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Abstract

Key-Value (KV) cache compression techniques
have improved the efficiency of long-context
summarization in Large Language Models
(LLMs), but their impact on model halluci-
nation remains underexplored. In this paper,
we present the first systematic study of how
KV cache compression affects hallucination
in long-context summarization, demonstrating
that aggressive compression can increase hal-
lucination scores by up to 3.36x compared
to the baseline. To mitigate this issue, we
propose HalluKV, a decoding-phase strategy
that selectively removes generated KV pairs
from retrieval heads responsible for retriev-
ing critical information from source context,
thereby anchoring their attention on the pre-
served source information. Our approach main-
tains computational efficiency while signifi-
cantly reducing hallucination across multiple
models and datasets, achieving up to 5.48 av-
erage point reductions on Llama-3-8B-Instruct,
enabling more trustworthy long-context sum-
marization'.

1 Introduction

Modern LLMs are beginning to support extremely
long sequences to meet the diverse needs of users
for both input and output lengths. For example,
models like Gemini 2.5 Pro (Comanici et al., 2025)
have demonstrated the ability to handle inputs of
up to 1 million tokens with a maximum output
length of 60,000 tokens. This capability unlocks
powerful real-world applications, enabling tasks
such as answering complex questions that require
understanding an entire book (KryScifiski et al.,
2021; Chang et al., 2023) and summarizing lengthy
legal or technical documents (Kanapala et al., 2019;
Akter et al., 2025).

However, the attention mechanism in LLMs in-
troduces quadratic computational complexity with
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respect to sequence length. For instance, pro-
cessing a 128K token context with Llama-3.1-
8B (Grattafiori et al., 2024) requires approximately
67GB of GPU memory for KV cache storage alone,
with inference latency growing significantly as at-
tention must be computed over the entire cache for
each generated token. To address this challenge,
KV cache compression techniques have emerged
to selectively evict redundant caches while pre-
serving model performance. (Xiao et al., 2023;
Li et al., 2024; Fu et al., 2024). For example,
StreamingL.LM (Xiao et al., 2023) maintains atten-
tion sinks and sliding windows for infinite-length
generation with bounded memory. SnapKV (Li
et al., 2024) selects important KV pairs using atten-
tion scores from observation windows.

While these compression methods achieve im-
pressive efficiency improvements, a critical ques-
tion remains largely unexplored: how does KV
cache compression affect hallucination in gener-
ated content? First, KV cache compression meth-
ods make models rely on incomplete representa-
tions by discarding contextual information during
prefilling, which can exacerbate contextual hallu-
cination (Chuang et al., 2024). Second, most ex-
isting work evaluates compression methods using
surface-level metrics such as ROUGE score, which
measures lexical overlap but fails to detect hallu-
cination (Maynez et al., 2020). This problem is
particularly critical in summarization tasks, where
hallucination can severely undermine the reliability
and trustworthiness of generated summaries and
cannot be detected by surface-level metrics.

In this work, we present the first systematic study
of how KV cache compression affects hallucination
in long-context summarization. Through extensive
experiments on long-context summarization, we re-
veal two critical findings. (1) We demonstrate that
hallucination exhibits a snowballing effect where
models progressively drift from source content as
generation continues, and this effect becomes dra-
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matically worse under aggressive KV cache com-
pression, with hallucination scores increasing by
up to 3.36x compared to the baseline. (2) By an-
alyzing attention patterns during generation, we
find that KV cache compression causes specific
retrieval heads to shift attention from source con-
text toward generated content, undermining their
crucial role in maintaining factual grounding.

Building on these insights, we propose HalluKV,
a simple yet effective decoding-phase KV cache
eviction strategy. We selectively remove generated
KV pairs from retrieval heads during decoding,
forcing them to remain anchored on the compressed
source context. This targeted intervention mitigates
the root cause of contextual hallucination while pre-
serving the efficiency gains from prefilling-phase
KV cache compression. Experiments on summa-
rization across various models and datasets demon-
strate that HalluKV consistently outperforms exist-
ing KV cache compression methods, maintaining
comparable ROUGE scores while substantially re-
ducing hallucination.

Our contributions can be summarized as follows:

* We present the first systematic study demon-
strating that KV cache compression methods
consistently cause hallucination issues in long-
context summarization, with rates increasing
by up to 3.36x compared to the baseline under
aggressive compression.

* We identify one of the root causes of con-
textual hallucination: retrieval heads, which
are crucial for maintaining factual grounding,
shift attention from source context to gener-
ated content when KV cache budgets are con-
strained.

* We propose HalluKV, a simple yet effective
decoding-phase KV cache eviction strategy
that selectively removes generated KV pairs
from retrieval heads, significantly reducing
hallucination while preserving computational
efficiency.

2 Background

2.1 KV cache compression

In LLMs, Multi-Head Attention maps input X =
{1,229, ...,z } to query, key, value vectors for
each head h in layer (:

Q), = XWq,: Kj, = XWic V), = XWy,
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Figure 1: Calculation matrices for computing attention.
The prefilling phase processes the input and only the
maintained KV caches after KV cache compression are
used during the decoding phase.

The attention output is computed as:

L(KT
al, = softmafv(M)V§1
Vg
For auto-regressive generation, as shown in Fig-
ure 1, keys and values from the prefilling phase
remain constant and can be cached:

M = {(Kl, V1)7 (K27 ‘/2)3 R (KLC’ VLc)}

As context length increases, KV cache grows lin-
early, requiring higher GPU memory. KV cache
compression methods (Xiao et al., 2023; Li et al.,
2024; Cai et al., 2024; Fu et al., 2024) evict less
important KV pairs while preserving essential in-
formation:

M = {(Ksl’ VSI)? (K327 VS2)’ DR (Ksn’ ‘/Tsn)}

where n < L., enabling a trade-off between com-
putational efficiency and model performance.

2.2 Retrieval Head Identification

Recently, Wu et al. (2024b) proposed retrieval
heads by leveraging the Needle-in-a-haystack ex-
periment to identify attention heads responsible for
retrieving critical tokens from long context.

In this approach, a query ¢ is paired with a tar-
get answer k (the "needle"), which is inserted into
a long irrelevant passage c at different positions.
During decoding, each head £ is assigned an im-
portance score Sy, based on its attention to the tar-
get token k. The head whose maximum attention
weight corresponds to the target token is identi-
fied and scored, and these scores are accumulated
across the generation process to obtain the final
head-level importance score distribution S.
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Figure 2: Top panel: Snowballing hallucination across different models with FullKV. Bottom panel: For the same
Llama-3-8B-Instruct model, the hallucination snowballing effect becomes more severe as the KV cache budget
decreases using SnapKV using SnapKV. All results are evaluated on the MultiNews dataset.

Building upon this definition, Fu et al. (2024) ex-
tends the concept of retrieval heads by generalizing
the importance score computation to consider atten-
tion over the entire inserted needle and constructing
a new dataset to mitigate pattern-matching effects.
With these modifications, the importance score dis-
tribution S becomes less sparse, providing more
reliable guidance for KV cache budget allocation
during the prefilling phase. Overall, retrieval heads
play a crucial role in preserving core information
from context.

3 Motivation Study

3.1 KV Cache Compression Amplifies
Hallucination Snowballing

LLM:s often generate outputs that drift away from
the source information as generation progresses,
a phenomenon known as contextual hallucina-
tion (Zhou et al., 2023; Yang et al., 2025). While
this issue can significantly reduce model reliabil-
ity, existing research on model efficiency, particu-
larly KV cache compression methods, has not thor-
oughly examined its impact on hallucination. To
investigate this gap, we conduct a systematic study
across different models and varying KV cache bud-
gets, revealing two key findings.

Baseline Hallucination Patterns. We first estab-
lish baseline hallucination patterns using full KV
cache (FullKV) across various models, as shown in
the upper panel of Figure 2. All evaluated models

exhibit a hallucination snowballing effect, where
the hallucination score increases progressively as
generation continues. These findings align with
existing observations (Yang et al., 2025).

KV Cache Compression Amplifies Halluci-
nation. We further examine the Llama-3-8B-
Instruct model under various KV cache budgets
using SnapKV compression. Results demonstrate
that the hallucination snowballing effect becomes
significantly more pronounced as the cache bud-
get decreases (lower panel of Figure 2). Specifi-
cally, under aggressive compression with a 64 KV
cache budget, hallucination scores reach 3.36 x the
FullKV baseline, indicating that KV cache budget
constraints substantially exacerbate the underlying
hallucination problem. To further characterize this
degradation, we analyze the composition of hal-
lucinations using FineSurE’s (Song et al., 2024)
fine-grained error taxonomy and focus on out-of-
context errors (information not supported by the
source). We define the out-of-context error ratio
as the proportion of out-of-context errors among
all detected errors. As shown in the lower panel
of Figure 2, this ratio increases significantly un-
der constrained KV cache budgets, confirming that
models lose connection to the source context dur-
ing generation.

These findings highlight the need for
hallucination-aware KV cache compression
methods that can maintain computational
efficiency while preserving model reliability.
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Figure 3: Lookback ratio across generation steps under different KV cache budgets on the GovReport dataset. Left:
Overall lookback ratio shows that models shift attention from source context to generated content as generation
progresses, with smaller KV cache budgets accelerating this decline. Right: Top retrieval heads (each thin line)
maintain high lookback ratios under FullKV but experience severe degradation under constrained KV cache budgets.

3.2 Inference-time Attention Deviation

To understand why KV cache compression am-
plifies hallucination, we investigate how budget
constraints influence attention patterns, with partic-
ular focus on the critical role of retrieval heads in
maintaining contextual information.

To quantify attention behavior, we adopt the
lookback ratio introduced by Chuang et al. (2024).
For an attention head h in layer [ at generation step
t, the lookback ratio is defined as the proportion of
attention weight assigned to source context tokens:

Le 1
>y Qp 4

r
LRh,t - ZLC+t—1 1
i=1  nit

(D

where aﬁut’i is the attention weight from the query
at step t to position 2, L. is the source context
length, and the denominator sums over both source
context and previously generated tokens. A higher
lookback ratio indicates that the head predomi-
nantly attends to source context, while a lower ratio
indicates a shift toward generated content.

To understand why KV cache compression am-
plifies hallucination, we investigate how budget
constraints influence attention patterns, with partic-
ular focus on the critical role of retrieval heads in
maintaining contextual information.

To quantify attention behavior, we adopt the
lookback ratio introduced by Chuang et al. (2024).
For an attention head A in layer [ at generation step
t, the lookback ratio is defined as the proportion of
attention weight assigned to source context tokens:

Le 1
> il Qp 4

I _
LRh,t - ZLCHA 1
i=1  %nt

2

where aﬁl +; 1s the attention weight from the query
at step t to position 2, L. is the source context
length, and the denominator sums over both source

context and previously generated tokens. A higher
lookback ratio indicates that the head predomi-
nantly attends to source context, while a lower ratio
indicates a shift toward generated content.

Global Attention Shift Under Compression.
We first examine overall attention patterns across
the entire model. As shown in the leftmost panel
of Figure 3, the lookback ratio generally exhibits a
gradual decline as generation progresses. More im-
portantly, this decline becomes significantly more
pronounced under constrained KV cache budgets.
Specifically, models with smaller cache budgets
show a steeper and faster transition from context-
dependent to self-referential attention patterns, in-
dicating that KV cache compression accelerates the
model’s drift away from source information.

Retrieval Head Vulnerability to Compression.
To further investigate whether models can consis-
tently focus on the source information after KV
cache compression, we examine the attention pat-
terns of retrieval heads, which are crucial for main-
taining source information. As shown in the right
panel of Figure 3, these top retrieval heads (each
thin line) show high lookback ratios under FullKV,
consistently maintaining above average lookback
ratios (thick blue line) and keeping the model con-
nected to source information. However, they show
a significant decline in their lookback ratios when
KV cache budgets are reduced.

This finding reveals that KV compression meth-
ods affect all attention heads, especially those most
important for maintaining core information. When
KV cache budgets are constrained, retrieval heads
lose their ability to consistently focus on source in-
formation, which directly contributes to contextual
hallucination. This suggests that contextual halluci-
nation can be mitigated by ensuring these retrieval
heads maintain their original role in attending to
the source context after KV cache compression.
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Figure 4: HalluKV: Hallucination-Aware KV Cache compression Strategy. Left: Importance score distribution
across attention heads (Y-axis) and layers (X-axis), with selected retrieval heads highlighted in yellow.
: KV cache from important heads is retained while less important cache is evicted to satisfy budget constraints.
: For selected retrieval heads, generated KV cache is evicted to force them to focus on source
context, while other heads use both retained and generated cache for generation.

4 Method

This section presents our proposed HalluKV
method. Based on our motivation study show-
ing that KV cache compression causes retrieval
heads to increasingly attend to generated content,
we propose a decoding-phase eviction strategy that
anchors these critical heads to the source context
throughout generation to mitigate contextual hallu-
cination.

4.1 Overview

Given an input context X = {z1,z9,...,2L.}
during the prefilling phase, existing KV cache com-
pression methods reduce the cache size by retaining
only the most important KV pairs. For a head h in
layer [, the compressed KV cache after prefilling
is:

M. = Compress({(K,{W V,Li) Le

=1

budget) (3)

where the compression function selects a subset
of KV pairs based on their importance. During
the decoding phase, as the model generates tokens
{y1,y2,...,yt}, the KV cache is extended with
newly generated KV pairs. However, as shown in
our motivation study, this causes retrieval heads to
gradually shift attention away from the compressed
source context toward the generated content, lead-
ing to the hallucination snowballing effect.

Our method addresses this issue by selectively
managing the KV cache for retrieval heads dur-
ing the decoding phase. Specifically, we prevent
retrieval heads from attending to the generated con-
tent, forcing them to remain anchored to the com-
pressed source context. This allows us to leverage
the efficiency gains from prefilling-phase compres-

sion while mitigating contextual hallucination dur-
ing generation.

4.2 Retrieval Head Selection

We leverage the retrieval head importance score
distribution S introduced by Wu et al. (2024b) to
identify which heads play critical roles in maintain-
ing contextual information. Given the importance
scores, we select the top-k retrieval heads based on
a mask ratio a:

Hret = {h | Sp > TopK(S,k)}, k= |a- H]|
“
where H is the total number of heads in the LLM,
and a € [0, 1] controls the proportion of heads to
be masked. These selected heads undergo special
KV cache management during the decoding phase
to prevent attention drift.

4.3 Decoding-Phase KV Cache Anchoring

During the decoding phase at generation step ¢, for
each selected retrieval head h € H,.;, we imple-
ment the following KV cache management strat-
egy:

Step 1: Maintain Compressed Source Con-
text. We preserve all compressed KV pairs from
the prefilling phase that correspond to the input
context:

M%L,ctx = Méz (5 )

where Mlh is the compressed KV cache obtained
from the prefilling phase as shown in Eq. 3.

Step 2: Evict Generated Content. For the
selected retrieval heads, we remove all KV pairs
corresponding to previously generated tokens:

Miz,gen = {(K;L,jv V}ij) | Lc < ] < t} — @

(6)
Vh S ,H'ret
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Model Method KV=64 KVv=128

KV=256 KV=1024

GovReport MultiNews GovReport MultiNews GovReport MultiNews GovReport MultiNews e
ROUGE? Hal.] ROUGET Hal.] ROUGET Hal.] ROUGET Hal.] ROUGET Hal.] ROUGET Hal.] ROUGET Hal.| ROUGE?T Hal.] |Avg.ROUGET Avg.Hal.|

SnapKV 1950 7301 1956 83.10 20.83 6534 21.83 71.96 2215 56.55 2353 6145 2592 3888 26.68 36.56 22.50 60.86

Liama-3-8B-Instruct PyramidKV 19.79 70.83 2020 79.71 21.02 63.73 2210 70.56 2247 5426 2384 59.86 2595 36.02 2687 3532 22.78 58.79

HeadKV 21.69 5939 2332 6033 23.14 5073 24.80 4689 2443 4578 2584 3732 2752 2770 2727 2250 24.75 43.83

HalluKV(Ours) 22.53 57.84 24.54 5581 24.04 4514 2619 40.03 2586 37.53 27.15 29.73 2858 20.69 28.13 19.95 25.88 38.34

SnapKV 19.76  64.77 1893 76.10 22.08 5579 21.17 6845 2430 5290 2273 5859 2856 34.73 2588 3598 22.93 5591

Llama-3.1-8B-Instruct PyramidKV 19.99 6325 1957 73.00 2219 57.37 2111 6521 2422 50.80 2264 57.58 28.61 3491 2598 34.80 23.04 54.61

HeadKV 23.66 51.12 2227 57.16 257 4081 2416 4373 28.18 3293 2569 3337 3211 1660 26.67 2124 26.06 37.12

HalluKV(Ours) 24.59 47.14 2332 5132 2695 36.01 2495 3733 2942 2536 2638 29.77 33.08 1328 2749 18.73 27.02 3237

SnapKV 18.62 7323 1921 8559 2046 5897 21.78 7250 22.16 46.16 2289 59.09 2670 24.75 2635 29.04 22.27 56.17

Mistral-7B-Instruct-v0.2 PyramidKV 1842 70.14 19.43 8320 2038 5858 21.44 7145 2206 4675 2297 5640 2631 2646 2578 30.32 22.10 55.41

HeadKV 23.04 40.58 2337 4851 2557 2812 24.89 3559 27.69 1998 2553 2562 30.03 1235 26.66 16.93 25.85 28.46

HalluKV(Ours) 23.91 4420 24.15 4989 26.66 32.16 2531 34.19 2844 1946 2580 2566 3049 1039 27.08 17.07 26.48 29.13

SnapKV 20.73  71.06 18.64 8547 23.00 59.62 21.39 69.33 24.64 5077 2259 5748 2892 2724 2582 283l 23.22 56.16

. PyramidKV 21.00 68.06 18.75 80.25 2245 60.57 20.76 6824 2435 4804 22.82 5555 28.61 2528 2575 2782 23.06 54.23
Mistral-7B-Instruct-v0.3

HeadKV 2379 4236 22,19 5211 2685 3470 24.02 3621 2924 20.82 2544 2477 3264 979 2670 1513 26.36 29.49

HalluKV(Ours) 2535 39.97 23.09 48.13 2841 30.57 2435 34.84 3037 20.80 2577 2430 3380 944 2681 1557 27.24 27.95

SnapKV 16.67 70.99 1484 87.09 1932 60.54 17.82 70.06 21.83 49.05 19.69 5621 27.11 2237 2336 2678 20.08 5538

Qwen2-7B-Instruct PyramidKV 16,77 71.32 1493 8251 1828 61.73 1650 71.12 2041 50.28 1854 5947 2493 29.81 2297 30.15 19.17 57.05

HeadKV 2134 4501 1971 4754 2423 3100 22.04 3692 2674 2043 2370 2538 3099 9.67 2420 15.89 24.12 28.98

HalluKV(Ours) 21.88 43.10 20.28 48.04 25.08 29.82 2278 33.60 27.64 19.96 2390 2379 3136 9.63 2490 15.61 24.73 27.94

SnapKV 1834 6836 1595 7949 20.75 5493 18.05 63.01 2334 4342 1973 5413 2758 2272 2296 284l 20.84 51.81

Qwen2.5-7B-Instruct PyramidKV 1831 6840 1549 7532 1941 59.05 1631 6723 2181 4406 1851 5395 2569 30.86 2228 3348 19.73 54.04

HeadKV 21.53 3929 20.04 5055 2475 2820 21.06 3742 2739 19.89 2249 2957 3041 1045 2389 18.18 23.95 29.19

HalluKV(Ours)  22.13  40.35 2099 48.89 2538 27.21 22.08 36.65 28.01 21.02 2346 27.84 30.86 10.71 24.62 16.85 24.69 28.69

Table 1: Performance comparison across six LLMs, four KV cache budgets (64, 128, 256,

1024), and two datasets

(GovReport and MultiNews). HalluKV consistently achieves the best or competitive performance in both ROUGE
score and hallucination score (Hal.) across different settings. Bold values indicate the best performance in each

configuration.

Step 3: Compute Attention. For the current
generation step ¢, the attention computation for re-
trieval heads only considers the compressed source
context:

l l T
r f Qh,t(Kh,ctcc) 1
ahi = softmax \/(Tk h,ctz
Vh S Hret

(7N
For non-retrieval heads h ¢ H,¢;, the standard
attention mechanism operates over the full KV
cache including both compressed source context
and generated content:
l l T
Qh,t (Kh,full)

I
NG Vi fuil

aﬁl . = softmax

Vh Qé Hret
®)
where th Full includes both the compressed
source context and generated KV pairs. This en-
sures that the model maintains awareness of its
generation history for coherence and fluency.

5 Experiment

5.1 Experiment Details

Models and Datasets. We evaluate our Hal-
IuKV method on six open-source LLMs: Llama-
3-8B-Instruct, Llama-3.1-8B-Instruct (Grattafiori

et al., 2024), Mistral-7B-Instruct-v0.2, Mistral-
7B-Instruct-v0.3 (Jiang et al., 2023), Qwen2-7B-
Instruct (Yang et al., 2024a), and Qwen2.5-7B-
Instruct (Yang et al., 2024c¢). The evaluation is con-
ducted on two long-context summarization datasets
from LongBench (Bai et al., 2023): MultiNews for
multi-document summarization and GovReport for
long-document summarization.

Evaluation Metrics. We assess model perfor-
mance across two key dimensions. For generation
quality, we employ ROUGE scores (Lin, 2004)
to measure the lexical overlap between generated
and reference summaries. For hallucination detec-
tion, we use FineSurE (Song et al., 2024), a fine-
grained automated framework powered by Claude-
3.7 (Cla). The hallucination score represents the
percentage of unfaithful statements, where lower
values indicate better faithfulness.

Implementation Details. We compare against
three strong KV cache compression methods:
SnapKV (Li et al., 2024), PyramidKV (Cai et al.,
2024), and HeadKV (Fu et al., 2024), ensuring all
methods retain the same number of KV cache en-
tries for fair comparison. Our proposed HalluKV is
built upon HeadKV, where the hyper-parameter 3
from HeadKYV, used to control the budget allocation
strategy, is set to 1.05. The local window size w is
set to 8.

The mask ratio « controls the trade-off between
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Figure 5: Comparison of hallucination scores between HeadKV and HalluKV across first and second halves of
generated summaries under different KV cache budgets. HalluK'V shows more substantial reduction in the second
segment, effectively mitigating the “Hallucination at the last” phenomenon.

hallucination reduction and generation quality. We
set @ = 0.2 in our experiments. We provide a
detailed analysis of the impact of different mask
ratio values in Section 5.4. Unless otherwise speci-
fied, all analysis experiments are conducted using
Llama-3-8B-Instruct on the MultiNews dataset to
ensure consistency and comparability across differ-
ent analyses.

5.2 Main Results

Table 1 presents the comprehensive evaluation re-
sults of HalluK'V across six LLMs and multiple KV
cache budgets. Our method consistently outper-
forms all baseline approaches in both hallucination
reduction and generation quality.

First, HalluKV achieves substantial hallucina-
tion reduction across all evaluated models. The hal-
lucination reductions are particularly significant on
Llama-3-8B-Instruct, where HalluK'V reduces hal-
lucination scores by an average of 5.48 points com-
pared to the strong HeadKV baseline. Moreover,
these reductions are consistent across different KV
cache budgets, with hallucination scores dropping
from 60.33% to 55.81% at KV = 64 (a 7.5% rela-
tive reduction) and from 22.50% to 19.95% at KV
= 1024 (an 11.3% relative reduction) on the Multi-
News dataset, indicating the robustness of HalluKV
even when the preserved source information is lim-
ited.

Second, HalluK'V achieves hallucination reduc-
tion without compromising generation quality. The
method simultaneously improves ROUGE scores
across all models, indicating better alignment with
reference summaries. On Llama-3-8B-Instruct,
HalluKV achieves an average ROUGE gain of 1.13
points over HeadK'V, with consistent improvements
observed across different KV cache budgets. This
suggests that anchoring retrieval heads to the source
context not only reduces factual errors but also en-
hances the informativeness and coherence of gen-

erated text.

5.3 Fine-grained Hallucination Evaluation

To systematically evaluate whether HalluKV effec-
tively maintains model attention on source context
throughout the generation process, we partition
generated summaries into two equal segments cor-
responding to the first and second halves of the
output. We compute hallucination scores for each
individual sentence and then calculate the average
hallucination score within each segment to assess
how our method’s effectiveness varies across dif-
ferent generation stages.

Figure 5 demonstrates that our method achieves
more significant reductions in hallucination scores
for the second segment compared to the first seg-
ment. By selectively removing generated KV
caches, HalluKV consistently shows larger rela-
tive reductions in the latter portion of the generated
summaries across different KV cache budgets. This
strategy is particularly effective at reducing factual
errors in the latter portions of the summaries where
the model tends to rely more heavily on its own
generated content.

5.4 The impact of mask ratio

To investigate the optimal balance between hallu-
cination reduction and generation quality, we con-
duct an ablation study on the mask ratio parameter
a, which controls the proportion of retrieval heads
selected for generated KV cache eviction. We sys-
tematically vary the mask ratio from 0% to 50%
across different KV cache budgets (64, 128, 256,
and 1024) and evaluate hallucination scores to un-
derstand how the degree of head masking affects
factual consistency.

Figure 6 reveals a characteristic inverted U-
shaped relationship between mask ratio and halluci-
nation reduction. The results demonstrate that mod-
erate mask ratios (15% to 30%) achieve optimal
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Method KV=64 Kv=128

KV=256 KVv=1024

GovReport MultiNews GovReport MultiNews GovReport MultiNews GovReport MultiNews Ave

SnapKV 73.47 82.32 64.68 71.92 55.97 61.55 38.44 35.74 60.52
+ Ours 69.07 80.32 60.24 67.24 51.13 52.64 28.82 31.07 55.19
HeadKV 59.39 60.33 50.73 46.89 45.78 37.32 27.70 22.50 43.83
+ Ours 57.84 55.81 45.14 40.03 37.53 29.73 20.69 19.95 38.34

Table 2: Hallucination scores when we integrate our method with SnapKV and HeadKV across different KV cache
budgets. Our approach consistently reduces hallucination scores compared to baseline methods.
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Figure 6: Impact of mask ratio a on hallucination re-
duction across different KV cache budgets.

performance, with hallucination scores reduced by
9% to 16% compared to the baseline. As the mask
ratio increases beyond 40%, performance begins
to deteriorate, with the 50% mask ratio showing
a notable increase in hallucination scores. This
degradation occurs because excessive masking also
removes heads that serve other important functions
beyond source information retrieval.

5.5 Integration with Other Prefilling-Only
Methods

To demonstrate the generalizability of our ap-
proach, we evaluate its effectiveness when com-
bined with different prefilling-based KV cache
compression methods. We integrate our decoding-
phase strategy with two representative prefilling
methods: SnapKV and HeadKV. Following the op-
timal mask ratio settings identified in Section 5.4,
we select the best-performing configuration for
each baseline method.

Table 2 reveals notable results regarding the in-
tegration of our method with prefilling-based ap-

proaches. First, our approach consistently reduces
hallucination across all baseline methods and KV
budgets, with average reductions of 5.33 points
for SnapKV and 5.49 points for HeadKV. Second,
our method demonstrates robustness even when
the underlying prefilling method retains limited
contextual information, as evidenced by the consis-
tent reductions achieved with SnapKV despite its
weaker baseline performance.

6 Related Work

6.1 KV Cache Compression Methods

The KV cache is widely used in autoregressive de-
coding to avoid redundant computation: at each
time step, attention keys and values are stored and
reused across future tokens, reducing decoding
time from linear to constant per token.

However, as context length increases, the KV
cache grows linearly, leading to significant compu-
tational efficiency challenges. Various KV cache
compression methods (Xiao et al., 2023; Li et al.,
2024, Cai et al., 2024; Fu et al., 2024) have been
proposed to address this challenge. For exam-
ple, StreaminglLLM (Xiao et al., 2023) maintains
attention sinks and a sliding window to enable
infinite-length generation with bounded memory.
SnapKV (Li et al., 2024) employs observation win-
dows and leverages attention scores to select the
most important KV cache entries for generation.
Moreover, SCOPE (Wu et al., 2024a) introduces a
framework that separately optimizes KV cache dur-
ing both prefilling and decoding phases, preserv-
ing essential information during prefilling while
using a sliding strategy to select important heavy
hitters during decoding to handle long-context long-
generation tasks.

While these methods achieve impressive effi-
ciency improvements, they primarily focus on com-
putational efficiency during the prefilling phase,
with limited consideration of their impact on gen-
eration quality and factual consistency.
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6.2 Hallucination Detection and Mitigation

Model hallucination are often subtle and difficult
to detect, significantly undermining the usability
and trustworthiness of LLMs. Even powerful GPT
models can fail to answer simple factual questions.

Recent work has identified specific patterns that
cause hallucination and attempted to mitigate it
through representation editing (Shi et al., 2024;
Chuang et al., 2024; Wang et al., 2025). For ex-
ample, Lookback Lens (Chuang et al., 2024) in-
troduces the lookback ratio, a metric that captures
how much a model relies on the provided context
versus its own generated tokens during decoding.
This feature is used to identify hallucination and
guide the decoding process toward more faithful
outputs. Building upon the lookback ratio con-
cept, GAME (Wang et al., 2025) proposes a novel
approach that dynamically adjusts attention to im-
prove contextual relevance by employing a trained
classifier to identify attention maps prone to induc-
ing hallucination and executing targeted interven-
tions guided by gradient-informed edit directions.

While some work (Yang et al., 2024b) has recog-
nized the hallucination problems caused by evict-
ing KV cache, there has been limited systematic
analysis. Our work addresses this gap by providing
the first comprehensive study of how KV cache
compression affects hallucination in long-context
generation, revealing the hallucination snowballing
effect under compression and proposing targeted
mitigation strategies.

7 Conclusion

In this paper, we discovered that KV cache com-
pression exacerbates contextual hallucination by
causing retrieval heads to shift attention from
source context to generated content. We pro-
posed HalluKV, a decoding-phase KV cache evic-
tion strategy that selectively removes generated
KV pairs from retrieval heads while preserving
their access to compressed source context, thereby
anchoring these critical heads to source infor-
mation throughout generation. Experimental re-
sults demonstrate that HalluKV consistently out-
performs existing methods, achieving substantial
hallucination reduction while maintaining genera-
tion quality.

Limitations

While our approach demonstrates significant reduc-
tions in contextual hallucination, several limitations

warrant consideration. First, our method relies on
the identification of retrieval heads based on the
Needle-in-a-haystack experiment, which may not
fully capture the complex and heterogeneous roles
that different attention heads play in long-context
generation. In reality, attention heads often serve
multiple functions simultaneously, including re-
trieval, in-context learning (Olsson et al., 2022),
and safety (Zhou et al., 2024). Our binary classifica-
tion of heads as either "retrieval" or "non-retrieval”
may oversimplify this complexity.

Second, while our evaluation primarily focuses
on summarization tasks, preliminary results on the
Qasper QA dataset (Appendix D) suggest that Hal-
luKV generalizes to other long-context tasks. Nev-
ertheless, further evaluation across a broader range
of domains and task types would strengthen our
understanding of the method’s applicability.

Third, as shown in Figure 5, HalluKV mitigates
but does not fully eliminate the hallucination snow-
balling effect under KV cache compression. Sev-
eral factors likely contribute to this residual hal-
lucination. (i) Information loss during the prefill-
ing compression phase is irreversible: once source
KV pairs are evicted, they cannot be recovered,
which places an inherent upper bound on faith-
fulness under aggressive compression. (ii) Non-
retrieval heads also participate in generation and
may introduce hallucinations through mechanisms
not directly addressed by our decoding-phase evic-
tion strategy.
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A Experimental Details for Motivation
Study

This section provides detailed experimental setup
information for Section 3 (Motivation Study), ad-
dressing the experimental details requested by re-
viewers.

Hallucination Evaluation Metric. We use
FineSurE (Song et al., 2024), a fine-grained auto-
mated framework powered by Claude-3.7, to eval-
uate hallucination. The hallucination score rep-
resents the percentage of unfaithful statements in
the generated text, where lower values indicate
better faithfulness. FineSurE performs sentence-
level analysis, identifying factual inconsistencies
between generated summaries and source docu-
ments. We average the sentence-level scores to get
the final hallucination score for each example.

Sequence Length and KV Cache Configuration.
For the FullKV baseline experiments in Section 3.1,
we use the full input context length and truncate to
the maximum context length of the backend model.
For KV cache compression experiments, we apply
SnapKV with different cache budgets (KV=64, 128,
256, 1024) to the same input contexts.

Model and Dataset Selection. The motivation
study in Section 3.1 focuses on Llama-3-8B-
Instruct to provide detailed mechanistic understand-
ing. We evaluate on the MultiNews dataset for
multi-document summarization, where the snow-
balling effect is most pronounced. The comprehen-
sive evaluation in Section 5 extends these findings
across six models and two datasets.

Sentence-Level Analysis Methodology. Fig-
ure 2 presents sentence-level hallucination scores,
where the x-axis represents sentence positions (1-
15) rather than token positions. Each sentence con-
sists of multiple tokens, and this analysis covers the
entire generation process. The snowballing effect
demonstrates that hallucination increases progres-
sively as generation continues, with the effect be-
coming more severe under KV cache compression.

B Out of Context Error Analysis

To further validate the effectiveness of HalluKV
in reducing contextual hallucination, we analyze
the proportion of out-of-context errors, which rep-
resent statements that cannot be supported by the
source context. Figure 8 presents a comprehensive

comparison between HalluKV and baseline meth-
ods across different KV cache budgets for all six
LLMs used in Table 1.

The results demonstrate that HalluKV consis-
tently achieves lower out-of-context error ratios
compared to HeadKV across all tested models
and KV cache sizes. For the Llama models,
HalluKV shows substantial reductions: Meta-
Llama-3-8B-Instruct reduces errors from 68.7%
to 52.5% at KV=64, while Llama-3.1-8B-Instruct
achieves similar reductions from 65.5% to 51.7%
at KV=64. The Mistral models also benefit sig-
nificantly, with Mistral-7B-Instruct-v0.2 reducing
errors from 53.0% to 47.2% at KV=64, and Mistral-
7B-Instruct-v0.3 showing reductions from 60.9%
to 53.5% at KV=64. For the Qwen models, Hal-
luKV consistently outperforms HeadKV, reducing
out-of-context errors from 64.9% to 57.3% for
Qwen2-7B-Instruct and from 38.6% to 34.3% for
Qwen2.5-7B-Instruct at KV=64.

These results provide strong evidence that Hal-
luKV’s decoding-phase eviction strategy effec-
tively anchors generation to the source context,
significantly reducing the proportion of unfaithful
statements that lack support from the input docu-
ments. The consistent reduction across all six mod-
els and various KV cache budgets demonstrates the
robustness and generalizability of our approach in
mitigating contextual hallucination.

Peak Memory Usage

3

Peak Memory (GB)
5w

104
Context Length
Decoding Latency

Decoding Latency (s)

10?
Generation Length

Figure 7: Computational efficiency comparison be-
tween HalluK'V and baseline methods using Mistral-7B-
Instruct-v0.2. Top: Peak memory usage across different
context lengths. Bottom: Decoding latency across differ-
ent generation lengths. HalluKV maintains comparable
computational efficiency to other baseline methods.
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C Computational Efficiency

To demonstrate that HalluKV maintains computa-
tional efficiency while reducing hallucination, we
conduct efficiency evaluations using Mistral-7B-
Instruct-v0.2. We measure peak memory usage
across context lengths from 1K to 256K tokens and
decoding latency across generation lengths from
10 to 4096 tokens. All experiments are conducted
on a single H200 GPU with consistent hardware
settings to ensure fair comparison. For latency mea-
surements, we use a maximum context length of
32,768 tokens to maintain computational feasibility
while still capturing the efficiency characteristics
across different generation lengths.

Figure 7 shows that HalluK'V maintains the same
memory efficiency as HeadKV, achieving substan-
tial memory savings over FullKV (34% reduction
at 256K context length). The decoding latency anal-
ysis reveals that HalluKV introduces only minimal
computational overhead (5-7% increase) compared
to baseline compression methods while still provid-
ing significant improvements over FullKV (34%
latency reduction at 4096 generation length).

These results demonstrate that HalluK'V success-
fully maintains the efficiency gains from prefilling-
phase compression while adding negligible compu-
tational overhead, making it practically viable for
real-world applications.

D Results on Question Answering and
Additional Summarization dataset

QA dataset from Longbench we conduct experi-
ments on the QASPER dataset (Dasigi et al., 2021),
a question answering dataset that requires mod-
els to answer questions based on academic papers.
This evaluation demonstrates the generalizability of
HalluKV beyond summarization tasks. We instruct
the model to provide explanations along with an-
swers, enabling us to evaluate hallucination using
the same FineSurE framework. Table 3 presents
the hallucination scores on QASPER using Llama-
3-8B-Instruct with HeadKV as the baseline. The
results show that HalluKV consistently reduces
hallucination scores across different KV cache bud-
gets, achieving an average reduction of 2.92 points
compared to HeadKV. Notably, at KV=256, Hal-
[uKV achieves a substantial reduction from 43.81%
to 37.44% (a 14.5% relative reduction), demonstrat-
ing the effectiveness of our method in QA tasks
where maintaining factual grounding to source doc-
uments is crucial.

Method  KV=64 KV=128 KV=256 KV=1024 Average
HeadKV ~ 57.48 45.36 43.81 29.89 44.14
HalluKV  53.85 45.93 37.44 27.66 41.22

Table 3: Hallucination scores (lower is better) on
QASPER QA dataset using Llama-3-8B-Instruct with
HeadKYV baseline across different KV cache budgets.
HalluKV consistently reduces hallucination scores com-
pared to the baseline.

Model Method  KV=64 KV=128 KV=256 KV=1024 Avg.
HeadKV  75.54 79.98 71.49 65.05 73.02
Llama-3.1-8B-Instruct
HalluKV  76.56 71.07 67.58 62.11 69.33
. HeadKV ~ 84.22 82.75 80.43 77.82 81.31
Mistral-7B-Instruct-v0.3
HalluKV  68.77 65.46 65.02 67.90 66.79
HeadKV  66.94 62.70 67.89 66.50 66.01

HalluKV ~ 72.68 57.07 65.46 65.50 65.18

Qwen2.5-7B-Instruct

Table 4: Hallucination scores (lower is better) on the In-
finiteBench summarization task across three LLMs and
four KV cache budgets. HalluKV achieves consistent
average reductions on all three models, with particularly
substantial gains on Mistral-7B-Instruct-v0.3.

These results provide additional evidence that
HalluKV’s decoding-phase eviction strategy is ef-
fective not only for summarization tasks but also
for other long-context generation tasks that require
faithful grounding to source information.

InfiniteBench Summarization. To further exam-
ine the generalizability of HalluKV on even longer
contexts, we evaluate on the summarization task
from InfiniteBench (Zhang et al., 2024). We choose
InfiniteBench over QMSum because QMSum out-
puts are relatively short, limiting the opportunity
for the hallucination snowballing effect we analyze
(Figure 2) to emerge. Table 4 reports hallucination
scores (FineSurE) across three LLMs and four KV
cache budgets.

HalluKV achieves lower hallucination than
HeadKYV in the majority of settings, with consistent
average reductions on all three models (3.69, 14.52,
and 0.83 points on Llama-3.1-8B-Instruct, Mistral-
7B-Instruct-v0.3, and Qwen2.5-7B-Instruct, respec-
tively). The gains are particularly substantial on
Mistral-7B-Instruct-v0.3, where HalluKV reduces
hallucination by 15.45 points at KV=64 (from
84.22 to0 68.77). These results demonstrate that Hal-
luKV generalizes well to summarization datasets
from other long-context benchmark.

E Case Analysis

To demonstrate HalluKV’s effectiveness in hal-
lucination reduction, we conduct a case analysis
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KV=64 KV=128 KV=256 KVv=1024 Avg.
Model Method
AlignT BERT{ Alignt BERTT Alignt BERTt AlignT BERTY | Alignt BERT?
HeadKV  55.63 56.82 60.82 57.70 64.97 58.86 72.46 60.30 63.47 58.42
Llama-3.1-8B-Instruct
HalluKV  60.57 57.09 67.97 58.20 71.11 59.40 75.95 63.11 68.90 59.45
. HeadKV  60.45 57.81 66.37 59.15 73.13 60.06 80.59 61.62 70.14 59.66
Mistral-7B-Instruct-v0.3
HalluKV  63.11 58.43 70.65 59.77 75.13 60.74 82.64 62.10 72.88 60.26
HeadKV  64.80 55.00 65.29 58.15 68.62 59.34 74.42 60.79 68.28 58.32
Qwen?2.5-7B-Instruct
HalluKV  67.13 55.15 67.53 57.82 69.61 59.54 76.09 60.93 70.09 58.36

Table 5: AlignScore and BERTScore (both higher is better) on GovReport across three LLMs and four KV cache
budgets. HalluKV consistently improves source-document faithfulness (AlignScore) in all settings, and maintains
comparable or improved semantic similarity (BERTScore) in all but one configuration. Bold values indicate the best

performance in each cell.

as shown in Figure 9. The results reveal signifi-
cant differences between HeadKV and HalluK'V:
HeadKV generates 5 out-of-context errors out of
7 statements (71.4%), while HalluKV reduces this
to zero out-of-context errors across all generated
statements. This qualitative evidence confirms that
HalluKV’s strategy of anchoring retrieval heads to
source context effectively prevents the introduction
of information not present in the source context.

F Additional Evaluation Metrics

The main experiments report ROUGE for summa-
rization quality and FineSurE for hallucination de-
tection. To provide a more comprehensive evalua-
tion, we evaluated with two additional model-based
metrics, one for factuality and one for summariza-
tion quality, and report results on GovReport across
Llama-3.1-8B-Instruct, Mistral-7B-Instruct-v0.3,
and Qwen2.5-7B-Instruct. Results are reported in
Table 5.

AlignScore. AlignScore (Zha et al., 2023) is a
unified alignment-based metric trained on diverse
tasks (NLI, QA, fact verification, etc.) that directly
measures faithfulness between the generated text
and the source document. Unlike ROUGE and
BERTScore, which compare against reference sum-
maries, AlignScore evaluates factual consistency
with respect to the source, making it particularly rel-
evant to our study. HalluKV consistently improves
AlignScore across all models and KV budgets, with
gains of up to 7.15 points (Llama-3.1-8B-Instruct
at KV=128), confirming that our method produces
more source-faithful summaries.

BERTScore. BERTScore (Zhang et al., 2019) is
a model-based metric that measures semantic simi-
larity between generated and reference summaries

using contextual embeddings. HalluK'V maintains
comparable or improved BERTScore across nearly
all settings, confirming that hallucination reduction
does not come at the cost of summarization quality.

Summary. Together, the consistent improve-
ments across FineSurE (LLM-based hallucination
detection), AlignScore (NLI-based faithfulness),
ROUGE (lexical overlap), and BERTScore (seman-
tic similarity) provide multi-dimensional evidence
for HalluK'V’s effectiveness.

G Contributions and Future Directions

Novelty of Our Work. Our contributions are
novel in several ways: (1) First systematic study:
To our knowledge, we present the first systematic
investigation of how KV cache compression af-
fects hallucination in long-context summarization.
Our analysis uncovers the snowballing effect and
shows how compression amplifies it. (2) Novel
mechanistic insight: We identify a previously
unrecognized root cause of contextual hallucina-
tion: retrieval heads gradually shift their attention
from source content to generated content under
KV cache compression. This phenomenon had
not been understood in the context of KV cache
compression. (3) Decoding-phase intervention:
While existing methods like HeadKV operate only
during the prefilling stage, our method introduces
a fundamentally different decoding-phase interven-
tion. Instead of allocating cache budgets, HalluKV
selectively evicts generated KV pairs during decod-
ing to prevent attention drift. This mechanism is
complementary to prefilling-based approaches and
can be combined with them.

Future Directions. Our work opens several
promising directions for future research: (1) Adap-
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tive eviction strategies: Developing dynamic evic-
tion strategies that adapt to the generation context
could further improve the trade-off between hal-
lucination reduction and generation quality. (3)
Fine-grained head analysis: Investigating more
sophisticated methods for identifying and operat-
ing on attention heads beyond binary retrieval head
classification could lead to more targeted interven-
tions.
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Figure 8: The proportion of out-of-context errors across different KV cache budgets. HalluK'V consistently maintains
a lower proportion of out-of-context errors compared to baseline methods.
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Reference
Summary

The LDA, as amended, requires lobbyists to file quarterly disclosure reports and semiannual reports on certain political
contributions. The law also includes a provision for GAO to annually audit lobbyists' compliance with the LDA GAO's
objectives were to (1) determine the extent to which lobbyists can demonstrate cc i with di  (
identify challenges to compliance that lobbyists report, and (3) describe the resources and authorities avallable to USAO in its
role in enforcing LDA compliance, and the efforts USAO has made to improve enforcement. This is GAO's 11th report under
the provision. GAO reviewed a stratified random sample of 98 quarterly disclosure LD-2 reports filed for the third and fourth
quarters of calendar year 2016 and the first and second quarters of calendar year 2017. GAO also reviewed two random
samples totaling 160 LD-203 reports from year-end 2016 and midyear 2017. This methodology allowed GAO to generalize to
the population of 45,818 disclosure reports with $5,000 or more in lobbying activity, and 30,594 reports of federal political
campaign contributions. GAO also met with officials from USAO to obtain status updates on its efforts to focus resources on
lobbyists who fail to comply. GAO is not making any recommendations in this report. GAO provided a draft of this report to the
Department of Justice for review and comment. The Department of Justice provided technical comments, which GAO
|ncorporated as appropriate. For the 2017 reporting period, most lobbyists provided documentation for key elements of their
reports to with the Lobbying Disclosure Act of 1995, as amended (LDA). For lobbying
disclosure (LD-2) reports and political contributions (LD-203) reports filed during the third and fourth quarter of 2016 and the
first and second quarter of 2017, GAO estimates that 87 percent of lobbyists filed reports as required for the quarter in which
they first registered; the figure below describes the filing process and enforcement; 99 percent of all lobbyists who filed (up
from 83 percent in 2016) could provide documentation for income and expenses; and 93 percent filed year-end 2016 LD-203
reports as required. These findings are generally consistent with prior reports GAO issued for the 2010 through 2016
reporting periods. However, in recent years GAO's findings showed some variation in the estimated percentage of reports with
supporting documentation. For example, an estimated increase in lobbyists who could document expenses is notable in 2017

and represents a statistically significant increase from 2016. As in GAO's other reports, some lobbyists were still unclear
about the need to disclose certain previously held covered positions, such as paid congressional internships or certain
executive agency positions. GAO estimates that 15 percent of all LD-2 reports may not have properly disclosed previously
held covered positions. On the other hand, over the past several years of reporting on lobbying disclosure, GAO found that
most lobbyists in the sample rated the terms associated with LD-2 reporting as “very easy” or “somewhat easy” to understand.
The U.S. Attorney's Office for the District of Columbia (USAO) stated it has sufficient resources and authority to enforce
compliance with the LDA. USAO continued its efforts to bring lobbyists into compliance by reminding them to file reports or by
applying civil penalties.

HeadKV

The report, \\"Lobbying Disclosure: Observations on
Lobbyists' Compliance with New Disclosure
Requirements,\\\" examines the extent to which
lobbyists comply with new disclosure 5

The report finds that while some lobbyists have made
efforts to comply, many still struggle to provide
accurate and complete information.\

he report highlights several challenges that lobbyists
face in complying with the new requirements,
including difficulties in identifying and reporting
lobbying actlvmes and a lack of clarity on what
a \\"lobbying contact.\\"

Additionally, the report notes that some lobbyists may
be intentionally evading disclosure requirements,
which can undermine the transparency and
accountability of the lobbying process.

To address these the report d:
that the government agency responsible for enforcing
the disclosure requirements provide clearer guidance
on what constitutes a \\\"lobbying contact\\\" and offer
additional training and resources to help lobbyists
comply with the new requirements.\

The report also suggests that the agency consider
implementing a system for tracking and monitoring
lobbying acuvmes which could help to improve

and increase parency.\

Overall, the report concludes that while there are
challenges to complying with the new disclosure
requirements, many lobbyists are making efforts to
comply and that with additional guidance and

resources, the process can be improved.

This sentence accurately reflects the general purpose
of the transcript, which examines lobbyist compliance
with disclosure requirements under the LDA.

his statement is consistent with the transcript, which
shows varying levels of compliance across different
reporting requirements.

While the transcript mentions some challenges
lobbyists face, it does not specifically mention
difficulties in identifying what constitutes a \\"lobbying
contact\\\" as a key challenge.

Additionally, the report notes that some lobbyists may
be intentionally evading disclosure requirements,
which can undermine the transparency and
accountability of the lobbying process.

The transcript does not contain these specific
recommendations about providing clearer guidance
on \\"lobbying contact\\" or offering additional training
and resources.

The transcript describes existing tracking systems
used by USAO but does not suggest implementing a
new system for tracking and monitoring lobbying
activities.

While the transcript does indicate that many lobbyists
find compliance relatively easy and are making efforts
to comply, it does not specifically conclude that
additional guidance and resources would improve the
process.

No Error

No Error

Out-of-Context
Error

Out-of-Context
Error

Out-of-Context
Error

Out-of-Context
Error

Out-of-Context
Error

HalluKV

The report, \\"Lobbying Disclosure: Observations on
Lobbyists' Compliance with New Disclosure
Requirements,\\\" examines the extent to which
lobbyists comply with the Lobbying Disclosure Act
(LDA) of 1995.

able to demonstrate compliance with the law, there
are still challenges and areas for improvement.

The report finds that while the majority of lobbyists are:

The report notes that the Lobbying Disclosure Act

(LDA) requires lobbyists to register and report their

activities, but many lobbyists are not in compliance
with the law.

The report finds that 87% of lobbyists are able to

a significant gap in reporting and transparency.

demonstrate compliance with the law, but there is still

This statement is consistent with the transcript, which
describes a report examining lobbyist compliance with
the LDA.

This statement accurately reflects the transcript's
findings about general compliance with some
challenges.

While the transcript mentions non-compliance issues,
it doesn't state that 'many lobbyists' are not in
compliance - this overstates the findings.

The 87. 2% figure in the transcnpt refers specmcally to
new r to cor LD-2
reports, not overall compliance with the law.

The report also notes that the lobbying disclosure
process is complex and often confusing, which can
lead to errors and inconsistencies.

This is consistent with the transcript, which mentions
confusion about requirements like rounding errors and
covered positions.

The report recommends that the government agency

Commission (FEC), provide clearer guidance and
training to lobbyists on the reporting requirements.

responsible for enforcing the law, the Federal Election

The transcript identifies USAO (not FEC) as
responsible for enforcement, and doesn't mention this
specific recommendation.

areas of improvement, the lobbying disclosure
process is generally effective in providing
transparency and accountability.\

Overall, the report suggests that while there are some

This is a reasonable interpretation of the transcript's
findings about general compliance with some areas
needing improvement.

However, there are still some areas where
improvement is needed, such as the reporting of
certain types of lobbying activities.

This is consistent with the transcript, which identifies
specific areas needing improvement like reporting
covered positions and contributions.
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Entity Error
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Entity Error
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Figure 9: One Case example of HalluKV from Meta-Llama-3-8B-Instruct on GovReport dataset. (KV = 64)
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