tleT(HPt\tleT +R)™(©®)
Typp = Ty + Ki(ze — HEyp_1) )
Py = - KiH)Py 4 (10)
The resulting posterior mean &y, = E[z¢]21.¢] pro-
vides a smooth estimate of latent reasoning diffi-
culty and serves as the uncertainty signal for the
subsequent control policy.
3.3 Self-Calibrating Control Policy

Having established a robust estimator for latent
reasoning difficulty Z;;, we next address when
to trigger LLM intervention while respecting a
global compute budget. The main difficulty is that

a fixed activation threshold does not generalize well
across heterogeneous and non-stationary problem
instances, leading to inconsistent performance and
less predictable cost.

To address this, we introduce a dynamic self-
calibrating policy that detects deviations from an
evolving difficulty baseline rather than reacting to
absolute complexity. We first transform the filtered
estimate ), into a standardized anomaly score so
that routing decisions remain comparable across
domains. To do so, we maintain a moving refer-
ence for typical reasoning difficulty with an Ex-
ponentially Weighted Moving Average (EWMA),

updating the signal mean yi; and variance o? as:

pe = A&y + (L= A)pe—1 (11)

o7 = A&y — )+ (1 = Nop_, (12)

where A € (0, 1] is the smoothing factor. We then
compute the standardized anomaly score S;:
iit|t - Mt

Ot

Sy = (13)
This score measures how strongly the current state
deviates from its recent history and provides a nor-
malized basis for intervention decisions.

The standardized score is the input to a self-
calibrating trigger that determines the intervention
threshold L; at each timestep. We engage the LLM
if S¢ > L4, and update L; through a proportional
feedback controller based on the current usage rate
R; and target budget R*:

Ly = Chp (Ltfl + B : (Rt - R*)a Lmina Lmax)

(14)
This formulation creates an adaptive closed-loop
system in which (R; — R*) acts as the error signal
and [ controls the trade-off between convergence
speed and threshold stability. The controller there-
fore adapts online to the observed trajectory instead
of relying on a preset intervention schedule.

If the system is over-budget (R; > R*), the
threshold rises and future LLM activations become
less likely. If it is under-budget, the threshold
falls. In this way, the global budget is translated
into an adaptive online decision rule without man-
ual threshold tuning.

3.4 Dynamic Intervention Commitment

Having addressed when to intervene, we now ad-
dress reasoning oscillation. A purely reactive pol-
icy that makes an independent routing decision at
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each timestep can alternate rapidly between the
LLM and SLM, fragmenting the chain of thought
and degrading reasoning quality.

Our core insight is that intervention duration
should scale with the severity of the anomaly that
triggered it. Minor fluctuations may require only
brief LLM assistance, whereas sharp spikes often
mark the start of a difficult reasoning phase that
benefits from sustained intervention. This turns
routing from isolated token decisions into span-
level support for contiguous hard segments.

Motivated by this insight, we design the dynamic
intervention commitment mechanism. When an
anomaly at timestep t* triggers an intervention with
a standardized score Sy (i.e., Sg= > Ly« ), the sys-
tem commits to engaging the LLM for at least k&
subsequent tokens. This commitment duration k is
dynamically determined by the following rule:

k= “fbase + - max(O, St* — Lt*)—‘ (15)

To further formalize stability, we define a com-
mitment decay function that gradually releases
LLM engagement once the observed complexity
stabilizes. Let D; denote the residual commitment
strength at step ¢:

Dy =Dy 1-e A4S > L) (16)
where ~y controls the decay rate and I(+) is the indi-
cator function for triggered anomalies. This formu-
lation provides a smooth transition between inter-
vention states and avoids premature disengagement
during difficult spans.

Finally, to ensure continuity of reasoning, the
effective routing decision at each timestep incor-
porates both the current anomaly signal and the
ongoing commitment:

LLM,
as =
SLM,

if Dy > 1 17
otherwise

This mechanism mitigates oscillation and pre-
serves chain-of-thought coherence by adapting in-
tervention duration to the severity of the reasoning
challenge. It applies stronger stabilization to ma-
jor anomalies and only brief intervention to minor
ones, safeguarding solution quality while maintain-
ing efficiency. In effect, the mechanism introduces
temporal hysteresis that keeps the model assign-
ment stable until the reasoning state has stabilized
over subsequent reasoning steps.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate TokenRouter on three
reasoning datasets that collectively span a wide
spectrum of problem difficulty. The first is
GSMS8K (Cobbe et al., 2021), a dataset of grade
school problems requiring multi-step arithmetic.
The second is MATH500 (Hendrycks et al., 2021),
a benchmark of high school competition-level prob-
lems requiring symbolic manipulation and alge-
braic reasoning. The third is AIME24 (Li et al.,
2024), which contains challenging problems from
the American Invitational Mathematics Examina-
tion, emphasizing creative problem-solving and ad-
vanced logical deduction. Together, these datasets
provide a comprehensive evaluation landscape, cov-
ering diverse complexities from basic reasoning to
sophisticated multi-hop inference.

Baselines. We compare TokenRouter against
several baselines: Pure SLM and Pure LLM estab-
lish performance bounds using exclusively small
or large models. Uniform Routing applies naive
stochastic selection with fixed LLM probability
matching our target usage ratio. We include
CITER (Zheng et al., 2025), a confidence-based
token-level method, and RouteLLM (Ong et al.,
2025), which routes entire queries to a single model
viaits BERT (Devlin et al., 2019) or CASUAL (Wei
et al., 2022a) classifiers. These baselines compre-
hensively evaluate routing strategies across differ-
ent granularities and allocation mechanisms.

Model and Implementation Details. We eval-
uate TokenRouter using the DeepSeek-R1-Distill-
Qwen (Guo et al., 2025) family of models. Un-
less otherwise specified, we use the 1.5B model
as the SLM and the 14B model as the LLM. We
set target ratios Rige; to 0.7 for GSM8K and 0.8
for MATHS500 and AIME24. The entropy detector
uses ) = 0.1, R = 0.5. The control policy em-
ploys smoothing A = 0.05, gain § = 1.0, initial
threshold Lo = 2.0 clipped to [1.0, 4.0]. The com-
mitment mechanism sets o = 2.0 and kpase of 20
for GSM8K and 50 for MATH500 and AIME24.
All experiments use a temperature of 0.7 sampling
on a server with 0GB NVIDIA H100 GPUs. The
routing controller runs on CPU; both models retain
reusable K'V-cache states for the accepted prefix,
entropy is computed from existing output logits
without extra GPU memory, and the controller state
requires less than 10MB of CPU memory.

Evaluation Metrics. We report final-answer ac-
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Table 1: Comparison of TokenRouter against baselines across datasets using two different SLM-LLM combinations.
TokenRouter consistently achieves performance comparable to the pure LLM while significantly reducing the LLM

usage ratio.

Combination: 1.5B & 7B

Combination: 1.5B & 14B

Method
Average LLM  LLM Ratio Average LLM LLM Ratio
Ace (%) 1 Tokens | Tokens | (%) | Acc (%) 1 Tokens | Tokens | (%) |
GSMSK
Pure SLM 83.78 2190.7 0.0 0.0 83.78 2190.7 0.0 0.0
Pure LLM 90.86 1406.1 1406.1 100.0 94.62 1101.1 1101.1 100.0
Uniform Routing 87.58 1599.7 939.0 58.7 92.87 1222.5 762.8 62.4
CITER 86.73 1588.7 1129.8 71.1 93.26 1149.9 7234 62.9
RouteLLMggrr 88.85 1788.7 1256.6 70.2 88.38 1360.9 767.2 56.4
RouteLLMcasuarL 87.52 1743.5 1062.4 60.9 91.82 1443.2 896.2 62.1
TokenRouter 90.07 1515.3 913.7 60.3 94.09 1070.6 635.9 59.4
MATHS00
Pure SLM 82.60 4500.0 0.0 0.0 82.60 4500.0 0.0 0.0
Pure LLM 88.40 3527.1 3527.1 100.0 89.00 28934 28934 100.0
Uniform Routing 84.20 3556.7 2041.5 57.4 85.40 42144 24149 57.3
CITER 84.40 4051.1 2536.7 62.6 86.20 41272 2539.0 61.5
RouteLLMggrt 86.20 4208.4  2804.3 66.6 85.80 4036.2  2368.9 58.7
RouteLLMcasuaL 84.80 4012.2  2616.1 65.2 86.80 4107.5 2850.9 69.4
TokenRouter 88.00 3880.9 2545.8 65.6 88.40 39740 22334 56.2
AIME24

Pure SLM 26.67 11503.3 0.0 0.0 26.67 11503.3 0.0 0.0
Pure LLM 43.33 6811.2  6811.2 100.0 46.67 6363.5 6363.5 100.0
Uniform Routing 30.00 72532 4968.4 68.5 36.67 7067.8 5534.1 78.3
CITER 33.33 73724  5505.3 74.7 36.67 7774.7 5843.4 75.1
RouteLLMggrr 36.67 88034  6097.8 69.3 40.00 8825.0 58854 66.7
RouteLLMcasuaL 36.67 9023.7 6245.2 69.2 40.00 90619  6414.7 70.8
TokenRouter 43.33 6874.3 4981.8 72.4 46.67 6513.6 49483 76.0

curacy as the primary quality metric, using dataset-
specific answer extraction followed by exact-match
evaluation against the gold answer. To character-
ize efficiency, we report average generated tokens,
total LLM tokens, and the LLM token ratio, de-
fined as the fraction of generated tokens produced
by the large model. The LLM ratio provides a
hardware-agnostic proxy for large-model compute
and token-metered API cost, while average gen-
erated tokens captures changes in output length.
Because wall-clock latency also depends on SLM
generation, hardware characteristics, routing deci-
sions, and KV-cache synchronization, we report
end-to-end runtime separately in Appendix B.

4.2 Main Results

Table 1 compares TokenRouter with baseline meth-
ods across benchmarks. TokenRouter maintains
near-LLM accuracy while substantially reducing
large-model usage and overall computational cost.
On the challenging AIME24 benchmark, Token-
Router matches the pure 14B LLM at 46.67% accu-
racy while reducing LLM token usage by 24%. The

same pattern appears on GSM8K and MATHS500,
where TokenRouter recovers over 99% of pure-
LLM accuracy (94.09% vs. 94.62% on GSMS8K,
and 88.40% vs. 89.00% on MATHS500) while ac-
tivating the LLM for under 60% of tokens. Com-
pared with CITER and query-level RouteLLM, To-
kenRouter achieves higher accuracy under simi-
lar or lower budgets across all datasets, suggest-
ing more effective capacity allocation when rea-
soning difficulty changes during generation. Ap-
pendix B reports end-to-end runtime, showing that
wall-clock savings vary with dataset difficulty and
hardware. Overall, the results show that Token-
Router preserves reasoning quality while substan-
tially reducing large-model usage.

4.3 Budget-Controlled Trade-off

Figure 2 illustrates the trade-off between accuracy
and efficiency under TokenRouter’s budget control
across the three datasets. The actual LLM usage
ratio closely tracks the target ratio, showing that the
self-calibrating policy enforces the specified bud-
get reliably. Accuracy then improves smoothly as
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Figure 3: Effect of varying key hyperparameters on TokenRouter’s final accuracy and average LLM token usage.

more budget is allocated. On GSM8K, increasing
the LLM budget from 10% to 60% raises accuracy
from 87.86% to 93.32%. On MATHS500, accuracy
rises from 81.80% to 88.00% as the LLM acti-
vation ratio grows, and AIME24 shows the same
monotonic trend. The resulting curves are smooth
rather than erratic, suggesting that the controller
adjusts capacity in a stable way as the target budget
changes. These results indicate that TokenRouter
lets users move predictably along the accuracy-cost
curve, which is important for deployment under
varying resource constraints. This behavior also
indicates that budget tracking remains calibrated
across problem difficulties.

4.4 Qualitative Analysis

To better understand TokenRouter’s decisions, we
analyze representative moments when the con-
troller activates the LLM. Table 2 shows four com-
mon scenarios: self-correction (“Wait, I made a
mistake...”), planning under uncertainty (“Hmm,
what is the next step?...”), pivotal logical deduction
(“Therefore...”), and strategy adjustment (“But the
question asks for...”). These examples suggest that
the entropy-driven detector captures diverse high-
difficulty reasoning moments rather than a single
failure mode. Across all cases, entropy spikes align
with conceptual transitions where continued SLM
decoding may cause reasoning drift or premature
conclusions. The triggers are therefore semanti-
cally meaningful rather than arbitrary local fluctu-

Table 2: Examples of critical reasoning moments iden-
tified by TokenRouter. The table highlights distinct
scenarios that need an LLM intervention to ensure rea-
soning integrity.

Reasoning Step Entropy S
Case 1: Self-Correction
...change is 20 - 17.25 =2.75. Wait, I 321 487
made a mistake. ..
Case 2: Uncertainty & Planning
...S0 A= x 5% = 257. Hmm, what  4.11  5.23
is the next step?. ..
Case 3: Logical Deduction
... The total distance is 300 miles. 453 598
Therefore, the average speed is. . .
Case 4: Strategy Shift
...the fraction is 30/90 = 1/3. Butthe = 2.98  4.12

question asks for the percentage. ..

ations. Selectively escalating to the LLM at these
points helps preserve coherence while avoiding un-
necessary computation. This pattern is consistent
with using entropy as an online proxy for local
reasoning difficulty.

4.5 Parameter Sensitivity Analysis

We further analyze the sensitivity of TokenRouter
to its key hyperparameters on GSM8K, with results
shown in Figure 3. Overall, the framework remains
robust across a broad range of settings. Varying
the gain factor (3 yields stable, non-oscillatory con-
trol, with the best balance between responsiveness
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To solve this problem, you must take into account:\n\n1. Calculating the total
number of pages he needs to read.\n\n2. Determining the number of pages he
has already read.\n\n3. Finding the remaining number of pages he needs to
read.\n\n4. Calculating the average number of pages he must read each day for
the remaining days </think>\n\n**Solution:**\n\n1. **Calculate the total number
of pages Solo needs to read:**\n\n - Science: 4 pages\n - Social Studies: 20
pages\n - History: 7 pages\n - Geography: 8 pages\n\n \[\n \text{Total
pages} =4 + 20 + 7 + 8 = 39 \text{ pages\n \]\n\n2. **Determine the number of
pages Solo has already read:**\n\n - Pages read on Monday: 15 pages\n\n3.
**Find the remaining number of pages to read:**\n\n \[\n \text{Remaining
pages} = \text{Total pages} - \text{Pages read} = 39 - 15 = 24 \text{ pages}\n
\]\n\n4. **Calculate the average number of pages to read each day for the
remaining 4 days:**\n\n \[\n \text{Average per day} = \frac{\text{Remaining
pages}}{\text{Remaining days}} = \frac{24}{4} = 6 \text{ pages/day}\n \]\n\n
**Final Answer:**\n\n\[\n\boxed{6}\n\]

(b) Reasoning trace showing LLM engagement aligned with
key reasoning shifts.

Figure 5: Reasoning dynamics and entropy-guided to-
ken routing. TokenRouter activates the LLM only at
difficult reasoning steps, selectively allocating computa-
tional capacity to preserve reasoning coherence while
maintaining high accuracy.

and stability around $ = 1.0. Adjusting the com-
mitment floor k.. trades coherence against cost:
smaller values can fragment reasoning, while larger
ones increase computation, with kp,s. = 20 giving
the best trade-off. The framework is somewhat
more sensitive to the smoothing factor \: very
small values overreact to token noise, whereas large
values respond too slowly to real complexity shifts.
A setting around A = 0.1 performs best. Taken
together, these trends indicate that the method be-

Table 3: Ablation study of TokenRouter’s core compo-
nents.

. GSMSK MATHS500
Configuration

Acc Ratio Acc Ratio
@)1 () ()T (%) 4
w/o Robust Perception 93.04 67.1 86.60 62.9
w/o Budget Control 9192 39.5 85.20 37.9

w/o Adaptive Commit. 87.86 109 83.20 9.7
w/o Commitment Floor 90.00 20.5 84.80 18.4
TokenRouter 94.09 594 8840 56.2

haves predictably under moderate parameter varia-
tion and does not require careful tuning.

4.6 Ablation Study

We conduct an ablation study to evaluate the contri-
bution of each core component in TokenRouter,
with results summarized in Table 3. All mod-
ules contribute to the final balance between ac-
curacy and efficiency. The adaptive commitment
mechanism is the most critical: removing it drops
GSMB8K accuracy from 94.09% to 87.86%, indicat-
ing that fragmented intervention harms multi-step
reasoning. Removing budget control also lowers
accuracy by misallocating LLM usage, while re-
moving robust perception makes the system more
vulnerable to entropy noise, increasing the LLM us-
age ratio on MATHS00 by nearly 7% while reduc-
ing accuracy. The ablations therefore align closely
with the design motivation of the method: stable
perception, budget regulation, and sustained inter-
vention each address a distinct failure mode. To-
gether, these results show that perception, control,
and commitment play complementary roles in reli-
able fine-grained routing.

4.7 Analysis of Switching Behavior

To examine runtime behavior, we analyze Token-
Router’s switching dynamics across datasets. Fig-
ure 4 shows that TokenRouter makes a moder-
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Table 4: Task-generalization evaluation using the DeepSeek-R1-Distill-Qwen 1.5B—7B pair.

Dataset Pure SLM Pure LLM TokenRouter LLM Ratio  Avg.
Acc (%) Acc (%) Acc (%) (%) Tokens
ARC 51.88 79.03 76.60 67.69 1394.3
CommonSenseQA 42.59 63.31 61.59 70.30 1126.2
HumanEval 49.39 75.83 74.50 65.50 3479.5
OpenBookQA 43.80 72.60 72.80 70.62 1232.5

ate and consistent number of switches, typically
fewer than five per problem. This indicates that
the controller avoids oscillation and instead per-
forms chunk-level routing aligned with reasoning
structure. The switching distributions further show
that most interventions occur in the middle stages
of reasoning, where entropy rises and local rea-
soning difficulty is higher. Later arithmetic or
summary stages trigger fewer LLM activations.
This pattern indicates that TokenRouter deploys
the large model selectively to difficult spans rather
than switching indiscriminately, which is consistent
with the intended role of the commitment mech-
anism. The moderate switching frequency also
aligns with the lightweight routing overhead re-
ported in Appendix B, further supporting a stable
span-level routing pattern.

4.8 Reasoning Dynamics Analysis

Figure 5 provides a detailed examination of the rea-
soning dynamics, revealing how TokenRouter adap-
tively allocates computational resources throughout
the reasoning process.

As illustrated in Figure Sa, the entropy trajectory
exhibits structured fluctuations that correlate with
local reasoning difficulty. Sharp entropy spikes
emerge at moments of uncertainty, signaling tran-
sitions into high-complexity reasoning phases that
trigger LLLM activation. In contrast, low-entropy
segments correspond to routine narrative transi-
tions, which the SLM handles efficiently.

Figure 5b aligns these entropy variations with
the actual chain-of-thought trace. The LLM is pre-
dominantly engaged during conceptual abstraction,
intermediate verification, or strategic adjustment,
while the SLM dominates procedural computation
and connective text generation. This alternation pat-
tern shows that TokenRouter allocates additional
capacity at spans where uncertainty and reasoning
difficulty intensify. Overall, this alignment makes
TokenRouter’s control interpretable: entropy tracks
local difficulty without auxiliary probes or addi-
tional router calls, while span-level intervention

preserves coherence and avoids redundant compu-
tation.

4.9 Generalization Beyond Math

To assess task generalization, we evaluate To-
kenRouter beyond mathematical reasoning on
ARC (Clark et al., 2018), CommonSenseQA (Tal-
mor et al., 2019), HumanEval (Chen et al., 2021),
and OpenBookQA (Mihaylov et al., 2018). These
experiments use the DeepSeek-R1-Distill-Qwen
1.5B-7B pair. As shown in Table 4, Token-
Router retains 96.9%—-100.3% of pure-LLM ac-
curacy while reducing large-model activation to
65.5%-70.6% of generated tokens. The results
indicate that entropy-guided token-level routing
transfers beyond mathematical reasoning to science
QA, commonsense QA, code generation (Xiao
et al., 2025a,b, 2026a,b,c), and open-book QA. Be-
cause output lengths vary by dataset, we use the
generated-token LLM ratio as the efficiency metric
and report wall-clock latency separately under the
same routing policy.

5 Conclusion

This work introduces TokenRouter, an adaptive
runtime framework for token-level model rout-
ing. It combines a robust entropy detector, a self-
calibrating control policy, and a dynamic com-
mitment mechanism for stable intervention. To-
gether, these components enable fine-grained allo-
cation between large and small models. Our exper-
iments show that TokenRouter retains over 99% of
pure-LLM reasoning accuracy while activating the
LLM for only 56.2% to 76.0% of generated tokens.
Because the controller relies only on decoding-
time uncertainty, it remains compatible with in-
dependently deployed models while making the
accuracy-efficiency trade-off explicit during gen-
eration. These results support uncertainty-guided
token-level routing as a practical mechanism for
small-large collaboration in multi-step reasoning.
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Limitations

This work has several limitations. First, our evalua-
tion does not exhaust all workload and model-pair
regimes. TokenRouter assumes a useful default-
escalation gap, where the default model is efficient
on routine spans and the escalation model improves
difficult spans. This assumption is supported across
the evaluated tasks, model families, and hardware
settings, but may be weaker when the default model
is highly domain-specialized or when uncertainty
is poorly aligned with task difficulty. Second, To-
kenRouter is designed as a lightweight black-box
controller and relies on next-token log probabili-
ties rather than model-internal states. This choice
favors compatibility and low overhead, but may
miss signals available in tightly integrated infer-
ence stacks. White-box states, auxiliary probes,
or larger cascades could provide more routing evi-
dence, yet they also add memory, integration, and
latency cost. Efficient use of such signals is left to
future work.
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A Cross-Family Transfer

To examine cross-family transfer, we pair Qwen3-
8B (Yang et al., 2025) as the LLM with DeepSeek-
R1-Distill-Qwen-1.5B as the SLM. This setting
changes the large-model family without retraining
the router and tests whether entropy-based control
transfers beyond a single model-size ladder. Ta-
ble 5 shows that TokenRouter remains close to the
Qwen3-8B LLM on GSM8K and MATH while sub-
stantially reducing large-model activation. AIME
exhibits a larger gap, suggesting greater sensitivity
to model-pair calibration. These results instanti-
ate the hierarchy assumed by TokenRouter. The
escalation model is validated to improve the target
workload relative to the default model, making the
hierarchy a workload-calibrated design choice.

Table 5: Cross-family transfer using Qwen3-8B as the
LLM and DeepSeek-R1-Distill-Qwen-1.5B as the SLM.

Pure SLM Pure LLM TokenRouter LLM Ratio

Dataset %)  Acc(%)  Acc (%) (%)

GSM8K 7500  97.00 93.00 57.05
MATH  77.00  83.00 81.00 7431
AIME 2000  60.00 5333 79.08

B Latency and Overhead

End-to-end latency. Table 6 reports wall-clock
latency across datasets and hardware platforms. To-
kenRouter achieves the largest gains on GSM8K,
reducing total latency by 21.7% on L20, 15.0% on
RTX 4090, and 12.1% on H100. Gains vary more
on MATH and AIME because these benchmarks
contain longer high-uncertainty spans, which in-
crease LLM residency and leave less replaceable
large-model decoding. The smaller proportional
gain on H100 is consistent with faster pure-LLM
decoding on that platform, which reduces the la-
tency portion that routing can remove.
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Table 6: End-to-end wall-clock latency in a self-hosted deployment setting. TR denotes TokenRouter.

Dataset Hardware Pure LLM TR LILM TB SLM TR Total Improve. Decision
Total (s) Time (s) Time (s) (s) (%) (ms)
GSM8K  H100 17.235 13.475 1.679 15.154 12.1 6.253
GSMSK L20 53.679 36.021 6.008  42.029 21.7 25.700
GSM8K RTX 4090 41.106 30.363 4574 34937 15.0 23.042
MATH H100 55.613 37.775  16.651  54.426 2.1 53.911
MATH L20 128.126  84.691  22.190 106.881 16.6 86.285
MATH RTX 4090 95.589 69.500 22.606 92.106 3.6 91.836
AIME H100 133.359  89.597 34.482 124.079 7.0 112.636
AIME L20 282.222 203.455 58.924 262379 7.0 173.650
AIME RTX 4090 265592 191.045 57.236 248.282 6.5 169.068

KV-cache synchronization. The routing deci-
sion logic is lightweight and runs on CPU. De-
cision latency remains in the millisecond range,
from 6.253ms on GSM8K/H100 to 173.650ms on
AIME/L20, and is small relative to total genera-
tion time. TokenRouter retains reusable KV-cache
states for both models. When the inactive model
resumes, a catch-up step reuses the retained pre-
fix cache and extends only the missing accepted
span instead of recomputing the full prompt and
generation history. The reported wall-clock latency
includes this synchronization cost.

Memory footprint. TokenRouter introduces no
additional GPU memory for entropy computation
because entropy is computed directly from exist-
ing output logits. The additional CPU memory
required for controller state is less than 10 MB.

C Routing Design Scope

Retrieval-style triggers. TokenRouter is concep-
tually related to active retrieval and adaptive RAG
systems, which also use uncertainty to decide when
to invoke an auxiliary capability. However, re-
trieval triggers are typically invoked only a few
times per query, whereas TokenRouter may evalu-
ate routing at every decoding step. Semantic probes
or trained meta-classifiers can therefore incur sub-

stantial per-token overhead, require extra supervi-
sion, or introduce additional model calls. We use
entropy because it is already available from the
decoding distribution.

White-box signals. Richer internal signals such
as hidden states or attention patterns may im-
prove difficulty estimation in white-box deploy-
ments. However, they require model-internal ac-
cess, inference-engine integration, and handling of
intermediate tensors. This requirement conflicts
with our goal of a lightweight controller for un-
modified models and standard decoding interfaces.

Model hierarchy. The two-model hierarchy is a
calibrated deployment choice for the target work-
load. If the lower-cost model has specialized
strengths, it can serve as the default model, while
the escalation model is selected by validation to
cover the remaining difficult spans. Multi-layer
cascades such as Small-Medium-Large are possi-
ble, but they increase GPU residency, KV-cache
state, routing thresholds, commitment decisions,
and scheduling overhead. We therefore focus on a
two-model setting as a practical real-time design
point for separating low- and high-difficulty spans.
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