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Abstract 
Dynamic benchmarks make model selection harder and more useful at the same time: a 

router must identify when a low-cost policy is reliable without learning benchmark-

specific artifacts. This study evaluates prompt-level routing on 200 LiveBench reasoning 

questions (100 zebra puzzles, 50 spatial questions, and 50 Web-of-Lies questions). Two 

reproducible, deterministic reasoning back ends are compared. FastLite uses exact 

reasoning only for recognized low-complexity cases and bounded heuristics otherwise; 

SolvePro uses full constraint, Boolean, and analytic spatial procedures. A router predicts 

whether FastLite is safe from task, length, release, constraint, and structural features 

available before an answer is generated. SolvePro reaches 100.0% exact accuracy, 

whereas FastLite reaches 67.0% exact and 69.9% answer-component accuracy. Under 

five-fold out-of-fold evaluation, a logistic router reaches 97.0% exact accuracy with a 

32.5% strong-call rate and a 55.0% normalized cost saving relative to always using 

SolvePro. A transparent complexity rule preserves 100.0% exact accuracy with a 36.5% 

strong-call rate and 52.7% cost saving. Errors are concentrated in spatial and zebra items, 

confirming that prompt length alone is insufficient. The findings show that fresh, 

objectively scored benchmark items can support auditable accuracy-cost-latency routing 

when features encode verifiable computational structure. Because both back ends are 

deterministic policies rather than hosted LLM APIs, the reported latency and normalized 

cost values are controlled experimental quantities, not vendor performance claims. 
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Introduction 
Large language model deployment 

increasingly involves more than selecting a 

single model. A production router can send 

structurally simple prompts to a low-cost 

back end, reserve expensive reasoning for 

prompts with a higher estimated failure risk, 

and still enforce a target quality level. This 

differs from ordinary leaderboard ranking: a 

leaderboard asks which system is strongest 

on average, whereas a router asks which 

system is adequate for one prompt before its 

answer is known. The decision therefore 

depends on task structure, uncertainty, 

answer verifiability, cost, and latency. 

Fresh evaluation data are central to that 

decision. LiveBench was designed around 

frequently updated questions and objective 

scoring to reduce contamination risk (White 

et al., 2024), while LiveCodeBench applies a 

related time-separated and execution-

grounded design to code (Jain et al., 2024). 

These benchmarks address a practical 

weakness of static test sets: as public 

questions, solutions, and model outputs 

circulate, observed accuracy can increasingly 

reflect exposure rather than generalization. A 

router trained on such artifacts may learn an 

unsafe estimate of when the inexpensive path 

is reliable. 

The present study also draws on the broader 

movement toward objective and multifaceted 

evaluation. MMLU covers knowledge and 

reasoning across many subjects (Hendrycks 

et al., 2021), GSM8K supports exact 

checking of mathematical answers (Cobbe et 

al., 2021), and IFEval uses verifiable 

instruction constraints (J. Zhou et al., 2023). 

Transformer-based representation learning 

(Devlin et al., 2019; Vaswani et al., 2017) and 

frontier-model scaling (OpenAI, 2023) make 

such breadth necessary, but they do not 

eliminate the need for task-level safety 

decisions. For routing, the label of interest is 

not generic difficulty; it is whether the 

cheaper back end is correct under the 

benchmark's own scoring rule. 

Cost-aware model selection has been studied 

through cascades, sparse expert selection, 

and budgeted policies. FrugalGPT 

demonstrates the value of combining model 

calls under a cost objective (L. Chen et al., 

2023), while mixture-of-experts systems 

route computation inside a model (Fedus et 

al., 2022; Jacobs et al., 1991; Shazeer et al., 

2017). At the application level, budgeted 

retrieval likewise treats each additional 

evidence hop as a decision with a measurable 

resource cost (Su et al., 2025). Forecasting 

work for new inference tenants shows why 

the operating context can itself be uncertain 

(He et al., 2025). These studies motivate a 

prompt-level gate whose output can be 

audited in the same units as its accuracy, cost, 

and latency consequences. 

A safe gate must do more than rank 

examples. Probability calibration is 

important when a threshold determines 

whether the low-cost path is accepted (Guo et 

al., 2017). Selective refusal in calibrated 

recruiter screening provides one example of 

converting a score into an action under 

uncertainty (Jin, 2025a), and evidence-

calibrated retrieval shows the related value of 

abstaining when coverage is inadequate 

(Zhong et al., 2025). In the current setting, the 

router predicts whether FastLite will be 

exactly correct and invokes SolvePro when 

the predicted probability does not meet 
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a fold-specific safety threshold. 

The empirical scope is deliberately narrow and fully stated. The evaluated split contains 200 

LiveBench reasoning questions: 100 zebra puzzles, 50 spatial questions, and 50 Web-of-Lies 

questions. It contains no coding or instruction-following items, so the numerical findings apply 

only to these reasoning tasks. Moreover, FastLite and SolvePro are deterministic, reproducible 

reasoning policies rather than hosted commercial LLM APIs. They isolate the routing decision 

and permit exact reruns, but their millisecond latencies and normalized costs must not be 

interpreted as vendor measurements. 

The operational hypothesis is that prompt structure is more informative than length alone. A 

long truth-maintenance prompt can be inexpensive once its statements are converted into a 

Boolean graph; a short spatial prompt can remain risky if it requires a geometric template 

outside the bounded back end. The experiment therefore extracts pre-answer features such as 

task family, prompt length, constraint count, number of people, truth statements, cuts, and 

spatial composition flags. Neither the reference answer nor SolvePro's output is available to 

the router. 

Accuracy, normalized cost, and measured latency are reported as separate outputs. The 

always-strong policy defines the accuracy ceiling and cost denominator, the always-cheap 

policy shows the maximum call reduction and its risk, and an oracle shows how much saving 

is theoretically available with these two back ends. Simple rules and learned routers are 

evaluated between those endpoints. This design prevents an attractive cost number from 

obscuring where accuracy is lost. 

Three research questions organize the study: (1) How large is the empirical performance gap 

between the bounded and deliberative back ends? (2) Can transparent structural features 

predict when FastLite is safe? (3) What accuracy-cost-latency tradeoffs are obtained by rules, 

logistic regression, and random forests under five-fold out-of-fold evaluation? The 

contributions are a contamination-aware routing formulation, a reproducible two-back-end 

evaluation on the stated split, and an operating-point analysis that reports endpoints, learned 

policies, rules, ablations, errors, and the oracle bound. 

 

Literature Review 

Dynamic and Objective Evaluation 

Contamination-resistant evaluation is particularly important when benchmark outcomes 

become training labels for a router. LiveBench couples’ fresh questions with deterministic 

ground truth (White et al., 2024), and LiveCodeBench adds time-aware, test-executed code 

assessment (Jain et al., 2024). Objective formats also appear in mathematical verification 

(Cobbe et al., 2021) and explicit instruction constraints (J. Zhou et al., 2023). Together, these 

designs reduce evaluator variance and make repeated threshold sweeps feasible. 

A second strand concerns whether evidence and model outputs can be audited. Evidence-chain 

RAG links claims to deterministic provenance (Jin, 2025b), while machine-learned RAG 

quality prediction treats retrieval quality as an explicit variable (R. Zhang et al., 2025). Offline 
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financial-search reranking similarly separates query rewriting, retrieval, and listwise ranking 

so that failure can be localized (Meng et al., 2026). Numerical-reasoning guardrails for SEC 

and FRED data extend this principle to verifiable quantitative outputs (Z. Li et al., 2026). 

Accounting-aware evidence retrieval likewise makes source support explicit in institutional 

due diligence (Y. Chen et al., 2025). These studies support the present decision to use exact 

answers and pre-answer features instead of subjective post hoc ratings. 

 

Cost-Aware Routing and Resource Allocation 

Inference routing is related to both model cascades and operational resource allocation. 

FrugalGPT optimizes which model calls to make under cost constraints (L. Chen et al., 2023), 

whereas sparse expert architectures learn internal gates (Fedus et al., 2022; Shazeer et al., 

2017). At the infrastructure level, multi-horizon GPU demand forecasting links workload 

semantics to operational risk (Zhao et al., 2025), and GPU-memory forecasting estimates the 

resource footprint of deep-learning jobs before execution (C. Wang et al., 2025). The common 

idea is that a prediction is useful only when it changes a resource-allocation decision. 

Resource policies must also be evaluated under distribution shift and asymmetric loss. Power-

aware inventory planning connects job-level forecasts to capacity decisions (He et al., 2026), 

while constrained budgeting integrates demand forecasts with response models (Y. Lu et al., 

2025). Conservative off-policy selection provides a way to reject an apparently efficient policy 

when logged evidence is weak (Ye et al., 2026). The decision rule should remain interpretable 

when observations are incomplete or shift away from the logged operating conditions. These 

concerns motivate the safety constraint and transparent baselines used here. 

 

Calibration, Uncertainty, and Selective Behavior 

Calibration converts a classifier score into a risk-bearing operating point (Guo et al., 2017). 

Calibration-light subject-independent BCI demonstrates the need to preserve confidence 

behavior under subject shift (Wu, Mi, et al., 2025), and macro-market fusion explicitly 

incorporates news uncertainty into a directional forecast (H. Zhou & K. Zhang, 2025). At a 

more theoretical level, spectral rank-aggregation guarantees characterize when an estimator 

can be trusted (Zhong & Ling, 2024a). Although these applications differ from LLM routing, 

each treats uncertainty as part of the decision rather than as a decorative output. 

The same pattern appears in high-stakes multimodal systems. Uncertainty-aware medical 

vision-language classification links prediction with an explicit risk signal (S. Lu & Zou, 2026), 

while ultrasound explanation cards translate uncertainty into a human-readable diagnostic 

interface (Ye et al., 2025). Such work does not provide a direct baseline for LiveBench, but it 

clarifies two requirements adopted here: the router's probability must be evaluated at a chosen 

threshold, and residual errors must be reported by task rather than hidden inside an aggregate 

AUC. 
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Structural Features, Transfer, and Compact Predictors 

Transparent feature design offers a practical middle ground between hand-written rules and 

opaque end-to-end gates. Language-guided feature selection for intrusion detection uses 

semantics to identify a compact decision representation (Y. Li & S. Lu, 2025). Interpretable 

CloudTrail stage detection combines linear models with sequence smoothing (Bai et al., 2026), 

and VMAF distillation shows how a costly quality signal can be approximated by an edge-

deployable predictor (B. Zhou et al., 2025). 

Transfer studies further caution against treating surface length as general difficulty. Wearable 

activity recognition can require cross-dataset adaptation even when label semantics appear 

stable (J. Zhang, 2025). For prompt routing, the analogous goal is to identify features tied to 

the computational structure of a task—constraints, truth graphs, or spatial composition—

rather than to a release-specific lexical signature. 

 

Evidence Presentation, Governance, and Human Oversight 

Reliability also depends on how a system exposes evidence and constraints. Dark-pattern 

detection compares encoder and decoder families while generating interface-level 

explanations (Xu et al., 2025); evidence-constrained financial agents make accounting support 

part of the workflow (S. Zhou et al., 2026). Federated topic-preference learning adds 

differential privacy to knowledge-grounded chat (Kuo et al., 2025). These examples motivate 

separating route selection, execution, and audit evidence. 

Human-facing explanation research emphasizes structured, decision-relevant presentation 

rather than unrestricted rationales. Recommendation cards calibrate product evidence and trust 

(B. Zhang et al., 2025); advertising brief cards translate intentions into editable design choices 

(Tu et al., 2025); and counseling recommendation cards link suggested support to source 

evidence (Y. Zhang & H. Zhang, 2025b). Financial risk dashboards likewise organize 

uncertainty, chart comprehension, and explanation hierarchy (Z. Li et al., 2025). These studies 

support the use of compact tables, threshold curves, and error breakdowns in the present 

evaluation. 

Interface transparency is especially important when inputs are multilingual, creative, or 

security-sensitive. Trust-calibrated multilingual RAG evaluates access to migration 

information (Chen & Xu, 2026); text-grounded design-rationale interfaces expose which 

layout metadata supports a recommendation (Wu, Meng, et al., 2025); and an LLM design 

critic is benchmarked against human judgment (Y. Li et al., 2025). Privacy and data-integrity 

risk cards extend this approach to prompt-injection oversight (Su et al., 2026), while structured 

visual briefs preserve human editability in advertising workflows (Mu et al., 2026). 

The literature also shows why routing evaluation should remain connected to the downstream 

user. A therapist-facing copilot retrieves and ranks support from multi-turn dialogue (Y. Zhang 

& H. Zhang, 2025a); teacher-facing early-warning explanations connect predictions to 

instructional decisions (J. Zhang, 2026); and a DevOps copilot evaluates both runbook 

retrieval and command safety (B. Zhang et al., 2026). Across these domains, a low-cost route  
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is useful only when the resulting action remains verifiable and appropriately reviewable. 

Materials and Methods. 

 

Routing Formulation 

The evaluation treats routing as a binary decision. For each prompt x, the router chooses 

FastLite when the estimated probability of a correct low-cost answer is at least a threshold and 

SolvePro otherwise. Let y_c(x) equal one when FastLite is exactly correct and zero otherwise. 

A probabilistic router estimates p(y_c = 1 | x) from structural features, and the decision is 

FastLite when p(y_c = 1 | x) ≥ τ. The threshold τ is selected within each training fold to 

minimize normalized cost subject to a 99% training safe-accuracy target. This makes 

calibration operational rather than descriptive (Guo et al., 2017), consistent with selective 

refusal (Jin, 2025a) and evidence-coverage abstention (Zhong et al., 2025). 

 

 

Fig. 1. Routing pipeline used in the experiment. 

 

Dataset and Task Structure 

The data contain objective ground truth and a single prompt turn for each item. Table 1 

summarizes the split. Zebra puzzles are line-order constraint satisfaction problems with 2 to 5 

people, multiple attributes, and questions that ask for positions or attribute values. Web-of-

Lies items describe people at locations and truth-telling relations, then ask yes-or-no questions 

about selected locations. Spatial items ask for counts or shapes after cuts, tangencies, or 

geometric constructions. Prompt lengths are uneven: spatial questions average 83.9 

whitespace tokens, while zebra and Web-of-Lies prompts average about 318 tokens. This 

heterogeneity is useful for routing because prompt length alone is not enough; Web-of-Lies 

prompts are long but cheap to solve, while some shorter spatial prompts require strong 

geometric rules. 

Each row is evaluated as a single independent decision. The router cannot look at the answer 

from SolvePro before deciding, and it cannot use ground-truth strings as features. It only 

receives prompt-derived statistics and metadata that would be known at routing time. After 

the route is selected, the chosen back end produces an answer, and the answer is normalized 
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for punctuation, spacing, and case before scoring. This separation is essential: the router is a 

pre-answer decision rule, not an after-the-fact selector between two completed answers. 

The routing objective is asymmetric. Sending a safe prompt to SolvePro wastes cost, but 

sending an unsafe prompt to FastLite creates an accuracy error. The threshold selection 

therefore minimizes cost subject to a safe-accuracy constraint rather than optimizing raw 

accuracy alone. This mirrors how model cascades are used in practice: the goal is not to 

maximize the number of cheap calls, but to use cheap calls where they do not violate a target 

quality level. The empirical tables report exact accuracy, component accuracy, cheap-call rate, 

strong-call rate, normalized cost, cost saving, and measured latency so that no single metric 

dominates interpretation. 

The split has enough task diversity to expose several routing failure modes. Zebra prompts 

vary in the number of people, attributes, constraints, and release-level annotations. Web-of-

Lies prompts are textually long but algebraically simple once the truth relations are parsed. 

Spatial prompts include both direct formulas and cases requiring template recognition. These 

differences make the split appropriate for studying prompt-level safety prediction even though 

it is not a full cross-category LiveBench sample. The method deliberately keeps the same 

routing interface for every task family so that additional categories can be added without 

changing the cost objective. 

 

Table 1. Dataset composition and prompt statistics. 

Task N Release dates Mean words Mean ? Mean answer 

parts 

Level 

count 

spatial 50 2024-07-26 83.90 1.14 1 0 

web_of_lies_v2 50 2024-06-24 318.60 3 3 0 

zebra_puzzle 100 2024-06-24, 

2024-11-25 

318.10 2.50 2.50 50 

 

 

Fig. 2. Number of questions per task in the evaluated LiveBench reasoning split. 
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Fig. 3. Prompt length distribution by task. 

 

Inference Back Ends and Structural Features 

The two inference back ends are deterministic reasoning policies. FastLite represents a low-

cost bounded policy. For zebra puzzles, it solves instances exactly only when the number of 

people is at most three; otherwise it applies shallow position and attribute heuristics. For Web-

of-Lies, it uses exact Boolean truth maintenance because those graphs are linear in the number 

of statements and are inexpensive. For spatial tasks, it applies simple two-dimensional cut 

formulas and a small set of shallow geometric rules, then falls back to direct count heuristics. 

SolvePro is the full deliberative policy. It uses Z3-style integer constraint solving for zebra 

puzzles, Boolean satisfiability for Web-of-Lies, and analytic spatial template rules for the 

spatial prompts. Both back ends consume the same natural-language prompts and are scored 

only by exact comparison with the provided ground truth. 

The router features are deliberately transparent. They include task indicators, prompt word 

and character counts, question count, release indicators, LiveBench level, zebra people and 

attributes, constraint count, parity and negation flags, Web-of-Lies statement and direct-fact 

counts, spatial cuts, and flags for cubes, spheres, composite shapes, shape questions, and 

maximum-piece requests. Table 2 summarizes selected means. The design follows work on 

semantic feature selection (Y. Li & S. Lu, 2025) and interpretable sequence features (Bai et 

al., 2026), but excludes answer text, ground truth, and any information unavailable before 

routing. 

 

Cost Model and Evaluation Protocol 

Normalized cost is defined as prompt tokens multiplied by a back-end multiplier: 1 for 

FastLite and 8 for SolvePro. The scale is a reproducible experimental assumption, not a vendor 

price. Measured latency is the local wall-clock time in milliseconds, averaged over three runs 

per item. Exact accuracy requires the full normalized answer to match; component accuracy 

gives partial credit for comma-separated lists. Learned routers use five-fold stratified cross-
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validation (Kohavi, 1995). Logistic regression provides a calibrated linear baseline (Bishop, 

2006), and a random forest provides a nonlinear alternative (Breiman, 2001). Chain-of-thought 

and self-consistency can add reasoning at inference time (Wei et al., 2022; X. Wang et al., 

2023), but the router uses only inexpensive pre-answer structure. 

FastLite is intentionally incomplete. Its purpose is to represent the behavior of an inexpensive 

model or tool chain whose reliability depends on recognizable structure. For zebra puzzles 

with at most three people, exact enumeration is cheap and stable, so FastLite solves the full 

constraint system. For larger zebra puzzles, it avoids the full combinatorial search and applies 

only local clues and answer-format heuristics. This produces successes on simple large cases 

and failures on tightly coupled cases, which is exactly the type of boundary a router should 

learn. The strong policy, in contrast, converts the zebra prompt into an integer constraint 

program and searches the feasible assignments until the requested answer fields are 

determined. 

For Web-of-Lies prompts, both policies use exact Boolean truth maintenance. The prompts 

describe who is truthful and who lies through nested statements. After extraction, the truth 

state can be propagated as a small system of Boolean equations. Because this computation is 

cheap, sending these prompts to the strong policy is usually unnecessary. Including this task 

family prevents the router from learning a naive rule that long text should always go to the 

strong back end. It also illustrates why objective answer decomposition matters: the Web-of-

Lies answers contain multiple yes-or-no components, and component accuracy confirms that 

the cheap policy is not merely matching one part of the output. 

For spatial prompts, FastLite handles direct counting patterns such as simple cuts and some 

two-dimensional shape questions. SolvePro adds a broader library of analytic templates for 

cubes, spheres, tangencies, composite arrangements, and maximum-piece formulas. The 

spatial task therefore tests whether the router can distinguish between a short prompt with a 

covered formula and a short prompt requiring the strong template library. This distinction is 

especially important for latency interpretation because text length is low for spatial items, yet 

the cost of a wrong geometric shortcut can be high in accuracy terms. 

 

Router Training and Baselines 

The learned routers are evaluated only on held-out predictions. For each of five folds, the 

model is fit on four folds, a threshold is selected on those four folds, and predictions are 

recorded for the fifth. Metrics are computed from the concatenated 200 held-out decisions. 

This prevents reuse of the fitted examples at evaluation time and makes the operating point 

auditable. It also parallels conservative off-policy selection (Ye et al., 2026), where an 

apparently efficient policy must still satisfy evidence and risk constraints. 

The rule-based baselines serve different purposes. The task-only safe router sends all Web-of-

Lies items to FastLite and all others to SolvePro. The complexity rule adds transparent 

conditions from the cheap solver: Web-of-Lies is cheap, zebra puzzles with at most three 

people are cheap, and simple spatial formulas are cheap. The oracle uses FastLite correctness 
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after scoring and is therefore not deployable; it is an upper bound. As in constrained budgeting 

(Y. Lu et al., 2025), the comparison distinguishes the resource objective from the evidence 

needed to authorize an action. 

All figures are generated from the same result tables. Figure 1 gives the routing pipeline; 

Figures 2 and 3 describe task counts and prompt lengths; Figure 4 compares back-end 

accuracy; Figures 5 and 6 show policy tradeoffs and the logistic threshold sweep; and Figure 

7 reports feature importance. Tables 1–3 define the data, features, and back ends, while Tables 

4–10 report outcomes, folds, ablations, errors, importance, and selected thresholds. 

 

Table 2. Mean structural features by task. 

Task Words People Attrs Constr. Says Cuts Shape q. Cube Sphere 

spatial 83.88 0 0 0 0 2 0.12 0.20 0.24 

web_of_lies_v2 318.60 0 0 0 9.76 0 0 0 0 

zebra_puzzle 318.10 3.45 3.80 9.19 0 0 0 0 0 

 

Table 3. Inference back ends and router role. 

Back end Role Main reasoning budget Cost multiplier 

FastLite Low-cost candidate Exact Boolean Web-of-Lies; bounded 

zebra; shallow spatial formulas 

1 

SolvePro Strong candidate Full zebra CSP; Boolean truth 

maintenance; analytic spatial rules 

8 

Router Gate Logistic or random-forest estimate of 

FastLite safety 

feature-only 

 

Results 

Back-End and Policy Performance 

The first result is the quality gap between the two back ends. As Table 4 and Figure 4 show, 

SolvePro answers all 200 questions exactly, while FastLite answers 134 exactly. FastLite 

reaches 67.0% exact and 69.9% component accuracy. It is strongest on Web-of-Lies, where 

Boolean truth maintenance is inexpensive and exact, and weaker on spatial and larger zebra 

prompts. Long prompts therefore do not necessarily require the strong back end. 

Table 5 shows why a router is preferable to either endpoint. Always using FastLite saves 

87.5% normalized cost but reduces exact accuracy to 67.0%; always using SolvePro reaches 

100.0% but pays full cost. The task-only policy reaches 100.0% with 26.8% saving. The 

complexity rule preserves 100.0% with a 36.5% strong-call rate and 52.7% saving, close to 

the oracle's 54.6% saving and 33.0% strong-call rate. Figure 5 makes these endpoints and 

intermediate policies directly comparable. 

Prompt length explains only part of the outcome. Web-of-Lies and zebra prompts have similar 

mean lengths, but FastLite is exact on Web-of-Lies and only 57.0% exact on zebra. Spatial 

prompts are much shorter, yet FastLite exact accuracy is 54.0%. The router must therefore 

learn that length interacts with task structure. A long prompt can be cheap if it encodes a simple 



231  africascholarpublications@gmail.com                                                                               
 MAY, 2026 

 

Boolean graph; a short prompt can be risky if it asks for a geometric formula outside the low-

cost library. This pattern is visible in the length-only ablation, which attains high accuracy by 

routing almost everything to SolvePro but loses nearly all cost saving. 

Component accuracy gives additional insight into partial progress. FastLite component 

accuracy is higher than exact accuracy for zebra puzzles because some multi-part answers 

contain one correct component even when another component is wrong. This is useful for 

diagnosing solver behavior, but the routing decision is trained on exact safety because 

deployment normally needs the full answer to be correct. Reporting both metrics avoids hiding 

partial reasoning while still keeping the primary objective strict. SolvePro reaches 100.0% on 

both exact and component measures across all task families. 

 

Table 4. Back-end accuracy, component accuracy, latency, and prompt size. 

Task N FastLite 

acc. 

SolvePro 

acc. 

FastLite 

comp. 

SolvePro 

comp. 

FastLite 

ms 

SolvePro 

ms 

spatial 50 54.0 100.0 54.0 100.0 0.05 0.04 

web_of_lies_v2 50 100.0 100.0 100.0 100.0 2.38 2.36 

zebra_puzzle 100 57.0 100.0 62.8 100.0 5.61 16.81 

overall 200 67.0 100.0 69.9 100.0 3.41 9.00 

 

 

Fig. 4. FastLite and SolvePro exact-answer accuracy by task. 

 

Table 5. Router performance under normalized cost and measured latency. 

Method Exact 

acc. 

Comp. 

acc. 

Strong 

rate 

Cheap 

rate 

Norm. 

cost 

Saving Mean 

ms 

OOF 

AUC 

Always cheap 67.0 69.9 0.0 100.0 259.670 87.5 3.413  

Always strong 100.0 100.0 100.0 0.0 2077.360 0.0 9.003  

Task-only safe 100.0 100.0 75.0 25.0 1519.810 26.8 9.006  

Complexity 

rule 

100.0 100.0 36.5 63.5 983.295 52.7 9.011  
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Method Exact 

acc. 

Comp. 

acc. 

Strong 

rate 

Cheap 

rate 

Norm. 

cost 

Saving Mean 

ms 

OOF 

AUC 

Logistic router 97.0 97.2 32.5 67.5 934.120 55.0 8.821 0.962 

Random-forest 

router 

95.5 95.8 31.5 68.5 922.325 55.6 8.780 0.976 

Oracle router 100.0 100.0 33.0 67.0 942.310 54.6 8.848  

 

 

Fig. 5. Exact accuracy versus normalized cost saving for all routing policies. 

 

 

Fig. 6. Out-of-fold logistic threshold sweep showing accuracy as cheap-call rate changes. 

 

Learned Router Performance 

The learned routers trade small accuracy losses for slightly fewer strong calls. As reported in 

Table 5, the logistic router reaches 97.0% exact accuracy, 97.2% component accuracy, and 

55.0% cost saving while calling SolvePro on 32.5% of items. Its out-of-fold AUC is 0.962 and 
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average precision is 0.981. The random forest has higher AUC (0.976) and average precision 

(0.991), but its selected operating point reaches 95.5% exact accuracy. Figure 6 confirms that 

ranking quality and thresholded policy quality are not interchangeable. 

Table 6 gives the fold thresholds and cheap-call rates. The logistic thresholds range from 0.35 

to 0.40, and every training fold satisfies the 99% safe-accuracy constraint. On test folds, cheap-

call rates range from 65.0% to 70.0%. The random forest uses similar thresholds but has a 

wider cheap-call range. The threshold sweep in Fig. 6 clarifies the tradeoff: at threshold 0 the 

router degenerates to always cheap, while higher thresholds move toward always strong. The 

selected operating region is near two-thirds cheap calls, where most Web-of-Lies, simple 

zebra, and simple spatial items are routed to FastLite. 

The learned-router errors are small in number but informative. The logistic router makes six 

exact-answer errors across the 200 held-out predictions. Three occur on spatial prompts and 

three on zebra prompts. The random forest makes nine errors, again concentrated in spatial 

and zebra. None occur on Web-of-Lies. This shows that the most costly mistakes are not 

random noise spread uniformly across the benchmark. They appear where the cheap policy 

has a mixed success boundary and where structural features are not yet expressive enough to 

separate every safe and unsafe item. 

The ablation results clarify the role of feature groups. Full structural features produce 55.0% 

cost saving at 97.0% exact accuracy. Removing task indicators has almost no effect because 

the remaining structure identifies each task family. Removing release and level features also 

has little effect, which is desirable because a router should not depend mainly on date 

metadata. The length-only model is the opposite: it is safe because it is conservative, not 

because it finds low-cost opportunities. It saves only 4.6% normalized cost, so it would be a 

poor production policy despite its high accuracy. 

The random-forest importance ranking is consistent with the solver design. The number of 

people is the largest feature because it controls whether FastLite can solve zebra puzzles 

exactly. Character count, word count, and constraint count follow because they summarize 

puzzle complexity and extraction burden. Web-of-Lies features such as says-count and direct 

truth facts identify prompts that remain cheap despite length. Spatial composition flags 

identify cases where simple formulas are less likely to be sufficient. These importances are 

not causal proofs, but they match the engineered boundary between the cheap and strong 

policies. 

 

Table 6. Five-fold learned-router thresholds and cheap-call rates. 

Model Fold Tau Train safe acc. Test cheap rate 

Logistic router 1 0.400 99.4 67.5 

Logistic router 2 0.350 99.4 67.5 

Logistic router 3 0.400 99.4 67.5 

Logistic router 4 0.380 99.4 70.0 

Logistic router 5 0.360 99.4 65.0 

Random-forest router 1 0.340 99.4 70.0 
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Model Fold Tau Train safe acc. Test cheap rate 

Random-forest router 2 0.340 99.4 67.5 

Random-forest router 3 0.320 99.4 72.5 

Random-forest router 4 0.350 99.4 70.0 

Random-forest router 5 0.350 99.4 62.5 

 

Table 7. Logistic-router ablation study. 

Feature set Exact 

acc. 

Comp. 

acc. 

Strong 

rate 

Norm. cost Saving OOF AUC 

Full feature set 97.0 97.2 32.5 934.120 55.0 0.962 

No task indicators 97.0 97.2 32.0 931.215 55.2 0.961 

No release/level 97.5 97.8 32.5 939.125 54.8 0.960 

Complexity only 97.5 97.8 33.0 942.030 54.6 0.960 

Length only 99.0 99.0 93.5 1982.790 4.5 0.716 

 

Ablations, Errors, and Feature Importance 

Table 7 shows that removing task indicators leaves exact accuracy unchanged because other 

structural features identify each family. Removing release and level features slightly improves 

accuracy, indicating that the router is not primarily using date metadata. The length-only 

model reaches 99.0% accuracy but calls SolvePro on 93.5% of items and saves only 4.5% 

cost. Tables 8 and 9, together with Figure 7, show why: errors concentrate in spatial and zebra 

items, and the most informative features describe people, constraints, truth statements, and 

spatial composition rather than length alone. 

 

Table 8. Learned-router error breakdown by task. 

Router Task N Cheap Strong Errors Acc. 

Logistic router spatial 50 27 23 3 94.0 

Logistic router web_of_lies_v2 50 50 0 0 100.0 

Logistic router zebra_puzzle 100 58 42 3 97.0 

Random-forest 

router 

spatial 50 28 22 5 90.0 

Random-forest 

router 

web_of_lies_v2 50 50 0 0 100.0 

Random-forest 

router 

zebra_puzzle 100 59 41 4 96.0 

 

Table 9. Top random-forest feature importances for predicting FastLite safety. 

Feature Importance 

n_people 0.2222 

char_count 0.1154 

word_count 0.1110 

n_constraints 0.1081 
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Feature Importance 

num_says 0.0513 

task_web 0.0432 

num_direct_truth 0.0417 

has_composite_shapes 0.0358 

n_cuts 0.0336 

release_2024_07 0.0244 

 

 

Fig. 7. Top feature importances for the safety prediction problem. 

 

Table 10. Selected operating points from the logistic threshold sweep. 

Tau Exact acc. Cheap rate Strong rate Norm. cost Saving 

0 67.0 100.0 0.0 259.670 87.5 

0.200 89.0 76.0 24.0 798.670 61.6 

0.280 95.0 70.0 30.0 900.415 56.7 

0.340 97.0 68.0 32.0 931.215 55.2 

0.360 97.0 67.5 32.5 934.120 55.0 

0.500 97.5 66.5 33.5 951.725 54.2 

0.800 99.0 49.0 51.0 1230.710 40.8 

1 100.0 0.0 100.0 2077.360 0.0 

 

Discussion 

Interpretation of the Accuracy-Cost-Latency Tradeoff 

The error analysis in Table 8 shows that learned-router failures are concentrated in spatial and 

zebra tasks: the logistic router makes three errors in each family, and the random forest makes 

five spatial and four zebra errors. No Web-of-Lies item is misrouted because FastLite solves 

all 50 exactly. The importance ranking in Table 9 is consistent with this boundary. The result 

should be read as an operating-point finding, not a general claim that one classifier dominates: 

formal uncertainty analysis likewise distinguishes estimator accuracy from confidence in an 

estimate (Zhong & Ling, 2024b). 
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Latency requires careful interpretation. FastLite is faster overall, but SolvePro's spatial 

templates are slightly faster than the cheap fallback on some short items; the largest latency 

difference comes from zebra constraint solving. The economic benefit therefore appears 

mainly in normalized cost. Production deployments should replace the 1:8 multiplier with 

current service prices and measured tail latency. Progressive PDF rendering shows how a 

structural priority policy can target time to a functional first frame (H. Wang et al., 2025). 

Work on GPU demand forecasting (Zhao et al., 2025), capacity planning (He et al., 2026), and 

memory prediction (C. Wang et al., 2025) illustrates why resource models must be recalibrated 

when workloads or hardware change. 

A notable finding is that the complexity rule is competitive with the oracle: it preserves 

100.0% accuracy while saving 52.7% cost, only 1.9 percentage points below the oracle. The 

rule is auditable because it encodes known solver boundaries; the learned router is more 

adaptable but accepts several unsafe cheap calls. Conservative off-policy selection (Ye et al., 

2026) suggests a useful compromise: a rule-defined guaranteed region can be combined with 

a learned policy on the unresolved cases. 

The broader implication is that fresh benchmarks can support router training in a way that 

static benchmarks cannot. If FastLite succeeds because an item appeared in training data, the 

router learns a misleading safety label. LiveBench's update process and objective scoring 

reduce this risk (White et al., 2024), while LiveCodeBench provides a comparable time-aware 

principle for code (Jain et al., 2024). Evidence-chain provenance (Jin, 2025b) and retrieval-

quality prediction (R. Zhang et al., 2025) add a complementary lesson: the evidence supporting 

a route should remain inspectable. 

The comparison between rule and learned routing also clarifies the role of a compact proxy. 

Distilling an expensive quality metric into an edge predictor (B. Zhou et al., 2025) is useful 

only if the proxy is validated at the deployment threshold. Numerical guardrails (Z. Li et al., 

2026) make the same point for calculation-intensive assistants. In this study, the logistic model 

offers a portable score, whereas the complexity rule offers a stronger guarantee on the 

observed split. A hybrid can preserve the rule's auditability and use the model to reduce 

unnecessary strong calls outside the certified region. 

The cost-saving metric explains why the oracle saving (54.6%) is not equal to FastLite's 

accuracy rate (67.0%). Token-weighted savings are larger when FastLite handles long safe 

prompts and smaller when it handles short ones. Web-of-Lies is valuable because it combines 

long inputs with exact cheap solvability. Similar allocation problems arise when demand 

forecasting informs constrained budgets (Y. Lu et al., 2025) or when job-level forecasts drive 

power-aware inventory (He et al., 2026): the value of a correct decision depends on the 

resources attached to that case. 

The local millisecond measurements add a second perspective but should not be collapsed 

with cost. SolvePro is slower overall because zebra search dominates its mean; FastLite avoids 

that search on many items. A hosted LLM study would also need queueing, output-token, and 

tail-latency measurements. Command-safe DevOps assistance (B. Zhang et al., 2026) shows 
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why workload prediction and execution safeguards should remain separate components of an 

operational router. 

Objective answer formats make router analysis cleaner. Web-of-Lies lists, zebra attributes, 

and spatial counts or shape names can be normalized automatically. Budgeted multi-hop 

retrieval (Su et al., 2025), financial-search reranking (Meng et al., 2026), and evidence-

constrained accounting agents (S. Zhou et al., 2026) similarly benefit from decomposing 

retrieval, decision, and verification. Free-form generation would require additional evaluators, 

and its router label would be less stable. 

Logistic regression remains competitive because many safety boundaries are nearly rule-like: 

at most three zebra people, a recognizable truth graph, or a simple spatial formula. The random 

forest ranks items well but produces more errors at its selected threshold. Calibration-light 

transfer (Wu, Mi, et al., 2025), uncertainty-aware medical classification (S. Lu & Zou, 2026), 

and uncertainty-sensitive market fusion (H. Zhou & K. Zhang, 2025) all reinforce the 

distinction between ranking performance and a risk-bearing operating point. 

The results suggest a practical protocol for multi-model systems: run cheap and strong back 

ends on a fresh, objectively scored benchmark; derive only pre-answer features; train a safety 

predictor out of fold; report both endpoints, transparent rules, learned routers, and the oracle; 

and publish task-level errors and threshold sweeps. Human-facing evidence designs (Su et al., 

2026) and incident visualization (Nie et al., 2026) further suggest that unsafe or ambiguous 

routes should expose the reason for escalation rather than only the selected model name. 

 

Cross-Domain Implications 

The deterministic back ends should be interpreted as controlled policy surrogates, not as 

estimates of any named commercial model. Lightweight foundation-model transfer on medical 

data shows that compact back ends can remain useful when their training objective matches 

the target task (Mi et al., 2025); conversely, predictive DDoS mitigation illustrates how the 

cost of a false negative can change the preferred operating point (B. Wang et al., 2024). The 

present contribution is therefore the evaluation protocol—pre-answer features, out-of-fold 

safety labels, explicit endpoints, and task-level errors—rather than a universal claim about one 

cheap/strong pair. 

Uncertainty should also be monitored after deployment. Formal uncertainty quantification for 

spectral estimators separates point performance from confidence in that performance (Zhong 

& Ling, 2024b). An LLM router needs the same distinction: a high AUC does not guarantee 

that a fixed probability threshold remains safe after a benchmark release or back-end update. 

Calibration curves, coverage, and the rate of unsafe cheap calls should therefore be 

recomputed whenever the data-generating process changes. 

Finally, routing affects the form of downstream oversight. Evidence-linked counseling support 

demonstrates that selecting and presenting a response policy can be as consequential as 

selecting a model (Y. Zhang & H. Zhang, 2025b). Autonomous-driving detection work 

similarly highlights the sensitivity of visual pipelines to architectural changes (Ling et al., 
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2024). These are not direct LiveBench baselines, but they reinforce a deployment principle: 

high-consequence routes should include a verifier, abstention path, or human review rather 

than relying on confidence alone. 

Limitations and Future Work 

The empirical scope is limited to the 200 reasoning questions in the evaluated split. The 

method can be extended to coding and instruction following, but the reported numbers must 

not be read as performance on those categories. Evidence from cross-dataset transfer and 

teacher-facing prediction shows why new task families require independent validation rather 

than assumed portability. The strong back end also reaches 100.0% here, so the study does not 

estimate cases in which both back ends fail. 

The back ends are deterministic reasoning policies rather than proprietary API models. This 

choice makes every result reproducible, but the measured millisecond latencies are not cloud-

model latencies and the 1:8 cost ratio is not a price table. Lightweight medical pretraining (Mi 

et al., 2025) and predictive DDoS mitigation (B. Wang et al., 2024) illustrate that an 

inexpensive policy's acceptable risk depends on its domain. A deployment study should 

substitute current prices, service latency, and application-specific loss, then reselect the 

threshold. 

FastLite does not represent every small LLM, and SolvePro does not represent every frontier 

LLM. Neural back ends would add stochastic sampling, refusal behavior, formatting failures, 

and residual strong-model errors. Therapist-facing retrieval and ranking (Y. Zhang & H. 

Zhang, 2025a) emphasizes that a policy choice can alter downstream behavior even when 

model capability is unchanged. High-risk extensions should therefore add abstention, 

verification, repeated sampling, or human review. 

The features are extracted by regular expressions and task-specific parsers. They are 

transparent but depend on prompt conventions. A future LiveBench release could add 

paraphrases or new structures that lower parser coverage. Multilingual RAG evaluation (Chen 

& Xu, 2026) and autonomous-driving detector optimization (Ling et al., 2024) exemplify 

settings in which language or visual distribution shift can change the reliability of a previously 

effective representation. The safe response is to version the extractor, report coverage, and 

rerun the same scoring pipeline on each release. 

Cost is modeled only from input length and a fixed multiplier. Commercial systems may bill 

input and output tokens differently and can have minimum or queueing latencies unrelated to 

prompt length. GPU-memory prediction (C. Wang et al., 2025) and multi-horizon demand 

forecasting (Zhao et al., 2025) demonstrate that operational constraints can change with 

workload and hardware. The normalized cost here is therefore an experimental control, not a 

universal price estimate. 

Finally, five-fold evaluation on one 200-item split cannot substitute for a longitudinal 

benchmark. A production router should be checked for drift in cheap-model correctness and 

recalibrated whenever a back end or release changes. Formal uncertainty quantification 

(Zhong & Ling, 2024b) provides the relevant conceptual distinction between an estimate and 
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confidence in that estimate. Larger releases would also support narrower confidence intervals, 

temporal holdouts, and stronger calibration diagnostics. 

 

Conclusion 

This study evaluated an accuracy-cost-latency router on 200 LiveBench reasoning questions. 

FastLite reached 67.0% exact accuracy and SolvePro reached 100.0%. A five-fold out-of-fold 

logistic router achieved 97.0% exact accuracy with a 32.5% strong-call rate and 55.0% 

normalized cost saving; a transparent complexity rule preserved 100.0% accuracy with a 

36.5% strong-call rate and 52.7% saving. Structural features—people, constraints, truth-graph 

cues, and spatial composition—were more useful than prompt length alone. 

The main practical conclusion is that routing should be evaluated as a decision policy. The 

cheap endpoint measures risk, the strong endpoint measures the ceiling, the selected operating 

point measures deployable savings, and the oracle measures unrecovered opportunity. 

Reporting all four, together with task-level errors and a threshold sweep, makes the tradeoff 

auditable and prevents aggregate cost savings from hiding unsafe cheap calls. 

The numerical findings are limited to the stated reasoning split and to deterministic back ends; 

they are not vendor LLM latency or pricing claims. Future work should add temporal releases, 

coding and instruction-following tasks, service-specific prices, strong-model uncertainty, 

calibrated abstention, and verifier or human-review paths. The core requirement remains 

unchanged: the route must be selected before the answer is known, evaluated on fresh 

objective data, and reported with enough evidence to show where cost is saved and where 

errors remain. 
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