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Abstract

Deploying Large Language Models (LLMs)
for complex reasoning is often hindered by
high computational costs and latency, while
resource-efficient Small Language Models
(SLMs) typically lack the necessary reasoning
capacity. Existing collaborative approaches,
such as cascading or routing, operate at a
coarse granularity by offloading entire queries
to LLMs, resulting in significant computational
waste when the SLM is capable of handling the
majority of reasoning steps. To address this,
we propose RelayLLM, a novel framework for
efficient reasoning via token-level collaborative
decoding. Unlike routers, RelayLLM empow-
ers the SLM to act as an active controller that
dynamically invokes the LLM only for criti-
cal tokens via a special command, effectively
“relaying” the generation process. We intro-
duce a two-stage training framework, including
supervised warm-up and Group Relative Pol-
icy Optimization (GRPO) to teach the SLM
to balance independence with strategic help-
seeking. Empirical results across six bench-
marks demonstrate that RelayLLM improves
the average accuracy from 42.5% to 49.52%,
effectively bridging the performance gap be-
tween the two models. Notably, this is achieved
by invoking the LLM for only 1.07% of the
total generated tokens, offering a 98.2% cost re-
duction compared to performance-matched ran-
dom routers. Our code is available at https://
github.com/Chengsong-Huang/RelayLLM.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in complex reason-
ing and problem-solving (Comanici et al., 2025;
Yang et al., 2025a; Achiam et al., 2023). How-
ever, their deployment is often constrained by high
computational costs and latency. In contrast, Small
Language Models (SLMs) are resource-efficient
options but typically struggle with hard reasoning
tasks due to their limited capacity (Kaplan et al.,
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Figure 1: Results are averaged across six mathematical
benchmarks. The “Random Router” baseline randomly
directs questions to either the SLM or the LLM. The
“Perfect Router” baseline directs only the questions the
SLM cannot solve to the LLM. The x-axis represents
the Call Ratio (percentage of tokens generated by the
LLM), and the y-axis denotes the average accuracy on
six mathematical reasoning benchmarks.

2020). This trade-off has motivated the develop-
ment of collaborative systems that combine the
reasoning capabilities of LLMs with the efficiency
of SLMs (Hakimov et al., 2025).

Existing approaches to different-sized model col-
laboration often rely on “cascading” or “routing”
mechanisms, where a router determines the diffi-
culty of a query and directs it to either an SLM or
an LLM (Ding et al., 2024; Hu et al., 2024; Ong
et al., 2024). While effective to some extent, these
methods typically operate at a coarse granularity
by offloading the entire generation task to the LLM
once a query seems difficult. This “all-or-nothing”
strategy leads to significant computational waste, as
the SLM often possesses the competence to handle
the majority of the reasoning steps, requiring LLM
intervention only at specific critical positions (Lin
et al., 2024; Ruan et al., 2025).

To address these problems, we propose Re-
layLLM, a novel framework for efficient reason-
ing via token-level collaborative decoding (Shen
et al., 2024) without an additional controller. Un-
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like static routers, RelayLLM empowers the SLM
to act as both a problem solver and an active con-
troller that dynamically requests assistance from
the LLM only when necessary.

Inspired by tool-use agents (Wölflein et al., 2025;
Zheng et al., 2025a), we introduce an interleaved
generation process where the SLM generates a spe-
cial command token (<call>) to pause its own gen-
eration and invoke the LLM for a specified num-
ber of tokens. The SLM then receives the LLM’s
guidance and resumes reasoning, effectively “re-
laying” the output process between models. We
propose a two-stage framework to equip the SLM
with this strategic delegation capability to train the
RelayLLM. We first employ a supervised warm-up
phase to teach the model the syntactic structure
of calling commands. This is followed by a rein-
forcement learning stage using Group Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024) train-
ing, where we design a context-aware reward that
guides the model to balance independence with nec-
essary help-seeking, penalizing both wasted costs
and avoidable errors.

Empirical results on six benchmarks demon-
strate the effectiveness of our approach. As illus-
trated in Figure 1, RelayLLM achieves an average
accuracy of 49.52% on six benchmarks, largely re-
covering the performance gap between the SLM
and the LLM. Remarkably, this gain is achieved
with minimal cost, as RelayLLM invokes the LLM
for only 1.07% of the total generated tokens. Fur-
thermore, in comparison to a resource-equivalent
Random Router, RelayLLM yields a substantial
6.9% accuracy improvement. These results con-
firm that RelayLLM effectively identifies critical
reasoning steps for LLM intervention, reducing
token costs by 98.2% compared to a performance-
matched router. Surprisingly, evaluations in an
LLM-free setting reveal that the model internalizes
effective reasoning patterns during collaboration,
enabling it to surpass baselines on easier bench-
marks even without LLM assistance.

2 RelayLLM Inference

As illustrated in Fig. 2, we consider a hybrid
inference setting involving a primary, resource-
efficient Small Language Model (SLM), denoted
as MS , and a powerful but computationally ex-
pensive Large Language Model (LLM), denoted
as ML. Given an input query x, the system aims
to generate a high-quality response y through dy-

namic collaboration.
Different from standard cascading methods that

simply offload the entire remaining task to a larger
model, we define an interleaved generation process
where the SLM acts as both reasoner and central
controller. The process operates as follows:

2.1 SLM Generation

By default, MS generates tokens autoregressively
based on the current context history as a normal
language model. MS is augmented with a special
control capability: it can actively request assistance
by generating a specific command pattern:

Ccmd(n) = <call>⊕ n⊕ </call>

where ⊕ denotes string concatenation, and n ∈ Z+

represents the number of tokens requested from the
LLM.

2.2 LLM Intervention

When this trigger pattern is detected, the genera-
tion by MS pauses. The current context (including
the query and tokens generated by the SLM) is
forwarded to ML. Crucially, to maintain compati-
bility with the LLM’s standard input distribution,
we strip the special command tokens (Ccmd) from
the context provided to ML (App. T shows that
keeping them hurts accuracy). The LLM then gen-
erates the next n tokens (or stops early if an end-
of-sequence “[EOS]” token is reached), providing
a high-quality continuation or reasoning step.

2.3 Iterative Relay of LLM and SLM

After ML completes the generation, control is re-
turned to the SLM. The context is updated with
the new tokens generated by ML added into the
existing context. Unlike the LLM, MS retains
the full history, including its own generated com-
mand tokens (<call>n</call>). This allows MS

to maintain a trace of its active delegation decisions.
With the updated context, MS resumes generation,
digesting the LLM’s guidance to continue the rea-
soning process.

3 RelayLLM Training

To enable the SLM MS to determine when and
how long to invoke the LLM, we propose a two-
stage framework including a supervised warm-up
phase followed by a reinforcement learning phase.
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Figure 2: Overview of the RelayLLM framework. (Left) RelayLLM Inference: The SLM acts as a central controller.
During generation, it can actively trigger an “intervention” by generating a <call> command. The LLM then
generates the specified number of tokens, after which control returns to the SLM to complete the reasoning. (Right)
Difficulty-Aware Reward Design: During GRPO training, we sample a group of rollouts (both with and without
LLM intervention) and classify the query difficulty into three scenarios: SLM-Solvable, LLM-Dependent, and
LLM-Unsolvable, to guide the policy optimization. Distinct reward designs are applied to each scenario to align the
SLM’s behavior with the optimal strategy.

3.1 Cold Start via Supervised Warm-up

The SLM MS may not naturally generate the com-
mand pattern Ccmd if we train it directly with re-
inforcement learning. We employ a supervised
warm-up phase as cold start to initialize the model
with the necessary structural knowledge. We con-
struct a synthetic dataset Dwarm to teach the model
the calling command without distribution shifts.

To prevent distribution shifts of the SLM MS ,
we first generate base sequences y by sampling
directly from vanilla MS rather than relying on
external corpora. This ensures that the training
contexts align perfectly with the SLM’s own distri-
bution. Within these self-sampled sequences, we
insert command tokens at random indices t at the to-
ken level. By avoiding rigid restrictions to sentence
or paragraph boundaries, we enable the model to
learn to trigger assistance at the precise moment
a reasoning gap occurs during the inference time.
This data construction strategy ensures effective
on-policy training data to prevent data distribution
shift of the SLM, while simulating various calling
scenarios.

Furthermore, we explicitly simulate varying de-
grees of reliance on the LLM by synthesizing
delegation lengths across multiple orders of mag-
nitude. We randomly sample the target length
nsample = d × 10k, where d ∈ {1, . . . , 9} and
k ∈ {0, . . . , 3}. To guaranty validity, the final re-
quest length is clipped to the available response via
n = min(nsample, Lrem), where Lrem is the number

of the tokens after the command.
We fine-tune MS on this dataset using standard

cross-entropy loss. The warm-up only aims to teach
MS to emit valid commands Ccmd; the subsequent
RL stage then optimizes when and for how long to
invoke ML.

3.2 Policy Refinement with Reinforcement
Learning

In this stage, we employ Reinforcement Learning
to align the model’s behavior with our core objec-
tive: maximizing response quality while strictly
minimizing collaborative cost. We proceed by de-
tailing our optimization framework.

3.2.1 GRPO Training with RLVR
We leverage Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) to refine the policy πθ
of MS by adopting the Reinforcement Learning
with Verifiable Reward (RLVR) paradigm (Lam-
bert et al., 2024). This paradigm is well-suited
for domains where the quality of generated re-
sponses can be deterministically verified. In its
standard form, RLVR employs a rule-based verifier
v : X → {0, 1} that assigns binary rewards. This
binary scheme is effective for tasks with unambigu-
ous success criteria, such as mathematical problem-
solving. In our setting, we design a corresponding
rule-based reward to verify model-generated rela-
tions, described in Sec. 3.2.3.

To optimize the policy using these rewards,
GRPO samples a group of outputs {oi}Gi=1 for each
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query q from the old policy πθold and evaluates
them relative to the group average. The training
objective is formulated as:

JGRPO(θ) = Eq∼D

[
1

G

G∑

i=1

(Mi − βDKL)

]
,

(1)
where DKL = DKL(πθ ∥ πref) is the regularization
term. The surrogate objective Mi is computed as
min(ρiAi, clip(ρi, 1 − ϵ, 1 + ϵ)Ai), where ρi =
πθ(oi|q)

πθold
(oi|q) . The advantage Ai is derived from the

group-normalized rewards defined below:

Ai =
ri −mean({rj})
std({rj}) + εstab

, (2)

where εstab is a small constant for stability. This
formulation encourages the model to generate re-
sponses that outperform the group average.

3.2.2 Data Filtering
Since our method leverages the LLM to generate
reasoning paths or feedback, it is essential to iden-
tify the subset of data where such intervention is
useful. If the LLM consistently fails to solve a
query, calling it during training yields no positive
gain. Therefore, we preprocess the dataset to filter
out instances that are too hard for the LLM. We
sample 10 responses per query and only preserve
those with a pass rate of ≥ 50%. This step ensures
that the training data lies in the competence bound-
ary of the LLM and the responses can contribute
effectively. We provide an ablation study on this
filtering mechanism in Table 3.

3.2.3 Reward Design
We formulate the optimization objective using two
distinct reward signals, a simple reward and our
designed difficulty-aware reward. Let y be the re-
sponse, a be the final answer parsed from y, g be
the ground truth, and ρ(y) ∈ [0, 1] be the call ra-
tio (the ratio of LLM-generated tokens to the total
response length).

Simple Reward. We define a straightforward re-
ward to encourage both accuracy and efficiency:

rsimple(y) = 1(a = g)− ρ(y). (3)

where 1(·) is the indicator function, thus the re-
sponses are scored by their correctness and penal-
ized by the cost of calling the LLM.

Difficulty-Aware Reward. To capture the rela-
tive difficulty of each query, we define the reward
based on the collective performance of the sam-
pled group G. We categorize each query into three
scenarios based on its difficulty (correctness of re-
sponses in G). As illustrated in Figure 2 (Right), we
provide concrete examples of how these rewards
are assigned across different categories.

Scenario 1: SLM-Solvable (Encouraging Inde-
pendence). This scenario applies when the SLM
is capable of solving the query independently, with-
out assistance from the LLM. It is identified if there
exists at least one sample in the group G that an-
swers correctly without invoking the LLM. In this
case, calling the LLM is deemed redundant. Con-
sequently, we assign a boosted bonus (r = 1.5) for
independent success to promote efficiency, while
dependent success (ρ(y) > 0) still receives the
simple reward rsimple in Eq. (3), and incorrect re-
sponses receive zero reward.

Scenario 2: LLM-Dependent (Penalizing Stub-
bornness). This scenario represents challenging
queries where correct answers appear only in sam-
ples that call the LLM. Here, the SLM’s indepen-
dent reasoning is insufficient. To discourage blind
guessing, we impose a penalty on samples that
fail to call the LLM (r = −1.0 when ρ(y) = 0).
Conversely, effective LLM calling that leads to a
correct answer is rewarded with rsimple in Eq. (3).

Scenario 3: LLM-Unsolvable (Incentivizing Ex-
ploration). This scenario occurs when no sample
in G yields the correct answer, indicating that the
query is extremely difficult or the LLM’s guidance
was ineffective. Rather than providing zero training
signal for all responses, we assign a small explo-
ration reward (r = ρ(y)) to samples that attempted
to call the LLM. This reinforces the tendency to
seek help in highly uncertain situations. This piece-
wise design aligns the policy with an optimal strat-
egy: solve independently when possible, seek help
when necessary, and avoid costly errors.

4 Experiments

4.1 Experimental Setup

4.1.1 Models
To evaluate the effectiveness of RelayLLM, we uti-
lize the Qwen3 model family (Yang et al., 2025a)
due to its consistent architectural scaling and
strong performance across various sizes. We se-
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Model Minerva MATH500 GSM8K Olympiad AIME25 AIME24 Average Avg. Call Ratio

Qwen3-0.6B
Base Model 15.81 54.00 64.82 26.22 1.04 1.15 27.17 –
GRPO 17.65 58.60 65.50 29.04 5.42 3.23 29.91 –
CITER 19.29 58.80 67.78 29.60 5.93 3.24 30.77 0.98%
RelayLLM (Simple) 20.96 60.20 69.14 32.15 7.19 3.85 32.25 0.31%
RelayLLM (Difficulty-Aware) 23.53 60.00 71.95 32.74 6.15 3.85 33.04 0.77%

Qwen3-1.7B
Base Model 33.82 74.60 82.64 43.11 8.75 12.08 42.50 –
GRPO 35.66 75.60 81.73 45.04 10.73 15.62 44.06 –
CITER 38.63 80.24 82.26 51.20 11.96 16.58 46.81 1.34%
R2R 39.12 80.46 83.15 50.84 12.14 16.92 47.11 1.42%
RelayLLM (Simple) 43.01 83.40 86.13 51.56 13.44 18.23 49.30 0.43%
RelayLLM (Difficulty-Aware) 43.75 81.40 86.28 55.70 12.71 17.29 49.52 1.07%

Qwen3-8B 48.16 83.20 93.63 56.89 17.92 24.90 54.12 100%

Table 1: Performance comparison on six benchmarks. We compare the effectiveness of RelayLLM using Qwen3-
0.6B and Qwen3-1.7B as SLMs across different methods: the standard Base model, the GRPO-tuning baseline,
CITER and RelayLLM (Simple-Reward and Difficulty-Aware-Reward). The Qwen3-8B LLM performance is
provided for reference. We report avg@32 for the challenging AIME datasets and standard pass@1 (greedy
decoding) for all other benchmarks. The “Avg. Call Ratio” denotes the percentage of tokens generated by the LLM
during the collaborative inference process. The best results within each model group are highlighted in bold.

lect Qwen3-0.6B and Qwen3-1.7B as our primary
SLMs (MS) to investigate how our framework
scales with model capacity at the sub-2B parameter
level. For the LLM (ML), we utilize Qwen3-8B.
Selecting models from the same family ensures that
the generation style, token distribution, vocabulary,
and tokenizer are consistent, making collaboration
more stable. To optimize training and inference ef-
ficiency, we run the models in non-thinking mode
throughout. To show that RelayLLM is not tied
to a single model family, we additionally report
a cross-family configuration (Gemma-3-1B SLM
with a Qwen3-8B LLM) in App. I.

4.2 Evaluation Setup

To evaluate the effectiveness of RelayLLM, we
conduct experiments on six reasoning benchmarks,
and compare our approach against the standard
GRPO baseline. We compare against two re-
cent token-level collaborative decoding baselines:
CITER (Zheng et al., 2025b), which trains an
additional MLP controller to route every token,
and R2R (Fu et al., 2025a), a contemporaneous
SLM–LLM token-routing method. Both base-
lines are trained on the same filtered data as
RelayLLM (App. O). The benchmarks include
Minerva (Lewkowycz et al., 2022), MATH-500
(Hendrycks et al., 2021), GSM8K (Cobbe et al.,
2021), Olympiad-Bench (He et al., 2024), AIME-
2024, and AIME-2025. We use GPT-4o-mini as a
semantic judge to verify the model’s output against

the ground truth (Zhao et al., 2025); its agreement
with exact matching is analyzed in App. D. For the
difficult AIME datasets, we report the avg@32 met-
ric to ensure a robust evaluation. For other bench-
marks, we report standard accuracy (pass@1) using
greedy decoding.

Full training details, including dataset, frame-
work, and the switching mechanism, are deferred
to App. O.

4.3 Main Results

As presented in Table 1, RelayLLM demonstrates
a superior trade-off between reasoning capability
and inference efficiency. First, our method achieves
substantial performance improvements across all
benchmarks while maintaining a negligible collab-
orative cost (less than 1% token overhead). For in-
stance, on the challenging Minerva benchmark, the
Qwen3-0.6B model with Difficulty-Aware-Reward
improves from a base score of 15.81% to 23.53%,
representing a relative improvement of approxi-
mately 48.8% while invoking the LLM for only
0.77% of the total tokens. Compared to CITER, our
method demonstrates superior performance despite
CITER’s more computationally intensive design.
CITER relies on an external MLP to estimate a
score every token, which introduces substantial la-
tency and computational overhead. In contrast, Re-
layLLM achieves better results with a significantly
more efficient mechanism at the cost of only several
additional tokens. We further benchmark against
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R2R (Fu et al., 2025a), a recent token-routing base-
line: on Qwen3-1.7B, R2R reaches 47.11% aver-
age accuracy with a 1.42% call ratio, while Re-
layLLM achieves 49.52% at a lower 1.07% ratio,
indicating that an integrated controller learned end-
to-end is more effective than an external router for
sparse LLM calling. The same ordering holds with
the Qwen3-0.6B SLM (App. S), and RelayLLM is
also faster than both routing baselines in end-to-end
wall-clock time (App. R).

Second, comparing optimization strategies,
the Difficulty-Aware-Reward mechanism outper-
forms the Simple-Reward in performance, with a
marginal increase in token consumption. For the
Qwen3-1.7B model, the Difficulty-Aware-Reward
strategy achieves a higher average accuracy of
49.52% compared to 49.30% for the Simple-
Reward, which correlates with a slight increase
in the average call ratio from 0.43% to 1.07%,
suggesting that the difficulty-based signal better
incentivizes the model to seek help in complex sce-
narios. The small at-convergence gap is expected
by design: the difficulty-aware reward mainly ac-
celerates the acquisition of help-seeking behavior
early in training, after which most queries fall into
the SLM-Solvable scenario where the two rewards
coincide (App. L).

Finally, RelayLLM effectively bridges the capa-
bility gap between SLMs and LLMs using minimal
tokens. Remarkably, the Qwen3-1.7B (Difficulty-
Aware) recovers approximately 60% of the perfor-
mance gap between the base SLM (42.50%) and the
LLM (54.12%), highlighting that sparse, strategic
intervention at critical reasoning steps is sufficient
to unlock a significant portion of the LLM’s po-
tential. A complementary scaling study with an
8B SLM and a 32B LLM (App. J), as well as a
cross-family experiment pairing a Gemma-3-1B
SLM with a Qwen-3-8B LLM (App. I), confirm
that the same trend holds at larger scales and across
model families.

5 Analysis

In this section, we conduct a series of in-depth
analyzes to better understand the behavior and ef-
fectiveness of RelayLLM framework.

5.1 RelayLLM Generalizes to Unseen
Reasoning Domains

To verify the generalization capability of Re-
layLLM, we extended our evaluation to general

Model BBEH MMLU-Pro SuperGPQA

Qwen3-0.6B
Base Model 7.19 30.03 17.22
GRPO 7.82 32.15 19.91
CITER 8.16 33.12 20.34
RelayLLM (Simple) 8.32 35.61 21.35
RelayLLM (Difficulty-Aware) 8.56 35.87 20.88

Qwen3-1.7B
Base Model 9.91 46.90 24.46
GRPO 10.89 49.76 26.01
CITER 11.67 53.38 28.25
RelayLLM (Simple) 12.67 58.76 29.85
RelayLLM (Difficulty-Aware) 12.46 59.03 29.93

Qwen3-8B 15.31 66.46 36.21

Table 2: Performance comparison on reasoning and gen-
eral knowledge benchmarks. We evaluate the effective-
ness of RelayLLM using Qwen3-0.6B and Qwen3-1.7B
as SLMs across different settings. The Qwen3-8B per-
formance is provided for reference. The best results
within each model group are highlighted in bold.

reasoning domains that were unseen during train-
ing. Although our model was trained exclusively
on the mathematical DAPO dataset, we tested it
on three diverse benchmarks out of the math do-
main: Big-Bench Hard (BBEH) (Kazemi et al.,
2025), MMLU-Pro (Wang et al., 2024), and Su-
perGPQA (Du et al., 2025). As shown in Table 2,
RelayLLM consistently outperforms baseline meth-
ods despite the domain shift. For instance, us-
ing Qwen3-1.7B, our method achieves 59.03% on
MMLU-Pro, significantly surpassing the GRPO
baseline (49.76%) and CITER (53.38%). These
results demonstrate that our framework effectively
helps the SLM acquire a generalized help-seeking
behavior; even when facing unfamiliar inputs, the
SLM successfully recognizes its knowledge gaps
and invokes the LLM, leading to substantial perfor-
mance gains in out-of-distribution tasks.

5.2 Ablation Study

To investigate the distinct contribution of each com-
ponent in RelayLLM , we conducted an ablation
study using the Qwen3-1.7B model in Table 3.

Data filtering prevents wasteful calls where the
LLM fails. We show that removing the data fil-
tering mechanism results in a tripled call ratio with
decreased accuracy; this confirms that filtering out
queries intractable for the LLM is crucial to avoid
cost that yields no performance gain. Filtering out
the hardest data also saves time and resources dur-
ing the training stage. The filter retains ∼37% of
training examples (∼17k →∼6.35k). To rule out
the filter itself as the source of improvement, we
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Method Avg. Acc. (%) Call Ratio (%)

RelayLLM 49.52 1.07
w/o Data Filtering 48.76 3.30
w/o Indep. Incentive 49.34 4.10
w/o Explor. Reward 47.56 0.65

Table 3: Ablation study on data filtering and reward
design strategies using Qwen3-1.7B. “w/o Data Filter-
ing” denotes training on the unfiltered dataset including
LLM-failed queries. “w/o Indep. Incentive” removes
the bonus reward (from 1.5 to 1) for independent suc-
cess (Scenario 1). “w/o Explor. Reward” removes the
exploration reward (from ρ to 0) for seeking help in
unsolvable queries (Scenario 3).

re-train the GRPO baseline on the same filtered
subset and find a negligible difference vs. full-data
GRPO (App. M), confirming that the gains stem
from collaborative decoding, not data curation.

Encouraging independence reduces reliance on
the LLM and improves efficiency. We remove
the independence incentive (the boosted correct-
ness reward from 1 to 1.5 for solvable queries),
and this causes the call ratio to spike to 4.10%.
This demonstrates that specifically rewarding in-
dependent success is crucial to prevent the SLM
from becoming over-reliant on the LLM for tasks
it could solve alone.

Exploration reward effectively increases accu-
racy. When we remove the exploration reward
(for unsolvable queries), this leads to a significant
accuracy drop to 47.56%, indicating that the explo-
ration reward is necessary to encourage the SLM
to ask for help from the LLM in highly uncertain
scenarios. The accuracy gap between Simple and
Difficulty-Aware rewards at convergence is small
but the difficulty-aware design accelerates learn-
ing on hard queries during early training; we report
training-step-level dynamics on AIME24 in App. L.
We also study the sensitivity of RelayLLM to the
cost-penalty weight in rsimple (App. K): setting the
penalty to zero collapses the policy to always-call
(100% call ratio), whereas our default value of 1.0
retains extreme sparsity.

5.3 Intrinsic Reasoning Capability
To investigate whether RelayLLM improves
the SLM’s intrinsic reasoning or merely learns
to offload tasks, we evaluate the models
in an “LLM-Free” setting (implemented via
bad_words=[“<call>”, “</call>”] during in-
ference). Note that the gradient is not propagated

Method Easy (%) Hard (%)

GRPO Baseline 59.51 13.18

RelayLLM (Simple)
Standard Inference 66.03 15.84
w/o LLM 61.12 13.13

RelayLLM (Difficulty-Aware)
Standard Inference 66.78 15.00
w/o LLM 60.26 11.93

Table 4: Evaluation of intrinsic reasoning capability.
We disable the LLM during inference (“w/o LLM”)
by masking the call tokens. “Hard” refers to AIME24
and AIME25, while “Easy” refers to the remaining four
benchmarks.

Method Avg. Acc. (%) Call Ratio (%)

Fixed-20 49.41 1.32
Fixed-100 49.56 2.87
Fixed-500 51.17 5.37

RelayLLM 49.52 1.07

Table 5: Comparison between dynamic length predic-
tion (RelayLLM) and fixed delegation length strategies
(“Fixed-k”: models retrained with a fixed call length of
k).

through LLM-generated tokens during GRPO train-
ing (they are masked from the loss), so this setting
does not reduce to distillation. Table 4 shows that
on Easy datasets, the LLM-Free RelayLLM (Sim-
ple) still reaches 61.12%, surpassing the GRPO
baseline—indicating internalized reasoning gains—
while on Hard datasets the performance drops
sharply (e.g., 15.00% → 11.93% for Difficulty-
Aware), confirming continued LLM dependence
on complex queries. The Simple-Reward vari-
ant retains more independent capability than the
Difficulty-Aware-Reward variant, consistent with
its lower call ratio.

5.4 Dynamic Token-Length Calling
Minimizes Computational Cost

We investigate whether dynamically predicting
the calling length n requested from the LLM is
superior to using rigid, pre-defined lengths. To
ensure a fair evaluation, we retrained separate
variations of the SLM where the call command
is hard-constrained to a fixed token count k ∈
{20, 100, 500} during both training and inference.
As shown in Table 5, RelayLLM demonstrates
superior efficiency compared to these specialized
fixed-length models. Specifically, compared to the
Fixed-100 model, RelayLLM achieves a similar
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Figure 3: Impact of LLM size on SLM performance.
We evaluate two SLMs (Difficulty-Aware) across six
benchmarks. The x-axis represents the size of the LLM
used during the collaborative inference process, ranging
from “None” (as in Sec. 5.3, where the SLM is pre-
vented from calling) to 14B. Scores are averaged across
all six datasets.

accuracy but reduces the call ratio from 2.87% to
1.07%. This indicates that while the fixed-length
model is forced to consume a set budget even for
simple queries, RelayLLM effectively learns to
request “just enough” tokens to bridge the reason-
ing gap, thereby minimizing computational waste
without compromising performance. We provide
a more detailed results in Appendix B. We fur-
ther analyze the empirical distribution of n across
benchmarks in App. F, and verify that n positively
correlates with the amount of useful reasoning pro-
duced by ML in App. H. Since the call-token ratio
does not capture the overhead of switching between
models, we additionally report end-to-end wall-
clock latency, which fully accounts for re-prefill
and KV-cache switching, in App. R, together with
the number of calls per sample in App. G.

5.5 Distributional Alignment

To determine whether the SLM has acquired gen-
eralized reasoning capabilities or merely overfitted
to the specific patterns and tokens of the LLM seen
at training time, we perform a cross-LLM evalu-
ation by substituting the training-time LLM with
different models in the inference phase. The results,
illustrated in Figure 3, reveal two critical insights.
First, consistency between training and inference
LLMs yields optimal performance. The accuracy
peaks when the inference-time LLM matches the
one used at training, reaching 49.52% for the 1.7B
SLM. Notably, replacing it with a larger model re-
sults in a slight performance decline. This indicates
that the distribution shift between training-time and
inference-time LLMs can outweigh the benefits of
the larger model’s superior reasoning capabilities.

Second, even employing a relatively weak LLM
that is smaller than the SLM itself (e.g., 0.6B or
1.7B) consistently outperforms the “None” base-
line. This suggests that the trained SLM has be-
come accustomed to the presence of external as-
sistance, adapting its generation dynamics to ef-
fectively leverage such interventions rather than
relying solely on its intrinsic capabilities. Further-
more, excluding the distribution shift at the 8B
training-time LLM, there is a positive correlation
between LLM size and SLM performance, confirm-
ing that the SLM effectively leverages the stronger
reasoning signals provided by more capable LLMs.

6 Related Work

6.1 Model Collaboration

Model collaboration (Feng et al., 2025a) spans
weight-level merging (Wortsman et al., 2022;
Huang et al., 2023), logits-level ensembling (Liu
et al., 2024; Li et al., 2023), and text-level inter-
action. For navigating the SLM–LLM efficiency
trade-off, prior work follows two directions: specu-
lative reasoning, which uses judges or verifiers
as dynamic routers to validate SLM outputs or
to inject LLM guidance at inference time (Bach-
mann et al., 2025; Pan et al., 2025; Yang et al.,
2025b; Zhang et al., 2025); and collaborative de-
coding (Shen et al., 2024), where interleaved gen-
eration is governed by a separate controller or joint
policy (Shen et al., 2024; Sun et al., 2024; Li
et al., 2025a; Feng et al., 2025b; Fu et al., 2025a).
RelayLLM differs by internalizing the controller
within the SLM itself, eliminating any external
routing module; App. E discusses when such an
internal controller is preferable to external routers
and to speculative or judge decoding.

6.2 RL for LLM Reasoning

Reinforcement learning has emerged as a key tech-
nique for LLM reasoning, with success across math
and code (Guo et al., 2025; Wang et al., 2025a),
multi-modal (Huang et al., 2025c; Wang et al.,
2025b; Li et al., 2025b), and structured environ-
ments (Shi et al., 2025; Tang et al., 2025). Concur-
rent work refines RL via new paradigms such as
self-play (Liu et al., 2025; Huang et al., 2025b;
Yu et al., 2025b) and improved algorithms like
DAPO (Yu et al., 2025a), VAPO (Yue et al., 2025),
and high-entropy guided optimization (Dai et al.,
2025; Wang et al., 2025c; Zhou et al., 2025), on
which RelayLLM builds.
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7 Conclusion

We presented RelayLLM, addressing the ineffi-
ciency of “all-or-nothing” offloading in routing
systems. By treating the LLM as an on-demand
tool rather than a fallback generator, our approach
demonstrates that the SLM can handle the vast ma-
jority of reasoning steps if supported at specific
critical positions. The success of our GRPO-based
training strategy confirms that help-seeking behav-
iors can be effectively learned and optimized. Our
results show that RelayLLM not only outperforms
resource-equivalent random routers by 6.9% but
also achieves comparable reasoning accuracy to
the LLM with negligible computation.

Limitations

First, our default configuration pairs an SLM with
an LLM from the same model family to main-
tain a shared vocabulary and consistent chat tem-
plates. While our cross-family experiment (App. I)
shows that RelayLLM still transfers via text-level
re-tokenization, direct collaboration between dif-
ferent architectures suffers from a measurable per-
formance gap without additional alignment mech-
anisms. Second, restricted by computational re-
sources, we use an 8B-parameter LLM during train-
ing rather than scaling to the strongest available
models (e.g., 70B+ or closed-source models); our
larger-scale study in App. J only extends to a 32B
LLM. The potential of leveraging state-of-the-art
reasoning engines inside the training loop remains
an open question that we aim to explore in future
work. Third, our experiments use a rule-based veri-
fier within the RLVR paradigm and therefore focus
on domains with verifiable answers. The frame-
work itself is agnostic to the source of the reward:
for non-verifiable domains, the verifier can be re-
placed by a reward model or an LLM-as-a-judge,
as is standard in RLHF, so that the SLM can still
learn when to seek help; validating this empirically
is left to future work.
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A Case Study

Here we show two case studies from Qwen3-1.7B
(Difficulty-Aware) to illustrate how invoking LLM
can help solve the questions in Figure 4.

B Detailed Analysis of Delegation Length
Strategies

In the main text, we demonstrated that RelayLLM
achieves comparable average accuracy to a fixed
100-token delegation strategy while consuming sig-
nificantly fewer tokens. Table 6 presents the gran-
ular performance breakdown across all six mathe-
matical benchmarks.

We observe distinct trends across datasets of
varying difficulty:

Efficiency on Standard Benchmarks. On stan-
dard reasoning datasets such as MATH500 and
GSM8K, RelayLLM matches the performance of
the Fixed-100 strategy almost exactly (e.g., 81.40%
on MATH500 for both methods). However, it
achieves this parity with a drastically lower call
ratio (1.07% vs. 2.87%). This indicates that for
the majority of queries in these datasets, the SLM
only requires short, precise interventions rather
than long-context guidance.

Adaptability on Complex Benchmarks. The
advantage of dynamic prediction becomes more
evident on the challenging Minerva benchmark.
RelayLLM outperforms the Fixed-20 significantly
(43.75% vs. 39.71%), suggesting that our model
correctly identifies the need for longer generation
lengths when facing harder problems. While the
Fixed-500 strategy yields the highest accuracy on
Minerva (44.49%) and AIME, this marginal gain
comes at a prohibitive cost: it incurs a 5.37% call
ratio, which is over 5× the computational overhead
of RelayLLM.

Does a fixed n truncate the LLM’s reasoning?
A natural concern is that halting ML after exactly
n tokens may artificially cut off its natural chain
of thought. Two properties of RelayLLM limit this
risk by design. First, n is an upper bound rather
than a hard cut: ML stops at a natural boundary
whenever it emits an end-of-sequence token before
reaching n tokens (Sec. 2). Second, a single call is
not the SLM’s only chance to obtain help; if one
intervention turns out to be insufficient, MS can
simply issue another call as it continues, so a call
that is too short can be repaired later. Empirically,

dynamic n matches Fixed-100 at a 2.7× lower call
ratio and even Fixed-500 only adds +1.65 points
at 5× the cost, indicating that truncation is not the
bottleneck.

C Prompt Templates

This section presents the exact prompt templates
used for the models.

C.1 Inference Prompt

Solver Prompt Template

System Message:
Please reason step by step, and put your
final answer within \boxed{}.
User Message:
{problem_statement}

Note: {problem_statement} is a place-
holder for the actual math problem.

C.2 GPT-4o-mini Judge Prompt

To programmatically evaluate the correctness of an-
swers on mathematical benchmarks where the final
answer can be complex (e.g., simplified expres-
sions), we use GPT-4o-mini as a judge. The exact
prompt and configuration used for this evaluation
are detailed below.

Configuration for GPT-4o as Judge

• Model: gpt-4o

• Temperature: 0.1

System Message:

You are a math answer checker.

User Message Template:

Hi, there is an answer: {answer},

and the ground truth answer is:
{response},

please check whether the answer
is correct or not, and return the
**only** Yes or No.

Note: {answer} is a placeholder for the
model-generated solution, and {response}
is the ground-truth answer from the bench-
mark.
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Case Study: A list of positive integers has the following properties:
• The sum of the items in the list is 30.
• The unique mode of the list is 9.
• The median of the list is a positive integer that does not appear in the list itself.Find the sum of the squares of all the
items in the list.

We are given a list of **positive integers** with the following properties:
1. **Sum of the items is 30.**
2. **The unique mode is 9.**
3. **The median is a positive integer that does not appear in the list.**
We are to find the **sum of the squares of all the items** in the list.
—
### Step 1: Understand the properties - **Mode is 9**: This means 9 appears more times than any other number in the
list. - **Unique mode is 9**: No other number appears as frequently as 9.
- **Median is a positive integer that does not appear in the list**: So the median is some number m, and m is not in the
list.
- **Sum of the items is 30**.
—
### Step 2: Consider the structure of the list Let’s denote the list as a1, a2, . . . , an, sorted in non-decreasing order.
#### Key observations: - The **median** is the middle value. If n is odd, it is the n+1

2
-th element. If n is even, it is

the average of the two middle elements. - Since the **median is a positive integer that does not appear in the list**, it
must be **greater than the largest number in the list** (if the list has only one element, it’s trivial, but we’ll assume
n > 1). - The **mode is 9**, so 9 appears more times than any other number.
—
### Step

<call> 300 </call>
3: Try small values of $ n $
Let ’s test small values of $ n $ to find a valid list that satisfies all

conditions.
#### Try $ n = 5 $ (odd):
- Then the ** median is the 3rd element **.
- Suppose the list is $ [a, b, m, c, d] $, where $ m $ is the median.
- $ m $ is not in the list.
- The **mode is 9**, so 9 must appear at least twice , and more than any other

number.
Let ’s try to construct such a list:
Try $ [9, 9, 1, 1, 10] $ (sum = 9+9+1+1+10 = 30)
Check the properties:
- **Sum = 30 **
- **Mode = 9** (appears twice) - but are there other numbers with same

frequency?
- 1 appears 3 times -> **mode is 1**, not 9 correct
Try $ [9, 9, 1, 2, 9]$ -> sum = 9+9+1+2+9=30
- Mode is 9 (3 times), 1 and 2 once -> correct
- Median is 1 (the middle number) -> 1 is in the list incorrect
Try $ [9, 9

(end call)

, 1, 2, 8] $ -> sum = 9+9+1+2+8 = 29 incorrect Try [9, 9, 1, 3, 8] -> sum = 30 - Mode is 9 - Median is 1 (not in the list) -
1 is not in the list So this is a valid list:

[9, 9, 1, 3, 8]

Check sum: 9+9+1+3+8 = 30 Check mode: 9 appears twice, others once -> **unique mode is 9** Check median:
middle element is 3 → 3 is not in the list
—
### Step 4: Compute the sum of squares Compute 92 + 92 + 12 + 32 + 82 = 81 + 81 + 1 + 9 + 64 = 236
—
236

Figure 4: A qualitative case study showcases that our model invoke LLM to show how to validate the final answer,
then solve the problem by itself.
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Table 6: Full performance breakdown of different delegation length strategies across six benchmarks. “Fixed-k”
indicates models retrained with a fixed call length of k tokens. We report mean@32 for AIME datasets (AIME24,
AIME25) and pass@1 for others. Best accuracy values are bolded, and the most efficient call ratio is highlighted.

Method Minerva MATH500 GSM8K Olympiad AIME25 AIME24 Average Call Ratio

Fixed-20 39.71 81.40 86.96 55.74 14.11 18.54 49.41 1.32%
Fixed-100 40.44 81.40 86.50 56.78 14.42 17.81 49.56 2.87%
Fixed-500 44.49 81.80 88.25 57.96 15.05 19.48 51.17 5.37%

RelayLLM 43.75 81.40 86.28 55.70 12.71 17.29 49.52 1.07%

D Reliability of the LLM Judge

Since the final answers of mathematical bench-
marks are extractable, one may ask why we do
not rely solely on programmatic exact matching.
The reason is that rule-based matching frequently
marks correct answers as wrong when they are writ-
ten in a different but equivalent form (e.g., π/2 vs.
1.5708, or 0.5 vs. 1/2). On MATH500 in particular,
even mature rule-based verifiers are known to pro-
duce a non-trivial false-negative rate (on the order
of 10%) while producing essentially no false posi-
tives; naive exact matching is considerably worse.

To quantify the effect of the judge in our setting,
we compare its decisions against exact matching
on all six benchmarks. The judge agrees with exact
matching on more than 98% of cases on five of the
six benchmarks. On MATH500, where answers
often contain symbolic expressions and fractions,
agreement drops to roughly 70%, consistent with
the false-negative pattern above: the disagreements
are dominated by answers that exact matching re-
jects but that are mathematically equivalent to the
ground truth. Importantly, every method in this pa-
per (Base, GRPO, CITER, R2R, and RelayLLM) is
scored by the same judge with the same prompt and
temperature, so any residual judge noise affects all
methods equally and cannot systematically favor
RelayLLM.

E Positioning Relative to Speculative and
Judge Decoding

RelayLLM is related to a broader family of token-
efficient SLM–LLM collaboration methods, and it
is useful to make the differences explicit.

Speculative and judge decoding. Standard spec-
ulative decoding uses the small model as a draft
model whose every token must be verified by the
large model; the large model is therefore involved
in 100% of the generated tokens, and the goal is
to reproduce the large model’s distribution faster

rather than to reduce the large model’s participation.
Judge decoding (Bachmann et al., 2025) relaxes ex-
act verification but still scores every draft token
with the large model. Speculative reasoning meth-
ods (Pan et al., 2025; Yang et al., 2025b) operate
at the step level with an external verifier or judge
deciding when to inject LLM guidance. In contrast,
RelayLLM invokes the LLM only rarely (a 1.07%
call ratio) and does not require the LLM to inspect
the SLM’s tokens at all: the LLM is a sparse, on-
demand generator rather than a per-token verifier.

Interleaved generation with external routers.
Token-level routers such as CITER (Zheng et al.,
2025b) and R2R (Fu et al., 2025a) interleave SLM
and LLM generation, but the decision of who gen-
erates the next token is made by a separate module
that must be evaluated at every decoding step. Re-
layLLM instead places the routing decision directly
in the SLM’s own vocabulary via the <call> com-
mand, jointly learning when and for how long to
delegate.

When is an internal controller preferable? An
internal controller is the better choice when (i) the
timing of the call depends on the reasoning con-
text itself, which is precisely what the SLM has
access to when it decides to emit a command; (ii)
the deployment must remain compatible with off-
the-shelf inference engines: because RelayLLM be-
haves as a normal autoregressive model for more
than 98% of decoding and switching is imple-
mented as a stop sequence (App. O), it works un-
modified with continuous-batching engines such as
vLLM, whereas per-token external scoring breaks
batched decoding; and (iii) the LLM is accessed
as a remote API, where per-token verification is
infeasible but sparse continuation requests are nat-
ural. An external router remains attractive when
the SLM cannot be fine-tuned, or when one router
must serve many frozen SLMs.
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F Call-Length Distribution Across
Benchmarks

To investigate whether the SLM’s request length
n in the command pattern Ccmd(n) is physically
meaningful (i.e., whether it reflects the difficulty
of the underlying query), we analyze the empiri-
cal distribution of generated call lengths across all
six benchmarks. We bucket calls into three ranges:
short (1–10 tokens), medium (11–100 tokens), and
long (> 100 tokens). Table 7 summarizes the re-
sults.

Benchmark Diff. Short Medium Long

GSM8K Std. 88% 11% < 1%
MATH500 Std. 75% 22% 3%
Minerva Hard 45% 42% 13%
Olympiad Hard 40% 45% 15%
AIME 24 Extr. 35% 46% 19%
AIME 25 Extr. 32% 48% 20%

Table 7: Empirical distribution of call lengths n pro-
duced by RelayLLM (Qwen3-1.7B, Difficulty-Aware)
across benchmarks of varying difficulty.

We observe a distinct, difficulty-dependent shift
in delegation behavior. On standard reasoning tasks
(GSM8K, MATH500), the SLM predominantly is-
sues short calls, using the LLM for precise micro-
corrections or arithmetic verification. On more
complex benchmarks (Minerva, Olympiad, AIME),
the distribution flattens substantially, with a non-
trivial fraction of calls requesting long-context in-
terventions (> 100 tokens). This confirms that Re-
layLLM does not learn a static pattern but instead
acts as an adaptive controller, conserving tokens
on easy queries and correctly identifying reasoning
bottlenecks that require extended LLM guidance.

G Call Frequency per Sample

Beyond the call-token ratio, a direct measure of
how selectively the SLM seeks help is the number
of call events per response. Table 8 reports the
average number of calls per sample for both SLMs
(Difficulty-Aware).

SLM GSM8K AIME Avg. (6 bench.)

Qwen3-0.6B 0.00 ∼0.3 <0.4
Qwen3-1.7B – – 0.76

Table 8: Average number of LLM calls per sample.
“AIME” averages AIME24 and AIME25.

The policy is highly selective: on Qwen3-1.7B
the model issues on average only 0.76 calls per

sample, i.e., most problems trigger at most one
intervention, and on Qwen3-0.6B the average is
below 0.4, concentrated on hard benchmarks such
as AIME (∼0.3 calls per sample) and essentially
zero on easy benchmarks such as GSM8K. Com-
bined with the length distribution in App. F, this
shows that calls are placed at genuine reasoning
bottlenecks rather than issued habitually. It also ex-
plains the latency profile in App. R: the additional
wall-clock time relative to no-call inference comes
from a small number of long-context re-prefills on
hard problems, while more than 98% of decoding
remains ordinary autoregressive generation.

H Call-Length and Reasoning Quality
Correlation

To verify that the requested length n positively cor-
relates with the actual amount of useful reasoning
produced by ML, we conduct a controlled study
on AIME25 using Qwen3-0.6B as the SLM. We
fix the LLM to generate the first n tokens of each
response and let the SLM complete the remainder,
sweeping n to obtain a range of effective call-token
ratios.

Call Token Ratio (%) Avg. Score

0.00 (Base Model) 1.23
0.31 (RelayLLM) 7.19
20.00 3.42
50.00 6.85
80.00 15.93
100.00 (Full LLM) 17.92

Table 9: Effect of call-token ratio on accuracy (AIME25,
Qwen3-0.6B SLM, Qwen3-8B LLM).

As shown in Table 9, accuracy increases mono-
tonically as the LLM produces more tokens,
demonstrating that LLM-provided tokens contain
reasoning information that directly improves final-
answer quality. The positive correlation confirms
that n has a clear physical meaning and is a re-
liable proxy for the depth of LLM intervention.
Notably, RelayLLM with a learned, sparse 0.31%
call ratio already substantially outperforms naively
pre-fixing 20% of the response to the LLM, sug-
gesting that where the calls happen is as important
as how many tokens are delegated.

I Cross-Family Generalization

A natural concern is whether RelayLLM relies on a
shared vocabulary between MS and ML. While
same-family pairings minimize tokenizer friction (a
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standard practice in efficient inference, e.g., specu-
lative decoding), RelayLLM interacts at the text
level rather than the logits level, making cross-
family collaboration feasible via re-tokenization.
We empirically validate this with a heterogeneous
pair: Gemma-3-1B as the SLM and Qwen-3-8B as
the LLM.

Method Min. MATH GSM Oly. AIME25 AIME24 Avg.

Base Gemma-3-1B 17.21 48.04 62.83 27.46 1.48 1.82 26.47
+ RelayLLM 21.02 50.87 65.64 30.78 4.06 3.24 29.27

Table 10: Cross-family results with Gemma-3-1B SLM
and Qwen-3-8B LLM (call ratio 1.14%).

RelayLLM consistently improves the Gemma
SLM by invoking the Qwen LLM for only 1.14%
of tokens, with notable gains on challenging tasks
(e.g., +3.81 on Minerva, +2.58 on AIME25). Gains
are smaller than in the same-family setting, which
we attribute to text-level distribution mismatch, but
the result confirms that the SLM learns a universal
help-seeking policy that transfers across architec-
tures.

J Scaling to Larger LLMs

To assess how RelayLLM scales with model size,
we train an 8B SLM (Qwen3-8B) paired with a 32B
LLM (Qwen3-32B). Training with closed-source
LLMs such as GPT-4 or Gemini is currently infea-
sible because the GRPO loop requires real-time
LLM rollouts during training (latency and API cost
prohibitive); we therefore focus on the open-weight
scaling axis.

Setting Min. MATH GSM Oly. AIME25 AIME24 Avg.

Qwen3-8B (base) 48.16 83.20 93.63 56.89 17.92 24.90 54.11
Qwen3-32B (full) 55.40 87.40 95.80 64.50 29.10 20.90 58.85
RelayLLM (8B+32B) 52.30 85.80 94.90 61.20 24.50 23.10 56.96

Table 11: Scaling results with Qwen3-8B SLM and
Qwen3-32B LLM (call ratio 1.15%). RelayLLM recov-
ers a substantial portion of the gap between the 8B base
and the 32B full model.

The trend mirrors our sub-2B results: Re-
layLLM closes a meaningful portion of the gap
between the SLM and the full LLM, while invok-
ing the LLM for only ∼1% of tokens. This indi-
cates that the learned help-seeking behavior is not
specific to sub-2B SLMs and generalizes upward
in scale.

K Cost Penalty Sensitivity

The simple reward rsimple(y) = 1(a = g) − ρ(y)
in Eq. (3) uses an implicit cost-penalty weight of

1.0 on ρ(y). We study the effect of varying this
weight on Qwen3-1.7B.

Penalty Weight Avg. Acc. (%) Call Ratio (%)

1.0 (default) 49.52 1.07
0.5 51.37 3.43
0.0 54.12 100.00

Table 12: Sensitivity to cost-penalty weight.

Reducing the penalty to 0.5 raises accuracy by
∼2 points at the cost of tripling the call ratio. Set-
ting the penalty to 0 collapses the policy: the SLM
delegates all generation to the LLM, recovering
full-LLM accuracy (54.12%) but eliminating any
efficiency benefit. Our default weight of 1.0 was
chosen to prioritize extreme token efficiency while
still achieving significant reasoning gains. The
penalty weight thus acts as a single scalar budget
knob that yields a smooth accuracy–cost curve:
practitioners can select the operating point that
matches their deployment constraints (e.g., per-
token API pricing vs. latency-bound local serving;
see App. R).

L Difficulty-Aware Reward Training
Dynamics

The accuracy gap between the Simple and
Difficulty-Aware reward variants at convergence
is small (49.30% vs. 49.52% on Qwen3-1.7B),
which might suggest the difficulty-aware design is
unnecessary. However, the gap during early train-
ing on the hardest benchmark (AIME24) is sub-
stantially larger, indicating that the difficulty-aware
design accelerates the acquisition of help-seeking
behavior on hard queries:

Training Step Difficulty-Aware Simple

10 11.4 10.4
20 12.5 10.8
30 13.9 12.9
40 14.5 13.9

Table 13: Early-training accuracy on AIME24 (Qwen3-
1.7B) for Simple vs. Difficulty-Aware reward.

As training progresses, queries that initially fall
into S2/S3 (LLM-Dependent / LLM-Unsolvable)
gradually shift into S1 (SLM-Solvable) as the
SLM’s own capability improves; once most queries
are in S1, the difficulty-aware reward reduces to the
simple reward. Thus the difficulty-aware design is
most beneficial at the beginning of training, where
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the explicit penalty on stubbornness (S2) and ex-
ploration bonus (S3) accelerate the discovery of
when to seek help.

Is the difficulty-aware reward a moving target?
Because scenarios are assigned from the group’s
own rollouts, the reward for a given query can
change as the policy improves: a query that was
LLM-Dependent (rewarding calls) may become
SLM-Solvable (penalizing unnecessary calls). This
shift, however, is smooth and monotone rather than
oscillatory. Queries migrate in one direction only,
from S3/S2 toward S1, as the SLM’s capability
grows, and in S1 the difficulty-aware reward co-
incides with the simple reward of Eq. (3). The
objective therefore converges toward a fixed tar-
get instead of alternating between conflicting ones,
and in practice training accuracy rises steadily
throughout (Table 13). Consequently, the small
at-convergence gap between the two reward vari-
ants is expected by design: the difficulty-aware
reward mainly accelerates the acquisition of help-
seeking behavior early in training. Sensitivity to
the group size G, which determines how noisy the
scenario labels are, is reported in App. Q.

M Data Filtering Statistics

The LLM-success filter described in Sec. 3.2.2
reduces the training set from ∼17k examples to
∼6.35k examples (∼37% retained). To isolate the
contribution of this filter from RelayLLM itself, we
re-train the GRPO baseline on the same filtered
subset:

Setting Qwen3-1.7B Qwen3-0.6B

GRPO (full data) 44.06 29.91
GRPO (filtered data) 44.15 29.83

Table 14: GRPO baseline trained on the full vs. filtered
dataset (average over six benchmarks).

The difference is negligible (< 0.1 point), con-
firming that the filtering itself yields no measurable
benefit for the GRPO baseline—hard queries on
which the LLM fails simply do not provide learn-
ing signal under standard RLVR. Consequently, the
gains of RelayLLM over GRPO are attributable to
the collaborative decoding mechanism rather than
to data curation.

N Native Function Calling

An alternative to introducing a custom <call> com-
mand is to leverage the native function-calling API

of recent instruction-tuned models (e.g., Qwen3’s
tool-use interface). We chose a custom command
for three reasons. First, native function calling
is trained to invoke external tools with structured
JSON arguments, which is unnecessarily verbose
for our setting (a single integer n). Second, the
function-calling format introduces additional con-
trol tokens that the SLM must emit reliably, increas-
ing the syntactic burden during cold-start. Third,
our minimal command pattern integrates cleanly
with vLLM’s stop-sequence interface, allowing in-
ference without modifying the underlying engine.
We expect native function calling to be a viable
alternative for deployments that already rely on it,
and leave a direct comparison to future work.

O Training Details

We conduct our experiments using the DAPO
dataset (Yu et al., 2025a). Our implementation
is built upon the EasyR1 framework (Zheng et al.,
2025c) using its default hyperparameter configu-
rations (shown in App. P). All models are trained
for a single epoch to ensure a fair comparison. Re-
garding data usage, the GRPO baseline is trained
on the full dataset, whereas our method utilizes
the filtered subset as described in Section 3.2.2.
For a fair comparison, the token-routing baselines
CITER and R2R are trained on the same filtered
subset as RelayLLM; as reported in Table 1, both
baselines also operate at a slightly higher call ra-
tio than RelayLLM (CITER 1.34%, R2R 1.42%
vs. ours 1.07% on Qwen3-1.7B), so the compar-
ison does not favor RelayLLM in terms of LLM
budget. To enable efficient interaction with the
LLM, we serve the LLM via the vLLM inference
engine (Kwon et al., 2023). We implement the
switching mechanism as a stop sequence in the
sampling parameters: when the SLM generates the
calling command token, generation halts, and the
system invokes the LLM via the API.

P Hyperparameter

We utilize the Group Relative Policy Optimization
(GRPO) algorithm for post-training. The model
is optimized using AdamW with a constant learning
rate of 1× 10−6 and a weight decay of 1× 10−2.
The global batch size is set to 32.

To support extensive reasoning steps required
for complex mathematical problems, we configure
the maximum sequence length to allow for long
Chain-of-Thought (CoT) generation. Specifically,
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the maximum prompt length is set to 4096 tokens,
and the maximum response length is extended to
8192 tokens.

For the GRPO specific configurations, we set the
group size G = 8, meaning that 8 outputs are sam-
pled for each prompt to estimate the baseline. To
ensure training stability and prevent the policy from
deviating excessively from the reference model, we
apply a KL divergence coefficient β of 0.01, where
the reference policy πref is the supervised warm-
up checkpoint. The clipping threshold ϵ and the
stability constant εstab follow the EasyR1 defaults.
During the rollout phase, we use a sampling temper-
ature of 1.0 to encourage diverse reasoning paths.
All models are trained for a single epoch over the
filtered subset.

Table 15: Hyperparameter settings for GRPO training.

Hyperparameter Value

Optimizer AdamW
Learning Rate 1× 10−6

Weight Decay 1× 10−2

Global Batch Size 32

Max Prompt Length 4096
Max Response Length 8192
Temperature 1.0

Group Size (G) 8
KL Coefficient (β) 0.01
Reference Policy (πref ) SFT warm-up checkpoint
Training Epochs 1

Q Sensitivity to Group Size

The difficulty-aware reward assigns each query to
a scenario based on the G rollouts in its group,
so the scenario labels become noisier when G is
small. To quantify this, we retrain Qwen3-1.7B
with G ∈ {4, 8, 16}, keeping every other setting
unchanged.

Group Size G Avg. Acc. (%)

4 48.34
8 (default) 49.52
16 50.40

Table 16: Sensitivity of RelayLLM (Qwen3-1.7B,
Difficulty-Aware) to the GRPO group size G (average
over six benchmarks).

G = 4 loses about one point, since with fewer
rollouts a medium-hard query is more likely to

receive the wrong scenario label, whereas G = 16
gains a further +0.9 points at twice the rollout cost.
The scenario labels are therefore reasonably robust
to G, and our default G = 8 offers a good balance
between training cost and label quality.

R End-to-End Latency

The call-token ratio measures how many tokens
the LLM generates, but it does not capture the
overheads of alternating between two models: re-
transmission of the full (growing) context to the
LLM, the corresponding re-prefill, and KV-cache
switching. To account for these costs, we measure
end-to-end wall-clock time per response under an
identical vLLM setup on the same hardware, with
all switching overheads included. Table 17 reports
the results for the Qwen3-1.7B SLM, averaged over
the six benchmarks.

Method Avg. Acc. (%) Call Ratio (%) Wall-clock (ms/resp.)

SLM-only (GRPO) 44.06 0.00 243
CITER 46.81 1.34 829
R2R 47.11 1.42 984
RelayLLM 49.52 1.07 713
Query-level router (matched acc.) ≈49.5 – ≈974†

Full Qwen3-8B 54.12 100 1589

Table 17: End-to-end inference time per response (mil-
liseconds) with Qwen3-1.7B as the SLM and Qwen3-8B
as the LLM, averaged over six benchmarks. All meth-
ods are measured under the same vLLM setup on iden-
tical hardware; re-prefill and model switching are fully
counted. †Analytical estimate for an idealized query-
level router matched to RelayLLM’s accuracy (see text).

Comparison at matched accuracy. Re-
layLLM is not faster than the raw SLM, but that
comparison is not at equal accuracy (44.06%
vs. 49.52%). The fair comparison is against
a query-level router that reaches the same
accuracy. Assuming an idealized router that
routes a fraction p of whole queries to the 8B
LLM, matching RelayLLM’s accuracy requires
p = (49.52 − 44.06)/(54.12 − 44.06) ≈
54.3%, giving an expected time of
0.543 × 1589 + 0.457 × 243 ≈ 974 ms.
This estimate favors the router, since it ignores the
router’s own cost and assumes it routes perfectly.
RelayLLM is therefore roughly 27% faster at the
same accuracy and 2.2× faster than the full teacher,
while closing about 60% of the SLM–LLM gap.
It is also both more accurate and faster than the
token-level routing baselines (713 ms vs. 829 ms
for CITER and 984 ms for R2R): both baselines
make a routing decision at every token, which
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breaks continuous batched decoding, whereas
RelayLLM remains a standard autoregressive
model for more than 98% of tokens and switches
rarely (App. G).

Token ratio vs. wall-clock. The gap between the
98.2% token saving and the 2.2× wall-clock saving
is exactly the switching cost discussed above. The
two metrics answer different questions: the call-
token ratio determines cost when the LLM is billed
per token (e.g., a remote API), whereas wall-clock
time matters for latency-bound local deployment.
RelayLLM improves over routing baselines under
both metrics.

S Comparison with R2R on Qwen3-0.6B

In Table 1, R2R is reported only for the Qwen3-
1.7B SLM, following the model scale used in the
original R2R setting (Fu et al., 2025a). To rule out
any concern of selective benchmarking, we addi-
tionally run R2R with the Qwen3-0.6B SLM under
the same training data and evaluation protocol. Ta-
ble 18 summarizes the results at both scales.

Method Avg. Acc. (%) Call Ratio (%)

Qwen3-0.6B
R2R 30.83 1.54
RelayLLM 33.04 0.77

Qwen3-1.7B
R2R 47.11 1.42
RelayLLM 49.52 1.07

Table 18: Comparison between R2R and Re-
layLLM (Difficulty-Aware) at two SLM scales (average
over six benchmarks).

The ordering is identical at both scales: on
Qwen3-0.6B, RelayLLM outperforms R2R by
+2.21 points while using half the call ratio (0.77%
vs. 1.54%), mirroring the 1.7B result (+2.41 points
at 1.07% vs. 1.42%). On the out-of-domain bench-
marks in Table 2, the 0.6B RelayLLM model like-
wise surpasses CITER on average (21.77% vs.
20.54% over BBEH, MMLU-Pro, and SuperG-
PQA).

T Effect of Stripping Command Tokens

As described in Sec. 2, the command tokens Ccmd
are removed from the context before it is for-
warded to ML. To test whether this design matters,
we evaluate a variant in which the markers are
left in the context sent to the LLM (Qwen3-1.7B,

Difficulty-Aware, no retraining). Keeping the mark-
ers reduces the average accuracy by 2.3%. The
reason is a train–inference mismatch: ML never
saw our control tokens during its own training, so
they act as unfamiliar, out-of-distribution input that
degrades the quality of its continuation. Stripping
the markers presents the LLM with a clean context
that matches its native input distribution, which is
why we adopt it by default. The SLM, in contrast,
retains the full history including its own commands,
so that it can keep track of its delegation decisions.

Efficient Reasoning. Recent work improves the
efficiency of test-time reasoning by adaptively allo-
cating or pruning computation. Adaptive sampling
methods terminate sampling once sufficient con-
sensus is reached (Aggarwal et al., 2023; Li et al.,
2024) or adjust the sampling budget to query diffi-
culty (Wang et al., 2025d), while confidence-aware
aggregation extracts reliable answers from fewer
reasoning paths (Huang et al., 2025a; Taubenfeld
et al., 2025; Fu et al., 2025b). More fine-grained
approaches prune unpromising trajectories during
generation (Wan et al., 2025; Wang et al., 2025e;
Tu et al., 2025; Liang et al., 2026; Hong et al., 2025;
Zheng et al., 2026a), reducing computation wasted
on incorrect paths. AutoTTS (Zheng et al., 2026b)
further explores automatically discovering effec-
tive test-time scaling strategies. Dai et al. (2026)
formulate parallel test-time scaling as an MDP and
learn a lightweight controller that jointly optimizes
accuracy, latency, and cost.
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