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SCLG—CLI Benchmark

Table 1: Performance on Terminal-Based Benchmarks (Normal Models).

Qwen3-Coder Devstral GPT-OSS- Gemini-2.5 GLM-45 GPT-5
Benchmark ROME | 30B A3B-Instruct Small2  120B Flash Air  Mini
Architecture MoE MoE Dense MoE - MoE -
# Total Params 30B 30B 24B 117B - 106B -
# Activated Params 3B 3B - 5.1B - 12B -
Terminal-Bench 1.0 41.50 28.50 28.33 31.25 23.75 30.00 33.75
Terminal-Bench 2.0 24.72 13.48 18.20 21.12 16.40* 17.30 20.97
SWE-Bench Verified 57.40 46.33 51.87 43.93 28.73* 56.20 59.30
SWE-Bench Multilingual 40.00 30.00 27.00 34.84 11.50 38.16 49.67
Terminal-Bench-Pro-Public 40.50 26.00 32.17 32.00 23.67 33.00 34.75
Terminal-Bench-Pro-Private | 21.50 11.33 17.00 27.83 15.17 15.83 29.50
Avg. | 37.60 | 25.94 29.10 31.83 19.87 31.75 37.99

Table 2: Performance on Terminal-Based Benchmarks (Large Models).

Qwen3-Coder Qwen3-Coder DeepSeek GLM- Kimi- Claude-

Benchmark ROME Plus 180B-A35B-Tnstruct V3. 46 K2 Haiku-4.5
Architecture MoE MoE MoE MoE MoE MoE -

# Total Params 30B - 480B 671B 355B 1043B -

# Activated Params 3B - 35B 37B 32B 32B -
Terminal-Bench 1.0 41.50 39.58 37.92 38.75 4125 39.25 47.08
Terminal-Bench 2.0 24.72 32.36 26.97 28.47 2629  30.90 34.83
SWE-Bench Verified 57.40 65.87 65.20 62.20 62.67 64.80 69.60
SWE-Bench Multilingual 40.00 54.16 49.50 48.16 53.84 48.67 60.34
Terminal-Bench-Pro-Public 40.50 39.67 38.33 39.33 4150  40.50 45.83
Terminal-Bench-Pro-Private | 21.50 28.50 26.50 28.33 29.17  29.00 35.33

Avg. | 37.60 | 43.36 40.74 40.87 4245 42.19 48.84




SLE—Tool—Use Benchmark

Table 3: Performance on Tool-Use Benchmarks (Normal Models).

Qwen3-Coder Devstral GPT-OSS- Gemini-2.5 GLM-4.5 GPT-5
Benchmark ROME | 308 A3B-Instruct Small2  120B Flash Air  Mini
Architecture MoE MoE Dense MoE - MoE -
# Total Params 30B 30B 24B 117B - 106B -
# Activated Params 3B 3B - 5.1B - 12B -
Tau2-Bench Retail 62.28 59.87 58.33 64.30 64.30* 74.60 74.12
Tau2-Bench Airline 50.50 45.50 30.00 53.50 42 50* 69.00 60.00
Tau2-Bench Telecom 30.92 30.04 20.40 54.61 16.90* 46.90 73.46
BFCL-v3 (Multi-Turn) 43.00 29.75 30.12 53.62 36.25* 66.88 27.25
MTU-Bench (Single-Turn) | 62.45 50.69 63.08 54.16 4593 57.74 59.82
MTU-Bench (Multi-Turn) 47.63 29.38 34.15 58.61 57.01 37.55 55.61
Avg. | 49.46 | 40.87 39.35 56.47 43.82 58.78 58.38

Table 4: Performance on Tool-Use Benchmarks (Large Models).

Qwen3-Coder Qwen3-Coder DeepSeek GLM- Kimi- Claude-

Benchmark ROME Plus 480B-A35B-Instruct V3.1 46 K2 Haiku-4.5
Architecture MoE MoE MoE MoE MoE MoE -

# Total Params 30B - 480B 671B 355B  1043B -

# Activated Params 3B - 35B 37B 32B 32B -
Tau2-Bench Retail 62.28 62.28 59.00 71.50 7610 67.54 67.32
Tau2-Bench Airline 50.50 48.00 48.00 52.00 65.00 49.00 47.50
Tau2-Bench Telecom 30.92 52.19 58.55 40.35 71.05 86.40 36.40
BFCL-v3 (Multi-Turn) 43.00 27.75 42.38 20.62 6750 50.63* 53.50
MTU-Bench (Single-Turn) | 62.45 56.68 63.87 61.71 4954 56.21 61.19
MTU-Bench (Multi-Turn) 47.63 37.56 34.85 53.44 3755 53.31 55.43

Avg. | 49.46 | 47.41 51.11 49.94 61.12  60.52 53.56




