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Abstract

State-of-the-art large language models (LLMs) are now claiming remarkable
supported context lengths of 256k or even more. In contrast, the average
context lengths of mainstream benchmarks are insufficient (5k-21k), and
they suffer from potential knowledge leakage and inaccurate metrics, re-
sulting in biased evaluation. This paper introduces LV-Eval, a challenging
long-context benchmark with five length levels (16k, 32k, 64k, 128k, and
256k) reaching up to 256k words. LV-Eval features two main tasks, single-
hop QA and multi-hop QA, comprising 11 bilingual datasets. The design
of LV-Eval has incorporated three key techniques, namely confusing facts
insertion (CFI), keyword and phrase replacement (KPR), and keyword-
recall-based metric design. The advantages of LV-Eval include controllable
evaluation across context lengths, challenging test instances with confusing
facts, mitigated knowledge leakage, and more objective evaluation. We
evaluate 15 LLMs on LV-Eval and conduct ablation studies on the bench-
marking techniques. The results reveal that: (i) Moonshot-v1 and recent
large-scale open-source models, such as Qwen-2.5-72B and Llama-3.1-70B,
achieve the highest performance on LV-Eval, particularly at lengths below
64k. (ii) Models exhibit distinct score trends. For example, GLM-4-9B-128k,
Yi-6B-200k, and Llama3-8B-1M exhibit a relatively gentle degradation of
performance, but their absolute performances may not necessarily be higher
than those of LLMs with shorter context lengths. (iii) LLMs” performances
can significantly degrade in the presence of confusing information, espe-
cially in the pressure test of “needle in a haystack”. (iv) Issues related to
knowledge leakage and inaccurate metrics introduce bias in evaluation,
and these concerns are alleviated in LV-Eval.

1 Introduction

Large language models (LLMs) have demonstrated exceptional performance on a variety
of natural language processing tasks. The ability of long-context understanding is crucial
for LLMs to deal with tasks based on longer contexts, such as books, lengthy chat history,
and so on. Recently, extensive efforts have been devoted in enlarging the supported context
length (i.e., the number of tokens that the model can accept as input) of LLMs. These efforts
have pushed the supported context length of LLMs from 2k tokens to 32k tokens (Touvron
et al., 2023; Zheng et al., 2023; Bai et al., 2023a; Zeng et al., 2022; Li et al., 2023a), and some
models have achieved a remarkable context length of 128k and 200k (Peng et al., 2023a;
Achiam et al., 2023; Yi, 2023).

In contrast to the rapid evolution of the models” supported context length, existing bench-
marks have lagged behind. The average word count in current long-context benchmarks
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Benchmark #Datasets Avg #Words Min/Max Words Length Levels Opt. Metric  Lang.
ZeroSCROLLS Shaham et al. (2023) 10 13,556 1,023/320,774 none en
LooGLE Li et al. (2023b) 7 21,247 10,927 /246,182 none en
L-Eval An et al. (2023) 20 12,993 2,119/170,256 none v en
BAMBOO Dong et al. (2023) 10 5,067 229/14,858 4k, 16k en+zh
LongBench Bai et al. (2023b) 21 9,486 128/71,954 0-4k,4k-8k,8k+ en+zh
LV-Eval 11 102,380 11,896/387,406  16k,32k,64k,128k,256k v en+zh

Table 1: Comparison of different long-context benchmarks. We count the number of words
for the English datasets and the number of characters for the Chinese datasets. The punctu-
ation marks are taken into account, while tabs, blank spaces, and newlines are not included.

typically falls within the range of 32k (Bai et al., 2023b; Li et al., 2023b; An et al., 2023;
Shaham et al., 2023; Dong et al., 2023), considerably shorter compared to the supported
context lengths of state-of-the-art long-context models. Moreover, previous benchmarks
primarily consist of unaltered public documents and articles. This could be problematic
for two reasons: (i) the data might be involved in LLMs’ training processes, and (ii) the
facts within them might be common-sense facts found in other training resources. The
presence of this issue, known as “knowledge leakage” (Zhou et al., 2023a), can lead to
models answering questions with memorization or common-sense knowledge instead of
understanding long-range contexts. Last but not least, the automatic metrics employed in
most of the existing benchmarks are susceptible to the variations in answer format and the
inclusion of irrelevant words. Such metrics struggle to accurately assess the answer quality.

To address these issues, we propose LV-Eval, a bilingual benchmark with up to 256k words.
LV-Eval incorporates distractions and confusions to make the test more challenging, replaces
keywords and rephrases sentences to prevent knowledge leakage, and employs a more
accurate metric. We summarizes the key characteristics of LV-Eval as follows:

¢ Sufficiently long context length to evaluate state-of-the-art models: LV-Eval
comprises 5 length levels with word counts of 16k, 32k, 64k, 128k, and 256k. Test
instances across these levels share the same set of question-answer (QA) pairs, and
only differ in the context content and length. Testing on the same QA pairs with
different context lengths facilitates a controllable evaluation of models’ long-context

ability.

* Incorporation of distraction and confusion to increase difficulty: When con-
structing the context for each test instance, we mix up distracting documents and
supporting documents. This approach evaluates the model’s ability in pinpoint-
ing key information in a large bunch of distracting texts. In addition, we insert
confusing facts generated by GPT-4 and revised by human annotators into the
context. This assesses the model’s capability to accurately reason in the presence of
interference.

* Keyword and phrase replacement to mitigate knowledge leakage: To mitigate the
biased evaluation of long-context ability caused by knowledge leakage, we replace
the keywords and phrases in the context and QA pairs. The replacement rules are
annotated by human annotators. In this way, LV-Eval requires LLMs to rely on the
understanding of context to answer questions rather than relying on memorization
or common-sense knowledge.

¢ Keyword-recall-based metric for more objective scoring: Existing N-gram metrics
such as the F1 score are sensitive to the format variations and non-informative
words in the answer, which results in inaccurate scores. To address this, we man-
ually annotate answer keywords and a blacklist of unrelated words. The golden
answers are the critical words or sentences extracted from original ground-truth
(GT) answers, while the word blacklist contains common and non-informative
words such as ‘the’, “a’, “of’, and so on. The metric calculation follows a two-stage
procedure: the first stage calculates the recall of golden answer keywords. if the
recall exceeds a certain threshold, the second stage will remove all the blacklisted
words and then calculate the F1 score between the prediction and the GT answer.
This metric design can get scores with higher objectivity.
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Task | Dataset CFI #KPR AK Language #QA pairs #Contexts

lic-mixup v v zh 197 985
loogle-SD-mixup v en 160 800

Single-hop QA cmrc-mixup 786 zh 200 1,000
gie-hop multifieldqa-en-mixup v 476 v en 101 505
multifieldqa-zh-mixup v 424 v zh 133 665

factrecall-en v 3 v en 1 200x5

factrecall-zh v 3 v zh 1 200x5
dureader-mixup zh 176 880
loogle-CR-mixup v en 99 495
Multi-hop QA loogle-MR-mixup v en 139 695
hotpotwikiga-mixup v 232 v en 124 620

Table 2: Data statistics of LV-Eval. The abbreviations “CFI”, “KPR”, “AK” stand for “Con-
fusing Fact Insertion”, “Keyword and Phrase Replacement”, and “Answer Keywords”,
respectively. “#KPR” is the number of KPR rules. Note that in factrecall-en and factrecall-
zh, all QA pairs are the same across all test instances, i.e., there is only one unique QA pair
for each of the two datasets.

Findings. We evaluate 15 LLMs on LV-Eval and summarize the main findings as follows:
(i) Moonshot-v1 and recent large-scale open-source models, such as Qwen-2.5-72B and
Llama-3.1-70B, achieve the highest performance on LV-Eval, particularly at lengths below
64k. (ii) Models exhibit distinct score trends. For example, GLM-4-9B-128k, Yi-6B-200k, and
Llama3-8B-1M exhibit a relatively gentle degradation of performance, but their absolute
performances may not necessarily be higher than those of LLMs with shorter context
lengths. (iii) LLMs’ performances can significantly degrade in the presence of confusing
information, especially in the pressure test of “needle in a haystack”. (iv) Issues related to
knowledge leakage and inaccurate metrics introduce bias in evaluation, and these concerns
are alleviated in LV-Eval.

2 LV-Eval Benchmark

LV-Eval focuses on two types of QA tasks: single-hop QA and multi-hop QA, and is
comprised of 11 QA datasets (6 in English and 5 in Chinese). The data statistics for LV-Eval
are outlined in Table 2. Each test instance in LV-Eval comprises three parts: a context
(C), a question (Q), and a GT answer (A), where C is a synthetic document containing the
information required to answer Q.

Datasets in LV-Eval are constructed with existing public datasets as the source, except for
factrecall-en and factrecall-zh, which are constructed using the data from PG19 (Rae et al.,
2019) dataset and Journey to the West book. Each dataset consists of five subsets of different
lengths: 16k, 32k, 64k, 128k, and 256k. All five subsets share the same question-answer (QA)
pairs, meaning there are five contexts of varying lengths for each QA pair. This allows
for a controllable evaluation of models’ long-context ability when testing the same set of
questions with different context lengths. In total, LV-Eval comprises 1,729 QA pairs and
1,729 x5 = 8,645 synthetic contexts.

Figure 1 illustrates the construction process of LV-Eval. For factrecall-en and factrecall-zh,
we write one QA pair for each dataset. For the rest 9 out of the 11 datasets, we first choose a
specific number of QA pairs from existing QA datasets (Section 2.1). Then, for each unique
QA pair, we go through three procedures to construct the context (Section 2.2):

1. Context mixing up (Section 2.2.1): We first construct five contexts of different
lengths by mixing up supporting documents corresponding to the QA pair and
several distracting documents. For factrecall-en and factrecall-zh, we mix the
supporting evidence of the single QA pair with distracting documents from two
books. For other datasets, the distracting documents are unrelated to the question
and are chosen from the context documents corresponding to non-selected QA pairs
in the same source dataset.
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2. Confusing Facts Insertion (CFI) (Section 2.2.2): Then, in some datasets, we intro-
duce confusing facts by generating them with GPT-4, manually revising them, and
randomly inserting these into the context. These confusing facts bear similarities to
the original supporting facts but are factually different, without contradicting the
original information. This helps make the test instances more challenging.

3. Keyword and Phrase Replacement (KPR) (Section 2.2.3): Finally, to reduce the
impacts of knowledge leakage on evaluation results, we manually replace some
keywords and phrases in the context and the QA pairs.

Cor(l}fil)l?izlg Facts Insertion [ Context ) [ Contexts

Supporting L M]:mufllly ,Wl (64K) (5 Length Levels) LV-Eval Q A
Document @ SN I [Doc.1 + CF2| [ 16K | Dataset
: f

Public QA Random|Insert | Doc.2 I | 32K |
\
D ] : |Doc.3 + CF1| [ 64k | Keyword & Phrase
atasets Random Distracting .| Replacement
= 2 Mixing up | Document [ Doc4 | [ 128K | gM v e
1stractin, anually Replace
Documen% [ Docs | [ 256K |
Context Mixing Up | J )

Figure 1: The construction process of LV-Eval. “CF” is short for “Confusing Fact”.

When evaluating the generated answer, to mitigate the bias in existing metrics, we manu-
ally annotate the keywords in the GT answer and adjust the metric to focus more on the
keywords (Section 2.3).

During the benchmark construction, we employ and guide five human annotators to revise
the confusing facts, replace the keywords and phrases, and annotate the keywords in GT
answers. These human annotators include three master students involved in LLM research
and two master students majored in linguistics. The details of our annotation process are
introduced in Appendix D.

2.1 Data Source and QA Pair Construction

We construct 11 datasets (see Table 2) using public data sources, including
Long-instruction-en2zh (yuyijiong, 2023), HotpotQA (Yang et al., 2018), 2WikiMulti-
hopQA (Ho et al., 2020), DuReader (Tang et al., 2020), LooGLE (Li et al., 2023b), Long-
Bench (Bai et al., 2023b), CMRC 2018 (Cui et al., 2018), MultiFieldQA (Bai et al., 2023b),
PG-19 (Rae et al., 2019) and the book of Journey to the West. The construction of QA pairs in
each dataset is elaborated in Appendix C.

2.2 Context Construction
2.2.1 Context Mixing Up

Can the LLMs identify the key evidences to answer the target question within a long
context? To assess this ability, as shown in Figure 1, LV-Eval randomly mixes the supporting
documents with various distracting documents to generate five contexts of varying length
for a given QA pair. For 9 out of the 11 datasets (excluding factrecall-en and factrecall-zh),
the distracting documents are chosen from the contexts corresponding to the non-selected
QA pairs in the source dataset. For factrecall-en and factrecall-zh, the distracting documents
are extracted from the PG-19 dataset and the book of Journey to the West.

For each length level, we sample distracting documents one by one until the cumulative
word count meets the desired length level. Then, we shuffle the supporting and distracting
documents, prepend a string “Passage i\n” to the i-th document, and concatenate them to
form the final context.
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}’ Question:

*  What is the name of the scientist
widely acclaimed as the foundational
figure of modern physics?

i Answer:

Q Annotators resolve conflicts
Albert EinsteinBeverley was an Italian
astronomer, physicist, mathematician,
and philosopher, regarded as one of
the pioneers of modern astronomy. He

-FE]- GPT4 generates two confusing facts

Albert Einstein was an Italian
astronomer, physicist, mathematician,
and philosopher, regarded as one of
the pioneers of modern astronomy. He

e Albert Einstein H d d

: . . roposed...... roposed......

1 True fact in original context: *' prop : prop

Do (pre-context)......Albert Einstein is a : John Einstein made extensive i John Einstein made extensive

! German-American theoretical H contributions to mathematics, | contributions to mathematics,

! physicist......He is widely regarded as : particularly in algebra......often referred i particularly in algebra......often referred

! one of the founders of modern : to as one of the founders of modern | to as one of the founders of modern

\[Physics ....(post-context).... P mae e | mathematics. Jr—
}[ Random position insertion ]4

! Context with confusing facts 5

R (pre-context)...... was an Italian astronomer, physicist, mathematician, and philosopher, regarded as one of the

! pioneers of modern astronomy. He proposed....... (mid-context)......Albert Einstein is a German-American theoretical physicist.....He is

! widely regarded as one of the founders of modern physics ...... (mid-context)...... made extensive contributions to

Figure 2: Steps for CFI. Firstly, we prompt GPT-4 to generate two descriptions that are
close to the original fact. Then we ask human annotators to resolve any conflicts in the
generated facts. For example, the first generated confusing fact “Albert Einstein was an
Italian astronomer” is in conflict with the original fact and the human annotator revise it to
“Albert Beverley was an Italian astronomer”. Finally, the confusing facts are inserted into a
randomly position in the context.

Note that in hotpotwikiqa-mixup and dureader-mixup, where multiple supporting doc-
uments exist for each QA pair, instead of regarding the multiple supporting documents a
single unit, we disperse and shuffle all supporting and distracting documents.

2.2.2 Confusing Facts Insertion

Can the LLMs identify the key evidences correctly if there are confusing facts in the con-
text? To assess this ability, we apply CFI in hotpotwikiqa-mixup, lic-mixup, multifieldqa-
en-mixup, multifieldqa-zh-mixup, factrecall-en, and factrecall-zh, which inserts similar,
factually different, non-contradictory facts into the context. These facts might mislead less
meticulous models, leading them to generate incorrect answers.

The generation process of the confusing facts goes as follows. Firstly, we use the question and
answer as the input, and prompt GPT-4 (Achiam et al., 2023) to generate two descriptions
that are close to the original fact. The prompt for GPT-4 is shown in Figure A7. Then, we ask
human annotators to resolve any conflicts in the generated facts. As illustrated in Figure 2,
the generated confusing fact “Albert Einstein was an Italian astronomer” is in conflict with
the original fact. Therefore, the human annotator revise it to “Albert Beverley was an Italian
astronomer”. After this generation and revising process, we insert the confusing facts into a
randomly picked position between two sentences in the context.

2.2.3 Keyword and Phrase Replacement

Knowledge leakage is an important concern in LLM evaluation (Zhou et al., 2023a). On the
one hand, the test data are usually collected from open-access sources, and we cannot fully
rule out the possibility of their being involved in some LLMs’ training process. On the other
hand, some common-sense questions can be answered without referencing the provided
context. Consequently, LLMs might rely on memorization and common-sense knowledge
to answer the questions rather than fully understanding the context. This will cause inflated
benchmark scores to overrate the long-context ability of models.

To mitigate the influences of knowledge leakage on the evaluation results, we conduct KPR
according to manually crafted rules in hotpotwikiqa-mixup, cmrc-mixup, multifieldqa-
en-mixup, multifieldqa-zh-mixup, factrecall-en, and factrecall-zh. Specifically, given a
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Figure 3: Steps for KPR. First, given a QA pair, the annotators are asked to select keywords
or phrases to replace and write a substitute for each. Then, the selected keywords and
phrases are replaced throughout the context and QA pair. Finally, annotators will check the
modified context. If there is any conflict, the annotators are asked to revise the replacement
rule until all conflicts are resolved.
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Figure 4: Keyword-recall-based two-stage metric calculation. (a) The vanilla F1 score (red)
is inflated high. With the keyword recall-based metric, the final score is set to zero due to
the low recall of answer keywords. (b) The vanilla F1 score (red) is inflated high due to
irrelevant words. By filtering of blacklisted words, the final score is better calibrated.

QA pair, the annotators are asked to select keywords or phrases for replacement and write
a substitute for each. After the selected keywords and phrases are replaced throughout
the entire context, the annotators review the modified context to check and resolve any
conflicts: If there are conflicts, the annotators are asked to revise the replacement rule until
all conflicts are resolved. One example of the KPR process is shown in Figure 3. See Table 2
for the statistics of the number of replacement rules.
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2.3 Metric Design

The quality evaluation of natural language generation is challenging. Current N-gram
metrics, such as the F1 score, treat all words equally. The neglect of differences in word
importance leads to evaluation bias. For example, in the sentence “Attention is all you
need”, the word “attention” carries the key information and is more important. However,
the answer “Attention matters” will get a lower score than the answer “CNN is all you
need”, which is not what we expected. To this end, we adopt a two-stage metric calculation
process.

Specifically, to evaluate an answer A’, we first calculate the recall of several “answer
keywords” in A’. When the recall exceeds a certain threshold (0.2 for Chinese dataset, 0.4 for
English datasets), we calculate the F1 score between A’ and GT answer A as the final score
for A’. otherwise, A" gets a zero score. We manually annotate the answer keywords in the
GT answer A for hotpotwikiqa-mixup, lic-mixup, loogle-CR-mixup, loogle-MR-mixup,
loogle-SD-mixup, multifieldqa-en-mixup, and multifieldqa-zh-mixup. Figure 4 (a) shows
an example, demonstrating how this two-stage calculation helps avoid some inflated high
evaluation scores.

When calculating the F1 score between A’ and A in the second stage, we exclude common
but non-informative words like ‘the,” ‘a’, “of’, and so on. The word blacklist is constructed
as follows. We first summarized the word counts in the generations of Llama2-7B-Chat-hf
and ChatGLM3-6B-32K on all datasets and chose the top 100 words that matched the GT
answer most frequently. Then, we manually annotate the non-informative words from
the 100 words to construct the blacklist. Figure 4 (b) shows an example of how the word
blacklist aids in calibrating the evaluation scores.

3 Evaluation

Models and Inference. We evaluate 3 commercial and 12 open-source LLMs on LV-Eval.
Their information is summarized in Table A4. We follow the official implementation of all
LLMs to conduct their inferences. Greedy sampling is used for generating tokens. For LLMs
with a context window size smaller than the length of the data context, we truncate the
data context in the middle, and concatenate the head and the tail of the context as input,
ensuring that the QA instructions are fully contained within the input.

Metrics. For all tasks except dureader-mixup and cmrc-mixup, we evaluate the generated
answers with our keyword-recall-based F1 metric, utilizing the annotated answer keywords
and word blacklist. For cmrc-mixup, we omit the manual annotation of answer keywords
since the answers in this dataset is already concise. Therefore, we use the F1 metric with
word blacklist. In the case of dureader-mixup, where the GT answer lengths are relatively
long, we do not manually annotate the answer keywords and use the ROUGH-L metric
with the word blacklist.

3.1 Compare LLMs on LV-Eval

Figure 5 (a) shows the average scores across all 11 datasets of 15 LLMs at different length
levels. We can see that (i) The commercial Moonshot-v1l and recent large-scale open-
source models (Qwen2.5-72B, Llama-3.1-70B) achieve the best performances. Notably,
both Qwen2.5-72B and Moonshot-v1 obtain average scores exceeding 40 at 16k and 32k
lengths. (ii) Among open-source models with parameter sizes in the 6-9B range, GLM-4-9B
achieves the best performance, even outperforming Llama-3.1-70B on longer lengths (128k,
256k). (iii) Models exhibit distinct score trends, resulting in different relative rankings across
different length levels. For example, the model with the largest context window size, Llama3-
8B-1M, exhibits one of the slowest decline of performance from 16k to 128k. Specifically, its
scores at the length level 16k is lower than ChatGLM3-6B-32k and BlueLM-7B-32k-Chat.
Nevertheless, as the length of input context increases, Llama3-8B-1M retains a higher score
than these two models that need to truncate the input context. The similar phenomenon
can be observed between Yi-6B-200k and two GPTs, as well as between GLM-4-9B and
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Figure 5: Overall results on different length levels and types of datasets. (a) Average scores
across all datasets of 15 LLMs at 5 length levels. The circle markers represent open-source
models of 6-9B; The square markers represent larger open-source models around 70B; The
triangle markers represent commercial APIs. Note that we only evaluate Moonshot-v1-128k
on 16k and 32k length levels due to the high cost. (b) Average scores across all length levels
of 14 LLMs on 5 types of datasets. “CQA” refers to QA datasets with CFI.

Llama-3.1-70B. (iv) Models exhibit a sharp performance drop, often occurring prior to or
when the context length exceeds their supported context length. Some models experience
a sharp decline in performance once the context length exceeds their supported context
length. For instance, Qwen2.5-72B-128k, GLM-4-9B-128k, and ChatGLM3-6B-32k exhibit
a sharp performance drop after 128k, 128k, and 32k, respectively. In contrast, some other
models encounter this sharp performance drop earlier. For instance, Llama-3.1-70B-128k
exhibit a sharp performance drop after 64k, despite its stated support for 128k context.

Figure 5 (b) shows the average scores across all 5 length levels on 5 task types. We can
see that (i) LLMs attain lower scores on multi-hop QA tasks compared to single-hop QA
tasks. (ii) Confusing facts insertion adds complexity to the tasks, particularly evident in
single-hop QA and single-hop confusion QA. See Appendix E for more detailed results and
Appendix H for example failure cases.

3.2 Ablation Study of LV-Eval Techniques

Confusing facts insertion. Table A7, A8, and A9 show the scores of multiple LLMs
on dataset with and without CFI. We can see that (i) On multifieldqa-en-mixup and
multifieldqa-zh-mixup, CFI leads to a notable degradation in the scores of LLMs. However,
CFI in the hotpotwikiqa-mixup dataset does not result in severe degradation. (ii) Table A8
and A9 show that a strong model, ChatGLM3-6B-32k, exhibits the most substantial score
degradation on data with CFI. For instance, the score of ChatGLM3-6B-32k degrades from
41.46 to 31.97 (a degradation of 9.49) on the 16k length level of multifieldqa-en-mixup,
while the score degradation of other 5 LLMs falls within the range [0.47,4.89]. This obser-
vation suggests that current powerful LLMs may even be more susceptible to confusing
information in the context. Future research is needed to enhance the models” ability to
discern information that appears similar but is in fact unrelated. (iii) As the length of the
input context increases, the score degradation becomes smaller. This phenomenon can
be attributed to two factors: the truncation of confusing facts and a decrease in baseline
performance.

Keyword and phrase replacement. The technique of KPR aims to eliminate the knowledge
leakage and common-sense memorization of LLMs. Intuitively, for datasets sourced from
Wikipedia and other widely used corpus, the risk of knowledge leakage is higher. From
the results in Table A7, A8, and A9, we observe that: (i) KPR brings notable degradation of
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LLM scores on these three datasets suggesting that knowledge leakage exists in open-source
corpus and can be mitigated by KPR. (ii) The extent of degradation is relatively consistent
across different length levels.

We illustrate the knowledge leakage issue and the impact of KPR in Table A11. Specifically,
we compare three settings: (i) Directly querying the LLMs to answer the question without
the context (“direct (w.o. KPR)”). (ii) Applying KPR to the QA pair, and directly querying
the LLMs without the context (“direct (w. KPR)”). (iii) Applying KPR to the QA pair and
the context, and querying the LLMs to answer the question with the context (“w. context (w.
KPR)”").

Table A1l shows that without KPR, some LLMs can achieve a considerable score even
without context. For instance, Yi-6B-200k and ChatGLM3-6B-32k achieve scores of 16.11 and
12.24, respectively, through memorization or common-sense knowledge. Applying KPR
decreases the score without context (6.06 for Yi-6B-200k and 4.96 for ChatGLM3-6B-32k).
This helps mitigate the influence of memorization or common-sense knowledge on the
assessment of long-context understanding ability.

Case study on the fact-recall tasks. The factrecall-en and factrecall-zh datasets are con-
structed to evaluate the enhanced NIAH (Kamradt, 2023) ability. The traditional NIAH
evaluation is basically a retrieval task, asking LLMs to find the answer or passkey in long
context, which is too simple for majority of LLMs that they can easily get high scores after
task oriented training. Therefore we enhance the NIAH evaluation with CFI and KPR to
assess LLM’s positional consistency of retrieval while challenging their comprehension and
anti-interference abilility.

We show the ablation results of CFI and KPR in Figure 6 and Table A10. From the first column
in Figure 6, we can see that ChatGLM3-6B-32k attains high accuracy on datasets without
CFI and KPR, as long as the input context length is within its context size (32k). However,
when either CFI (second column of sub-figure) or KPR (third column sub-figure) is applied,
the retrieval accuracy decreases. The accuracy experiences a more severe degradation when
both CFI and KPR are applied, particularly evident in factrecall-zh, where a performance
collapse is observed (See Appendix H for an example failure case). This indicates that there
is room for improvement in the model’s ability to accurately identify a specific piece of
information from a long context in the presence of interference.

Keyword-recall-based metric. For a given length level L; of the dataset, if the single key
information is uniformly distributed in the context, an LLM with a context window size Ly,

can only observe the key information for approximately LL—';’ of the time. Thanks to our KPR

technique, we can reasonably expect that the LLM cannot get the correct answer through
memorization or common-sense knowledge. Furthermore, in our free-form QA tasks, unlike
in multiple-choice settings, the LLM cannot easily guess the correct answer. Therefore, we

would not expect to see a metric score much higher than LL—’; In other words, LL—’: is the ideal
score assuming that all answers are correctly extracted from and only from the context, and
the metric accurately measures the answer correctness.

However, as shown in Table 3, when using the original F1 metric, the metric score can
be significantly higher than LL—’; due to the undesired matching of non-keywords and non-
informative words. For example, ChatGLM3-6B-32k achieves a score of 26.43% on the 256k
length level of the cmrc-mixup dataset, which greatly exceeds %’; = 12.5%. In contrast, our
keyword-recall-based metric with the word blacklist is a more meaningful metric, as its
scores are more aligned with our expectations (i.e., smaller than LL—':).

4 Limitations and Future Work

LV-Eval does not encompass other task types such as summarization. Additionally, due to
the high cost, we do not test some of the most recent LLMs, such as GPT-4-128k, GPT-4o,
and so on. As we release all the test data, one can intentionally overfit the benchmark by
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Figure 6: Ablation results of the “needle in a haystack” task on ChatGLM3-6B-32k. (a)
factrecall-en. (b) factrecall-zh. In each of (a)(b), from left to right, the four sub-figures show
the results of w.o. “CFI and KPR”, “w. CFI only”, “w. KPR only”, and “w. both CFI and
KPR”, respectively. These results illustrate that CFI and KPR are effective in improving the
task difficulty.

Bott
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(a) factrecall-en
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Botts
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16k 32k 64k 128k 256k 16k 32k 64k 128k 256k 16k 32k 64k 128k 256k 16k 32k 64k 128k 256k
document W.O CFI & KPR W. CFI Only W. KPR Only W. CFI & KPR

(b) factrecall-zh

Metric 16k 32k 64k 128k 256k
reference %—’;’ 100 100 50.00 25.00 12.50
original 6649 5999 3871 3176 2643

w. answer keywords 57.67 5218 2892 21.07 1545

w. answer keywords + word blacklist 51.21 4634 20.71 1416 8.38

Table 3: Metric scores of ChatGLM3-6B-32k on cmrc-mixup. The score inflation is suppressed
with keyword-recall-based metric design.

training on the test data to get a high score. In this case, training on LV-Eval datasets with
KPR might lead to mistakes in common-sense knowledge, resulting in a very unreliable
evaluation.

As LV-Eval primarily focuses on extracting and manipulating information from long in-
puts, we do not include questions that require long outputs. In future benchmarks where
evaluating long outputs is necessary, a more appropriate metric might involve using an
LLM rater to assess whether the answer matches the ground truth. However, since our
benchmark does not focus on long outputs, we rely on human efforts to provide a simpler
metric, with the goal of avoiding the use of a strong LLM in the evaluation process, as this
could introduce additional biases and costs.

A worth-noting issue about KPR is that as KPR modifies the fact, there exist some cases
where the model identifies factual errors and then insists on providing a common-sense
response. We view these cases as an issue with the model’s instruction-following ability, as
our prompt explicitly states that the answer should be solely based on the context instead of
its existing knowledge.

Our CFI technique relies on manual revision of the confusing facts to ensure the benchmark
quality. A possible way to alleviate the human efforts when applying the CFI technique to
future corpus might be leveraging stronger LLMs to substitute manual revision efforts.
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{ Prompts of GPT4 used to generate confusing facts

Prompt_en:

'l will provide a question, which is a query about the facts described in an article. This article and question will be input into a
language model to predict the answer, and the accuracy of the answer will be used to evaluate the model's ability. | need you to
generate two confusing facts in the article, making it harder for the language model to figure out the correct answer, while these
confusing facts should not be in conflict with the original facts in the article.

Here's an example: input: What is the total bid control price in ten thousand yuan for Sections A, B and C of the Wuzhou City Ring
Expressway? Output: Recently, the bid control price for Sections A, B, and C of the Fuzhou City Ring Expressway reached 600 ten
thousand yuan, which greatly propelled the rapid development of local infrastructure and injected robust power into the city's
economy. \nRecently, the bid control price for Sections D, E, and F of the Wuzhou City Ring Expressway was determined to be 500
ten thousand yuan after careful assessment and approval by relevant parties.

The first confusing fact changes the subject from Wuzhou City, and the second modifies the ABC sections, making it impossible to
complete the input question based on these two confusing facts.

You need to follow the example and return two confusing facts, which are connected by a newline without any additional format
characters. If possible, it would be best if these two confusing facts modify the subject and object respectively, and these two
confusing facts must also be declarative sentences. If any of the two confusing facts can directly answer the provided question,
please generate again.

This is the question I'm providing:*

Prompt_zh:

P —AFH, BRN X P HRGFLRTRE, AAXFRALELANS - FERDUEAELER, RESTATF
METHANES, RFERERFNTRFZFAZXED, ILE TRV EARAEREE, FERAFETNZE XEFREAL
* F}FA
XR—ANEG: input: 4B M AT IRIR B A BATE  BIREACHT B B AR E R AT R £ 4 F 17 output: IR
AR . BAR B AR AR B 49 48 A ds 4 T600% 76, B —AHA SRR AR T 540 Il % i 2R 0y P ZEi Y b
TS A o\, N IR A FEDAR B EAR B AR B 9 48 A7 42 1 B9 € 5007 TG, S22 3 T A 7 A A
o it

it

?

Lo — AN EI ST AR ZANEEB BT ABCAT B, S BCIRR AR AR X T AN T4 SR R R RN AL Y A
TR Z 1| I AT 4 % S WAL EEA —AMATHESE, THEZIN A ETEAS, RTUNE, REXHIE
EANBREFREE, XML ANRRRA . wREAHGANBLT R A - MEEEFERBEN L, HEF LR,

L ﬂrz%%&f* 1Y [8] 4 ;

Figure A7: Prompts used for GPT-4 to generate confusing facts.

A Related Work

Long-Context Benchmarks. Table 1 provides a summary of existing long-context bench-
marks, including ZeroScrolls (Shaham et al., 2023), LooGLE (Li et al., 2023b), L-Eval (An
et al., 2023), BAMBOO (Dong et al., 2023), and LongBench (Bai et al., 2023b). ZeroScrolls,
LooGLE, and L-Eval are monolingual benchmarks without explicit length level partition.
Their average word counts are ~14k, ~21k and ~13.5k, respectively. In order to evaluate the
model’s capability across various context lengths, BAMBOO and LongBench have designed
various length levels. However, the word counts (~5k, ~9.5k) of the contexts in these two
benchmarks are notably smaller than the supported context length of state-of-the-art long-
context models, making them unsuitable for evaluating the claimed extremely long-context
understanding ability. In contrast, LV-Eval contains five length levels, up to 256k words,
each with the same set of QA pairs for controllable evaluation.

In terms of metric design, L-Eval introduces a length-instruction-enhanced metric to mitigate
the undesired impact of the answer length on metric scores. Additionally, L-Eval proposes
to use LLMs to assist in scoring. In LV-Eval, we ask human annotators to mark the answer
keywords and create a non-informative word blacklist, and propose a two-stage metric
to focus more on the answer keywords while reducing the influences of non-informative
words.

The “needle in a haystack” (NIAH) task (Kamradt, 2023) has been very popular in assessing
the long-context retrieval ability of LLMs. A recent benchmark, RULER (Hsieh et al., 2024),
identifies the necessity of extending the NIAH task. It extends NIAH with diverse types
and quantities of needles and distracting information. In our work, LV-Eval also includes
an extended version of the NIAH task with our confusing fact insertion and keyword-and-
phrase replacement techniques.

Long-Context Techniques. Considerable efforts have been devoted to enhancing the long-
context abilities of LLMs. One line of work focuses on making LLMs have extended context
sizes without fine-tuning and behave normally on inputs longer than their training context
lengths. The design and extrapolation method of the position encoding module (Su et al.,
2024; Press et al., 2021; bloc97, 2023) is crucial for this goal. Besides, several sparse attention
techniques (Han et al., 2023; Xiao et al., 2023) have also been proposed to avoid model
collapse. These sparse attention techniques also alleviate the quadratic complexity w.r.t. the
sequence length.
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There are many other strategies aimed at enabling LLMs to effectively leverage long input
contexts. The most commonly utilized strategy is long-context fine-tuning (Xiong et al., 2023;
Li et al., 2023a; Peng et al., 2023b). For instance, YaRN (Peng et al., 2023b) conducts fine-
tuning with 64k and 128k context lengths starting with Llama2-7B/13B, and Yi-6B-200k (Yji,
2023) is trained with 200k context length starting with its 4k variant. Other strategies include
the recurrent- or memory-based architecture (Dai et al., 2019; Wu et al., 2021; Martins et al.,
2022; Zhou et al., 2023b; Liang et al., 2023), and the retrieval- or summarization-based
context compression techniques (Khandelwal et al., 2019; Borgeaud et al., 2022; Bai et al.,
2023b; Zhou et al., 2023b), and so on.

In this work, we evaluate LLMs of diverse context sizes, ranging from 4k to 200k, most of
which have incorporated advanced position encoding design and undergone long-context
fine-tuning.

B Discussion

Could the CF generated by GPT-4 give an unfair effect to the evaluation results of GPT-4?
There is a possibility that the CF generated by GPT-4 could lead to either an unfair advantage
or an unfair disadvantage in its evaluation results. On the one hand, the generated CF is
aligned to GPT-4’s internal concept, which may lead to an unfair advantage, due to the
problem of data leakage. On the other hand, it may lead to an unfair disadvantage, because
the CF generated by GPT-4 itself may be the ones that are hardest for GPT-4 to distinguish,
unless explicitly prompted to consider CF within the context.

Comparison of LV-Eval with two concurrently developed benchmarks: XLBench (Ni et al.,
2024) and Loong (Wang et al., 2024) There are several key differences between LV-Eval
and these two benchmarks: 1. Context Length Balance: Both Loong and XLBench are not
length-balanced, meaning that test instances of different lengths do not share the same
QA pairs. In contrast, LV-Eval ensures that the supporting documents and QA pairs are
shared across different length levels, making it easier to track performance degradation as
context length increases. 2. Application Focus: Loong is primarily focused on information
extraction tasks, such as sheet analysis, which limits its scope. In contrast, LV-Eval is
a more general-purpose benchmark, assessing not only knowledge extraction but also
manipulation and understanding in complex long-context scenarios. 3. Benchmarking
Techniques: We introduce the KPR benchmarking technique to decouple the evaluation of
common-sense knowledge from the evaluation of long-context understanding, addressing a
key limitation in existing long-context benchmarks. Additionally, we propose an optimized
metric, leveraging manual efforts to label keywords, which makes the scoring more intuitive
and interpretable (see Table 3). We hope this comparison clarifies the distinct contributions
of LV-Eval to the community.

C Detailed Construction of QA Pairs

As LV-Eval primarily focuses on extracting and manipulating information from long inputs,
we do not include questions that require long outputs. We select QA pairs with short and
brief answers.

Multi-hop QA. In a multi-hop QA task, the reasoning to derive the answer needs to
gather multiple pieces of information from various locations in the context. We construct
four multi-hop QA datasets: dureader-mixup, loogle-CR-mixup, loogle-MR-mixup, and
hotpotwikiqa-mixup.

* hotpotwikiqa-mixup is originated from two Wikipedia-based multi-hop QA
datasets: HotpotQA and 2WikiMultihopQA. HotpotQA contains 112,779 2-hop
questions that are written by native speakers according to two given paragraphs as
the context. 2WikiMultihopQA contains 192,606 5-hop questions that are synthe-
sized using manually designed templates to prevent shortcut solutions. We select
124 samples from the two datasets.
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loogle-MR-mixup and loogle-CR-mixup originate from LooGLE’s Long-
dependency QA task, specifically the Multiple information Retrieval and Compre-
hension and Reasoning subtasks. The Multiple information Retrieval task requires
aggregation of the evidence that can be directly located in original sentences, while
the Comprehension and Reasoning task contains implicit evidence within the context,
it requires multi-step reasoning to get the correct answers. We select 139 and 99
questions for loogle-MR-mixup and loogle-CR-mixup, respectively.

dureader-mixup is built from the DuReader dataset. We first randomly select 200
instances and then manually remove 24 samples whose answers are longer than
360 words.

Single-hop QA. In a single-hop QA task, only a single evidence in the context is needed
to derive the answer. We construct seven single-hop QA datasets: lic-mixup, loogle-SD-
mixup, cmrc-mixup, multifieldqa-en-mixup, multifieldqa-zh-mixup, factrecall-en, and
factrecall-zh.

lic-mixup is originated from the Long-instruction-en2zh dataset on Hugging Face.
Long-instruction-en2zh contains 8,000+ high-quality Chinese multi-doc QA data
translated from English. We selected 197 QA pairs and their corresponding docu-
ments as supporting data, while the remaining documents serve as distracting data
for context mixing.

loogle-SD-mixup contains 160 unique QA pairs and 800 documents originated
from the short-dependency QA task in LooGLE.

cmrc-mixup is derived from the CMRC 2018 Public Datasets, designed for Chi-
nese machine reading comprehension. It contains ~20k questions annotated on
Wikipedia documents by human experts. We manually pick 200 QA pairs and their
corresponding documents as supporting QA pairs and documents.

multifieldqa-en-mixup and multifieldqa-zh-mixup are built from the Multi-
FieldQA datasets in Long-Bench. We manually remove questions that can be an-
swered using common-sense knowledge without referring to the context, and even-
tually get 101 and 133 unique QA pairs for multifieldqa-en-mixup and multifieldqa-
zh-mixup, respectively.

factrecall-en and factrecall-zh are two synthetic datasets designed to assess the
LLMs’ ability to identify a small piece of evidence (“fact”) located at various loca-
tions within a lengthy context. As shown in Figure A12 A13, we write one English
fact-question-answer pair for factrecall-en and one Chinese fact-question-answer
pair for factrecall-zh. distracting documents are sourced from PG-19 dataset (En-
glish) and the book of Journey to the West (Chinese) to create five contexts of different
length levels. For each context, we generate 200 documents by inserting the fact at
200 evenly spaced positions within the context.

D Annotation Details

Annotators: We hire a total of five annotators, including three master students
involved in LLM research and two master students majored in linguistics. They are
hired to work on-site as full-time annotators.

Annotation time: On average, annotators worked 8 hours per day. (1) For CFI, six
datasets comprising a total of 557 instances of confusing facts were reviewed, with
the verification process completed by two annotators over a period of three days.
This task was assigned to master’s students in linguistics to ensure semantic consis-
tency. (2) For KPR, six datasets containing 1,924 pairs were processed. Replacing
key words and phrases in the Chinese datasets involved five individuals over three
days, whereas the English datasets required two individuals over two days. (3)
For answer keyword annotation, nine datasets comprising 955 instances of answer
keywords were annotated by two individuals within a single day.
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Model Name SFT Context Length HuggingFace / API Endpoint
Llama2-7B-Chat-hf (Touvron et al., 2023) v 4k meta-llama/Llama-2-7b-chat-hf
Qwen-7B-8k-Chat (Bai et al., 2023a) v 8k Qwen/Qwen-7B-Chat
Llama3-8B-Instruct (AlI@Meta, 2024) v 8k meta-1lama/Meta-Llama-3-8B-Instruct
Vicuna-7B-16k-v1.5 (Zheng et al., 2023) v 16k Imsys/vicuna-7b-v1.5-16k
ChatGLM3-6B-32k (Zeng et al., 2022) v 32k THUDM/ chatglm3-6b-32k
BlueLM-7B-32k-Chat (Team, 2023) v 32k vivo-ai/BlueLM-7B-Chat-32K
LongChat-7B-32k-v1.5 (togetherAl, 2023) v 32k Imsys/longchat-7b-v1.5-32k
GLM-4-9B-128k (GLM, 2024) v 128k THUDM/ glm-4-9b-chat
Qwen2.5-72B-Instruct-128k (Yang et al., 2024) v 128k Qwen/Qwen2.5-72B-Instruct
Meta-Llama-3.1-70B-128k-Instruct (Meta, 2024) v 128k meta-llama/Llama-3.1-70B-Instruct
Yi-6B-200k (Yi, 2023) 200k 01-ai/Yi-6B-200K
Llama3-8B-1M (gradient.ai, 2024) v 1048k gradientai/Llama-3-8B-Instruct-Gradient-1048k
GPT-4-8k (Achiam et al., 2023) v 8k gpt-4-0613
GPT-3.5-16k (Ye et al., 2023) v 16k gpt-3.5-turbo-1106
Moonshot-V1-128k (moonshot, 2024) v 128k moonshot-V1-128k

Table A4: Information of evaluated LLMs.

¢ Annotation guidelines: We provided guidelines and examples to the five annota-
tors and conducted a trial annotation in accordance with these guidelines to ensure
they understand the guidelines. The guidelines are summarized as follows. For CFI,
two types of cases require manual modification: (a) The confusing facts generated
by GPT-4 fail to produce interference; (b) The confusing facts generated by GPT-4
conflict with the original facts.

For KPR, the guidelines are: (a) Ensure that the replaced words or phrases are
distinct from the original and not synonyms; (b) Maximize the differences between
the revised and original sentences by replacing as many words as possible; (c) Pri-
oritize the replacement of words that do not have synonymes, as it is challenging to
ensure that all synonyms are correctly replaced for words with multiple synonyms;
(d) After replacement, the resulting statement may be inconsistent with common
knowledge; (e) After replacement, it’s OK that the resulting statement may be
inconsistent with common knowledge, as long as the answer can be derived from
the context and that all information related to this answer is consistent within the
context.

¢ Measurement of inter-annotator agreement: We did not measure inter-annotator
agreement during the annotation process. Since the principles of the annotation
task are simple and clear, and the number of annotations is relatively small, we had
the two annotators review each other’s work to resolve any disagreements after
completing their independent annotations.

E Detailed Evaluation Results

The detailed information of evaluated LLMs are shown in Table A4.

The detailed results on each dataset of the single-hop QA task type and multi-hop QA task
type are shown in Figure A8 and Figure A9, respectively. We can see that (i) Among the multi-
hop QA datasets, loogle-CR-mixup and loogle-MR-mixup are particularly challenging.
Future research is needed to improve the ability to aggregate multiple pieces of evidence
from a long context with distracting and confusing facts. (ii) For single-hop QA datasets, as
expected, LLMs can achieve higher scores on datasets without CFI, including loogle-SD-
mixup and cmrc-mixup. (iii) Several LLMs, namely ChatGLM3-6B-32k, BlueLM-7B-32k-
Chat, and Yi-6B-200k, can achieve relatively high scores on factrecall-en. This indicates that
the NIAH task might not be challenging enough, emphasizing the need to evaluate LLMs
on other tasks, particularly multi-hop QA datasets. (iv) The performance gap between
LLMs on factrecall-en and factrecall-zh is especially large, and some open-source LLMs
with relatively small context sizes, namely Llama2-7B-Chat-hf (4k context window size),
Qwen-7B-8k-Chat, and Vicuna-7B-16k-v1.5, even get near-zero scores. (v) A few LLMs have
unbalanced performances on Chinese and English datasets, as illustrated by the results on
multifieldqa-en-mixup and multifieldqa-zh-mixup. The detailed scores of all models on 5
length levels of all sub-datasets are shown in Table A5 A6.
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Figure A8: Average scores across all length levels of 14 LLMs on single-hop QA datasets.

Additionally, we select the top 3 LLMs from our study for evaluation with LLM auto
rater. We select GPT-4-0613 as auto rater, and the auto rating prompts, which is shown in
Figure A10, are well-crafted to make evaluation objective. The average scores on five length
levels of those 3 LLMs are plot in dot lines in Figure A11l. The results suggest that auto
rater generally assigns higher scores than our keyword-recall-based metric. Despite this, the
relative model performance is still accurately reflected. LLM auto rater consumes about 2M
input tokens in the case of taking GPT-4-0613 as judge model, which incurs an approximate
cost of 20 $ per model evaluation.

F Detailed Ablation Results

The detailed ablation results of CFI and KPR are shown in Table A7 A8 A9.

G Samples in LV-Eval

For completeness of our manuscript, we show some data samples of factrecall-en and
factrecall-zh in Figure A12 A13.
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Figure A9: Average scores across all length levels of 14 LLMs on multi-hop QA datasets.

Dataset Len. Ch. Bl Yi. Lo. Qw. Vi, Ll4 L1L8 LILM GPT3. GPT4 LL31 Qw25 GLM9. Ms.

16k | 2399 19.40 287 1344 11.82 9.67 721 1639 1806 8.01 19.14 2022 1828 1971 2146
32k | 2521 1974 298 1157 1280 7.65 542 13.08 1586 526 13.64 2238 19.16 19.15  21.00
-mixup 64k | 2201 1444 288 923 1048 6.62 559 1024 1516 426 1266 1922 1782  21.02 -
128k | 1794 1095 236 951 815 625 478 530 1446 3.30 8.19 9.90 1824 19.37 -
256k | 872 851 306 796 865 570 445 446 1064 350 6.71 511 1627 18.54 -

16k | 1441 9.01 825 1125 548 500 3.69 863 1256 10.04 1268 30.05 2033 2159 25.02
loogle-CR 32k | 1410 736 883 11.17 330 425 329 874 1105 839 1040 2624 2025 2053 2329
-n%ixu 64k | 992 381 473 931 382 376 313 278 864 5.58 6.48 2681 19.08 15.55 -

P 128k | 695 240 405 619 114 199 219 026 581 3.08 2.83 2072 1256 14.07 -
256k | 546 260 323 503 194 128 081 049 454 3.37 391 166l 731 7.61 B

16k | 1583 490 694 1053 493 517 337 1039 1373 1295 1224 2360 19.14 15.88  20.62

dureader

loogle-MR 32k | 1162 314 767 951 295 383 220 714 109 7.03 783 2254 1612 1629  19.63
—nslixu 64k | 700 168 269 3.04 237 09 205 389 782 6.23 6.26  21.57 1652 16.41 -

P 128k | 724 246 344 405 180 055 1.04 237 593 213 230 1875 12.06 11.87 -
256k | 382 219 132 301 146 1.06 033 04 4.63 1.00 090 1583 7.74 11.40 -
16k | 1698 1931 2355 1157 278 263 399 1214 1767 1196 1351 2753 31.69 27.60  30.08

hotpotwikiga 32k | 1476 14.07 1894 1071 189 219 130 737 1717 6.66 10.62 30.86 31.96 2898  28.93
P q 64k | 9.02 9.63 994 477 227 205 184 234 1337 327 6.67 2757 26.80 24.42 -

-mixup 128k | 831 771 766 549 237 104 081 386 1502 423 413 1797 2146 21.06 -
256k | 6.68 540 201 237 182 185 075 217 1088 330 236 807 1407 1398 -

Table A5: Overall results of multi-hop QA tasks in LV-Eval. The abbreviations “Ch.”, “Bl.”,
“Yi.”, “Lo.”, “Qw.”, “Vi.”, “L1.4”, “L1.8”, “LI1.M”, “11.31”, “Qw.25”, “GLM9.”, “Ms.”, “GPT3.”,
and “GPT4.” stand for ChatGLM3-6B-32k, BlueLM-7B-32k-Chat, Yi-6B-200k, LongChat-7B-
32k-v1.5, Qwen-7B-8k-Chat, Vicuna-7B-16k-v1.5, Llama2-7B-Chat-hf, Llama3-8B-Instruct,
Llama3-8B-1M, Meta-Llama-3.1-70B-Instruct, Qwen2.5-72B-Instruct-128k, GLM-4-9B-128k,
moonshot-v1-128k, GPT-3.5-16k, and GPT-4-8k, respectively.

H Examples of Failure Cases

Figure A14 shows some failure cases of Llama-3-8b-Instruct when confusing facts exist in
factrecall-en and factrecall-zh. In factrecall-zh-16k, all of Llama-3-8b-Instruct’s responses
were misled by the confusing fact, that is “David Beckham”, whereas in the factrecall-en-16k
dataset, only 32% of the responses were misled by the confusing fact. This suggests that the
model’s anti-interference ability may vary significantly across languages.

Figure A15 shows a failure case of multi-hop reasoning in a QA task. In
the 65th test sample of the hotpotwikiqa-mixup-16k dataset, the question asks,
What is the date of death of the director of the film Nallavan Vazhvan?. An-
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Dataset Len. Ch. BL Yi. Lo. Qw. Vi. Ll4 L18 LIM GPT3. GPT4. LL31 Qw25 GLM9. Ms.

16k | 2415 20.75 537 1545 6.05 834 248 9.16 1527 7.65 13.69 1546 3096  31.11 3557
32k | 2227 1268 625 1002 6.07 481 099 657 1562 442 586 17.02 2814  30.00 3446
lic-mixup 64k | 1433 500 719 454 421 252 048 180 1485 3.07 323 1277 27.65 31.84 -
128k | 830 3.03 556 247 434 236 042 252 1186 0.87 1.90 217 2771 30.35 -
256k | 6.07 411 624 214 319 199 073 130 796 1.65 170 132 1520 17.99 -

16k | 41.82 3434 39.56 2742 1054 879 675 2508 3953 31.67 27.01 6325 58.13 5723  59.83
loogle-SD 32k | 3031 15.10 3648 1821 470 490 261 1256 3145 1856 1401 6195 57.02 5298 57.85
-mixup 64k | 19.07 495 3171 1209 240 3.07 258 734 2845 1041 8.00 5397 56.38  47.83 -
128k | 1134 532 2571 9.1 325 424 204 485 1881 574 514 3563 4199 4315 -
256k | 892 541 1237 597 302 239 124 091 837 3.56 148 2245 2395 22.62 -

16k | 51.21 4589 1.05 2099 11.13 11.75 3.85 1516 2025 1219 1467 5395 35.63 4242 4642
32k | 4634 1953 035 1077 532 655 108 6.77 1983  6.00 3.33 4982 33.01 4201  46.80
cmrc-mixup 64k | 2071 1066 084 897 468 504 172 482 1727 357 531 50.72 3538 38.50 -
128k | 1416 706 158 377 381 275 164 178 1346 273 3.81 532 3542 36.67 -
256k | 838 451 254 375 409 413 154 173 566 1.32 2.68 294 2238 22.56 -

16k | 25.40 11.82 10.01 12.02 766 629 881 1633 2130 1878 19.00 3946 29.90 32.06 33.44

multifieldqa | 52 | 1278 634 924 758 361 432 555 960 1705 1159 1269 386l 279 3118 3419
¢ 64k | 1232 838 883 784 523 279 158 615 1868 738 830 3219 2687  27.89 -
-en-mixup 128k | 9.89 529 598 311 364 251 254 663 1727 795 725 2606 2121 2425 -
256k | 424 478 469 422 244 128 149 320 1442 321 354 1905 1710 17.27 -

16k | 3238 2205 285 9.81 882 58 472 1873 2169 1894 17.61 39.16 40.65 3944 39.05

multifieldga | 52 | 2448 1764 075 882 568 445 121 1360 1346 1221 1118 3280 3628 3584 3171

—zh-mixu 64k | 2097 736 189 323 3.01 203 068 613 1131 6.29 499 3077 3179 36.13
P 128k | 10.08 590 211 354 284 088 024 152 928 294 176 2442 3071 35.13 -

256k | 7.05 448 158 392 252 126 056 262 7.79 215 092 1937 2595 26.42 -

16k | 91.50 585 24.88 922 177 0 1.08 272 68.00 825 234 8520 9850 8635 81.38
32k | 89.00 3217 23.09 1433 112 0 046 203 6717 327 11.84 8836 96.00 82.00 86.17
factrecall-en 64k | 46.00 1550 2496 831 0.71 0 031 0.61 73.00 1.80 521 9333 9400  79.00 -
128k | 2400 9.00 2204 786 018 025 023 015 7883 0.60 4.03 8188 88.00  69.00 -
256k | 12.50 5.00 1644 6.00 022 020 0.15 0 58.00 045 179 4796 5250  46.50 -

16k 0 19.00 2573 720 1575 0 0 2.18 0 1451 28.03 17.00 83.00 1050  67.19

32k | 200 3700 16.86 5.00 6.00 0 0 2.03 0.14 6.70 1524 1750 77.50 8.00 71.14
factrecall-zh 64k | 1250 20.00 1241 350 3.50 0 0 1.09 0 249 8.08 6.00 77.00 8.50 -
128k | 9.00 1250 10.13 370 150 0 0 0.32 0 172 3.58 553  76.50 6.00 -
256k | 700 550 462 200 050 0 0 0.21 0 0.98 200 1044 47.06 11.00 -

Table A6: Overall results of single-hop QA tasks in LV-Eval. The abbreviations “Ch.”, “BlL.”,
“Yi.”, “Lo.”, “Qw.”, “Vi.”, “L1.4”, “L1.8”, “L1.M”, “L1.31”, “Qw.25”, “GLM9.”, “Ms.”, “GPT3.”,
and “GPT4.” stand for ChatGLM3-6B-32k, BlueLM-7B-32k-Chat, Yi-6B-200k, LongChat-7B-
32k-v1.5, Qwen-7B-8k-Chat, Vicuna-7B-16k-v1.5, Llama2-7B-Chat-hf, Llama3-8B-Instruct,
Llama3-8B-1M, Meta-Llama-3.1-70B-Instruct, Qwen2.5-72B-Instruct-128k, GLM-4-9B-128k,
moonshot-v1-128k, GPT-3.5-16k, and GPT-4-8k, respectively.

Rating prompt for LLM auto judge
For factrecall datasets:

""You are a LLM evaluator. There are a refenrece {{answer}}, and a LLM's {{response}}. Your task is to rate the {{response}} based on
the following two aspects:

## Semantic similarity between {{fanswer}} and {{response}}

## {{response}} recall of the {fanswer}}

You must rate the response on a scale of 0 to 10 by strictly following this format: "[[rating]]", for example: "[[5]]".

<The start of {fanswer}}>

{Al

<The end of {{fanswer}}>

<The start of {{response}}>

{R}

<The end of {{response}}>'

For other datasets:

""You are a LLM evaluator. There are a pair of {{question}} and {fanswer}}, and a {{response}} from the evaluated LLM. Your task is to
rate LLM's {{response}} based on the following two aspects:

## Semantic similarity between {{fanswer}} and {{response}}

## Is the {{response}} relevant to the {{question}}?

You must rate the response on a scale of 0 to 10 by strictly following this format: "[[rating]]", for example: "[[5]]".

<The start of {{question}}>

Q}

<The end of {{question}}>

<The start of {{fanswer}}>

A}

<The end of {{fanswer}}>

<The start of {{response}}>

{R}

<The end of {{response}}>

Figure A10: Rating prompt for GPT4 auto judge.

swering this question requires multi-hop reasoning: The model needs to first extract the
director’s name from ### Passage 30, which discusses the film Nallavan Vazhvan, and
then retrieve the final answer from ### Passage 15 which provides biographical details.
However, the model incorrectly pulls the answer from ### Passage 27, which describes
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Model Name | Ablation | hotpotwikiga-mixup
| | 16k 32k 64k 128k 256k

w.both | 399 130 184 081 0.75
w.KPR | 410 156 136 063 0.88
w. CFI 629 247 337 147 157
w.o. both | 648 248 298 129 157

w.both | 1698 1476 9.02 831 6.68
w. KPR | 2132 13.04 999 656 6.12
w.CFI | 27.06 2475 1757 1289 10.88
w.o. both | 28.48 2196 18.89 11.31 10.69

w. both | 11.57 10.71 477 549 237
w. KPR | 11.07 6.17 527 531 3.06
w. CFI 1948 1433 941 1134 6.44
w.o. both | 1879 1244 994 11.33 747

w.both | 2355 1894 994 766 201
w. KPR | 2384 1377 652 6.69 3.84
w.CFI | 3332 16.89 11.00 7.62 8.09
w.o. both | 30.71 17.62 1043 10.17 8.51

w.both | 263 219 205 1.04 185
w.KPR | 209 163 127 113 1098
w. CFI 584 358 260 182 1.09
w.o. both | 581 409 330 148 122

Llama?2-7B-Chat-hf

ChatGLM3-6B-32k

LongChat-7B-32k-v1.5

Yi-6B-200k

Vicuna-7B-16k-v1.5

Table A7: Ablation results on hotpotwikiqa-mixup for confusing facts insertion (CFI) and
keyword and phrase replacement (KPR).

Model Name | Ablation | multifieldga-en-mixup

\ | 16k 32k 64k 128k 256k

w.both | 881 555 158 254 149
w. KPR | 843 484 193 246 095

w. CFI 9.05 608 329 359 144
w.o.both | 9.65 6.08 329 359 167

w. both | 2540 12.78 1232 9.89 424
w. KPR | 33.54 17.27 1215 894 4.44
w.CFI | 3197 1980 14.12 1054 6.40
w.o. both | 4146 2429 1432 1031 6.24

w. both | 12.02 758 784 311 422
w. KPR | 1532 10.61 649 3.02 494

w.CFI | 1556 877 13.16 9.88 8.65
w.o. both | 2045 1291 11.69 9.28 859

w. both | 10.01 924 883 598 4.69
w. KPR | 12.69 13.67 11.05 730 5.70

w.CFI | 1202 970 11.19 591 729
w.o. both | 16.78 13.35 1238 7.83 7.27

w.both | 629 432 279 251 128
w. KPR | 807 432 267 265 131

w. CFI 9.02 6.66 540 294 237
w.o.both | 949 688 552 290 209

Llama2-7B-Chat-hf

ChatGLM3-6B-32k

LongChat-7B-32k-v1.5

Yi-6B-200k

Vicuna-7B-16k-v1.5

Table A8: Ablation results on multifieldqa-en-mixup for confusing facts insertion (CFI) and
keyword and phrase replacement (KPR).
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Model Performance at 5 Length Levels
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Figure A11: Average scores on five length levels. The dot lines show 3 best LLMs judged
by GPT4-0613 auto rater, corresponding to 3 solid lines in the same colors which show
performance under proposed metrics. The abbreviation “L]” stands for auto LLM Judge

another director, giving a vague statement that the director was involved in the production
of over 60 films. The model mistakenly interprets this as relevant information for answering
the question. Additionally, the incorrect response may have been influenced by the fact that
the director’s first name in the film’s introduction was abbreviated, preventing the model
from retrieving the correct answer via exact matching. This example indicates that even a
powerful model like Llama 3 struggles to accurately understanding entity relationships in
long-context, multi-step reasoning tasks and is easily misled by superficially relevant but
ambiguous information.
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Model Name | Ablation | multifieldqa-zh-mixup
‘ 16k 32k 64k 128k 256k

w.both | 472 121 068 024 056
w. KPR | 545 126 106 021 0.57
w. CFI 483 206 071 030 042
w.o. both | 549 217 062 030 042

w. both | 32.38 2448 2097 10.08 7.05
w. KPR | 4490 40.23 23.03 1426 7.50
w.CFI | 33.24 2838 20.75 1584 896
w.o. both | 44.80 42.65 27.66 1773 9.51

w.both | 981 882 323 354 392
w. KPR | 11.29 1024 424 360 3.89

w.CFI | 1350 9.76 427 4.00 3.82
w.o. both | 16.59 1131 513 396 3.82

w.both | 285 075 189 211 158
w. KPR | 462 443 251 360 218
w. CFI 332 269 267 295 180
w.o.both | 447 561 358 407 259

w.both | 582 445 203 088 1.26
w.KPR | 818 470 181 089 096
w.CFl | 1003 570 262 342 199
w.o. both | 1022 577 3.08 3.00 1.83

Llama2-7B-Chat-hf

ChatGLM3-6B-32k

LongChat-7B-32k-v1.5

Yi-6B-200k

Vicuna-7B-16k-v1.5

Table A9: Ablation results on multifieldqa-zh-mixup for confusing facts insertion (CFI) and
keyword and phrase replacement (KPR).

/" Sample of Factrecall_en

Question:

,.A What is the name of the scientist widely acclaimed as the foundational figure of modern physics?
nswer:

« Ludwig Beethoven

Context:
‘Jack did not complain of this—in fact he was very well satisfied. He often said that Mr Sweater was a very good landlord, because
on several occasions when, being out of work, he had been a few weeks behind with his rent the agent acting for the benevolent Mr
Sweater had allowed Linden to pay off the arrears by instalments. As old Jack was in the habit of remarking, many a landlord would
have sold up their furniture and turned them into the street....... (Confusion fact 1)......The younger woman was already pouring out a
cup of tea.\nOId Mrs Linden, who had never seen Owen before, although she had heard of him, belonged to the Church of England
and was intensely religious. She looked curiously at the Atheist as he entered the room......(Omitted content).......udwig Beethoven is
a German-American theoretical physicist. His contributions include significant advancements in relativity and quantum mechanics,
notably his mass-energy equivalence formula E=mc2 Due to his contributions to theoretical physics, Ludwig Beethoven received
numerous honors, including the Nobel Prize in Physics in 1921. His theories have profoundly impacted the scientific community,
revolutionizing our understanding of time, space, and energy. He is widely regarded as one of the founders of modern
physics......(Omitted content)...... Then, turning to her husband, she continued: “There’s that old one of yours; you might lend him
that; it would be better than nothing.\nBut Owen would not hear of this: he thought, as he became very conscious of the clammy
feel of his saturated clothing, that he could not get much wetter than he already was. Linden accompanied him as far as the front
door, and Owen once more set out on his way homeward through the storm that howled around like a wild beast hungry for its
prey.\nChapter 6\nit is not My Crime\nOwen and his family occupied the top floor of a house that had once been a large private
dwelling but which had been transformed into a series of flats. It was situated in Lord Street, almost in the centre of the
town......(Confusion fact 2)......then he began to scrub it with the brush.\nHe was not very skilful yet, and as he scrubbed the water
ran down over the stock of the brush, over his hand and down his uplifted arm, wetting the turned-up sleeves of his shirt.

Confusion fact 1:

'‘David Beckham was an ltalian astronomer, physicist, mathematician, and philosopher, regarded as one of the pioneers of modern
astronomy. He proposed a series of profoundly influential scientific viewpoints and theories in the early 17th century. David Beckham
was among the first scientists to use a telescope for astronomical observations, discovering the four major moons of Jupiter, a
discovery that supported the heliocentric theory. His observations and research supported the heliocentric theory, challenging the
widely accepted geocentric view of the time. Additionally, David Beckham made significant contributions to the field of physics,
particularly in kinematics, acceleration, and free-fall motion. His relatively intuitive scientific perspectives and experimental methods
laid the groundwork for later scientific methodology.'

Confusion fact 2:

‘John Beverley made extensive contributions to mathematics, particularly in algebra, number theory, differential geometry, and
probability theory. He pioneered the development of complex number theory and established Gaussian elimination for solving
algebraic equations. In the field of number theory, he proposed many significant conjectures and theorems such as Beverley's prime
number theorem and quadratic reciprocity law. His work had a profound impact on the subsequent development of mathematics,
earning him recognition as one of the greatest mathematicians in history, often referred to as one of the founders of modern

. mathematics."

Figure A12: A sample in factrecall-en.
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Ablation \ factrecall-en
\ \ 16k 32k 64k 128k 256k

w. both 1.08 046 031 023 0.15
w. KPR 1.08 046 031 023 015
w. CFI 238 169 169 069 115
w.o.both | 269 200 177 077 123

w. both | 91.50 89.00 46.00 24.00 12.50
w. KPR 100 9850 49.50 25.00 13.00
w. CFI 100 97.00 4850 24.00 13.00
w.o. both | 100 9850 49.50 25.00 13.00

w.both | 922 1433 831 786 6.00
w. KPR | 4225 2980 11.06 886 7.00
w.CFI | 5692 5130 4925 5479 73.70
w.o. both | 6548 7143 64.03 6426 85.75

w. both | 24.88 23.09 2496 22.04 16.44
w. KPR | 41.78 38.87 3742 3496 19.07
w. CFI | 3497 3252 3024 2891 2743
w.o. both | 36.89 33.72 3296 3236 31.17

w. both 0 0 0 025 0.20
w.KPR | 070 0.38 0 0.17 0
w. CFI 706 974 459 276 221
w.o. both | 2469 1481 649 326 271

Model Name

Llama2-7B-Chat-hf

ChatGLM3-6B-32k

LongChat-7B-32k-v1.5

Yi-6B-200k

Vicuna-7B-16k-v1.5

factrecall-zh

Ablation ‘

Model Name
\ | 16k 32k 64k 128k 256k
w. both 0 0 0 0 0
w. KPR 0 0 0 0 0
Llama2-7B-Chat-hf w. CFI 0 0 0 0 0

w.o.both | 1.07 092 080 071 0.64

w. both 0 200 1250 9.00 7.00
w. KPR | 91.83 78.00 41.00 1717 850
w.CFI | 81.58 7433 5175 27.00 14.50
w.o. both | 63.19 68.33 67.26 63.04 58.23

w. both 720 500 350 370 2.00
w. KPR | 2026 750 550 370 250
w. CHI 692 462 495 342 250
w.o. both | 37.26 33.28 29.77 26.76 24.38

w. both | 2573 16.86 1241 10.13 4.62
w. KPR | 29.72 2263 1792 8.02 3.07
w.CFI | 32.00 30.64 2145 1213 16.95
w.o. both | 3040 30.15 29.60 29.21 28.71

w. both 0
w. KPR 0
w. CFI 0
w.o. both | 0.9

ChatGLM3-6B-32k

LongChat-7B-32k-v1.5

Yi-6B-200k

Vicuna-7B-16k-v1.5

0
0
0
8 068 0

Table A10: Ablation results on factrecall-en and factrecall-zh for confusing facts insertion
(CFI) and keyword and phrase replacement (KPR).
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Model Name | Ablation | hotpotwikiqa-mixup
| 16k 32k 64k 128k 256k
direct (w. KPR) 2.43
Llama2-7B-Chat-hf | direct (w.0. KPR) 3.52
w. context (w. KPR) | 399 130 184 0.81 0.75
direct (w. KPR) 4.96
ChatGLM3-6B-32k direct (w.o. KPR) 12.24
w. context (w. KPR) | 16.98 14.76 9.02 831 6.68
direct (w. KPR) 6.06
Yi-6B-200k direct (w.o. KPR) 16.11
w. context (w. KPR) | 23.55 18.94 994 766 2.01

Table A11: Ablation results for KPR. “direct (w. KPR)”: Apply KPR and direct query without
context; “direct (w.o. KPR)”: Direct query without context; “w. context (w. KPR)”: Apply
KPR and query with context. Note that there is only one result in the first two rows in each
section of the table, since the results of direct querying without context do NOT depend on
the context length.

Sample of Factrecall_zh

Question:
o BN ZREGIAYEFZERAMIRIZFM A5 F?
Answer:
. AEHF
Context:
RFETIE, FHEBH HEPL, —BE_RE, AEHLSOR ERTRET. BF—1 8, =@ 152 REMK 7F
B, AL, TEEEWE. R TEUZ S, FIREH. EREE ANEM BE, AL, " =R,
WBALE ) FRRIRENE, "REZFBREETR, FEESVRR, Hx: \WnHFRIEX, FHRE. oREF, FLEA. F
ArE ﬁ?ss EFEFFRER,...(Confusion fact 1)..... ERUH, FREN, TAHEAFFHIMEEL, IEMUAALTE. RALF
5 RE FETYr, BELE, WBITE WTHE. US/BRE SHERELER. ETHEM EAF. Fod. Kd
E/ﬁ)’fﬁ f&?@ﬁ BFWH. (FEFRZR T, TR, MU BL, EEFE. FFX FAE VRERREZFA..... (B8
AB)..... BFEE], NEH, B—RBBEEFL. FEFYEES, RERE. HKEINE. BFHF. AHAHE. RESHL
E=mc?, FEZ%, FETFEMY. ERRYEZE. NTHR, BRREZAL, CRFR, RIT, uﬁx:ﬁ%/ﬁ
I HE T, FEETFAT, EBARYEZZHRE, ... (BBAR)..... RUEENRR, BE, 172 —B—RHITE
FERT., BEEHMES. “ARFTE, HHER, "XAXE: “ﬁﬁﬁ?/?/ﬁ/ﬁ%ﬂfé BB ARE, E—U, FEBELEID,
BEITIILT . IEXIER, BT[], BREEIEEZFA S, Tﬁiﬂﬂﬁfzﬁfﬁéﬂn BEERAERRE, B LITHIEX.
BETITE. BFEIEERLURITER, RERLIFE, BREAXRE, YEEEHELEFE, RIEAN, fMENRE FFX
DHAMELRUYE RESFL THEN, BEMPHEZFAL ﬁ%iﬁﬁpz FE— G BEGENRER, XGRS,
/Q‘WJI%XE%’ BRI, B TR K, SH—ME. NAEHE. ZHESHEELILE BERITZETHE. RFEM
B BH LA, CHETNE N k. BEEE, AREFHE ——MXZE, EEMEfTEZSE. ... (Confusion fact 2).....
BEELE, RF—E="1K EBHAXZYPFFZEZN, Xk BRE. —E4Z. EERAEEE FL55. BEFLE
LR, BEEHGITEE. AE, URUEXESTE, (REEHEFETH "

Confusion fact 1:

F—AHKX, #
RIBERFEIE. L
I, [N
M T BT, ll///ﬁ’ 1.2 B

7 Z“fié/. /‘/ //JL’/(*K&%AT/ /H/L/WLN L T—F R,
ETH LA, IR

R Hy 5 115 5) 5 F

1} JTHE. 1/[ 4/ W HH,
W, KT IMFIE T 062 # T B

Confusion fact 2:

WA S /éi’//\ AN,
HFIHICZ %, BT B H
IlAE, /17‘(//«'/( Zz

MILIT. HEFI, T LR, R, //f/'#f/éiaw?/ Gy
/Au// EHEEHE. JETE, WA HFIF A b VPR, XTS5

Figure A13: A sample in factrecall-zh.
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[

# Llama-3-8b-Instruct's responses on factrecall-zh-16k dataset

3 {"pred": "DF N, ", "answers": ["D1ZZF"], "gold_ans": null, "dnput": "#EAI
ZHRAMKYEFEEANBERUFAEF? ", "all_classes": null, "length": 13249}
4 {"pred": "DNFNi, ", "answers": ["D1%35"], "gold_ans": null, "input": "#tEAS
ZHEEAMAEFEEANRFZRUFAEF? ", "all_classes": null, "length": 13390}
5 {"pred": "DIFEXIB", "answers": ["P1%ZZF"], "gold_ans": null, "input": "tHHEAITZ
EEANURKMEBEFEEANHERUAFTAEZF? ", "all_classes": null, "length": 13316}
6 {"pred": "DIF N, ", "answers": ["D1ZZF"], "gold_ans": null, "input": "#EAI"
ZHRAMKYEFEEANBERUFAEZF? ", "all_classes": null, "length": 13334}
7 {"pred": "DIFN, ", "answers": ["D1ZZF"], "gold_ans": null, "dnput": "#HiEAT
ZHEEANMAEFEEANRFZRUFAEF? ", "all_classes": null, "length": 13266}

1 # Llama-3-8b-Instruct's responses on factrecall-en-16k dataset

3 {"pred": "David Beckham.", "answers": ["Ludwig Beethoven"], "gold_ans": null,
"input": "What is the name of the scientist widely acclaimed as the
foundational figure of modern physics?", "all_classes": null, "length": 13940}

4 {"pred": "David Beckham.", "answers": ["Ludwig Beethoven"], "gold_ans": null,
"input": "What is the name of the scientist widely acclaimed as the
foundational figure of modern physics?", "all_classes": null, "length": 14047}

5 {"pred": "Ludwig Beethoven.", "answers": ["Ludwig Beethoven"], "gold_ans":
null, "dinput": "What is the name of the scientist widely acclaimed as the
foundational figure of modern physics?", "all_classes": null, "length": 13988}

6 {"pred": "Ludwig Beethoven.", "answers": ["Ludwig Beethoven"], "gold_ans":
null, "dinput": "What is the name of the scientist widely acclaimed as the
foundational figure of modern physics?", "all_classes": null, "length": 14126}

7 {"pred": "Ludwig Beethoven.", "answers": ["Ludwig Beethoven"], "gold_ans":
null, "dinput": "What is the name of the scientist widely acclaimed as the
foundational figure of modern physics?", "all_classes": null, "length": 13895}

8 {"pred": "Ludwig Beethoven.", "answers": ["Ludwig Beethoven"], "gold_ans":
null, "dinput": "What is the name of the scientist widely acclaimed as the
foundational figure of modern physics?", "all_classes": null, "length": 14019}

Figure A14: An example of model’s failure cases caused by confusing facts in factrecall-en
and factrecall-zh. A list of model responses is shown in the figure.
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1{

2 "pred": "9 December 1988",

3 "answers": ["4 November 2003"],

4 "gold_ans": "4 November 2003",

5 "input": "What is the date of death of the director of film Nallavan
Vazhvan?",

6 "all_classes": null,

7 "length": 21447,

8 "context": "...... ### Passage 15\nPalaniyaandi Neelakantan (2 October 1916
\u2013 4 November 2003) was a Tamil film director, who was active for nearly
four decades.\n\nLife\nHe was born at Villupuram, Tamil Nadu...... ### Passage
27\nRafael Luis Calvo Mu\ue0floz (30 December 1911 \u2013 9 December 1988) was
a Spanish film actor. He appeared in more than 60 films including Miracle of
Marcelino (1955)....### Passage 30\nNallavan Vazhvan (transl.\u2009The good
man will live) is a 1961 Indian Tamil-language crime thriller film produced
and directed by P. Neelakantan...... "

9}

Figure A15: A failure case of multi-hop reasoning in hotpotwikiqa-mixup-16k.
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