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Abstract

Multimodal Retrieval-Augmented Generation (MRAG) has
recently been explored to empower Large Vision Language
Models (LVLMs) with more comprehensive and up-to-date
contextual knowledge, aiming to compensate for their lim-
ited and coarse-grained parametric knowledge in knowledge-
intensive tasks. However, the retrieved contextual knowl-
edge is usually not aligned with LVLMs’ internal paramet-
ric knowledge, leading to knowledge conflicts and further
unreliable responses. To tackle this issue, we design KCM,
a training-free and plug-and-play framework that can ef-
fectively mitigate knowledge conflicts while incorporating
MRAG for more accurate LVLM responses. KCM enhances
contextual knowledge utilization by modifying the LVLM
architecture from three key perspectives. First, KCM adap-
tively adjusts attention distributions among multiple attention
heads, encouraging LVLMs to focus on contextual knowl-
edge with reduced distraction. Second, KCM identifies and
prunes knowledge-centric LVLM neurons that encode coarse-
grained parametric knowledge, thereby suppressing interfer-
ences and enabling more effective integration of contextual
knowledge. Third, KCM amplifies the information flow from
the input context by injecting supplementary context logits,
reinforcing its contribution to the final output. Extensive ex-
periments over multiple LVLMs and benchmarks show that
KCM outperforms the state-of-the-art consistently by large
margins, incurring neither extra training nor external tools.

Code — https://github.com/Lackel/KCM

Introduction
By integrating the perception capabilities of vision en-
coders (Radford et al. 2021) with the generative power of
Large Language Models (LLMs) (Touvron et al. 2023; Chi-
ang et al. 2023; Bai et al. 2023a), Large Vision Language
Models (LVLMs) (Bai et al. 2023b; Dai et al. 2023; Liu
et al. 2023; Zhu et al. 2023) have achieved great success
in various visual understanding tasks such as image cap-
tioning (Al-Shamayleh et al. 2024) and semantic segmen-
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Figure 1: The parametric knowledge encoded in LVLMs
conflicts with the retrieved contextual knowledge, which can
confuse LVLMs and lead to unreliable responses.

tation (Lai et al. 2024). However, the parametric knowl-
edge encoded in LVLMs is typically general and coarse-
grained (Guu et al. 2020), constraining their effectiveness
on knowledge-intensive tasks that demand domain-specific
information (Chen et al. 2023b). To overcome this limi-
tation, recent studies have explored Multimodal Retrieval-
Augmented Generation (MRAG) (Caffagni et al. 2024) to
retrieve contextual knowledge from an external database,
thereby empowering LVLMs with domain-specific informa-
tion for better handling of knowledge-intensive tasks.

Despite the improved quality of retrieved knowledge,
MRAG often suffers from knowledge conflicts (Xu et al.
2024, Jin et al. 2024), where the retrieved contextual knowl-
edge is not aligned with the parametric knowledge acquired
during LVLM training. As illustrated in Fig. 1, the conflicts
arise when the LVLM’s internal understanding of an image
contradicts external contextual information. Such a discrep-
ancy interferes with the integration of parametric and con-
textual knowledge and leads to confusion in response gener-
ation, undermining the reliability of LVLMs.

We further investigate the limitations of LVLMSs’ para-
metric knowledge and how knowledge conflicts undermine
the effectiveness of MRAG. In the first setting, we evalu-
ate the vanilla LLaVA, which relies exclusively on its inter-
nal parametric knowledge. As Tab. 1 shows, the model per-
forms poorly due to its encoded broad and coarse-grained
parametric knowledge. In the second setting, we test MRAG



Model ACCT MR| CRt
LLaVA 392 1000 0.0
GT Context 100.0 0.0 100.0
LLaVA + GT Context ~ 65.5 469 531
LLaVA + KCM 712 397 603

Table 1: Experiments with parametric knowledge (LLaVA)
and perfect contextual knowledge (GT Context). Accu-
racy (ACC) evaluates response quality. Memorization Ratio
(MR) and Context Ratio (CR) quantify the model’s reliance
on parametric and contextual knowledge, respectively.

with perfect ground-truth contextual knowledge to elimi-
nate variability of context quality and isolate the effects of
knowledge conflicts. Ideally, the model should exploit such
ground-truth contextual knowledge and generate perfect re-
sponses under such a setup (denoted as GT Context). How-
ever, the LVLM with the ground-truth contextual knowledge
(denoted as LLaVA+GT Context) still produces a large por-
tion of false responses. We examine the source of failures
and identify that LVLMs demonstrate a persistent tendency
to rely on their internal parametric memory (Jin et al. 2024),
as reflected by a high memorization ratio, even in the pres-
ence of perfect contextual knowledge. These findings sug-
gest that integrating parametric and contextual knowledge
can lead to conflicts and confuse the model regarding which
source to trust, ultimately hindering the effective use of con-
textual knowledge and leading to sub-optimal responses.

We propose KCM, a training-free and plug-and-play
framework designed to mitigate knowledge conflicts and en-
hance the integration of contextual knowledge in LVLMs.
KCM dives deep into the mechanism of LVLM architec-
tures and enhances contextual knowledge utilization through
systematic redesign of three key components. From the per-
spective of information extraction, since LVLMs extract
and model contextual dependencies through multi-head at-
tention (Vaswani 2017), KCM adaptively adjusts attention
distributions across multiple attention heads to encourage
the model to prioritize more relevant contextual knowledge.
From the perspective of knowledge activation, KCM anal-
yses neuron activation patterns in LVLMs (Fan et al. 2025)
and prunes neurons associated with coarse-grained paramet-
ric knowledge, thereby reducing interference and enabling
better utilization of the contextual knowledge. From the per-
spective of response generation, KCM amplifies the influ-
ence of contextual knowledge by injecting additional con-
text logits into the final prediction, boosting the contribu-
tion of contextual knowledge. Finally, KCM combines en-
riched contextual knowledge with parametric knowledge via
an entropy-based weighting. This allows the model to dy-
namically decide which source to rely on, enhancing robust-
ness and adaptability. As Tab. 1 shows, KCM achieves sub-
stantial performance improvements by enabling more effec-
tive knowledge utilization. With neither extra training nor
external tools, KCM outperforms the SOTA models across a
variety of LVLMs and benchmarks.
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The contributions of this work can be summarized in
three major aspects: First, we examine knowledge conflicts
comprehensively while introducing MRAG into LVLMs, re-
vealing how such conflicts could undermine the reliability
and effectiveness of MRAG. Second, we design KCM, a
training-free and plug-and-play framework that systemati-
cally modifies LVLMs to improve the integration and utiliza-
tion of contextual knowledge. Third, extensive experiments
over both generative and discriminative benchmarks show
that KCM outperforms SOTA methods by clear margins.

Related Work

Large Vision Language Models. LLMs (Touvron et al.
2023; Bai et al. 2023a) have demonstrated remarkable per-
formance and adaptability across a wide range of tasks (An
et al. 2024a, 2025), which has in turn accelerated the
progress of LVLMs (Bai et al. 2023b; Dai et al. 2023; Gong
et al. 2023; Liu et al. 2023; Zhu et al. 2023; Chen et al.
2023a). Most LVLMs follow a two-stage training paradigm:
a pre-training stage that aligns visual and textual modal-
ities using either projectors(Liu et al. 2023; Chen et al.
2023a) or Q-formers (Li et al. 2023a; Dai et al. 2023),
followed by an instruction-tuning stage to enhance perfor-
mance on multimodal tasks (Sun et al. 2024; An et al.
2024c). Leveraging the generative capabilities of LLMs
and the perceptual strength of vision encoders, LVLMs
have achieved impressive performance on perception-driven
and commonsense-based multimodal benchmarks (Marino
et al. 2019; Schwenk et al. 2022). However, LVLMs often
perform poorly on knowledge-intensive tasks (Chen et al.
2023Db), largely due to their broad and coarse-grained para-
metric knowledge as required during training.

Knowledge Conflicts in MRAG. MRAG (Caffagni et al.
2024) has emerged as a promising paradigm, aiming to
empower LVLMs with fine-grained and contextual knowl-
edge while handling knowledge-intensive tasks. It empow-
ers LVLMs by fusing their internal parametric knowledge
with contextual knowledge as retrieved from external multi-
modal data. However, MRAG tends to introduce knowledge
conflicts (Xu et al. 2024), where the retrieved contextual
knowledge may contradict the models’ internal parametric
knowledge. Such conflicts can confuse LVLMs during in-
ference, ultimately degrading the reliability and consistency
of MRAG in LVLM response generation.

Mitigating knowledge Conflicts in LLMs. Several ap-
proaches have been developed to address similar knowledge
conflict issues in the LLM domain. For example, CAD (Shi
et al. 2024) leverages contrastive decoding (Li et al. 2023c)
to enhance factual consistency. AdaCAD (Wang et al. 2024),
Entropy (Qiu et al. 2024), and COIECD (Yuan et al. 2024)
attempt to mitigate the knowledge conflicts by exploring
JS divergence, entropy regularization, and information con-
straints, respectively. However, these approaches focus on
linguistic data only, which cannot be directly applied to
LVLMs with multimodal data as inputs. We design KCM to
fill this gap by explicitly targeting knowledge conflict miti-
gation under the multimodal setting, enabling more reliable
response generation in MRAG-enhanced LVLMs.



Preliminary
Multimodal Retrieval-Augmented Generation

Given a textual question ¢ and an image I, an LVLM M,
is expected to generate a reliable response y. To handle
knowledge-intensive tasks, MRAG has been investigated to
empower LVLMs with external knowledge. Specifically, it
adopts a multimodal retriever to retrieve relevant textual
knowledge ¢ from a knowledge base. Hence, the objective
of MRAG at time step ¢ can be formulated by:

ys = argmax My (y:|q, I, c,y<t) (D

Yt
where y.; represents the sequence of generated tokens be-
fore the time step ¢.

LVLM Architecture

LVLMs typically encode the input image into visual tokens,
which are then concatenated with text tokens and fed into
LLMs for response generation. In the following sections, we
delve into the internal architecture of LLMs to understand
how they process input tokens and generate responses.

Multi-Head Attention To model contextual dependencies
and extract salient information, LVLMs apply Multi-Head
Attention (MHA) over the input token sequence. Specifi-
cally, for the i-th attention head, the self-attention mecha-
nism computes the relevance of each token to all tokens and
produces the output O as follows:

i (KT ‘ , .

Q(\/dE) +M) V' = softmax(A*)-V*
k

@)

where A’ is the attention weight matrix of the ¢-th head,
M is a causal mask, and dj, is the feature dimension. The
query Q°, the key K', and the value V' are vectors ob-
tained through three linear layers. The matrix A’ captures
the relative importance of different tokens during genera-
tion, thereby offering a meaningful basis to analyze the con-
tribution of different token types (e.g., image and context)
to the generated tokens. Since different attention heads are
known to specialize in capturing distinct aspects of the in-
put (Li et al. 2023b), we categorize them into two types
under the MRAG setting. The first is parametric heads,
which primarily attend to image tokens to acquire paramet-
ric knowledge. The second is contextual heads, which focus
on context tokens to acquire contextual knowledge.

O = softmax(

Feed-Forward Network Following the MHA layer, a
Feed-Forward Network (FFN) processes the output features
with two linear layers. The FFN adopts a key-value mem-
ory mechanism (Geva et al. 2021; Huang et al. 2025), where
parametric knowledge is primarily stored and selectively ac-
tivated by input features. The FFN layer can be formulated
as follows (bias terms omitted for brevity):

FFN(x) = f(x-K")- fo ki) v, = ZQL Vi
3)
where x is the input of the FFN layer, K = {kq,....kq}

and V = vy} denote the sets of key vectors and

{v17 L)
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value vectors, respectively. f is a nonlinear activation func-
tion, and the coefficient «; represents the activation level of
the corresponding value vector v;. Specifically, if a; = 0,
the corresponding value vector v; is not activated and thus
contributes nothing to the output, indicating that the associ-
ated parametric knowledge remains unused (Fan et al. 2025).
Conversely, o; > 0 signifies the activation of the paramet-
ric knowledge encoded in v;. This offers the probability of
deactivating knowledge-centric neurons, thereby mitigating
interference from the coarse-grained parametric knowledge.

Token Generation

By stacking multiple decoder blocks with MHA layers and
FFN layers, LVLMs compute the probability of the next to-
ken based on the hidden states of the last token as follows:

“4)

where Wt and byt are weight and bias vectors that map
the hidden states into logits, and hy, is the hidden state of
the last token. Although the last token can attend to previ-
ous tokens via self-attention, the contribution of context to-
kens is still indirect and limited due to the attention sink phe-
nomenon (Xiao et al. 2024), where the model only focuses
on a small subset of input tokens. This restricts the full uti-
lization of contextual knowledge in the generation process.

p(y) = softmax(Wouthn + bout)

Method

The proposed KCM mitigates knowledge conflicts and en-
hances contextual knowledge utilization by modifying three
key components in LVLMs, as illustrated in Fig. 2. First,
Attention Adjustment adaptively redistributes attention
across different attention heads, encouraging the model to
focus on the input context and extract significant contextual
knowledge. Second, Neuron Pruning identifies and deacti-
vates neurons associated with parametric knowledge, reduc-
ing interference from the coarse-grained parametric knowl-
edge. Third, Context-enhanced Logits Generation ampli-
fies the influence of contextual knowledge by injecting ad-
ditional context logits into the final prediction, thereby in-
creasing its contribution to the generated response. Finally,
the enriched contextual knowledge is integrated with para-
metric knowledge via an entropy-based weighting, which
allows the model to dynamically decide which source to rely
on and enhance the robustness of KCM.

Attention Adjustment

As analyzed before, different attention heads specialize in
capturing distinct aspects of input information (Li et al.
2023b; Vaswani 2017). We examine this feature by analyz-
ing the attention distribution over different types of tokens.
For each attention head, we compute the average attention it
allocates to the visual and context tokens as follows:

Z nj’ c Z A'VLJ

JESI JES.

5
|S| (&)

ISl 1\
where 7 denotes the index of an attention head, n denotes
the index of the last input token, St and S, represent the in-
dex sets of image and context tokens, respectively. R} and
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Figure 2: Improving contextual knowledge utilization via modifying three components in LVLM:s.

R! thus reflect the relative importance of image and con-
text tokens for the i-th attention head. We define a ratio
B ¢/ R! to classify attention heads into two categories:
heads with 3¢ > 1 are deemed as parametric heads, as they
predominantly attend to image tokens and rely on paramet-
ric knowledge, conversely, heads with 3° < 1 are catego-
rized as contextual heads, as they focus more on contextual
information. To encourage the model to better utilize con-
textual knowledge while preserving feature extraction capa-
bility, we adjust the attention weights by decreasing image
token attention in parametric heads and increasing context
token attention in contextual heads as follows:

Ai/B', B> 1landje S

Al ={ALB, £ <lamdjes.  ©
Al i otherwise

The ratio 3* can be interpreted as a temperature parameter
that adaptively increases or decreases the attention weights,
guiding the model to focus on contextual knowledge.

Neuron Pruning

As discussed before, we exploit neuron activation patterns
to identify coarse-grained parametric knowledge and miti-
gate its conflicts with the retrieved contextual knowledge.
To preserve LVLMs’ general capabilities, we only prune the
FFN layers with the highest number of activated neurons by
randomly deactivating a portion of their neurons as follows:

d
FFN'(x) = Y D(a;,7) - vi )
i=1

where [ denotes the layer index, D is the deactivation func-
tion that randomly sets + percent of the «; to zero.

Context-enhanced Logits Generation

As analyzed in the previous section, the attention sink phe-
nomenon (Xiao et al. 2024), where the model predominantly
focuses on a small subset of input tokens, can hinder the
contribution of context tokens to the final output, thereby
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Figure 3: KCM Integrates parametric (up) and contextual
(bottom) knowledge through entropy-based weighting.

restricting the utilization of contextual knowledge. We ad-
dress this issue by connecting the logits from context tokens
to the original logits, explicitly integrating contextual infor-
mation and enhancing the model’s faithfulness to the contex-
tual knowledge. Specifically, we construct the context logits
lcont Using an exponentially weighted average of the logits
from all context tokens to enhance semantic consistency in
the logits. The overall logits /. that model contextual knowl-
edge are obtained by combining the original logits [,,-; from
the last token and the context logits [,y as follows:

leont = Z eXP(*di) by e = lori +leont
1€Se

®)

where d; is the positional distance between the ¢-th context
token and the last token, and [; represents the logits com-
puted from the i-th context token.

Finally, as illustrated in Fig. 3, KCM fuses paramet-
ric knowledge from the vanilla LVLM My, and contex-
tual knowledge from our modified LVLM My through an
entropy-based weighting for the two logits, which can dy-
namically decide which knowledge to rely on and improve
the robustness of KCM when the retrieved context is noisy.

l=+H,) l.+(1+H) -1, )

where [, and H(c) are output logits and entropy of next-
token probabilities computed by our modified LVLM My,



Human Validation
Model Decoding Unseen Unseen Unseen Unseen
Question Entity Overall Question Entity Overall
Regular 7.59(x0.08) 7.90(10.05) 7.74(x0.01) 19.98(+0.02) 19.59(+0.01) 19.78(+0.01)
Parametric 6.27(+0.05) 6.26(+0.19) 6.26(+0.09) 7.14(10.03) 6.28+0.01) 6.68(+0.00)
CD 7.39(+0.21) 7.31(+0.06) 7.35(0.09) 20.32(+0.01) 19.90(+0.00) 20.11(x0.01)
AdaCAD 7.81(i0_02) 8.07(10‘03) 7~94(i0.01) 21-23(i0ﬂ3) 20-91(i0.02) 21-07(i0ﬂ3)
LLaVA-1.5 Entropy 7~98(i0.09) 8~34(i0,02) 8~15(i0.03) 21‘97(10.02) 21-85(i0.01) 21‘91&0.03)
CAD 8.02(10.05) 8.15(x0.03) 8.08(+0.02) 21.68(+0.01) 20.93(+0.02) 21.30(x0.02)
COIECD 8.78(+0.04) 8.65(+0.01) 8.71(+o0.01) 22.43(+0.05) 21.73(+0.05) 22.07(+0.05)
AGLA 8.74(x0 28) 9.1820.00) 8.94(+0.08) 22341002 2188001  22.11(x002)
VCD 9.22(10.00) 9.26(+0.00) 9.24(+0.02) 22.30(+0.03) 22.38(+0.03) 22.23(10.03)
Ours 13'09(i0.09) 11'81(i0.01) 12‘42(i0.02) 23'43(i0.00) 23'74(i0.01) 23'58(i0.01)
Regular 4.20(10.00) 3.86(+0.03) 4.02(10.01) 3.60(+0.01) 3.82(x0.00) 3.71(+0.00)
Parametric 406(10.01) 3‘65(10401) 3.84(10.01) 2.36(10.01) 1~92(i0,00) 2‘12(10.00)
CD 4.52(10.03) 3.55(x0.01) 3.98(+0.01) 3.59(x0.01) 4.00(+0.00) 3.79(x0.00)
AdaCAD 4.57(10.05) 3.70(x0.10) 4.09(10.08) 3.71(+0.02) 4.35(x0.01) 4.01(10.01)
InstructBLIP Entropy 4.56(+0.05) 4.14(10.01) 4.34(10.02) 3.81(+0.01) 4.39(x0.00) 4.08(10.00)
CAD 4.52(10.03) 3.55(+0.01) 3.98(+0.01) 3.77(+0.03) 4.43(10.02) 4.08(10.02)
COIECD 4.64(+0.10) 4.08(0.02) 4.33(x0.01) 4.07(£0.00) 4.54(0.00) 4.30(£0.00)
AGLA 4.80(+0.05) 4.28(+0.09) 4.52(10.05) T4(+0.01) 4.10(x0.01) 3.91(+0.01)
VvCD 4.70(x0.01) 4.14(19.01) 4.40(10.00) 3.62(x0.01) 4.12(19.00) 3.85(+0.00)
Ours 6‘74(i0.02) 6.80(i0.02) 6.77(i0‘02) 5'61(i0.01) 6.27@:0‘00) 5.92@:0.01)
Regular 6.71(*0.03) 6.31(10.01) 6‘50(10 02) 11‘93(10,01) 11.78(i0.01) 11‘85(10,01)
Parametric 5~76(i0.10) 6-10(i0.07) 5*92(i0.05) 7461(i0.01) 6-25(i0.01) 6486(i0_01)
CD 8.21(10.00) 7.15(10.01) 7.64(x0.01) 12.41(10.00) 11.89(+0.00) 12.14(10.00)
AdaCAD 8.30(x0.00) 7.11(+0.00) 7.66(+0.00) 12.87(10.03) 12.53(10.02) 12.70(10.02)
Shikra Entropy 8»32(10.03) 7-73(10.11) 801(10,05) 13-78(10.02) 13»33(10.01) 13-55(10.02)
CAD 8.16(+0.06) 7.16(0.02) 7.62(+0.00) 12.99(10.03) 12.51(10.02) 12.75(10.03)
COIECD 8.32(+0.02) 7.73(+0.08) 8.01(+0.03) 14.46(+0.02) 14.21(10.03) 14.33(+0.02)
AGLA 8.24(10.01) 7.56(+0.05) 7.88(+0.01) 14.29(10.02) 13.91(x0.01) 14.08(+0.01)
VCD 8-13(i0.05) 7.41(i0‘03) 7 75(i[] 04) 13-71(j:0,03) 13.81@:0.03) 13-76(i0,03)
Ours 8-42(i0.02) 8'41(i0.02) 8-41(i0 02) 15'27(i0.()2) 14-64(i0.01) 14'95(i0.02)
Regular 4.38(+0.07) 3.00(+0.02) 3.56(+0.02) 12.69(+0.02) 12.38(+0.02) 12.53(+0.02)
Parametric 2.34“:0.01) 2.10(i0‘01) 2.21(:{:0‘00) 4.72(:{:0‘01) 3'93(i0.01) 4.29(:{:0‘01)
CD 4.28(10.00) 2.59(+0.00) 3.22(+0.00) 14.49(10.01) 14.43(+0.00) 14.46(+0.01)
AdaCAD 4.78(+0.00) 3.43(i0‘01) 3.99(+0.00) 14.82(40.02) 14.96(+0.02) 14.89(10.02)
MiniGPT4 Entropy 4.80(10.07) 2.91(10.00) 3.62(x0.00) 14.66(+0.02) 14.66(+0.01) 14.66(+0.02)
CAD 4.97(10.01) 3.44(10.01) 4.07(10.01) 14.83(+0.01) 14.94(+0.00) 14.88(+0.01)
COIECD 4.57(10.03) 3.40(+0.01) 3.90(+0.00) 14.87(+0.01) 14.67(10.02) 14.77 10.02)
AGLA 4.67(+0.02) 3.63(+0.02) 4.09(+0.01) 14.31(10.02) 13.92(10.01) 14.11(10.01)
VCD 4.52(10.03) 3.43(x0.01) 3.90(+0.01) 14.46(10.01) 14.30(x0.02) 14.38(+0.02)
Ours 4~99(i0.02) 3.84(i0_03) 4~34(i0 02) 14'90(i0.03) 15.00(i0_02) 14'95(i0.03)

Table 2: VQA Accuracy comparison on generative freeform VQA datasets over three runs. Regular and Parametric denote that
LVLMs generate answers with and without contextual knowledge, respectively. The best performance is marked in bold.

modeling the enriched contextual knowledge with less inter-
ference. [, and H (p) are output logits and entropy of next-
token probabilities from the vanilla LVLM My with no con-
text provided, modeling the parametric knowledge.

Experiment
Experimental Settings

Datasets. We evaluate our method across three types
of knowledge-intensive datasets. Free-form generative
datasets: Human (Chen et al. 2023b) and Validation (Chen
et al. 2023b). Multi-choice discriminative datasets: Infos-
eek (Chen et al. 2023b) and ViQuAE (Lerner et al. 2022).
Commonsense knowledge datasets: OK-VQA (Marino et al.
2019), AOK-VQA (Schwenk et al. 2022), and Encyclope-
dic VQA (E-VQA) (Mensink et al. 2023).

LVLMs and SOTA methods. We evaluate six representa-
tive LVLMs: LLaVA-1.5 (7B) (Liu et al. 2023), Instruct-
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BLIP (7B) (Dai et al. 2023), Shikra (7B) (Chen et al. 2023a),
and MiniGPT-4 (7B) (Zhu et al. 2023). We then compare
knowledge conflict mitigation methods in the LLM domain,
including Contrastive Decoding (CD) (Li et al. 2023c),
Adaptive Context-Aware Decoding (AdaCAD) (Wang et al.
2024), Entropy-based Decoding (Entropy) (Qiu et al.
2024), Context-Aware Decoding (CAD) (Shi et al. 2024),
and COntextual Information-Entropy Constraint Decoding
(COIECD) (Yuan et al. 2024). Additionally, we benchmark
two hallucination mitigation methods: Visual Contrastive
Decoding (VCD) (Leng et al. 2023) and Assembly of Global
and Local Attention (AGLA) (An et al. 2024b).

Implementation details. We employ the vision encoder of
CLIP-ViT-L/14-336 (Radford et al. 2021) to retrieve knowl-
edge and append the top retrieved item to the input as con-
textual knowledge. The Wikipedia dumps with associated
images provided by (Chen et al. 2023b) are selected as the



Model Decoding InfoSeek ViQuAE Model Decoding InfoSeek ViQuAE
Regular 51.97 (+0.42) 53.32(+0.20) Regular 23.44 (+0.89) 19.82(10.12)

Parametric 39~15(i0.02) 51~06(i0.16) Parametric 8~73(i0,23) 6-53(i0.35)

CD 49‘95(10.20) 52‘56(:&0.03) CD 2295(:{:0463) 21~76(:(:051)

_ al .30(40.04 92.99(40.30 a Ul(+0.05 -0%(+0.08
LLaVA-1.5 Entropy 53'33§i0.07; 54.26Ei0_05; InstructBLIP EHtl’Opy 27'50§i0.07; 23.191&0_395
COIECD 52.08(+0.21) 52.99(+0.23) COIECD 25.65(+0.05) 20.84(+0.05)

VCD 53.87(+0.07) 55.13(£0.09) VCD 23.31(x0.07) 20.28(10.53)

AGLA 53-53(i0.50) 54-24(10.21) AGLA 21'24(i055) 1677(i030)

Ours 58.67(10.41) 57.80(+0.01) Ours 31.93(10.03) 25.20(+0.05)

Regular 19.41(40.12) 17.73(10.01) Regular 25.83(11.42) 24.06(+0.46)

Parametric 9.65(+0.14) 10.90(z0.04) Parametric 19.73(40.57) 20.42(11.22)

CD 24.83(+0.20) 21. JS(io 03) CD 26.55(+0.31) 20.46(+0.76)

e al -99(+0.18) (:to o1) i : a Ul(to0.17) -U9(+0.61)
Shikra Entropy 24.12(10.03) 21. 99&0 08) MiniGPT-4 Entropy 28.84(10.68) 22.59(0.07)
COIECD 24.18(+0.13) 21.68(+0.15) COIECD 29.44(10.01) 25.94(+0.18)

VCD 25.76(+0.14) 23.11(10.72) VCD 28.74(+0.10) 25.45(+0.05)

AGLA 26.26 +0.29) 22.72(40.15) AGLA 29.28(40.87) 27.87(20.08)

Ours 27.90(+0.09) 23'50(10 02 Ours 31.29(+0.05) 62 (10.00)

Table 3: VQA Accuracy comparison on discriminative multi-choice VQA datasets over three runs.

knowledge base. Multinomial sampling is used as the default
decoding strategy. To ensure fair comparisons with prior
studies (Shi et al. 2024; Leng et al. 2023), we apply adap-
tive plausibility constraints (Li et al. 2023c¢) to the final log-
its. The deactivation hyperparameter ~ is set to 0.3 and the
deactivation layer is the last layer.

Experimental Results

Experiments on free-form datasets. Tab. 2 presents the ex-
perimental results of four representative LVLMs (Liu et al.
2023; Dai et al. 2023; Chen et al. 2023a; Zhu et al. 2023)
evaluated on two free-form generative datasets (Chen et al.
2023b). The proposed framework consistently outperforms
both the Regular decoding strategy and other state-of-the-
art decoding methods by a notable margin across all LVLMs
and datasets, demonstrating its effectiveness in enhancing
retrieval-augmented LVLM performance.

Experiments on multi-choice datasets. In addition to free-
form generative datasets, we evaluate our framework on
two multi-choice discriminative datasets (Chen et al. 2023b;
Lerner et al. 2022; Zhu et al. 2024) using four representa-
tive LVLMs (Liu et al. 2023; Dai et al. 2023; Chen et al.
2023a; Zhu et al. 2023). As shown in Tab. 3, our framework
yields an average improvement of 6.4% over the Regular de-
coding strategy and consistently outperforms state-of-the-art
decoding methods by substantial margins, demonstrating its
effectiveness across diverse retrieval-augmented tasks.
Experiments on commonsense knowledge datasets. Be-
yond the entity knowledge-centric datasets (Chen et al.
2023b; Lerner et al. 2022), we further evaluate our
framework on widely-used commonsense knowledge-based
benchmarks, including OK-VQA (Marino et al. 2019),
AOK-VQA (Schwenk et al. 2022), and Encyclopedic VQA
(E-VQA) (Mensink et al. 2023), using LLaVA-1.5 (Liu et al.
2023). As shown in Tab. 4, the proposed framework sig-
nificantly outperforms the Regular decoding and consis-
tently exceeds the performance of state-of-the-art methods,
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Model OK-VQA  AOK-VQA E-VQA

Regular 46.17(:(:0‘12) 44.13(:{:0.00) 19'14(j:2.83)
Parametric 45~13(i0440) 43.23@:1.02) 5.34(3:0.01)
CD 55.00(x005) 51.67(x041)  28.62(x0.68)
CAD 56.43(10.46) 53.93(x0.56) 28.62(10.76)
AdaCAD 57.1U(i0_04) 54-40(i0.48) 28.33(i0_42)
Entropy 56~27(i0.05) 5393(i020) 29-24(i0.11)
COIECD  56.43(x0.46) 53-93(x056) 28-24(x0.71)
VCD 57.80(1013) 57-40(x012) 27.71(x0.33)
AGLA 57.53(x0.05) 55-40(x0.63)  28-29(x0.56)
Ours 60.90@:0'01) 60'57(j:(]‘06) 29.95“:0.03)

Table 4: VQA Accuracy comparison on the knowledge-
based VQA datasets with LLaVA-1.5 over three runs.

highlighting its effectiveness across a broader spectrum of
knowledge-intensive tasks.

Discussion
Ablation Study

We perform ablation studies on both multi-choice and com-
monsense knowledge-based datasets (Chen et al. 2023b;
Schwenk et al. 2022) to evaluate the contribution of each
component in the proposed framework based on LLaVA-
1.5 (Liu et al. 2023). As illustrated in Fig. 4 (Left), the
incorporation of Attention Adjustment (+Attention) fa-
cilitates improved utilization of contextual knowledge by
LVLMs, thereby enhancing overall performance. The Neu-
ron Pruning mechanism (+Pruning) reduces interference
from coarse-grained parametric knowledge, further enabling
more effective use of external knowledge and contributing
to performance improvements. The context-enhanced Logits
module (+Context) strengthens the model’s alignment with
contextual knowledge, thereby increasing its faithfulness to
the input context. Additionally, the integration of parametric
and retrieved knowledge through entropy-based weighting
(+Entropy) balances the benefits of both knowledge types
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Figure 4: Left: Ablation studies with different model variants on the InfoSeek and AOK-VQA dataset. Middle: Results with
different decoding strategies on the InfoSeek dataset. Right: Results with different hyperparameters v on the InfoSeek dataset.

Model Recallf ACCT MR} CRtT
GT Know. + LLaVA 100 65.5 469 53.1
GT Know. + Ours 100 712 39.7 603
Ist Know. + LLaVA 58.4 52.0 56.2 438
1st Know. + Ours 58.4 58.7 49.8 50.2
2nd Know. + LLaVA 10.6 38.8 532 468
2nd Know. + Ours 10.6 449 50.7 49.3

Table 5: Evaluation results using ground-truth contextual
knowledge (GT Know.), first (1st Know.), and second (2nd
Know.) retrieved knowledge. Recall measures the quality of
contextual knowledge. Accuracy (ACC) assesses response
quality. Memorization Ratio (MR) quantifies the model’s re-
liance on parametric knowledge, while Context Ratio (CR)
indicates its preference for contextual knowledge.

while mitigating the influence of noisy retrieved content, re-
sulting in further performance gains.

Effect of Different Decoding Strategies

In addition to the multinomial sampling decoding strat-
egy discussed in this study, we further investigate the ef-
fectiveness of several alternative decoding methods using
LLaVA-1.5 (Liu et al. 2023) on the multi-choice InfoSeek
dataset (Chen et al. 2023b). Specifically, we evaluate another
six decoding strategies including Top-P sampling (Holtzman
et al. 2019) (p = 0.5), Top-K sampling (Fan, Lewis, and
Dauphin 2018) (k = 50), greedy decoding (DeVore and
Temlyakov 1996), temperature sampling (Ackley, Hinton,
and Sejnowski 1985) (¢ = 0.5), Top-P sampling with tem-
perature (p = 0.5 and ¢ = 0.5) and Top-K sampling with
temperature (k = 50 and ¢ = 0.5). As illustrated in Fig. 4
(Middle), the proposed framework yields substantial perfor-
mance improvements across all decoding strategies, high-
lighting its robustness in enhancing LVLM capabilities.

Effect of Neuron Pruning Ratio

We examine the impact of the neuron pruning ratio ~, as
defined in Eq. 7, on the multi-choice InfoSeek dataset (Chen
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et al. 2023b) using LLaVA-1.5 (Liu et al. 2023). As shown
in Fig. 4 (Right), the proposed framework is not sensitive to
the variations in 7y, demonstrating its robustness.

Effect of Contextual Knowledge Quality

We investigate the influence of contextual knowledge
quality on performance using the multi-choice InfoSeek
dataset (Chen et al. 2023b) with LLaVA-1.5 (Liu et al.
2023), as summarized in Tab. 5. The results indicate that the
proposed framework consistently achieves substantial per-
formance improvements across varying levels of contextual
knowledge quality, demonstrating its robustness and gen-
eral effectiveness in the presence of retrieval noise. Fur-
thermore, our framework exhibits a lower memorization
ratio and a higher context ratio compared to the original
LVLM, suggesting that it can leverage the retrieved con-
textual knowledge more effectively to produce accurate re-
sponses. Notably, the entropy-based weighting mechanism
enables the model to dynamically adjust its reliance on para-
metric knowledge when the quality of contextual input dete-
riorates, further contributing to its adaptability.

Conclusion

In this work, we present KCM, a training-free and plug-and-
play framework designed to enhance the reliability and ac-
curacy of LVLMs in knowledge-intensive tasks. KCM en-
hances LVLM performance by strategically modifying the
model architecture through three key mechanisms: adap-
tive attention redistribution, neuron pruning, and contextual
logit amplification. These modifications enable more reli-
able integration of retrieved contextual knowledge while re-
ducing interference from coarse-grained parametric knowl-
edge, thereby supporting more accurate response genera-
tion. Extensive experiments demonstrate that KCM consis-
tently outperforms state-of-the-art approaches across diverse
LVLMs and benchmark datasets, all without requiring ad-
ditional training or external resources. These results under-
score the effectiveness and practicality of KCM in advancing
the knowledge utilization capabilities of LVLMs, contribut-
ing to the development of more trustworthy and context-
aware retrieval-augmented systems.
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