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LLMs sometimes generate answers that rely on internal memory rather than retrieving evidence and

reasoning in the given context, which brings concerns about the evaluation quality of real reasoning

abilities.

In this paper, CofCA makes several key contributions: (1) the first introduce counterfactual data in to multi-

step reasoning evaluation; (2) Sub-QA annotation for reasoning chain evaluation; (3) an automated

annotation framework with human in the loop; and (4) extensive experiments on Wikipedia-based

benchmarks and CofCA, demonstrating an obvious performance gap.

CofCA Evaluation Task

Benchmark characteristics:

1) No overlap with existence knowledge

2) Human Annotated Sub-Questions and Counterfactual Context

3) Increased Difficulty Levels

4) Reasoning Chain Evaluation by Sub-QA

Overview of CofCA

Automatic Data Annotation Framework with Human in the Loop

The automatic annotation framework is 1) replace the noun phrases, synonym and named entities of the

given passage; 2) translation back (Eng-to-CN and CN-to-Eng); 3) generate new multi-hop questions to fit

the written passages; 4) Check grammar issues and answerabilities of the generated question.

Evaluation Metrics

Counterfactual Multi-hop QA Evaluation: F1, EM and LLM-as-Judge Partial Match

Reasoning Chain Evaluation: Calculate the proportion of different reasoning chains.

Comparison to Existing Benchmarks

LLMs show a performance

gap between the Wikipedia-

based datasets and CofCA.

Taking GPT-4 as an example,

GPT-4 achieves high EM and

F1 scores (69.9 and 82.3,

respectively), while in CofCA,

EM and F1 scores are sharply

declined (53.1 and 62.8).

Experimental Results

The performance on reasoning chain tasks. A 2-hop question which requires 2 times reasoning, having 

8 different reasoning chains.  Red rows: wrong reasoning chain, wrong intermediate steps but correct 

final answer; Green row: correct reasoning chain and final answer.

Key Insights

Our findings highlight that, although LLMs performed relatively well on QA tasks, the performance

dropped on multi-hop questions that were based on new, counterfactual knowledge. In addition, their

high performances are inflated and benefit from a high proportion of incorrect reasoning chains.
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EM and F1 scores with a zero-shot setting.  PM† indicates the partial match of LLMs’ outputs 

evaluated with GPT-4-turbo with the same prompt.
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