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Table 3. Case study on a Complex 4 case. Raw prompting (GPT-4o) flattens the two
phases and gives the wrong workload specification; TexBench produces it correctly.

dimension/score maximum raw prompt TexBench

syntactic validity 5 5 5
section cardinality 5 5 5
phase cardinality 10 5 10
key-domain 5 5 5
phase ordering 10 0.0 10
operation composition 20 8 20
operation properties 35 18.7 35
schema correctness 10 10 10

total 100 56.7 100
See the corresponding JSONs in the Appendix 6.1

Experimental Setup. We use a machine with two Intel Xeon Platinum 8380
CPUs (2.30 GHz), supporting 80 cores and 160 threads, an NVIDIA A100 PCIe
GPU (40GB), 256GB of DDR4 RAM, a 120MB L3 cache, and a 480GB SSD,
running Ubuntu 24.04.4 LTS [24]. We use the A100 GPU to accelerate local
LLM inference for Ollama.

Setup 1: We experiment with two models: Llama 3.2 from Ollama (free) and
GPT-4o from OpenAI (paid). Using a list of 50 prompts, we send two types
of requests to each model, Raw prompt and TexBench’s prepared prompt. The
raw prompt is prepared by appending the Tectonic workload schema to the user-
described requirement to get a full specification JSON file. TexBench’s prepared
prompt includes System Prompts, DSL grammar rules, and succinct version of
Tectonic’s configuration schema. For the analysis, we compare the proportion of
valid JSON and user-indent → DSL conversion (indent match) for both the raw
prompt and TexBench. We also compare round-trip times (RTT) and costs to
generate a configuration for the paid model. Timeouts are set to 120s and 200s
for TexBench and raw prompting, respectively.
TexBench Preserves the Correctness of Specification. TexBench re-
sponse produces a valid JSON specification file, fulfilling user intent for a custom
workload. Table 2 shows that raw prompting is not scalable, especially for the
local free models, as the workload schema files are lengthy, leading to slowdown,
lost-in-the-middle e!ect, and hallucinated responses. The Llama 3.2 model with
raw prompting captures user intent only 4.7% of the time across 50 prompts,
failing in each category. On the other hand, TexBench, using the same model,
captured the user requirements in 61% of cases. As the prompts become more
complex, all models with raw prompts, as well as TexBench, show a drop in
accuracy. However, TexBench always wins over raw prompting even for paid
models like GPT-4o, showing 96.3% accuracy compared to raw prompting, i.e.
91.3%. The responses are further parsed by the DSL parser for verification. Ta-
ble 3 shows a complex category use case with a breakdown of scoring that we
use to model this experiment. If a model response returns a proper JSON, the
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