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Abstract001

Large language model (LLM) routing assigns002
each query to the most suitable model from an003
ensemble. We introduce LLMRouterBench, a004
large-scale benchmark and unified framework005
for LLM routing. It comprises over 400K in-006
stances from 21 datasets and 33 models. More-007
over, it provides comprehensive metrics for008
both performance-oriented and performance-009
cost trade-off routing, and integrates 10 repre-010
sentative routing baselines. Using LLMRouter-011
Bench, we systematically re-evaluate the field.012
While confirming strong model complementar-013
ity—the central premise of LLM routing—we014
find that many routing methods exhibit simi-015
lar performance under unified evaluation, and016
several recent approaches, including commer-017
cial routers, fail to reliably outperform a sim-018
ple baseline. Meanwhile, a substantial gap re-019
mains to the Oracle, driven primarily by per-020
sistent model-recall failures. We further show021
that backbone embedding models have limited022
impact, that larger ensembles exhibit dimin-023
ishing returns compared to careful model cu-024
ration, and that the benchmark also enables025
latency-aware analysis. All code and data026
are available at https://anonymous.4open.027
science/r/LLMRouterBench-F524.028

1 Introduction029

The rapid evolution of large language models030

(LLMs) has led to a proliferation of publicly avail-031

able models.1 In this landscape, LLM routing has032

emerged as an important direction: rather than rely-033

ing on a single model, routing methods operate over034

an ensemble of LLMs and dynamically assign each035

query to the model best suited to handle it. Since036

early studies in 2023 that focused primarily on037

improving the collective performance of LLM en-038

sembles (Jiang et al., 2023; Lu et al., 2024; Huang039

1For example, as of January 2026, there are over 2,165
models fine-tuned on LLaMA-3.1-8B-Instruct and 778 on
Qwen-3-8B.
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Figure 1: (a) Interest in LLM routing over time, as mea-
sured by the cumulative number of related papers and
Google Trends. (b) An Overview of LLMRouterBench.

et al., 2025a), the field has broadened to address 040

performance-cost trade-offs (Ding et al., 2024; 041

Wang et al., 2025b; Ding et al., 2025; Jitkrittum 042

et al., 2025); more recently, the integration of real- 043

time routing into production systems such as GPT- 044

5 (OpenAI, 2025a) and HuggingChat-Omni (Hug- 045

ging Face, 2025) has further boosted academic, 046

industrial, and even public interest (Fig. 1 (a)). 047

Despite its academic origins, progress in this 048

field risks becoming increasingly marginalized 049

within the research community for two primary 050

reasons. First, developing a routing method typ- 051

ically requires evaluating an ensemble of LLMs 052

across a wide range of datasets; this incurs sub- 053
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stantial computational costs from deploying multi-054

ple large models on dedicated hardware or signifi-055

cant financial costs from relying on online service056

providers (e.g., OpenRouter). Second, the lack057

of open-source infrastructure has led to a highly058

fragmented research landscape: individual studies059

implement bespoke routing pipelines using differ-060

ent model ensembles, datasets, and evaluation pro-061

tocols, hindering fair comparison, reproducibility,062

and cumulative progress in the field.063

To reduce these barriers for the community,064

we introduce LLMRouterBench, a benchmark and065

framework for LLM routing Fig. 1 (b). As sum-066

marized in Table 1, unlike existing benchmarks067

that rely largely on earlier-generation open-source068

models or evaluate only a narrow class of routing069

methods, LLMRouterBench provides timely, large-070

scale, high-quality data curated from 21 datasets071

and 33 models. These include 13 recently released072

flagship models and 5 widely used proprietary073

models, totaling over 400K instances, $2.7K in074

API costs, and approximately 1K GPU hours. Be-075

yond scale, LLMRouterBench natively supports076

both dominant research paradigms in this field (i.e.077

performance-oriented routing and performance-078

cost tradeoff routing), defines a comprehensive079

suite of metrics for each setting, and offers adapters080

to interface with publicly available routing imple-081

mentations with minimal modification; crucially, it082

enables reproducible, unified evaluation across 10083

representative routing baselines.084

With LLMRouterBench, we systematically re-085

examine the landscape of LLM routing and uncover086

several key findings. First, we reaffirm the field’s087

central premise: models exhibit clear complemen-088

tarity both in performance and cost-efficiency, with089

no single model achieving universal dominance.090

Second, by evaluating routing baselines on a uni-091

fied model ensemble and dataset suite, we identify092

a surprising pattern: despite ongoing methodologi-093

cal innovation, contemporary routing approaches094

deliver nearly indistinguishable results in perfor-095

mance across various metrics. This pattern also096

extends to performance-cost tradeoff settings: sev-097

eral recent routing methods, even including the098

commercial router OpenRouter, do not outperform099

a simple baseline (the Best Single model), nor do100

they reliably reduce cost without sacrificing per-101

formance relative to Best Single. These findings102

suggest that under unified, large-scale evaluation,103

the practical gains of current routing methods may104

be less significant than previously assumed.105

Third, although the above results may initially 106

appear discouraging, we find that LLM routing 107

remains far from its capability ceiling: a substan- 108

tial performance gap persists relative to an Oracle 109

baseline that always selects the best-performing 110

model per query in hindsight. This gap is primarily 111

driven by persistent model-recall failures: for many 112

queries, only a single candidate model produces a 113

correct response, yet current routers frequently fail 114

to identify it, highlighting a clear opportunity for 115

future improvement. Fourth, while several routing 116

methods rely on embedding models, our ablation 117

study shows that embeddings have little impact on 118

routing performance. Fifth, although expanding the 119

model ensemble is often assumed to improve col- 120

lective performance (Huang et al., 2025b), we ob- 121

serve clear diminishing returns from adding more 122

models; in contrast, a carefully selected subset can 123

yield substantially better outcomes. This suggests 124

that model curation should be studied jointly with 125

routing, as careful curation can outweigh simply 126

scaling the ensemble. Finally, we show that LLM- 127

RouterBench also enables latency-aware analysis, 128

opening a path toward performance-cost-latency 129

optimization in future routing research. 130

Our key contributions are summarized as fol- 131

lows: 132

• Timely, high-quality, large-scale data: 400K+ 133

instances curated from 21 challenging datasets 134

and 33 recently released models, lowering the 135

cost barrier and improving the accessibility of 136

LLM routing research; 137

• An open-source, unified routing framework: 138

integration of 10 representative routing base- 139

lines and comprehensive quantitative metrics in 140

both performance-oriented and performance-cost 141

tradeoff settings, enabling fair, reproducible eval- 142

uation; 143

• A systematic re-examination of LLM routing: 144

an extensive comparative study of leading rout- 145

ing methods that systematically analyzes their 146

strengths and limitations, characterizes the capa- 147

bility ceiling, rigorously tests common practices 148

and prevailing hypotheses, and outlines promis- 149

ing directions for future research. 150

2 Related Work 151

Routing for Performance. This paradigm aims 152

to enhance collective performance of an ensemble 153

of LLMs by routing each query to the model that 154
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Benchmark Performance-oriented Performance–Cost Datasets Proprietary
Models

Unified
Model Pool

Routing
Baselines

Data
Release

RouterBench ✗ ✓ 8 GPT-4&3.5, Claude v1&2 ✓ 3 ✓
EmbedLLM ✓ ✗ 10 ✗ ✓ 1 ✓
RouterEval ✓ ✗ 12 ✗ ✓ 4 ✓
FusionFactory ✗ ✓ 14 ✗ ✓ 5 ✓

RouterArena ✗ ✓ 23† ✓‡ ✗ ✗ ✗

LLMRouterBench ✓ ✓ 21 GPT-5, GPT-5-Chat, Claude 4
Gemini 2.5 Pro... ✓ 10 ✓

Table 1: Comparison with existing routing benchmarks. †RouterArena treats the routing system as a black box,
reporting only overall performance without per-prompt, per-model details, and thus cannot directly support
developing new routing algorithms. ‡Each routing system uses different models.

is most likely to produce a correct answer (Yue155

et al., 2025; Zhang et al., 2025a; Fein-Ashley et al.,156

2025; Wang et al., 2025a). LLM-Blender (Jiang157

et al., 2023) selects top candidate models through158

pairwise ranking and fuses their outputs. Rou-159

terDC (Chen et al., 2024b) applies dual con-160

trastive learning to boost routing accuracy. Em-161

bedLLM (Zhuang et al., 2024) leverages com-162

pact model and query embeddings. MODEL-163

SAT (Zhang et al., 2025b) constructs capability-164

aligned embeddings to train a lightweight LLM as165

a router. Avengers (Zhang et al., 2025d) shows that166

a clustering-based routing, combined with aggrega-167

tion methods, can empower a set of small LLMs to168

surpass proprietary models.169

Routing for Performance-Cost Tradeoff. This170

paradigm routes queries to models to tradeoff be-171

tween performance and cost (Song et al., 2025; Jin172

et al., 2025; Patel et al., 2025; Fernandez et al.,173

2025; Guo et al., 2025b), as more capable models174

are often associated with higher financial and com-175

putational costs. Earlier studies primarily focused176

on routing between only two models (typically a177

small one and a larger one). HybridLLM (Ding178

et al., 2024) targets the tradeoff based on predicted179

query difficulty. FrugalGPT (Chen et al., 2024a)180

adopts cascaded inference from small to large mod-181

els. RouteLLM (Ong et al., 2024) trains the router182

from preference data. More recently, research has183

extended to larger model ensembles. Avengers-184

Pro (Zhang et al., 2025c) are both build upon185

clustering-based routing. GraphRouter (Feng et al.,186

2025a) employs a heterogeneous graph to represent187

task-query-LLM interactions, formulating model188

routing as an edge prediction problem.189

3 LLMRouterBench190

We construct the LLMRouterBench to systemat-191

ically support two dominant paradigms in LLM192

routing research: routing for performance and rout- 193

ing for performance-cost tradeoff. 194

3.1 Model Pools 195

In the performance-oriented setting, we benchmark 196

routing methods’ ability to exploit complementary 197

strengths among comparable-sized LLMs.2 In con- 198

trast, the performance-cost setting intentionally in- 199

cludes models with substantial variations in size, 200

capability, and cost to reflect realistic performance- 201

cost tradeoffs. This yields two pools totaling 33 202

models: 203

• For the performance-oriented setting, we con- 204

struct a pool of 20 state-of-the-art ∼7B 205

lightweight LLMs, such as DS-Qwen3 and 206

Qwen3-8B (see Appendix Table 7 for details) 207

• For the performance-cost setting, we build an- 208

other pool of 13 flagship LLMs from 8 providers, 209

varying substantially in capability and cost, such 210

as GPT-5 and Gemini-Flash, with cost informa- 211

tion collected from OpenRouter (OpenRouter, 212

Inc., 2025b) and official APIs (see Appendix Ta- 213

ble 8 for details). 214

3.2 Datasets 215

We curate 21 datasets spanning multiple domains 216

(full list in Appendix Table 9), including Mathe- 217

matics (e.g., AIME, LiveMathBench (Liu et al., 218

2024c)), Code (e.g., HumanEval (Chen et al., 219

2021a), SWE-Bench (Jimenez et al., 2023)), Logic 220

(e.g., BBH (Suzgun et al., 2022), KORBench (Ma 221

et al., 2024)), Knowledge (e.g., HLE (Phan et al., 222

2025), SimpleQA (Wei et al., 2024)), Affective 223

(e.g., MELD (Poria et al., 2019)), Instruction Fol- 224

lowing (e.g., ArenaHard (Li et al., 2024)), and Tool 225

Use (e.g., τ2-Bench (Barres et al., 2025)). 226

2It is trivial to consider models with significant variations
in sizes, as larger models typically yield better performance
than smaller models.
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Figure 2: LLMRouterBench framework integrating Collector, Evaluator, and Adaptor components for standardized
evaluation of LLM routing methods.

For flagship models under the performance-cost227

setting, we select 10 datasets, excluding saturated228

datasets to effectively evaluate frontier capabilities.229

For lightweight models under the performance-230

oriented setting, we select 15 datasets, excluding231

excessively challenging datasets on which all mod-232

els perform uniformly poorly to ensure meaningful233

comparisons (See Appendix Table 9 for details.).234

3.3 Modular Design235

To support flexible integration of diverse mod-236

els, datasets, and routing algorithms, LLMRouter-237

Bench (see Fig. 2) adopts a modular design built238

around three key modules: Collector, Evaluator,239

and Adaptor. The Collector exposes a unified API240

to candidate LLMs, handling caching, retries, and241

cost tracking while consolidating all model outputs242

into the standardized format described above. The243

Evaluator implements rigorous, dataset-specific244

evaluation metrics (see Appendix Table 9 for de-245

tails) to ensure fair comparisons across models.246

The Adaptor converts the standardized format into247

algorithm-specific inputs for each routing method,248

maintaining consistent train-test splits given the249

same random seed. This modular design allows250

LLMRouterBench to interface with publicly avail-251

able routing implementations with minimal modifi-252

cation, facilitating unified evaluation and faithful253

alignment with their original implementations.254

3.4 Evaluation Metrics255

Performance metrics Let D be the set of evalu-256

ation datasets, with d ∈ D a generic dataset. For257

each routing method a, let Acc(a, d) denote its ac-258

curacy on d, computed based on the correctness259

of the answers produced by the model selected260

by a for each query in d. The Average Accuracy261

(AvgAcc) for each routing method a is then given262

by AvgAcc = 1
|D|

∑
d∈D Acc(a, d).263

We propose to compare each routing method264

to three baselines: (1) Random Router (R) ran-265

domly selects a model from the candidate pool 266

per instance; (2) Best Single (B) selects a single 267

model with the highest average accuracy across all 268

datasets in hindsight; (3) Oracle (O) selects, for 269

each instance, a model that yields a correct predic- 270

tion if such a model exists in hindsight, choosing 271

the one with minimum cost when multiple exist. 272

Random Router serves as a lower-bound baseline, 273

while Best Single and Oracle provide meaningful 274

reference points for achievable performance. We 275

propose three metrics based on these baselines. We 276

define Gain@b = 1
|D|

∑
d∈D

(
Acc(a,d)
Acc(b,d) − 1

)
and 277

Gap@O = 1
|D|

∑
d∈D

(
1− Acc(a,d)

Acc(O,d)

)
, where b ∈ 278

{R,B}. While Gain@R and Gain@B measure 279

relative performance gains over Random Router 280

and Best Single, respectively, Gap@O measures 281

the gap to the Oracle. 282

Performance-cost metrics In the performance- 283

cost setting, each routing method a typically 284

has a tunable parameter inducing configura- 285

tions Θ with different performance-cost trade- 286

offs. For a configuration θ ∈ Θ, we denote 287

its total inference cost by Cost(θ). We com- 288

pare each routing method to the Best Single 289

B, focusing on two configurations: (i) θ∗ = 290

argmaxθ∈ΘAvgAcc(θ), the configuration with 291

the highest average accuracy (ignoring cost); and 292

(ii) θ† = argminθ∈ΘCost(θ) with AvgAcc(θ) ≥ 293

AvgAcc(B), the least-cost configuration with ac- 294

curacy no worse than AvgAcc(B). Based on these, 295

we define two metrics: PerfGain = AvgAcc(θ∗)
AvgAcc(B) −1, 296

measuring the best achievable performance im- 297

provement, and CostSave = 1− Cost(θ†)
Cost(B) , measur- 298

ing the maximal cost reduction without sacrificing 299

performance relative to the Best Single. 300

In addition, we perform a Pareto analysis, a tech- 301

nique for evaluating tradeoffs in multi-objective 302

optimization. We define S to include (i) all rout- 303

ing method configurations and (ii) all single mod- 304
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els. We say that x ∈ S Pareto-dominates y ∈ S305

if AvgAcc(x) ≥ AvgAcc(y) and Cost(x) ≤306

Cost(y), and at least one inequality is strict. The307

Pareto frontier P is the set of configurations in S308

that are not Pareto-dominated by any other config-309

uration in S. For each routing method, we mea-310

sure its distance to the Pareto frontier. Let θ̃ and311

ỹ∗ denote the normalized coordinates and frontier312

configurations, respectively. For a routing method313

a with configurations Θ, we define the distance314

as ParetoDist = 1
|Θ|

∑
θ∈Θminy∗∈P ∥θ̃ − ỹ∗∥1.315

Smaller values of ParetoDist indicate that the con-316

figurations of the method are, on average, closer to317

the Pareto frontier.318

3.5 Overall Benchmark Statistics319

Table 2 summarizes key statistics of LLMRouter-320

Bench across two routing settings. In the321

performance-oriented setting, we evaluate 20322

lightweight (∼7B) models on 15 challenging323

datasets, totaling 745.0M tokens. The performance-324

cost setting assesses 13 flagship models across325

10 datasets, totaling 1,030.3M tokens. Taken326

together, LLMRouterBench comprises 23,945327

prompts, 391,645 instances, and approximately328

1.8B tokens, requiring substantial data collection329

efforts (1K GPU hours for lightweight inference330

and $2,771.84 in API costs). Notably, compared to331

recent studies, LLMRouterBench contains approx-332

imately 17× more total tokens (1.8B vs. 104M)333

than FusionFactory (Feng et al., 2025b), and about334

3× more prompts (23,945 vs. 8,400) than Router-335

Arena (Lu et al., 2025).

Metric Performance-Oriented Performance-Cost

Datasets 15 10
Models 20 13
Prompts 11,480 12,446
Instances 229,600 161,520
Tokens (M) 745.0 1,030.3
Total cost A800 1000 GPU hours $2,771.84†

Table 2: Overall statistics of LLMRouterBench. †About
$500 comes from LLM-based judging.336

4 Experiments337

4.1 Experimental Setup338

We evaluate 9 representative routing methods from339

recent published studies with available open-source340

implementations, and additionally include Open-341

Router as a commercial router:342

• Performance-oriented setting: RouterDC (Chen343

et al., 2024b), EmbedLLM (Zhuang et al.,344

2024), MODEL-SAT (Zhang et al., 2025b), 345

GraphRouter (Feng et al., 2025a), and 346

Avengers (Zhang et al., 2025d). 347

• Performance-cost setting: HybridLLM (Ding 348

et al., 2024), FrugalGPT (Chen et al., 349

2024a), RouterLLM (Ong et al., 2024), 350

GraphRouter (Feng et al., 2025a), Avengers- 351

Pro (Zhang et al., 2025c), and OpenRouter. 352

Appendix B.2 and B.3 provides detailed descrip- 353

tions and implementation details. 354

4.2 Results and Analyses 355

Due to the lack of space, we present detailed 356

benchmark results across all evaluated models and 357

datasets in Appendix Tables 4, 5, and 6. The re- 358

ported results are averaged across runs; Appendix 359

Tables 11, 12, and 13 additionally report per-dataset 360

results averaged over five runs with different ran- 361

dom seeds. In the following, we highlight and 362

discuss the key findings. 363

4.2.1 Performance-Oriented Setting 364

No single model rules every domain; models 365

exhibit complementary strengths. A central 366

premise of performance-oriented routing is that dif- 367

ferent models excel in various domains. As shown 368

in Fig. 3, we find clear evidence of this complemen- 369

tarity: mathematics benchmarks are often led by 370

models such as Intern-S1-mini or GLM-Z1, code 371

benchmarks by Qwen-Coder or Fin-R1, and logical 372

and affective benchmarks by other models. This 373

confirms the central premise of this field. 374

Top routing methods are comparable, but can be 375

free of neural network training. LLM routing 376

is not new, resulting in a substantial body of litera- 377

ture. Nonetheless, our results indicate that, despite 378

continued methodological innovation, many rout- 379

ing approaches achieve broadly comparable perfor- 380

mance in practice. As shown in Fig. 4, across mul- 381

tiple metrics (Gain@R, AvgAcc, Gain@B, and 382

Gap@O), leading routing methods (EmbedLLM, 383

GraphRouter, MODEL-SAT, and Avengers) yield 384

similar outcomes. Note that the Avengers achieve 385

such performance primarily through clustering and 386

do not require neural-network training. 387

This observation has two implications. First, 388

it is favorable from a deployment standpoint: 389

lightweight routers, which are inexpensive to de- 390

velop and straightforward to update, may be suffi- 391

cient in practice. On the other hand, the lack of dif- 392

ferentiation among leading methods suggests that a 393
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Figure 5: Query hardness distribution (by number of
correct models) with router accuracy.

large fraction of routing gains may be attributable394

to capturing coarse-grained domain structure (e.g.,395

distinguishing mathematics and code) rather than396

learning highly nuanced decision boundaries. This397

is supported by the proximity of these methods398

to the Dataset Oracle (the hatched bar in Fig. 4),399

which assigns each dataset to the single model with400

the highest accuracy on that dataset.401

Routing remains far from its capability ceil-402

ing: current methods often miss the lone cor-403

rect model. Although top routing methods per-404

form similarly, which may raise the question of405

whether further gains are available, The GaptoOr-406

acle, shown in Fig. 4 (d), reveals a significant gap407

to the routing upper bound given by the Oracle408

baseline. A key contributor is model-recall failure:409

when only one or a few candidate models produce410

the correct answer, current routers often fail to se-411

lect them. As analyzed in Fig. 5, this issue accounts412

for a non-trivial portion of the remaining error. For413

example, on queries where at most three experts an-414

swer correctly (410 queries, 11.9% of the test set), 415

Avengers and EmbedLLM achieve low accuracy 416

(24.6% and 23.2%, respectively). 417

Closing this gap will likely require routers that 418

more reliably detect and prioritize these cases, for 419

example via improved uncertainty or difficulty es- 420

timation, or explicit mechanisms to boost recall 421

of rare-but-critical experts, which constitutes a 422

promising direction for future work. 423

Embedding models have little influence on rout- 424

ing performance. Because many routing meth- 425

ods rely on an embedding model, we examine how 426

this choice affects performance. Surprisingly, the 427

embedding models have consistently little differ- 428

ences across routing methods. Appendix Table 10 429

shows that by replacing gte-qwen2-7B-instruct 430

with nli-bert-base (Reimers and Gurevych, 2019) 431

and all-MiniLM-L6-v2 (Wang et al., 2020), we do 432

not observe a significant difference in performance 433

among GraphRouter, EmbedLLM, and Avengers, 434

all of which depend on embeddings. Note that both 435

alternatives are weaker backbones: all-MiniLM-L6- 436

v2 involves only 22.7M parameters, and nli-bert- 437

base is deprecated in Sentence-Transformers for 438

poor sentence-embedding quality. 439

This suggests that embedding quality may not 440

be the primary bottleneck for current embedding- 441

based routers. Future gains may come less from im- 442

proving semantic representations per se, but more 443

from developing routing mechanisms that better 444

translate representations into reliable model selec- 445

tion, particularly under distribution shift and in rare 446
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cases where correct performance hinges on select-447

ing a specific specialist model.448

Adding more models yields diminishing returns,449

but a well-chosen subset can make a difference.450

A common hypothesis in the field (Jiang et al.,451

2023) is that expanding the candidate pool should452

increase complementarity and therefore improve453

collective performance. However, using the Oracle454

baseline, we find clear diminishing returns as more455

models are added (Fig. 6). The largest gains occur456

when moving from a very small pool to a moder-457

ate one, after which additional models contribute458

only marginal improvements. By contrast, how we459

select a small subset matters substantially: compar-460

ing random selection to choosing the top-k models461

by average accuracy, the latter consistently delivers462

stronger performance.463

This suggests that careful curation can outweigh464

simply scaling the pool; a carefully selected moder-465

ate pool plus a robust router may offer most of the466

achievable benefit without the overhead of main-467

taining a very large pool. Future work should study468

model pool curation jointly with routing: selecting469

a small set that maximizes complementarity, poten-470

tially via coverage or diversity-style selection.471

4.2.2 Performance-Cost Settings472

Models complement each other on performance473

and cost-efficiency. Similar to the performance-474

oriented setting, we observe complementarity475

among models in terms of performance and cost.476

As Appendix Table 5 shows, while GPT-5 achieves477

the best average accuracy and leads on HLE, sub-478

stantially cheaper models such as Qwen3-235B and479

DeepSeek-R1 can match proprietary-level accuracy480

on selected mathematics and QA tasks. These re-481

sults support the central premise behind routing for482

performance-cost tradeoffs.483

20 0 20 40
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RouteLLM

GraphRouter
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-24.7
N/A

-12.7
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-9.5
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+2.6
+11.4

+2.8
-19.7

+4.0
+31.7

PerfGain (%)
CostSave (%)

Figure 7: Performance gains and cost savings of various
routing methods relative to the GPT-5. Cost savings are
reported only for methods achieving accuracy equal to
or higher than GPT-5; otherwise marked as N/A.

Effective routing improves upon the Best Sin- 484

gle and reduces cost without sacrificing perfor- 485

mance, but not all routers succeed. Leveraging 486

model complementarity, as shown in Fig. 7, top 487

routing methods achieve up to a 4% average accu- 488

racy gain over the Best Single model and up to a 489

31.7% cost reduction while matching Best Single 490

performance. However, these gains are not uni- 491

versal: several routers fail to outperform the Best 492

Single, and some (especially binary routers, such 493

as HybridLLM and FrugalGPT) struggle to trade 494

cost for savings while preserving Best Single accu- 495

racy. Notably, the commercial router OpenRouter 496

yields the smallest (indeed, negative) performance 497

improvement (-24.7%) relative to the Best Single 498

model and fails to match its performance, despite 499

operating over a much larger candidate pool.3 500

These results reinforce the appropriateness of 501

Best Single as a baseline: a non-trivial fraction of 502

routing strategies do not outperform this simple 503

alternative. More broadly, the variability across 504

routers indicates substantial remaining headroom 505

for robust performance-cost routing, particularly 506

for methods that can deliver cost reductions without 507

sacrificing accuracy. 508

Avengers-Pro achieves a Pareto-optimal 509

performance-cost tradeoff. We visualize 510

the Pareto frontier, a stylish analysis for multi- 511

objective optimization in Fig. 8. Unlike the 512

performance-oriented setting (where several 513

routing methods are competitive), Avengers-Pro 514

nearly dominates the frontier. That is, relative 515

to any single model or other routing methods, 516

3OpenRouter uses a platform-defined model pool that dif-
fers from ours and is not user-configurable (OpenRouter, Inc.,
2025a); we provide details for their pool in Appendix Table 14.
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Figure 8: Average accuracy versus total inference cost
for all base models and routing methods, with the em-
pirical Pareto frontier highlighted.

Avengers-Pro is almost always cheaper at517

comparable performance or achieves higher518

performance at comparable cost. No other methods519

or single models can be simultaneously cheaper520

and more accurate than Avengers-Pro. This is521

further supported by the ParetoDist metric in522

Fig. 8; Avengers-Pro attains ParetoDist near zero,523

generally being Pareto-optimal, whereas other524

routers exhibit substantially larger distances.525

These results have two implications. First, they526

demonstrate that strong performance-cost routing527

is achievable in practice: the Pareto frontier is not528

merely a theoretical construct, and a well-designed529

router can operate near it. Second, they indicate530

that future progress should be assessed not only by531

average accuracy, but also by whether new meth-532

ods shift the frontier—that is, expand the set of533

attainable operating points toward simultaneously534

lower cost and higher performance.535

LLMRouterBench enables extending routing536

to performance-cost-latency optimization. We537

note that LLMRouterBench also enables latency-538

aware analysis. By tracking the number of con-539

sumed tokens (supported by our LLMRouter-540

Bench) and combining this with standard serving541

statistics (provided by OpenRouter, e.g., time-to-542

first-token and tokens-per-second), one can approx-543

imate end-to-end response time for different mod-544

els under a unified protocol. To date, however,545

routing research has largely focused on optimizing546

accuracy and/or cost, and, to our knowledge, we547

do not notice any methods that explicitly target the548

joint performance-cost-latency tradeoffs.549

In Fig. 9, we illustrate how different models550

vary along these three dimensions. Models that551

are similar in accuracy and cost can nonetheless552

differ markedly in latency. For example, Qwen3-553
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Figure 9: Model performance-cost-latency tradeoffs on
τ2-Bench. † Latency measurements were collected from
the OpenRouter platform (Jan. 5, 2026).

Thinking and GLM-4.6 have similar performance 554

and cost but differ notably in latency (262.1s vs. 555

32.4s). This introduces an additional axis of com- 556

plementarity that is directly relevant to user ex- 557

perience. From a practical standpoint, when two 558

models deliver comparable accuracy at similar cost, 559

users will often prefer the model that responds 560

faster. Accordingly, our dataset provides the nec- 561

essary signals to support systematic exploration of 562

this tri-objective setting. 563

5 Conclusions 564

We present LLMRouterBench, a large-scale bench- 565

mark and unified framework for LLM routing under 566

both performance-oriented and performance-cost 567

trade-off settings. By consolidating over 400K in- 568

stances spanning 21 datasets and 33 models, and by 569

introducing comprehensive metrics together with 570

10 representative baselines, LLMRouterBench pro- 571

vides a solid foundation for systematic study in 572

this rapidly evolving area. Our results reaffirm the 573

central motivation of LLM routing—strong com- 574

plementarity across models—but also challenge 575

several prevailing claims in the literature. Under a 576

unified evaluation, most routing methods collapse 577

to similar performance, and multiple recent ap- 578

proaches, including widely deployed commercial 579

routers, fail to reliably outperform a simple base- 580

line. A large and persistent gap to the Oracle re- 581

mains, driven primarily by systematic model-recall 582

failures rather than insufficient ensemble capac- 583

ity. We further demonstrate that common design 584

choices, such as the selection of backbone embed- 585

ding models or aggressive scaling of ensemble size, 586

yield limited gains in practice. Additionally, we 587

show that our benchmark enables extending routing 588

to tradeoffs for latency. 589
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Limitations590

Our work has three limitations. First, while we591

evaluate a broad set of routing methods, we do592

not cover all existing approaches. Given the large593

and growing number of routing methods, we focus594

on recent approaches with publicly available im-595

plementations. LLMRouterBench is modular by596

design, allowing additional routers to be integrated597

via lightweight adapters without reimplementing598

the full pipeline.599

Second, the benchmark is built from 21 widely600

used datasets that reflect common evaluation601

regimes for contemporary lightweight and flagship602

LLMs. Other settings, such as domain-specific603

verticals, very long-context tasks, and multimodal604

benchmarks, are not included. The routing formu-605

lations, metrics, and analysis procedures used in606

LLMRouterBench are generic and can be applied607

to these settings by adding new dataset evaluators.608

Third, the latency analysis is approximate. We609

estimate latency using token-level usage statistics610

together with throughput figures reported by Open-611

Router. These estimates correspond to a specific612

provider configuration and should be interpreted as613

indicative rather than definitive.614

References615

Anthropic. 2025. System card: Claude opus 4 and616
claude sonnet 4. https://www.anthropic.com/617
news/claude-4.618

Jacob Austin, Augustus Odena, Maxwell Nye, Maarten619
Bosma, Henryk Michalewski, David Dohan, Ellen620
Jiang, Carrie Cai, Michael Terry, Quoc Le, and 1621
others. 2021. Program synthesis with large language622
models. arXiv preprint arXiv:2108.07732.623

Lei Bai, Zhongrui Cai, Yuhang Cao, Maosong Cao,624
Weihan Cao, Chiyu Chen, Haojiong Chen, Kai Chen,625
Pengcheng Chen, Ying Chen, and 1 others. 2025.626
Intern-s1: A scientific multimodal foundation model.627
arXiv preprint arXiv:2508.15763.628

Victor Barres, Honghua Dong, Soham Ray, Xujie Si,629
and Karthik Narasimhan. 2025. τ2-Bench: Evaluat-630
ing conversational agents in a dual-control environ-631
ment. arXiv preprint arXiv:2506.07982.632

Akhiad Bercovich, Itay Levy, Izik Golan, Mohammad633
Dabbah, Ran El-Yaniv, Omri Puny, Ido Galil, Zach634
Moshe, Tomer Ronen, Najeeb Nabwani, Ido Sha-635
haf, Oren Tropp, Ehud Karpas, Ran Zilberstein, Jiaqi636
Zeng, Soumye Singhal, Alexander Bukharin, Yian637
Zhang, Tugrul Konuk, and 114 others. 2025. Llama-638
nemotron: Efficient reasoning models. Preprint,639
arXiv:2505.00949.640

Mats Byrkjeland, Frederik Gørvell de Lichtenberg, and 641
Björn Gambäck. 2018. Ternary twitter sentiment 642
classification with distant supervision and sentiment- 643
specific word embeddings. In Proceedings of the 644
9th workshop on computational approaches to sub- 645
jectivity, sentiment and social media analysis, pages 646
97–106. 647

Zheng Cai, Maosong Cao, Haojiong Chen, Kai Chen, 648
Keyu Chen, Xin Chen, Xun Chen, Zehui Chen, Zhi 649
Chen, Pei Chu, Xiaoyi Dong, Haodong Duan, Qi Fan, 650
Zhaoye Fei, Yang Gao, Jiaye Ge, Chenya Gu, Yuzhe 651
Gu, Tao Gui, and 81 others. 2024. Internlm2 techni- 652
cal report. Preprint, arXiv:2403.17297. 653

Lingjiao Chen, Matei Zaharia, and James Zou. 2024a. 654
FrugalGPT: How to use large language models while 655
reducing cost and improving performance. Transac- 656
tions on Machine Learning Research. 657

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, 658
Henrique Ponde de Oliveira Pinto, Jared Kaplan, 659
Harri Edwards, Yuri Burda, Nicholas Joseph, Greg 660
Brockman, Alex Ray, Raul Puri, Gretchen Krueger, 661
Michael Petrov, Heidy Khlaaf, Girish Sastry, Pamela 662
Mishkin, Brooke Chan, Scott Gray, and 39 others. 663
2021a. Evaluating large language models trained on 664
code. Preprint, arXiv:2107.03374. 665

Shuhao Chen, Weisen Jiang, Baijiong Lin, James Kwok, 666
and Yu Zhang. 2024b. Routerdc: Query-based router 667
by dual contrastive learning for assembling large lan- 668
guage models. Advances in Neural Information Pro- 669
cessing Systems, 37:66305–66328. 670

Zhiyu Chen, Wenhu Chen, Charese Smiley, Sameena 671
Shah, Iana Borova, Dylan Langdon, Reema Moussa, 672
Matt Beane, Ting-Hao Huang, Bryan Routledge, and 673
William Yang Wang. 2021b. Finqa: A dataset of 674
numerical reasoning over financial data. Proceedings 675
of EMNLP 2021. 676

Deep Cogito. 2025. Cogito v1 preview - llama 677
8b. https://huggingface.co/deepcogito/ 678
cogito-v1-preview-llama-8B. Hugging Face 679
model card. 680

Dujian Ding, Ankur Mallick, Chi Wang, Robert Sim, 681
Subhabrata Mukherjee, Victor Ruhle, Laks VS Laksh- 682
manan, and Ahmed Hassan Awadallah. 2024. Hybrid 683
llm: Cost-efficient and quality-aware query routing. 684
arXiv preprint arXiv:2404.14618. 685

Dujian Ding, Ankur Mallick, Shaokun Zhang, Chi 686
Wang, Daniel Madrigal, Mirian Del Carmen Hipolito 687
Garcia, Menglin Xia, Laks V. S. Lakshmanan, 688
Qingyun Wu, and Victor Rühle. 2025. BEST-route: 689
Adaptive LLM routing with test-time optimal com- 690
pute. In Forty-second International Conference on 691
Machine Learning. 692

Jacob Fein-Ashley, Dhruv Parikh, Rajgopal Kannan, 693
and Viktor Prasanna. 2025. Mixture of thoughts: 694
Learning to aggregate what experts think, not just 695
what they say. arXiv preprint arXiv:2509.21164. 696

9

https://www.anthropic.com/news/claude-4
https://www.anthropic.com/news/claude-4
https://www.anthropic.com/news/claude-4
https://arxiv.org/abs/2505.00949
https://arxiv.org/abs/2505.00949
https://arxiv.org/abs/2505.00949
https://arxiv.org/abs/2403.17297
https://arxiv.org/abs/2403.17297
https://arxiv.org/abs/2403.17297
https://openreview.net/forum?id=cSimKw5p6R
https://openreview.net/forum?id=cSimKw5p6R
https://openreview.net/forum?id=cSimKw5p6R
https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2107.03374
https://huggingface.co/deepcogito/cogito-v1-preview-llama-8B
https://huggingface.co/deepcogito/cogito-v1-preview-llama-8B
https://huggingface.co/deepcogito/cogito-v1-preview-llama-8B
https://openreview.net/forum?id=tFBIbCVXkG
https://openreview.net/forum?id=tFBIbCVXkG
https://openreview.net/forum?id=tFBIbCVXkG
https://openreview.net/forum?id=tFBIbCVXkG
https://openreview.net/forum?id=tFBIbCVXkG


Tao Feng, Yanzhen Shen, and Jiaxuan You. 2025a.697
Graphrouter: A graph-based router for LLM selec-698
tions. In The Thirteenth International Conference on699
Learning Representations.700

Tao Feng, Haozhen Zhang, Zijie Lei, Pengrui Han,701
Mostofa Patwary, Mohammad Shoeybi, Bryan Catan-702
zaro, and Jiaxuan You. 2025b. Fusionfactory: Fus-703
ing llm capabilities with multi-llm log data. arXiv704
preprint arXiv:2507.10540.705

Nigel Fernandez, Branislav Kveton, Ryan A Rossi,706
Andrew S Lan, and Zichao Wang. 2025. Radar:707
Reasoning-ability and difficulty-aware routing for708
reasoning llms. arXiv preprint arXiv:2509.25426.709

Gemini Team. 2025. Gemini 2.5: Pushing the frontier710
with advanced reasoning, multimodality, long con-711
text, and next generation agentic capabilities. arXiv712
preprint arXiv:2507.06261.713

Team GLM, Aohan Zeng, Bin Xu, Bowen Wang, Chen-714
hui Zhang, Da Yin, Diego Rojas, Guanyu Feng, Han-715
lin Zhao, Hanyu Lai, Hao Yu, Hongning Wang, Jiadai716
Sun, Jiajie Zhang, Jiale Cheng, Jiayi Gui, Jie Tang,717
Jing Zhang, Juanzi Li, and 37 others. 2024. Chatglm:718
A family of large language models from glm-130b to719
glm-4 all tools. Preprint, arXiv:2406.12793.720

Granite Team, IBM. 2025. Granite-3.3-8b-instruct.721
https://huggingface.co/ibm-granite/722
granite-3.3-8b-instruct. Hugging Face723
model card, release date: 2025-04-16.724

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,725
Abhinav Pandey, Abhishek Kadian, Ahmad Al-726
Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten,727
Alex Vaughan, and 1 others. 2024. The llama 3 herd728
of models. arXiv preprint arXiv:2407.21783.729

Etash Guha, Ryan Marten, Sedrick Keh, Negin Raoof,730
Georgios Smyrnis, Hritik Bansal, Marianna Nezhu-731
rina, Jean Mercat, Trung Vu, Zayne Sprague, Ashima732
Suvarna, Benjamin Feuer, Liangyu Chen, Zaid733
Khan, Eric Frankel, Sachin Grover, Caroline Choi,734
Niklas Muennighoff, Shiye Su, and 31 others. 2025.735
Openthoughts: Data recipes for reasoning models.736
Preprint, arXiv:2506.04178.737

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song,738
Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shirong739
Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025a.740
Deepseek-r1: Incentivizing reasoning capability in741
llms via reinforcement learning. arXiv preprint742
arXiv:2501.12948.743

Xiyu Guo, Shan Wang, Chunfang Ji, Xuefeng Zhao,744
Wenhao Xi, Yaoyao Liu, Qinglan Li, Chao Deng,745
and Junlan Feng. 2025b. Towards generalized rout-746
ing: Model and agent orchestration for adaptive and747
efficient inference. arXiv preprint arXiv:2509.07571.748

Qitian Jason Hu, Jacob Bieker, Xiuyu Li, Nan Jiang,749
Benjamin Keigwin, Gaurav Ranganath, Kurt Keutzer,750
and Shriyash Kaustubh Upadhyay. 2024. Router-751
bench: A benchmark for multi-llm routing system.752
arXiv preprint arXiv:2403.12031.753

Canbin Huang, Tianyuan Shi, Yuhua Zhu, Ruijun 754
Chen, and Xiaojun Quan. 2025a. Lookahead rout- 755
ing for large language models. arXiv preprint 756
arXiv:2510.19506. 757

Zhongzhan Huang, Guoming Ling, Yupei Lin, Yandong 758
Chen, Shanshan Zhong, Hefeng Wu, and Liang Lin. 759
2025b. Routereval: A comprehensive benchmark for 760
routing llms to explore model-level scaling up in llms. 761
arXiv preprint arXiv:2503.10657. 762

Hugging Face. 2025. HuggingChat Omni. https: 763
//huggingface.co/chat/settings/omni. [Ac- 764
cessed: 2026-1-06]. 765

Binyuan Hui, Jian Yang, Zeyu Cui, Jiaxi Yang, Day- 766
iheng Liu, Lei Zhang, Tianyu Liu, Jiajun Zhang, 767
Bowen Yu, Keming Lu, Kai Dang, Yang Fan, 768
Yichang Zhang, An Yang, Rui Men, Fei Huang, 769
Bo Zheng, Yibo Miao, Shanghaoran Quan, and 5 oth- 770
ers. 2024. Qwen2.5-coder technical report. Preprint, 771
arXiv:2409.12186. 772

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia 773
Yan, Tianjun Zhang, Sida Wang, Armando Solar- 774
Lezama, Koushik Sen, and Ion Stoica. 2024. Live- 775
codebench: Holistic and contamination free eval- 776
uation of large language models for code. arXiv 777
preprint arXiv:2403.07974. 778

Dongfu Jiang, Xiang Ren, and Bill Yuchen Lin. 2023. 779
LLM-blender: Ensembling large language models 780
with pairwise ranking and generative fusion. In Pro- 781
ceedings of the 61st Annual Meeting of the Associa- 782
tion for Computational Linguistics (Volume 1: Long 783
Papers), pages 14165–14178, Toronto, Canada. As- 784
sociation for Computational Linguistics. 785

Carlos E Jimenez, John Yang, Alexander Wettig, 786
Shunyu Yao, Kexin Pei, Ofir Press, and Karthik 787
Narasimhan. 2023. Swe-bench: Can language mod- 788
els resolve real-world github issues? arXiv preprint 789
arXiv:2310.06770. 790

Di Jin, Eileen Pan, Nassim Oufattole, Wei-Hung Weng, 791
Hanyi Fang, and Peter Szolovits. 2021. What disease 792
does this patient have? a large-scale open domain 793
question answering dataset from medical exams. Ap- 794
plied Sciences, 11(14):6421. 795

Ruihan Jin, Pengpeng Shao, Zhengqi Wen, Jinyang Wu, 796
Mingkuan Feng, Shuai Zhang, and Jianhua Tao. 2025. 797
RadialRouter: Structured representation for efficient 798
and robust large language models routing. In Find- 799
ings of the Association for Computational Linguistics: 800
EMNLP 2025, pages 14587–14600, Suzhou, China. 801
Association for Computational Linguistics. 802

Wittawat Jitkrittum, Harikrishna Narasimhan, 803
Ankit Singh Rawat, Jeevesh Juneja, Zifeng Wang, 804
Chen-Yu Lee, Pradeep Shenoy, Rina Panigrahy, 805
Aditya Krishna Menon, and Sanjiv Kumar. 2025. 806
Universal model routing for efficient llm inference. 807
arXiv preprint arXiv:2502.08773. 808

10

https://arxiv.org/abs/2406.12793
https://arxiv.org/abs/2406.12793
https://arxiv.org/abs/2406.12793
https://arxiv.org/abs/2406.12793
https://arxiv.org/abs/2406.12793
https://huggingface.co/ibm-granite/granite-3.3-8b-instruct
https://huggingface.co/ibm-granite/granite-3.3-8b-instruct
https://huggingface.co/ibm-granite/granite-3.3-8b-instruct
https://arxiv.org/abs/2506.04178
https://huggingface.co/chat/settings/omni
https://huggingface.co/chat/settings/omni
https://huggingface.co/chat/settings/omni
https://arxiv.org/abs/2409.12186


Tianle Li, Wei-Lin Chiang, Evan Frick, Lisa Dunlap,809
Tianhao Wu, Banghua Zhu, Joseph E Gonzalez, and810
Ion Stoica. 2024. From crowdsourced data to high-811
quality benchmarks: Arena-hard and benchbuilder812
pipeline. arXiv preprint arXiv:2406.11939.813

Zehan Li, Xin Zhang, Yanzhao Zhang, Dingkun Long,814
Pengjun Xie, and Meishan Zhang. 2023. Towards815
general text embeddings with multi-stage contrastive816
learning. arXiv preprint arXiv:2308.03281.817

Hunter Lightman, Vineet Kosaraju, Yura Burda, Harri818
Edwards, Bowen Baker, Teddy Lee, Jan Leike,819
John Schulman, Ilya Sutskever, and Karl Cobbe.820
2023. Let’s verify step by step. arXiv preprint821
arXiv:2305.20050.822

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang,823
Bochao Wu, Chengda Lu, Chenggang Zhao, Chengqi824
Deng, Chenyu Zhang, Chong Ruan, and 1 others.825
2024a. Deepseek-v3 technical report. arXiv preprint826
arXiv:2412.19437.827

Hongwei Liu, Zilong Zheng, Yuxuan Qiao, Haodong828
Duan, Zhiwei Fei, Fengzhe Zhou, Wenwei Zhang,829
Songyang Zhang, Dahua Lin, and Kai Chen. 2024b.830
Mathbench: Evaluating the theory and application831
proficiency of llms with a hierarchical mathematics832
benchmark. arXiv preprint arXiv:2405.12209.833

Junnan Liu, Hongwei Liu, Linchen Xiao, Ziyi834
Wang, Kuikun Liu, Songyang Gao, Wenwei Zhang,835
Songyang Zhang, and Kai Chen. 2024c. Are your836
llms capable of stable reasoning? arXiv preprint837
arXiv:2412.13147.838

Zhaowei Liu, Xin Guo, Fangqi Lou, Lingfeng Zeng,839
Jinyi Niu, Zixuan Wang, Jiajie Xu, Weige Cai, Zi-840
wei Yang, Xueqian Zhao, Chao Li, Sheng Xu, Dezhi841
Chen, Yun Chen, Zuo Bai, and Liwen Zhang. 2025.842
Fin-r1: A large language model for financial rea-843
soning through reinforcement learning. Preprint,844
arXiv:2503.16252.845

Keming Lu, Hongyi Yuan, Runji Lin, Junyang Lin,846
Zheng Yuan, Chang Zhou, and Jingren Zhou. 2024.847
Routing to the expert: Efficient reward-guided en-848
semble of large language models. In Proceedings of849
the 2024 Conference of the North American Chap-850
ter of the Association for Computational Linguistics:851
Human Language Technologies (Volume 1: Long852
Papers), pages 1964–1974, Mexico City, Mexico. As-853
sociation for Computational Linguistics.854

Yifan Lu, Rixin Liu, Jiayi Yuan, Xingqi Cui, Shenrun855
Zhang, Hongyi Liu, and Jiarong Xing. 2025. Router-856
arena: An open platform for comprehensive compari-857
son of llm routers. arXiv preprint arXiv:2510.00202.858

Kaijing Ma, Xinrun Du, Yunran Wang, Haoran Zhang,859
Zhoufutu Wen, Xingwei Qu, Jian Yang, Jiaheng860
Liu, Minghao Liu, Xiang Yue, Wenhao Huang, and861
Ge Zhang. 2024. Kor-bench: Benchmarking lan-862
guage models on knowledge-orthogonal reasoning863
tasks. Preprint, arXiv:2410.06526.864

NVIDIA Nemotron Nano. 2025. Efficient hybrid 865
mamba-transformer reasoning model. arXiv preprint 866
arXiv:2508.14444. 867

Isaac Ong, Amjad Almahairi, Vincent Wu, Wei-Lin 868
Chiang, Tianhao Wu, Joseph E Gonzalez, M Waleed 869
Kadous, and Ion Stoica. 2024. Routellm: Learning 870
to route llms with preference data. arXiv preprint 871
arXiv:2406.18665. 872

OpenAI. 2025a. GPT-5. https://openai.com/ 873
gpt-5/. [Accessed: 2026-1-06]. 874

OpenAI. 2025b. Gpt-5 system card. https://cdn. 875
openai.com/gpt-5-system-card.pdf. 876

OpenRouter, Inc. 2025a. Auto router - api, providers, 877
stats. https://openrouter.ai/openrouter/ 878
auto. 879

OpenRouter, Inc. 2025b. Openrouter: A unified 880
interface for large language models. https:// 881
openrouter.ai. Accessed: 2025-11-13. 882

Shivam Patel, Neharika Jali, Ankur Mallick, and Gauri 883
Joshi. 2025. Proxrouter: Proximity-weighted llm 884
query routing for improved robustness to outliers. 885
arXiv preprint arXiv:2510.09852. 886

Long Phan, Alice Gatti, Ziwen Han, Nathaniel Li, 887
Josephina Hu, Hugh Zhang, Chen Bo Calvin Zhang, 888
Mohamed Shaaban, John Ling, Sean Shi, and 1 oth- 889
ers. 2025. Humanity’s last exam. arXiv preprint 890
arXiv:2501.14249. 891

Soujanya Poria, Devamanyu Hazarika, Navonil Ma- 892
jumder, Gautam Naik, Erik Cambria, and Rada Mi- 893
halcea. 2019. Meld: A multimodal multi-party 894
dataset for emotion recognition in conversations. 895
Preprint, arXiv:1810.02508. 896

Nils Reimers and Iryna Gurevych. 2019. Sentence-bert: 897
Sentence embeddings using siamese bert-networks. 898
In Proceedings of the 2019 Conference on Empirical 899
Methods in Natural Language Processing. Associa- 900
tion for Computational Linguistics. 901

David Rein, Betty Li Hou, Asa Cooper Stickland, Jack- 902
son Petty, Richard Yuanzhe Pang, Julien Dirani, Ju- 903
lian Michael, and Samuel R. Bowman. 2024. GPQA: 904
A graduate-level google-proof q&a benchmark. In 905
First Conference on Language Modeling. 906

Wei Song, Zhenya Huang, Cheng Cheng, Weibo Gao, 907
Bihan Xu, GuanHao Zhao, Fei Wang, and Runze 908
Wu. 2025. IRT-router: Effective and interpretable 909
multi-LLM routing via item response theory. In Pro- 910
ceedings of the 63rd Annual Meeting of the Associa- 911
tion for Computational Linguistics (Volume 1: Long 912
Papers), pages 15629–15644, Vienna, Austria. Asso- 913
ciation for Computational Linguistics. 914

Mirac Suzgun, Nathan Scales, Nathanael Schärli, Se- 915
bastian Gehrmann, Yi Tay, Hyung Won Chung, 916
Aakanksha Chowdhery, Quoc V Le, Ed H Chi, Denny 917
Zhou, , and Jason Wei. 2022. Challenging big-bench 918

11

https://arxiv.org/abs/2503.16252
https://arxiv.org/abs/2503.16252
https://arxiv.org/abs/2503.16252
https://arxiv.org/abs/2410.06526
https://arxiv.org/abs/2410.06526
https://arxiv.org/abs/2410.06526
https://arxiv.org/abs/2410.06526
https://arxiv.org/abs/2410.06526
https://openai.com/gpt-5/
https://openai.com/gpt-5/
https://openai.com/gpt-5/
https://cdn.openai.com/gpt-5-system-card.pdf
https://cdn.openai.com/gpt-5-system-card.pdf
https://cdn.openai.com/gpt-5-system-card.pdf
https://openrouter.ai/openrouter/auto
https://openrouter.ai/openrouter/auto
https://openrouter.ai/openrouter/auto
https://openrouter.ai
https://openrouter.ai
https://openrouter.ai
https://arxiv.org/abs/1810.02508
https://arxiv.org/abs/1810.02508
https://arxiv.org/abs/1810.02508
http://arxiv.org/abs/1908.10084
http://arxiv.org/abs/1908.10084
http://arxiv.org/abs/1908.10084
https://openreview.net/forum?id=Ti67584b98
https://openreview.net/forum?id=Ti67584b98
https://openreview.net/forum?id=Ti67584b98


tasks and whether chain-of-thought can solve them.919
arXiv preprint arXiv:2210.09261.920

Gemma Team, Morgane Riviere, Shreya Pathak,921
Pier Giuseppe Sessa, Cassidy Hardin, Surya Bhupati-922
raju, Léonard Hussenot, Thomas Mesnard, Bobak923
Shahriari, Alexandre Ramé, and 1 others. 2024.924
Gemma 2: Improving open language models at a925
practical size. arXiv preprint arXiv:2408.00118.926

Kimi Team, Yifan Bai, Yiping Bao, Guanduo Chen,927
Jiahao Chen, Ningxin Chen, Ruijue Chen, Yanru928
Chen, Yuankun Chen, Yutian Chen, and 1 others.929
2025a. Kimi k2: Open agentic intelligence. arXiv930
preprint arXiv:2507.20534.931

MiniCPM Team, Chaojun Xiao, Yuxuan Li, Xu Han,932
Yuzhuo Bai, Jie Cai, Haotian Chen, Wentong933
Chen, Xin Cong, Ganqu Cui, and 1 others. 2025b.934
Minicpm4: Ultra-efficient llms on end devices. arXiv935
preprint arXiv:2506.07900.936

Ryan Teknium, Jeffrey Quesnelle, and Chen Guang.937
2024. Hermes 3 technical report. Preprint,938
arXiv:2408.11857.939

Chenxu Wang, Hao Li, Yiqun Zhang, Linyao Chen,940
Jianhao Chen, Ping Jian, Peng Ye, Qiaosheng Zhang,941
and Shuyue Hu. 2025a. Icl-router: In-context learned942
model representations for llm routing. arXiv preprint943
arXiv:2510.09719.944

Wenhui Wang, Furu Wei, Li Dong, Hangbo Bao, Nan945
Yang, and Ming Zhou. 2020. Minilm: Deep self-946
attention distillation for task-agnostic compression947
of pre-trained transformers. Advances in neural in-948
formation processing systems, 33:5776–5788.949

Xinyuan Wang, Yanchi Liu, Wei Cheng, Xujiang Zhao,950
Zhengzhang Chen, Wenchao Yu, Yanjie Fu, and951
Haifeng Chen. 2025b. Mixllm: Dynamic routing952
in mixed large language models. arXiv preprint953
arXiv:2502.18482.954

Yubo Wang, Xueguang Ma, Ge Zhang, Yuansheng Ni,955
Abhranil Chandra, Shiguang Guo, Weiming Ren,956
Aaran Arulraj, Xuan He, Ziyan Jiang, and 1 oth-957
ers. 2024. Mmlu-pro: A more robust and challenging958
multi-task language understanding benchmark. arXiv959
preprint arXiv:2406.01574.960

Jason Wei, Nguyen Karina, Hyung Won Chung,961
Yunxin Joy Jiao, Spencer Papay, Amelia Glaese, John962
Schulman, and William Fedus. 2024. Measuring963
short-form factuality in large language models. arXiv964
preprint arXiv:2411.04368.965

LLM-Core-Team Xiaomi. 2025. Mimo: Unlocking the966
reasoning potential of language model – from pre-967
training to posttraining. Preprint, arXiv:2505.07608.968

Chulin Xie, Yangsibo Huang, Chiyuan Zhang, Da Yu,969
Xinyun Chen, Bill Yuchen Lin, Bo Li, Badih Ghazi,970
and Ravi Kumar. 2024. On memorization of large971
language models in logical reasoning. arXiv preprint972
arXiv:2410.23123.973

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, 974
Binyuan Hui, Bo Zheng, Bowen Yu, Chang 975
Gao, Chengen Huang, Chenxu Lv, and 1 others. 976
2025. Qwen3 technical report. arXiv preprint 977
arXiv:2505.09388. 978

Yanwei Yue, Guibin Zhang, Boyang Liu, Guancheng 979
Wan, Kun Wang, Dawei Cheng, and Yiyan Qi. 2025. 980
Masrouter: Learning to route llms for multi-agent 981
systems. arXiv preprint arXiv:2502.11133. 982

Aohan Zeng, Xin Lv, Qinkai Zheng, Zhenyu Hou, Bin 983
Chen, Chengxing Xie, Cunxiang Wang, Da Yin, Hao 984
Zeng, Jiajie Zhang, and 1 others. 2025. Glm-4.5: 985
Agentic, reasoning, and coding (arc) foundation mod- 986
els. arXiv preprint arXiv:2508.06471. 987

Haozhen Zhang, Tao Feng, and Jiaxuan You. 2025a. 988
Router-r1: Teaching llms multi-round routing and ag- 989
gregation via reinforcement learning. In The Thirty- 990
ninth Annual Conference on Neural Information Pro- 991
cessing Systems. 992

Kaiyan Zhang, Sihang Zeng, Ermo Hua, Ning Ding, 993
Zhang-Ren Chen, Zhiyuan Ma, Haoxin Li, Ganqu 994
Cui, Biqing Qi, Xuekai Zhu, and 1 others. 2024. 995
Ultramedical: Building specialized generalists in 996
biomedicine. Advances in Neural Information Pro- 997
cessing Systems, 37:26045–26081. 998

Yi-Kai Zhang, De-Chuan Zhan, and Han-Jia Ye. 2025b. 999
Capability instruction tuning: A new paradigm for dy- 1000
namic llm routing. arXiv preprint arXiv:2502.17282. 1001

Yiqun Zhang, Hao Li, Jianhao Chen, Hangfan Zhang, 1002
Peng Ye, Lei Bai, and Shuyue Hu. 2025c. Be- 1003
yond gpt-5: Making llms cheaper and better via 1004
performance-efficiency optimized routing. arXiv 1005
preprint arXiv:2508.12631. 1006

Yiqun Zhang, Hao Li, Chenxu Wang, Linyao Chen, 1007
Qiaosheng Zhang, Peng Ye, Shi Feng, Daling Wang, 1008
Zhen Wang, Xinrun Wang, and 1 others. 2025d. The 1009
avengers: A simple recipe for uniting smaller lan- 1010
guage models to challenge proprietary giants. arXiv 1011
preprint arXiv:2505.19797. 1012

Richard Zhuang, Tianhao Wu, Zhaojin Wen, Andrew Li, 1013
Jiantao Jiao, and Kannan Ramchandran. 2024. Em- 1014
bedllm: Learning compact representations of large 1015
language models. arXiv preprint arXiv:2410.02223. 1016

A Further Related Work 1017

Routing Benchmark. Recent work has proposed 1018

several benchmarks for evaluating LLM routing. 1019

RouterBench (Hu et al., 2024) targets multi-LLM 1020

routing but is restricted to early-generation mod- 1021

els and eight relatively simple datasets. Em- 1022

bedLLM (Zhuang et al., 2024), RouterEval (Huang 1023

et al., 2025b), and FusionFactory (Feng et al., 1024

2025b) benchmark routing over open-source mod- 1025

els, with EmbedLLM and RouterEval providing 1026

12

https://arxiv.org/abs/2408.11857
https://arxiv.org/abs/2505.07608
https://arxiv.org/abs/2505.07608
https://arxiv.org/abs/2505.07608
https://arxiv.org/abs/2505.07608
https://arxiv.org/abs/2505.07608


no inference cost information. RouterArena treats1027

routing systems as black boxes and constructs a1028

dataset for comparing routing systems. However,1029

it uses different model pools across routers, un-1030

dermining cross-method comparability, and does1031

not provide per-prompt, per-model data. As sum-1032

marized in Tables 1 and Appendix Table 3, exist-1033

ing benchmarks narrowly focus on a small number1034

of relatively easy tasks, lack coverage of flagship1035

models with realistic inference costs, and do not1036

provide a unified interface for fair comparisons1037

across routing methods. These gaps motivate LLM-1038

RouterBench, a massive routing benchmark that1039

spans diverse and challenging tasks, jointly evalu-1040

ates lightweight and flagship models under realistic1041

costs, and offers a unified interface for plug-and-1042

play comparison of routing methods.1043

B Implementation Details1044

B.1 Data Collection1045

All ∼7B open-source models are deployed on1046

NVIDIA A800-80G GPUs using vLLM 0.8.4 for1047

efficient batched inference. Flagship model outputs1048

are collected via OpenRouter, with the exception1049

of GLM-4.6 and Intern-S1, which are accessed1050

through official APIs. All model generations use1051

temperature 0.2 and top_p 1.0, with remaining de-1052

coding parameters set to their default values. Each1053

API request is retried up to 10 times upon failure;1054

requests exceeding this limit are marked as failures1055

and assigned a score of 0.1056

B.2 Experimental Setup1057

To ensure fair and consistent comparisons across1058

baselines, we standardize the experimental setup1059

as follows: (i) All experiments are conducted using1060

a 70% training and 30% test split, repeated five1061

times with different random seeds (42, 999, 2024,1062

2025, and 3407). (ii) Embedding-dependent meth-1063

ods uniformly utilize gte-qwen2-7B-instruct (Li1064

et al., 2023) embeddings. (iii) For binary routers1065

(RouteLLM, HybridLLM, FrugalGPT), we route1066

between Qwen3-235B and GPT-5, as GPT-5 is the1067

strongest model in our pool while Qwen3-235B of-1068

fers competitive accuracy at much lower cost. All1069

datasets and models used in this paper are publicly1070

available and properly cited. Our usage complies1071

with their original licenses and intended research1072

purposes.1073

B.3 Baselines 1074

RouterDC We adopt the official implementation 1075

of RouterDC (Chen et al., 2024b), replacing the 1076

original encoder with gte-qwen2-7B-instruct to 1077

enable fair comparison under a unified embedding 1078

backbone. Training is conducted using DeepSpeed 1079

with distributed multi-GPU parallelism across eight 1080

NVIDIA A800-80G GPUs, with a per-device batch 1081

size of 8. All other hyperparameters remain consis- 1082

tent with the original configuration. The resulting 1083

model contains approximately 7B trainable param- 1084

eters. 1085

MODEL-SAT Due to the incomplete release of 1086

the official implementation (Zhang et al., 2025b), 1087

we re-implement the core components of MODEL- 1088

SAT. We use gte-qwen2-7B-instruct as the em- 1089

bedding model and Qwen2.5-7B-Instruct as the 1090

language model, connected via a two-layer MLP 1091

projector. Training is performed using DeepSpeed 1092

with data parallelism over eight NVIDIA A800- 1093

80G GPUs, using a per-device batch size of 4. The 1094

learning rate is set to 1e-6 for both the embedding 1095

and language models, and 1e-5 for the projector. 1096

We first fine-tune only the projector for approxi- 1097

mately 1,000 steps, then jointly fine-tune all com- 1098

ponents. A warmup ratio of 0.1 is used throughout. 1099

The final model contains roughly 14B trainable 1100

parameters. 1101

EmbedLLM We use the official imple- 1102

mentation of EmbedLLM (Zhuang et al., 1103

2024), with query embeddings generated by 1104

gte-qwen2-7B-instruct to ensure consistency 1105

across methods. Input layer dimensions are 1106

adjusted accordingly. Training is conducted with 1107

an increased batch size of 32,768 for improved 1108

stability, while all other hyperparameters follow 1109

the original setting. The model has approximately 1110

12M trainable parameters. 1111

HybridLLM We adopt the official im- 1112

plementation of HybridLLM (Ding et al., 1113

2024), substituting the original encoder with 1114

gte-qwen2-7B-instruct for consistency with 1115

other baselines. Training is performed using Deep- 1116

Speed with a distributed multi-GPU setup across 1117

eight NVIDIA A800-80G GPUs, with a batch size 1118

of 8 per device. All remaining hyperparameters 1119

follow the original configuration. We use GPT-5 1120

as the strong model and Qwen3-235B as the weak 1121

model throughout. 1122
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RouteLLM We adopt the official implemen-1123

tation of RouteLLM (Ong et al., 2024), us-1124

ing the Matrix Factorization (MF) router and1125

gte-qwen2-7B-instruct to generate query em-1126

beddings. Throughout training and evaluation,1127

we consistently use GPT-5 as the strong model1128

and Qwen3-235B as the weak model. Following1129

the default setting in the official code, we set the1130

win-rate threshold to 0.5—that is, when the esti-1131

mated win rate exceeds this threshold, we select the1132

strong model; otherwise, we use the weak model.1133

Under our configuration (dim = 128, projected1134

from 3584-dimensional gte-qwen2-7B-instruct1135

embeddings), the MF router itself is extremely1136

lightweight, with only ∼ 4.6 × 105 trainable pa-1137

rameters, and is trained for 100 epochs, making the1138

routing overhead negligible compared to querying1139

the underlying LLMs.1140

FrugalGPT We follow the official FrugalGPT1141

training pipeline and fine-tune an embedding-based1142

scorer derived from gte-Qwen2-7B-Instruct.1143

Training is conducted for two epochs using1144

AdamW with a linear warm-up schedule. We set1145

the learning rate to 3× 10−5, apply a weight decay1146

of 0.01, fix the warm-up ratio at 0.03, and use a per-1147

device batch size of 4. For routing, we adopt the1148

FrugalGPT cascade strategy. Models are ranked by1149

their average cost on the training set, and cascade1150

evaluation is enabled with a default threshold of1151

0.5. Model-specific decision thresholds are learned1152

automatically, and the cascade depth is capped at 21153

models per query to balance cost and performance.1154

We use GPT-5 as the strong model and Qwen3-235B1155

as the weak model throughout.1156

GraphRouter We use the official implementa-1157

tion of GraphRouter (Feng et al., 2025a). All query,1158

task, and model description embeddings are gener-1159

ated using gte-qwen2-7B-instruct. Input layer1160

dimensions are adjusted accordingly. To mitigate1161

label bias caused by tied predictions, we replace1162

argmax-based one-hot labels with multi-hot su-1163

pervision that includes all tie-optimal models per1164

query. For improved training stability, we increase1165

the number of training epochs to 10,000. The1166

model has approximately 0.1M trainable param-1167

eters. We follow the original paper in employing1168

its three configurations: Performance First (PF),1169

Balance (BL), and Cost First (CF).1170

Avengers(-Pro) We adopt the official implemen-1171

tation of the clustering-based method proposed1172

by Zhang et al. (2025c). Query embeddings are 1173

generated using gte-qwen2-7B-instruct, and k- 1174

means clustering is applied with k = 64. This 1175

method involves no neural network training. For 1176

Avengers-Pro, following the original paper, we vary 1177

the performance coefficient (i.e., 1−cost coeffi- 1178

cient) from 0 to 1 in increments of 0.01, resulting 1179

in 101 configurations. 1180

OpenRouter We use the official API provided 1181

by OpenRouter with the openroute/auto model, 1182

which is currently an advanced commercial LLM 1183

router available. All model generations use temper- 1184

ature 0.2 and top_p 1.0, with remaining decoding 1185

parameters set to their default values. Each API 1186

request is retried up to 10 times upon failure; re- 1187

quests exceeding this limit are marked as failures 1188

and assigned a score of 0. The detailed model 1189

pool supported by OpenRouter is summarized in 1190

Table 14. Note that GPT-5 and Gemini-2.5-pro, the 1191

strongest models used in LLMRouterBench, are 1192

included, and OpenRouter’s model pool is even 1193

larger. We therefore treat OpenRouter as a repre- 1194

sentative commercial router baseline. 1195
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Benchmark Routing Baseline

RouterBench KnnRouter, MLPRouter, SvmRouter
EmbedLLM EmbedLLM (Zhuang et al., 2024)
RouterEval KnnRouter, MLPRouter, Multi-class classification Router, RoBERTa-Kmeans Router
FusionFactory KnnRouter, BertRouter, MLPRouter, SvmRouter, GraphRouter (Feng et al., 2025a)
RouterArena ✗

LLMRouterBench

RouterDC (Chen et al., 2024b), EmbedLLM (Zhuang et al., 2024), Model-SAT (Zhang et al., 2025b)
Avengers (Zhang et al., 2025d), HybridLLM (Ding et al., 2024), FrugalGPT (Chen et al., 2024a)
RouteLLM (Ong et al., 2024), GraphRouter (Feng et al., 2025a), Avengers-Pro (Zhang et al., 2025c)
OpenRouter (OpenRouter, Inc., 2025b)

Table 3: Benchmarks and the corresponding routing baselines provided in their official codebases.

Model Mathematics Code Logical Knowledge Affective

AIME M500. MBen. MBPP HE. LCB. KOR. K&K. BBH MP. GPQA FQA. MQA. Emory. MELD

DH-Llama3-it 0.00 29.80 38.67 54.00 51.22 13.08 31.92 15.57 49.07 36.66 27.78 49.96 57.58 38.16 47.16
DS-Qwen3 68.33 94.20 90.00 35.01 25.00 64.74 56.00 60.86 89.44 70.83 60.61 70.36 81.62 38.74 51.06
DS-Qwen 40.00 88.40 88.00 53.59 45.12 41.14 45.36 50.86 69.17 47.75 35.86 63.30 34.80 27.55 34.90
Fin-R1 11.67 75.40 66.67 68.99 77.44 6.82 33.20 19.00 61.57 48.65 27.27 68.70 63.24 34.72 50.41
GLM-Z1 61.67 94.60 95.33 62.94 60.37 61.52 53.84 47.57 84.26 67.33 56.06 68.70 71.01 35.01 45.86
Intern-S1-mini 76.67 91.40 64.67 44.05 43.29 26.26 58.16 79.43 83.06 56.04 48.99 70.36 68.42 36.87 50.41
Llama-3.1-it 8.33 49.80 46.67 60.68 61.59 16.78 24.16 13.71 58.70 46.65 26.26 52.92 68.26 33.72 48.05
UltraMedical 0.00 42.40 25.33 53.90 56.10 13.36 14.32 15.43 38.06 40.26 23.23 54.58 68.50 31.71 42.21
Llama-Nemo 45.00 90.80 50.00 61.50 62.80 46.07 29.52 22.86 26.20 41.46 33.84 31.12 41.48 29.41 38.80
MiMo-RL 0.00 26.60 11.33 56.78 52.44 6.45 29.84 4.00 29.91 20.78 4.04 17.00 29.38 28.12 39.69
MiniCPM 68.33 93.40 95.33 34.09 32.93 63.70 30.96 62.71 88.06 69.93 52.02 67.22 65.36 35.72 51.30
NVIDIA-Nemo 70.00 93.60 94.67 42.09 48.17 65.50 56.80 70.71 86.48 70.13 52.02 71.23 74.71 39.02 46.75
OpenThinker 41.67 85.60 62.67 11.81 7.32 44.17 11.04 17.29 42.50 42.06 31.82 61.55 52.08 22.81 33.44
Qwen-Coder 1.67 65.20 67.33 75.98 77.44 27.87 34.24 20.43 57.04 45.35 32.32 63.21 48.78 37.02 52.60
Qwen3-8B 76.67 93.60 95.33 54.72 62.20 67.68 53.92 77.00 83.98 69.13 57.58 74.46 79.18 38.74 54.22
Cogito-v1 1.67 51.20 56.00 51.95 69.51 17.25 42.96 24.14 69.44 57.04 35.35 61.64 65.75 37.45 54.95
Gemma-2-it 1.67 48.20 54.67 62.42 64.63 17.25 34.64 9.71 60.74 52.95 27.78 64.60 63.79 39.74 52.60
Glm-4-chat 1.67 49.80 49.33 62.83 74.39 16.87 37.28 12.43 46.94 47.05 23.23 57.28 62.14 39.02 55.28
Granite-3.3-it 6.67 69.00 59.33 36.55 51.22 14.22 32.00 21.71 31.39 44.66 31.82 62.34 61.19 36.59 50.32
Internlm3-it 6.67 69.00 60.00 60.47 65.85 21.23 33.84 25.86 61.94 55.14 33.84 61.99 67.24 36.87 50.97

Table 4: The performance of each model on each dataset under the routing for performance-oriented setting. The
deep red and light red markers denote the best and second-best results, respectively.

Model Mathematics Code Knowledge IF Tool Use

AIME LMB. LCB. SWE. GPQA HLE MP. SQA. AHARD. Tau2.

Claude-v4 36.67 61.16 58.10 34.60 68.69 4.82 83.17 15.14 54.67 49.28
DeepSeek-R1 85.00 77.69 80.09 28.60 79.80 15.99 84.23 27.12 63.53 37.77
DeepSeek-V3 43.33 61.98 66.64 25.00 59.60 3.61 78.00 27.76 60.13 7.19
DS-V3.1-Tms 55.00 73.55 67.30 25.40 76.26 8.94 84.03 24.46 66.27 46.76
Gemini-Flash 63.33 73.55 60.00 18.20 66.16 7.78 80.93 29.82 55.53 32.37
Gemini-Pro 85.00 50.41 79.15 34.60 84.85 21.69 85.67 53.77 77.00 43.17
GLM-4.6 81.67 63.64 63.13 21.80 75.25 15.52 80.33 25.68 66.40 53.96
GPT-5 88.33 79.34 86.45 15.80 84.85 26.32 87.37 47.90 69.73 70.14
GPT-5-Chat 71.67 57.85 62.18 8.80 73.74 5.70 81.40 40.50 68.87 –
Intern-S1 48.33 68.60 49.19 7.80 65.66 8.85 81.97 14.77 67.07 32.73
Kimi-K2 65.00 71.90 67.30 23.40 73.23 6.12 80.30 29.03 71.07 48.92
Qwen3-235B 76.67 76.03 64.17 16.20 58.59 9.22 82.77 53.77 73.07 40.29
Qwen3-Thinking 86.67 52.89 78.39 21.40 80.30 7.78 79.47 48.27 73.93 53.60

Table 5: The performance of each model on each dataset under the Routing for performance-cost setting. The
deep red and light red markers denote the best and second-best results, respectively. Note that GPT-5-Chat has

no score on the τ2-Bench benchmark because this model does not support tool calling.
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Model Mathematics Code Knowledge IF Tool Use Total
AIME LMB. LCB. SWE. GPQA HLE MP. SQA. AHARD. Tau2.

Claude-v4 1.26 1.91 14.20 35.72 2.65 23.71 23.40 7.33 15.94 103.72 229.83
DeepSeek-R1 2.09 2.70 30.46 10.03 3.25 72.03 24.62 6.19 8.52 37.08 196.97
DeepSeek-V3 0.15 0.17 1.53 2.31 0.18 1.93 1.76 0.48 0.80 6.92 16.22
DS-V3.1-Tms 0.17 0.19 1.19 2.30 0.25 4.35 1.67 0.80 1.08 17.38 29.39
Gemini-Flash 2.25 1.90 6.16 3.94 2.65 71.07 10.96 0.63 5.49 5.80 110.86
Gemini-Pro 9.18 10.96 142.59 80.32 16.59 277.72 117.18 41.12 34.63 38.25 768.53
GLM-4.6 2.79 4.02 2.32 5.10 5.35 100.59 30.60 26.54 2.51 27.61 207.41
GPT-5 4.57 4.09 54.92 24.27 7.94 137.59 36.17 57.25 27.85 61.67 416.31
GPT-5-Chat 0.08 1.57 4.02 11.52 1.85 18.41 13.44 2.37 6.97 – 60.22
Intern-S1 0.46 0.50 7.10 2.86 0.81 11.09 5.59 3.78 1.99 13.28 47.45
Kimi-K2 0.57 0.60 3.88 4.79 0.63 2.35 3.86 0.46 1.70 27.90 46.75
Qwen3-235B 0.31 0.23 1.04 1.36 0.07 4.51 1.80 0.20 0.74 11.67 21.94
Qwen3-Thinking 1.13 1.04 14.74 8.88 2.42 17.61 25.64 12.04 8.02 28.44 119.95

Table 6: Model inference cost comparison across different datasets (Unit: $/1M tokens) for performance–cost
tradeoff setting. The deep red and light red markers denote the lowest and second-lowest costs, respectively.
Note that GPT-5-Chat has no score on the τ2-Bench benchmark because this model does not support tool calling.

Model Abbr. Params

DeepHermes-3-Llama-3-8B-Preview (Teknium et al., 2024) DH-Llama3-it 8B
DeepSeek-R1-0528-Qwen3-8B (Guo et al., 2025a) DS-Qwen3 8B
DeepSeek-R1-Distill-Qwen-7B (Guo et al., 2025a) DS-Qwen 7B
Fin-R1 (Liu et al., 2025) Fin-R1 7B
GLM-Z1-9B-0414 (GLM et al., 2024) GLM-Z1 9B
Intern-S1-mini (Bai et al., 2025) Intern-S1-mini 8B
Llama-3.1-8B-Instruct (Grattafiori et al., 2024) Llama-3.1-it 8B
Llama-3.1-8B-UltraMedical (Zhang et al., 2024) UltraMedical 8B
Llama-3.1-Nemotron-Nano-8B-v1 (Bercovich et al., 2025) Llama-Nemo 8B
MiMo-7B-RL-0530 (Xiaomi, 2025) MiMo-RL 7B
MiniCPM4.1-8B (Team et al., 2025b) MiniCPM 8B
NVIDIA-Nemotron-Nano-9B-v2 (Nano, 2025) NVIDIA-Nemo 9B
OpenThinker3-7B (Guha et al., 2025) OpenThinker 7B
Qwen2.5-Coder-7B-Instruct (Hui et al., 2024) Qwen-Coder 7B
Qwen3-8B (Yang et al., 2025) Qwen3-8B 8B
Cogito-v1-preview-llama-8B (Deep Cogito, 2025) Cogito-v1 8B
Gemma-2-9b-it (Team et al., 2024) Gemma-2-it 9B
Glm-4-9b-chat (GLM et al., 2024) Glm-4-chat 9B
Granite-3.3-8b-instruct (Granite Team, IBM, 2025) Granite-3.3-it 8B
Internlm3-8b-instruct (Cai et al., 2024) Internlm3-it 8B

Table 7: Model pool for the performance-oriented setting: open-source models around 7B parameters.

Model Abbr. Input Price Output Price

Claude-sonnet-4(Anthropic, 2025) Claude-v4 $3.00/1M $15.00/1M
Gemini-2.5-flash(Gemini Team, 2025) Gemini-Flash $0.30/1M $2.50/1M
Gemini-2.5-pro(Gemini Team, 2025) Gemini-Pro $1.25/1M $10.00/1M
GPT-5-chat(OpenAI, 2025b) GPT-5-Chat $1.25/1M $10.00/1M
GPT-5-medium(OpenAI, 2025b) GPT-5 $1.25/1M $10.00/1M
Qwen3-235b-a22b-2507(Yang et al., 2025) Qwen3-235B $0.09/1M $0.60/1M
Qwen3-235b-a22b-thinking-2507(Yang et al., 2025) Qwen3-Thinking $0.30/1M $2.90/1M
Deepseek-v3-0324(Liu et al., 2024a) DeepSeek-V3 $0.25/1M $0.88/1M
Deepseek-v3.1-terminus(Liu et al., 2024a) DS-V3.1-Tms $0.27/1M $1.00/1M
Deepseek-r1-0528(Guo et al., 2025a) DeepSeek-R1 $0.50/1M $2.15/1M
GLM-4.6(Zeng et al., 2025) GLM-4.6 $0.60/1M $2.20/1M
Kimi-k2-0905(Team et al., 2025a) Kimi-K2 $0.50/1M $2.00/1M
Intern-s1(Bai et al., 2025) Intern-S1 $0.18/1M $0.54/1M

Table 8: Model pool for the performance–cost setting: flagship models.
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Dataset Abbrev. Category Metrics Size

Routing for Performance-Oriented Datasets
AIME AIME Mathematics Accuracy, 0-shot 60
MATH500 (Lightman et al., 2023) M500. Mathematics Accuracy, 0-shot 500
MathBench (Liu et al., 2024b) MBen. Mathematics Accuracy, 0-shot 150
MBPP (Austin et al., 2021) MBPP Code Pass@1, 0-shot 974
HumanEval (Chen et al., 2021a) HE. Code Pass@1, 0-shot 164
LiveCodeBench (Jain et al., 2024) LCB. Code Pass@1, 0-shot 1055
KORBench (Ma et al., 2024) KOR. Logic Accuracy, 3-shot 1250
Knights and Knaves (Xie et al., 2024) K&K. Logic Accuracy, 0-shot 700
BBH (Suzgun et al., 2022) BBH Logic Accuracy, 3-shot 1080
MMLU-Pro (Wang et al., 2024) MP. Knowledge Accuracy, 0-shot 1000
GPQA (Rein et al., 2024) GPQA Knowledge Accuracy, 0-shot 198
FinQA (Chen et al., 2021b) FQA. Knowledge Accuracy, 0-shot 1147
MedQA (Jin et al., 2021) MQA. Knowledge Accuracy, 0-shot 1273
EmoryNLP (Byrkjeland et al., 2018) Emory. Affective Accuracy, 0-shot 697
MELD (Poria et al., 2019) MELD Affective Accuracy, 0-shot 1232
Total 11,480

Routing for Performance–Cost Datasets
AIME AIME Mathematics Accuracy, 0-shot 60
LiveMathBench (Liu et al., 2024c) LMB. Mathematics Accuracy, 0-shot 121
LiveCodeBench (Jain et al., 2024) LCB. Code Pass@1, 0-shot 1055
SWE-Bench (Jimenez et al., 2023) SWE. Code Pass@1, 0-shot 500
GPQA (Rein et al., 2024) GPQA Knowledge Accuracy, 0-shot 198
HLE (Phan et al., 2025) HLE Knowledge LLM as judge†, 0-shot 2158
MMLU-Pro (Wang et al., 2024) MP. Knowledge Accuracy, 0-shot 3000
SimpleQA (Wei et al., 2024) SQA. Knowledge LLM as judge†, 0-shot 4326
ArenaHard (Li et al., 2024) AHARD. Instruction Following (IF) LLM as judge†, 0-shot 750
τ2-Bench (Barres et al., 2025) TAU2. Tool Use Success Rate, 0-shot 278
Total 12,446

Table 9: Detailed information of the datasets (with abbreviations). “LLM as judge”† means that we use an auxiliary
LLM to score model outputs with the official prompts: for HLE and SimpleQA we adopt o3-mini as the judge
model, and for ArenaHard we adopt deepseek-v3-0324.

Embedding Model GraphRouterEmbedLLM Avengers

nli-bert-base 69.60 70.55 70.43
all-MiniLM-L6-v2 68.05 70.95 71.03
gte-Qwen2-7B-instruct 70.29 71.24 71.94

Table 10: Performance comparison of GraphRouter, EmbedLLM, and Avengers on different embedding models.
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Model Mathematics Code Logical Knowledge Affective Avg
AIME M500. MBen. MBPP HE. LCB. KOR. K&K. BBH MP. GPQA FQA. MQA. Emory. MELD

DH-Llama3-it 0.00 28.00 38.22 54.74 51.60 12.81 32.73 15.45 51.11 36.53 31.00 50.87 57.17 38.53 48.16 36.46
DS-Qwen3 76.67 94.67 92.00 36.86 25.60 64.35 55.88 60.19 89.07 71.27 59.33 70.56 79.90 38.53 50.97 64.39
DS-Qwen 40.00 87.87 88.00 53.65 42.40 40.95 44.12 50.33 69.51 47.60 34.33 64.05 34.55 29.35 33.62 50.69
Fin-R1 15.56 75.33 66.67 68.81 76.40 7.51 33.69 18.29 61.91 48.93 26.33 68.58 61.73 36.81 51.46 47.87
GLM-Z1 62.22 95.60 94.22 61.57 60.80 60.13 53.48 48.15 83.83 66.33 53.67 68.41 70.26 34.13 44.43 63.82
Intern-S1-mini 78.89 91.20 63.56 45.87 42.00 25.24 58.27 79.34 84.07 54.80 44.00 70.96 68.27 37.19 49.78 59.56
Llama-3.1-it 8.89 49.47 44.44 61.84 61.60 17.03 23.95 13.46 60.56 48.67 25.00 53.60 67.33 33.75 46.86 41.10
UltraMedical 0.00 41.20 25.33 54.74 52.40 12.68 14.37 14.88 41.42 41.47 26.00 54.36 69.63 33.65 42.27 34.96
Llama-Nemo 46.67 90.53 47.11 61.64 60.40 44.98 30.28 23.03 26.98 41.27 34.00 30.84 40.63 29.92 38.22 43.10
MiMo-RL 0.00 24.67 12.89 57.06 50.40 5.99 30.01 2.65 32.84 20.73 4.00 17.19 30.31 28.11 39.08 23.73
MiniCPM 71.11 93.60 95.56 34.81 30.80 61.96 30.01 60.28 87.78 69.13 51.33 67.71 65.86 32.98 50.81 60.25
NVIDIA-Nemo 71.11 93.60 95.56 43.62 46.80 64.73 56.15 70.62 87.22 69.13 50.33 71.20 74.03 38.53 46.22 65.26
OpenThinker 40.00 85.33 63.56 12.29 8.00 43.28 11.28 17.16 44.57 42.20 28.33 61.44 53.25 24.00 32.49 37.81
Qwen-Coder 4.44 64.80 66.67 75.49 76.40 27.63 34.91 20.76 59.14 44.47 34.67 63.47 49.27 39.10 51.73 47.50
Qwen3-8B 73.33 93.47 92.89 53.92 58.40 67.57 54.28 75.36 83.83 67.73 54.00 74.51 77.80 39.58 53.51 68.01
Cogito-v1 0.00 50.00 53.33 51.81 69.20 15.90 42.68 23.41 71.23 57.80 38.67 63.36 64.97 38.82 54.05 46.35
Gemma-2-it 2.22 46.27 52.44 61.77 67.20 16.85 35.92 9.19 62.84 53.67 28.00 65.91 64.29 39.58 51.24 43.83
Glm-4-chat 3.33 48.00 47.56 64.30 72.00 16.72 37.41 13.18 48.02 46.60 25.67 57.32 60.99 38.53 55.78 42.36
Granite-3.3-it 10.00 68.40 57.33 36.11 48.80 13.12 33.37 21.90 30.37 44.13 31.00 62.02 60.73 36.33 49.51 40.21
Internlm3-it 8.89 69.87 56.44 60.61 62.40 20.82 34.06 26.16 63.21 56.00 33.00 61.85 66.75 36.52 50.05 47.11

Dataset Oracle 78.89 95.60 95.56 75.49 76.40 67.57 58.27 79.34 89.07 71.27 59.33 74.51 79.90 39.58 55.78 73.10
Oracle 87.78 98.67 100.00 93.65 96.80 79.68 77.43 99.91 99.32 93.93 97.00 88.21 98.06 76.48 87.62 91.64

Random Router 15.56 70.67 68.44 54.06 58.40 34.51 36.94 35.55 61.42 51.47 43.33 58.13 59.95 35.85 47.51 48.79
RouterDC 80.00 89.47 57.78 63.00 69.60 49.72 48.21 76.87 71.67 55.80 33.34 66.84 66.33 39.71 51.57 61.33
EmbedLLM 81.11 94.67 93.78 69.42 73.20 64.16 57.76 77.35 88.03 69.20 63.00 71.11 75.81 38.37 51.62 71.24
GraphRouter 77.78 92.93 93.78 66.62 74.00 65.49 58.83 80.76 85.74 66.73 53.33 73.10 74.66 39.23 51.30 70.29
Model-SAT 70.00 93.87 93.34 73.11 76.40 67.26 61.07 79.24 89.75 70.00 61.33 73.33 79.32 38.09 52.11 71.88
Avengers 71.11 93.20 94.22 76.04 75.20 65.17 61.49 77.25 90.31 70.00 59.33 73.98 79.42 37.80 54.54 71.94

Table 11: The performance of all base models and routing methods on each dataset under the routing for performance-
oriented setting. All results are computed on the 30% test split and averaged over five random seeds used in
Experiments. The deep red and light red markers denote the best and second-best results, respectively.
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Model Mathematics Code Knowledge IF Tool Use Avg
AIME LMB. LCB. SWE. GPQA HLE MP. SQA. AHARD. Tau2.

Claude-v4 41.11 61.62 56.34 35.33 71.33 4.79 83.76 15.55 54.08 48.81 47.27
DeepSeek-R1 84.44 77.84 78.42 28.40 80.67 16.46 85.11 27.70 64.81 34.76 57.86
DeepSeek-V3 45.56 67.57 65.17 25.20 62.67 3.83 78.87 28.18 60.59 6.43 44.41
DS-V3.1-Tms 56.67 76.76 65.55 25.47 77.00 9.08 84.49 24.98 66.14 45.00 53.11
Gemini-Flash 60.00 71.89 58.49 20.27 62.67 7.69 81.33 29.86 55.45 30.71 47.84
Gemini-Pro 82.22 46.49 77.54 34.53 84.00 21.43 86.73 54.51 77.17 43.33 60.80
GLM-4.6 86.67 65.41 61.51 21.60 76.67 15.16 81.04 26.36 66.18 55.48 55.61
GPT-5 87.78 82.16 85.68 16.67 84.33 26.57 88.49 48.47 69.90 69.52 65.96
GPT-5-Chat 73.33 57.84 60.32 10.13 75.00 5.74 82.13 40.69 67.02 - 52.47
Intern-S1 50.00 69.19 47.63 7.60 67.67 9.05 82.13 14.92 67.06 30.48 44.57
Kimi-K2 70.00 73.51 66.12 24.40 74.67 5.93 80.47 29.24 73.45 48.10 54.59
Qwen3-235B 80.00 78.92 62.78 16.40 58.67 9.48 83.80 54.33 74.20 38.81 55.74
Qwen3-Thinking 82.22 53.51 76.78 21.33 80.00 7.69 80.36 49.03 75.09 50.48 57.65

Dataset Oracle 87.78 82.16 85.68 35.33 84.33 26.57 88.49 54.51 77.17 69.52 69.16
Oracle 93.33 84.32 91.61 66.00 97.00 50.96 95.20 85.12 99.47 93.57 85.66

OpenRouter 43.33 57.30 59.12 11.33 76.33 13.25 86.02 42.91 57.4 - 49.67

Random Router 66.67 67.57 66.69 23.33 74.00 10.65 83.16 35.16 68.03 39.29 53.45
HybridLLM 80.00 78.91 64.11 16.26 60.67 11.05 83.73 54.24 74.26 52.38 57.56
FrugalGPT 80.00 81.08 65.74 15.87 59.67 23.92 83.67 55.22 84.80 47.14 59.71
RouteLLM 87.78 81.62 85.74 16.67 84.33 26.14 88.44 55.30 81.16 69.52 67.67
GraphRouter (CF) 80.00 78.92 63.41 16.40 58.67 9.44 83.71 54.19 85.07 40.00 56.98
GraphRouter (BL) 81.11 78.92 72.68 16.40 58.67 17.65 83.73 54.88 84.62 48.33 59.70
GraphRouter (PF) 85.55 80.54 84.41 28.80 85.33 20.28 85.49 57.15 86.31 64.05 67.79
Avengers (α=0.00) 45.56 66.49 62.71 16.40 58.67 3.92 79.33 54.21 68.01 0.00 45.53
Avengers (α=0.05) 80.00 78.38 65.55 23.60 77.00 8.33 84.20 54.30 69.42 2.86 54.36
Avengers (α=0.10) 80.00 78.38 65.36 23.73 77.00 8.98 84.11 54.30 69.34 31.67 57.29
Avengers (α=0.15) 80.00 78.38 65.30 23.60 77.00 8.98 84.09 54.30 69.03 34.52 57.52
Avengers (α=0.20) 80.00 78.38 67.70 23.60 77.00 9.07 84.22 54.35 69.07 34.52 57.79
Avengers (α=0.25) 80.00 78.38 71.42 24.13 77.00 9.10 84.27 54.36 69.78 36.19 58.46
Avengers (α=0.30) 80.00 78.38 75.02 24.13 77.00 9.35 84.33 54.33 69.73 44.76 59.70
Avengers (α=0.35) 80.00 78.38 76.28 23.87 77.00 9.75 84.62 54.36 70.00 49.52 60.38
Avengers (α=0.40) 80.00 78.38 76.59 24.13 77.33 22.07 84.62 54.35 70.66 54.05 62.22
Avengers (α=0.45) 80.00 78.92 76.66 24.67 78.00 25.52 85.02 54.41 70.35 56.90 63.05
Avengers (α=0.50) 80.00 78.38 77.22 24.67 78.67 25.96 86.49 54.44 69.65 61.67 63.71
Avengers (α=0.55) 82.22 77.30 79.18 24.67 79.67 26.08 87.31 54.56 69.38 63.57 64.39
Avengers (α=0.60) 82.22 77.30 81.14 28.53 79.67 26.14 87.49 54.70 70.53 65.00 65.27
Avengers (α=0.65) 84.44 77.30 82.46 33.07 80.00 26.17 87.44 55.15 71.11 65.00 66.21
Avengers (α=0.70) 84.44 77.30 84.79 34.53 81.00 26.14 87.71 55.27 71.95 64.76 66.79
Avengers (α=0.75) 83.33 78.38 85.05 34.53 82.33 26.11 87.69 56.66 71.46 65.24 67.08
Avengers (α=0.80) 85.56 81.08 85.74 34.53 82.33 26.11 87.84 56.73 72.39 66.43 67.88
Avengers (α=0.85) 85.56 80.54 85.74 35.47 84.33 26.23 88.04 56.80 73.94 67.38 68.40
Avengers (α=0.90) 85.56 80.54 85.74 34.80 84.33 26.20 88.00 57.18 74.65 67.86 68.49
Avengers (α=0.95) 85.56 80.54 85.80 35.47 83.67 26.30 87.98 57.20 75.22 68.10 68.58
Avengers (α=1.00) 85.56 80.54 85.11 35.20 83.33 26.36 88.16 57.55 75.88 68.10 68.58

Table 12: The performance of all base models and routing methods on each dataset under the routing for performance–
cost tradeoff setting. All results are computed on the 30% test split and averaged over five random seeds used in
Experiments. The deep red and light red markers denote the best and second-best results, respectively. Note that
GPT-5-Chat and OpenRouter have no score on the τ2-Bench benchmark because this model does not support tool
calling. For GraphRouter, we report three configurations—Performance First (PF), Balance (BL), and Cost First
(CF)—as employed in the original paper. For Avengers-Pro, we report 21 configurations obtained by varying the
performance coefficient from 0 to 1 in increments of 0.05 due to space constraints.
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Model Mathematics Code Knowledge IF Tool Use Total
AIME LMB. LCB. SWE. GPQA HLE MP. SQA. AHARD. Tau2.

Claude-v4 0.37 0.57 4.35 10.89 0.85 6.98 7.04 2.21 4.88 32.43 70.56
DeepSeek-R1 0.62 0.83 9.50 3.05 0.97 21.31 7.46 1.85 2.53 11.49 59.60
DeepSeek-V3 0.04 0.05 0.47 0.70 0.05 0.57 0.53 0.14 0.24 2.20 5.00
DS-V3.1-Tms 0.05 0.06 0.37 0.70 0.07 1.27 0.50 0.24 0.32 5.45 9.05
Gemini-Flash 0.70 0.65 2.08 1.21 0.78 20.56 3.35 0.17 1.57 1.81 32.88
Gemini-Pro 2.80 3.34 43.08 24.09 4.84 81.62 35.50 12.31 10.18 12.13 229.89
GLM-4.6 0.75 1.27 0.70 1.55 1.59 30.38 9.30 8.01 0.76 8.59 62.90
GPT-5 1.36 1.43 17.65 7.31 2.30 40.27 10.87 17.09 8.32 18.99 125.60
GPT-5-Chat 0.02 0.46 1.23 3.52 0.57 5.35 4.06 0.71 2.12 - 18.04
Intern-S1 0.14 0.16 2.18 0.85 0.24 3.20 1.68 1.12 0.59 3.88 14.02
Kimi-K2 0.16 0.19 1.22 1.47 0.18 0.68 1.16 0.14 0.52 8.65 14.37
Qwen3-235B 0.09 0.07 0.32 0.42 0.02 1.33 0.55 0.06 0.22 3.85 6.93
Qwen3-Thinking 0.30 0.32 4.45 2.68 0.69 5.39 7.70 3.61 2.39 8.90 36.43

Dataset Oracle 1.36 1.43 17.65 10.89 2.30 40.27 10.87 12.31 10.18 18.99 126.26
Oracle 0.12 0.09 3.56 1.86 0.13 9.78 0.65 1.07 0.26 5.52 23.04

OpenRouter 1.80 2.90 4.22 4.44 2.49 37.47 18.06 2.98 7.95 - 82.31

Random Router 0.27 0.76 6.90 4.80 1.03 16.35 6.98 3.81 2.56 8.72 52.17
HybridLLM 0.14 0.29 1.71 0.96 0.20 4.68 0.84 0.08 0.92 8.82 18.65
FrugalGPT 0.10 0.11 4.08 4.45 0.29 37.05 0.67 3.23 0.41 8.77 59.15
RouteLLM 1.36 1.40 17.65 7.31 2.30 40.67 10.92 2.26 8.41 18.99 111.26
GraphRouter (CF) 0.09 0.07 0.33 0.42 0.02 1.34 0.56 0.06 0.22 3.84 6.94
GraphRouter (BL) 0.13 0.07 9.57 0.49 0.02 23.40 0.56 1.22 0.42 7.41 43.29
GraphRouter (PF) 2.29 0.94 22.13 13.22 4.22 58.14 20.92 6.66 5.75 16.05 150.32
Avengers (α=0.00) 0.04 0.05 0.31 0.42 0.02 0.57 0.47 0.06 0.30 0.00 2.23
Avengers (α=0.05) 0.09 0.07 0.37 0.71 0.07 1.16 0.51 0.06 0.30 0.06 3.40
Avengers (α=0.10) 0.09 0.07 0.37 0.71 0.07 1.30 0.51 0.06 0.28 0.94 4.40
Avengers (α=0.15) 0.09 0.07 0.37 0.71 0.07 1.30 0.51 0.06 0.28 1.10 4.57
Avengers (α=0.20) 0.09 0.07 1.15 0.71 0.07 1.32 0.52 0.06 0.28 1.10 5.37
Avengers (α=0.25) 0.09 0.07 2.06 0.71 0.07 1.39 0.58 0.06 0.28 1.88 7.21
Avengers (α=0.30) 0.09 0.07 3.62 0.71 0.07 1.65 0.61 0.06 0.43 3.81 11.13
Avengers (α=0.35) 0.09 0.07 4.32 1.04 0.07 2.44 0.74 0.10 0.61 4.95 14.44
Avengers (α=0.40) 0.09 0.07 4.46 1.51 0.20 29.20 1.21 0.12 1.08 7.10 45.05
Avengers (α=0.45) 0.09 0.08 5.01 1.65 0.32 37.98 1.53 0.14 1.46 7.60 55.86
Avengers (α=0.50) 0.42 0.49 5.75 1.93 0.64 39.14 3.29 0.19 1.98 8.93 62.75
Avengers (α=0.55) 0.53 0.63 9.29 1.65 0.77 39.42 4.38 0.23 2.77 9.25 68.90
Avengers (α=0.60) 0.53 0.63 11.94 5.26 0.77 39.66 4.69 0.96 3.34 10.41 78.17
Avengers (α=0.65) 0.62 0.76 13.53 9.32 1.40 39.84 5.80 1.53 3.91 10.63 87.34
Avengers (α=0.70) 0.62 0.78 16.45 10.38 1.69 40.06 7.49 1.71 4.49 11.55 95.21
Avengers (α=0.75) 0.81 0.83 16.60 10.38 2.06 40.06 7.94 2.71 4.80 13.52 99.71
Avengers (α=0.80) 1.19 1.20 17.40 10.38 2.06 40.67 8.59 3.54 5.20 14.19 104.41
Avengers (α=0.85) 1.19 1.24 17.40 12.61 2.30 40.91 9.53 4.77 5.86 14.34 110.14
Avengers (α=0.90) 1.19 1.24 17.40 15.72 2.30 41.08 9.71 5.88 6.39 15.11 116.01
Avengers (α=0.95) 1.19 1.24 17.27 17.18 2.91 41.43 12.17 6.60 6.69 16.94 123.62
Avengers (α=1.00) 1.19 1.25 18.73 19.74 4.39 41.54 14.57 7.58 7.06 16.93 132.98

Table 13: Inference cost comparison for all base models and routing methods across different datasets (Unit: $/1M
tokens). All results are computed on the 30% test split and averaged over five random seeds used in Experiments.
The deep red and light red markers denote the lowest and second-lowest costs, respectively. Note that GPT-5-
Chat and OpenRouter have no score on the τ2-Bench benchmark because this model does not support tool calling.
For GraphRouter, we report three configurations—Performance First (PF), Balance (BL), and Cost First (CF)—as
employed in the original paper. For Avengers-Pro, we report 21 configurations obtained by varying the performance
coefficient from 0 to 1 in increments of 0.05 due to space constraints.
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Provider Models

OpenAI gpt-5, gpt-5-mini, gpt-5-nano, gpt-4.1, gpt-4.1-mini, gpt-4.1-nano, gpt-4o-mini, chatgpt-4o-latest
Anthropic claude-3.5-haiku, claude-opus-4-1, claude-sonnet-4-0, claude-3-7-sonnet-latest
Google gemini-2.5-pro, gemini-2.5-flash
Mistral mistral-large-latest, mistral-medium-latest, mistral-small-latest, mistral-nemo
X.AI grok-3, grok-3-mini, grok-4
DeepSeek deepseek-r1
Meta-Llama llama-3.1-70b-instruct, llama-3.1-405b-instruct
MistralAI mixtral-8x22b-instruct
Perplexity sonar
Cohere command-r-plus, command-r

Table 14: Model pool supported by the openroute/auto routing method on OpenRouter. The available models
may change over time; we use the model pool as of December 1, 2025.
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Figure 10: Routing distributions of OpenRouter and Avengers-Pro; Avengers-Pro (cost-matched: α = 0.62, highest-
accuracy: α = 1.00); Models selected in less than 5% of queries are grouped into “Others”.
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