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%> Do LLMs do what we ask them to? ~ Our main findings
Reliability of LLM-as-a-judge for Constraint Verification

We all know LLMs excel at general instruction-following! But what happens
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e ! GPT-4-Turbo w/ CoT prompt offers a more performant and cheaper

© LLMs fail to satisfy all requests in multi-constrained user instructions. alternative to GPT-4, with comparable to human performance.

e > Open-source LLMs are unreliable judges, even when supervised with
potentially leading research in the wrong direction, with results that may data from validation split of REALINSTRUCT and annotations from GPT-4-Turbo
not apply to real scenarios. +CoT

I Existing benchmarks are synthetic, lacking real-world complexity and

@ Our contributions LLMs' ability to follow multi-constrained instructions

nl REALINSTRUCT: The first benchmark using real user requests to evaluate LLMs on Model Instruction-level Constraint-level
. . . . . Accuracy Accuracy
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e "\ Even the best LLM of the study (GPT-4) fails to meet at least
:j The REALINSTRUCT Benchmark one constraint on over 21% of instructions.

PR (e e Fer e i LLMs often struggle with constraints involving numbers,

1. Data Filtering: Non-code, English user instructions with constraints are selected negations, or long instructions with large number of constraints.
from a pool of real user conversations with Al.

2. Decomposition: GPT-4 breaks down requests into Task+Context and Constraints.

3. Human Validation: Manual validation ensures accuracy of decomposed data.

Effectiveness of our DECRIM pipeline
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REALINSTRUCT Benchmark Workflow: LLM-as-a-judge evaluates each constraint at time.

X LLMs Can’'t Self-Refine

o Self-Refine baseline, and Self-Critic + Self-Decomposer led to poor results.
o Low-qguality feedback: over-refining good responses while ignoring bad ones.

7. DECRIM works even with a Weak Critic

) Decompose, Critique and Refine (DECRIM)
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