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Abstract

Multimodal knowledge editing aims to update
visually grounded facts in Multimodal Large
Language Models (MLLMs) while preserv-
ing unrelated text and visual behaviors. How-
ever, standard answer-level metrics can hide
evidence misgrounding: an edit may produce
the target answer on the original image yet
remain sensitive to incidental context rather
than the intended visual evidence. To examine
this issue in a controlled setting, we construct
WATERBIRD-EDIT, an analysis set that decou-
ples bird habitat labels from background con-
text and measures whether edited predictions
remain stable when the target evidence is pre-
served but the background changes. Motivated
by this diagnosis, we propose VICE (Visual In-
Context Editing), a retrieval-based framework
that stores edits in external memory and applies
them through visual in-context demonstrations
designed to expose task-relevant evidence. Ex-
periments on three standard benchmarks show
that VICE achieves strong lifelong editing per-
formance, while results on WATERBIRD-EDIT
show that it substantially reduces sensitivity to
the controlled background shifts. 1

1 Introduction

Multimodal Large Language Models (MLLMs)
have become the backbone of modern vision-
language understanding, encoding extensive factual
knowledge about the visual world (Li et al., 2023;
Zhu et al., 2024; Liu et al., 2023, 2024; Wang et al.,
2024b; Bai et al., 2025). When this knowledge
becomes outdated or incorrect, multimodal knowl-
edge editing (Cheng et al., 2023; Huang et al., 2024;

*Corresponding author.
1Code and dataset are available in https://github.com/

Wang-Z-W/VICE-main.
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Figure 1: An example of background-induced evidence
misgrounding. An edit may succeed on the original
image but fail when the same bird evidence appears
with a different background. Lower performance gap
indicates less sensitivity to background context.

Chen et al., 2025; Shi et al., 2025) aims to update
a visually grounded fact while preserving behav-
ior on unrelated text and visual queries. Unlike
text-only editing, a successful MLLM edit must
apply the new fact according to the intended visual
evidence rather than incidental image context.

However, answer-level success does not guar-
antee visually grounded editing. In our diagno-
sis, an editor can produce the corrected answer on
the original edit image but become unreliable on
image variants that preserve the target evidence
while changing incidental context. As illustrated
by the bird-habitat example in Figure 1, an edit
may succeed on the original water-bird image, yet
its prediction can still vary when similar bird ev-
idence appears with a different background. We
use the term evidence misgrounding to describe
this oberavble mismatch: an edit is successful at
the answer level, yet its prediction remains sensi-
tive to incidental visual context rather than being
stable under changes that preserve the intended evi-
dence. Because standard reliability, generality, and
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locality metrics mainly measure answer correct-
ness, they can overestimate edit quality by over-
looking context-sensitive image generalization.

To study this failure in a controlled setting,
we use WATERBIRD-EDIT, a diagnostic analy-
sis inspired by Sagawa et al. (2020), where the
edited fact is the bird’s habitat label and the
background provides correlated but potentially
spurious context. By decoupling bird habitat
and background into four target-context groups,
WATERBIRD-EDIT tests whether an edited predic-
tion tracks the bird evidence consistently across
background changes. On this diagnosis set, we find
that FT and LIVEEDIT (Chen et al., 2025) exhibit
behavior consistent with evidence misgrounding.
Although these models increase the likelihood of
the desired answer through parameter updates or
hidden-state modulation, their predictions never-
theless remain sensitive to background changes.

These findings suggest that robust MLLM edit-
ing should make the evidence used to apply an edit
explicit, rather than relying solely on implicit pa-
rameter or hidden-state updates. Motivated by this
principle, we propose VICE (Visual In-Context
Editing), a lifelong framework that applies edits
through visual in-context learning (Zhou et al.,
2024) while freezing the backbone. For each
edit, VICE constructs evidence-summary demon-
strations whose image summaries highlight task-
relevant evidence and separate it from incidental
context, then stores the edited fact and its demon-
strations in a memory. At inference time, a query re-
trieves the nearest edit from memory, and a learned
scope head decides whether to answer with the re-
trieved edit context or bypass the edit. This allows
the frozen MLLM to apply edits through demon-
strations designed to emphasize task-relevant evi-
dence while preserving unrelated behavior.

Our contributions are threefold. First, we study
evidence misgrounding in MLLM editing through
WATERBIRD-EDIT, a controlled diagnostic setting
that measures whether edited behavior remains sen-
sitive to incidental context after controlling for
the target evidence. Second, we propose VICE,
a frozen-backbone framework that applies edits
through visual in-context learning. Third, experi-
ments on EVQA (Cheng et al., 2023), EIC (Cheng
et al., 2023), VLKEB (Huang et al., 2024), and
WATERBIRD-EDIT demonstrate strong lifelong
editing performance and reduced sensitivity to the
controlled background shifts.

2 Diagnosing Evidence Misgrounding

We use evidence misgrounding to denote the case
where an edited model yields the corrected answer
on the edit image while remaining overly sensitive
to incidental visual context rather than consistently
following the intended visual evidence. Evidence
misgrounding harms edited-model generalization,
so detecting this failure can help build robust edit-
ing mechanisms. However, existing multimodal
editing benchmarks make diagnosis difficult: target
objects, scenes, and other visual cues are usually
entangled, obscuring whether an edited answer fol-
lows the intended evidence or a correlated cue. We
therefore construct a controlled diagnostic set with
explicit target-context groups to test whether edited
behavior follows target evidence across contexts.

2.1 WATERBIRD-EDIT Diagnostic Analysis

To make evidence misgrounding observable, we
construct WATERBIRD-EDIT, a controlled diag-
nostic analysis set built on CUB-200-2011 (Wah
et al., 2011) for lifelong editing, inspired by
Sagawa et al. (2020).

We first formulate a binary VQA task: given a
CUB image, a prompt such as “What type of
bird is in the image? Choose from: land,
water.”, the model predicts the species-level bird
habitat label y ∈ {water, land}. Each image is also
assigned a background label b ∈ {water, land} by a
pretrained vision-language model. The habitat and
background labels then form four target-context
groups (y, b) ∈ {water, land}2. In this setting, evi-
dence misgrounding is diagnosed when edited pre-
dictions vary with b even though the desired answer
is determined by y. To construct the editing sam-
ples, we first query the MLLM to be edited on
the binary habitat VQA task and identify images
where its habitat prediction is incorrect, resulting
in 500 such images. Each retained image is then
used to form an editing instance, where the tar-
get answer is set to the ground-truth habitat label
to correct the model’s original prediction. The fil-
tered editing samples remain imbalanced across the
four target-context groups, thereby preserving the
correlation between habitat labels and background
labels that the editor may exploit during editing.
For the Image-Generality evaluation, each editing
sample is paired with another image of the same
bird species, which we call image-rephrase sample.
This paired image shares the same habitat label as
the original editing image but may have a different
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Figure 2: Sample-wise pwater defined in Equation (1) for WATERBIRD-EDIT image-rephrase samples after editing.
The top two bands show water-bird targets, and the bottom two bands show land-bird targets. Point colors indicate
background labels: blue for water backgrounds and orange for land backgrounds. Large markers denote background-
group means, and ∆bg reports the background-induced mean shift for each target label.

background, allowing us to evaluate whether the
edit generalizes across images of the same species.
This design tests whether an editor exposed to spu-
riously correlated visual cues still generalizes well
according to the target bird rather than the back-
ground. Details are in Appendix A.

After the 500-edit sequence, we evaluate each
editor on the image-rephrase samples and report:
(1) I-Gen., the standard Image-Generality metric,
(2) Group Image-Generality IG(g), a fine-grained
I-Gen. within each group g = (y, b), (3) Perfor-
mance Gap (PG), defined as I-Gen.−ming IG(g),
and (4) sample-wise normalized probability as-
signed to the “water” answer among the two candi-
date answers (“water” and “land”):

pwater =
exp(swater)

exp(swater) + exp(sland)
, (1)

where swater and sland are the model logits for the
two candidate answers. A large PG indicates target-
context sensitivity and functions as a worst-group
robustness gap, while the distribution of pwater
across groups shows how this sensitivity appears at
the sample level. We further construct object-only
image-rephrase variants using the segmentation
masks provided by CUB-200-2011, and report
I-Gen. on these variants to measure how edited
predictions change after removing the background
while preserving the target bird evidence.

2.2 Context Sensitivity After Editing

We focus on two MLLM editors: FT, a direct
parameter-update baseline, and LIVEEDIT (Chen
et al., 2025), a recent lifelong MLLM editing

Method I-Gen.↑ Mask I-Gen.↑ Group I-Gen.↑ PG↓
WW WL LW LL

FT 85.2 87.8 60.9 80.6 98.5 94.3 24.3
LIVEEDIT 83.8 92.4 84.3 84.9 67.7 96.2 16.1
VICE 93.4 89.0 88.7 94.6 96.2 93.7 4.7

Table 1: WATERBIRD-EDIT diagnostics on image-
rephrase samples. Each group is written as (habitat,
background), where “W” and “L” denote water and
land. “PG” denotes performance gap. “Mask I-Gen.” is
measured on object-only image-rephrase variants that
preserve the bird region and mask the background.

method that modulates hidden states. The diag-
nostic experiments lead to the following findings.
Answer-level success can hide target-context sen-
sitivity. As shown in Table 1, FT and LIVEEDIT

achieve reasonable full-set I-Gen. scores of 85.2
and 83.8, yet their worst groups are much lower,
producing large PG values of 24.3 and 16.1. This
gap shows that their apparent image generalization
is not robust under changes in the incidental back-
ground context. Figure 2 shows the same pattern
at the probability level: for a fixed target label,
changing the background substantially shifts pwater,
especially for FT on water targets (|∆bg| = 0.19)
and LIVEEDIT on land targets (|∆bg| = 0.16).
Object-only masking provides a complementary
background intervention. Object-only masking
provides a complementary diagnostic by preserving
the target bird region while removing the surround-
ing background. Table 1 shows that masking im-
proves FT from 85.2 to 87.8 and LIVEEDIT from
83.8 to 92.4, indicating that background context
harms their original image-generality performance.

Together, these diagnostics show that methods
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Figure 3: Illustration of the VICE pipeline. (a) Evidence-summary demonstrations for Copy, Text-Update (T-U),
Image-Update (I-U), Text-Retain (T-R), and Image-Retain (I-R), all using the same template in Equation (3). (b)
Lifelong editing, where each incoming new fact is stored together with its summary and retrieved demonstrations in
Sequence Memory. (c) Inference, where a multimodal encoder retrieves the most relevant edit and routes the query
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based on parameter updates or hidden-state modu-
lation can achieve strong answer-level editing per-
formance while their edited predictions remain sen-
sitive to background context. This observation
motivates VICE, which keeps the MLLM back-
bone frozen and applies edits through visual in-
context demonstrations that explicitly represent
task-relevant evidence and incidental cues.

3 Method: VICE

Building on the above diagnosis, we propose
VICE, a frozen-backbone framework that ap-
plies edits through retrieved visual demonstra-
tions at inference time. Each edit is stored with
evidence-summary demonstrations that highlight
task-relevant visual cues and separate them from
incidental context. Given a query, VICE retrieves
the most relevant edit and uses scope-aware rout-
ing to decide whether the edit should be applied.
Figure 3 illustrates the VICE pipeline.

3.1 Preliminary: In-Context Editing
Zheng et al. (2023) propose IKE and frame edit-
ing as prompting with demonstrations rather than
updating parameters. Given a new fact (xe, ye)
and a query x, IKE forms a test-time prompt as
“C. New Fact: xe ye. Prompt: x”, where C contains
retrieved demonstrations that teach when to copy,
update, or retain answers. Each demonstration
ck ∈ C uses the same two textual fields:

ck = “New Fact: xke y
k
e . Prompt: x̃k ỹk”, (2)

where both the demonstration fact (xke , y
k
e ) and

the prompt-answer pair (x̃k, ỹk) are drawn from
training-set examples. IKE retrieves these demon-
strations using sentence-level similarity between

Type Image Summary New Fact Prompt

Copy se = G(ie, xe) (xe, ye) (xe, ye)
Text-Update se = G(ie, xe) (xe, ye) (xr, ye)

Image-Update sr = G(ir, xe) (xe, ye) (xe, ye)
Text-Retain se = G(ie, xe) (xe, ye) (xl, yl)

Image-Retain sl = G(il, xil) (xe, ye) (xil, yil)

Table 2: Five evidence-summary demonstration roles in-
stantiated from the template in Equation (3). (ie, xe, ye)
is the anchor example; xr is a text rephrase with an-
swer ye; ir is an image variant for prompt xe; (xl, yl)
is a text-locality example; and (il, xil, yil) is an image-
locality example. Superscript of the k-th demonstration
ck is omitted for readability.

the requested new fact and candidate training en-
tries. We follow this retrieval-based protocol for
selecting demonstration content. For MLLM edit-
ing, VICE keeps the “New Fact / Prompt” template
but adds an “Image Summary” field, introduced
next, so that demonstrations can expose textualized
visual evidence for the demonstrated fact.

3.2 Evidence-Summary Demonstrations

Motivated by a recent visual in-context learning
method (Zhou et al., 2024), VICE extends IKE’s
textual demonstrations by adding an evidence-
summary field for multimodal edits. The goal is
to make the visual evidence associated with the
demonstrated fact explicit in the prompt, rather
than leaving the “New Fact” as an answer-only as-
sociation. Starting from IKE’s “New Fact / Prompt”
demonstration, VICE inserts an “Image Summary”
field before the “New Fact”:

ck = “Image Summary: sk.

New Fact: xke y
k
e . Prompt: x̃k ỹk”.

(3)
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This keeps the textual interface of in-context edit-
ing while allowing a demonstration to state the
image evidence associated with its own “New Fact”
field. Concretely, given an edit image and prompt
(ike , x

k
e), we use a frozen summary model G to gen-

erate a text-guided image summary

ske = G(ike , x
k
e), (4)

where ske describes object evidence relevant to xke
and separates it from incidental visual attributes.
The generation prompt explicitly instructs the sum-
mary model not to answer the question directly,
so the summary remains evidence-focused rather
than revealing or restating the edit target. In our
implementation, G can be instantiated as the same
pretrained MLLM before editing, which avoids in-
troducing a stronger external teacher. Please refer
to Appendix B for image-summary generation de-
tails and the full augmented-prompt template.

Table 2 summarizes five demonstration roles.
“Copy” shows direct use of the “New Fact”. “Text-
Update” and “Image-Update” show transfer to a
rephrased question or a related image, respectively.
“Text-Retain” and “Image-Retain” pair the “New
Fact” with unrelated queries whose original an-
swers should be preserved.

3.3 Lifelong Visual In-Context Editing

In the lifelong setting, edits arrive sequentially.
For each edit (ie, xe, ye), VICE builds the image
summary se = G(ie, xe), retrieves the evidence-
summary demonstrations C described in Sec-
tion 3.2, following IKE’s sentence-level similarity
retrieval protocol, and appends the resulting record
to an external Sequence MemoryM:

M←M∪ {(ie, xe, ye, se, C)}. (5)

Editing is therefore a simple memory-write oper-
ation and does not modify model parameters or
hidden states.

At inference time, VICE decides whether a
query should use a stored edit. Retrieval first pro-
poses a memory entry, and scope verification then
decides whether to apply it. We construct a retrieval
encoder from a frozen CLIP-based multimodal en-
coder ϕ and a learnable scope-discriminative head
hψ. The encoder ϕ concatenates image and text
features, while hψ projects them into a new space
that separates in-scope and out-of-scope knowl-
edge. Given a query (i, x), VICE retrieves the

Algorithm 1 VICE Inference
Require: Frozen MLLM, sequence memoryM,

multimodal encoder ϕ, scope-discriminative
head hψ, threshold θ, query (i, x)

Ensure: Prediction ŷ
z← hψ(ϕ(i, x))
(i∗e, x

∗
e, y

∗
e , s

∗
e, C∗), ρ← Equation (6)

if ρ ≥ θ then
p← Equation (7)
ŷ ← MLLM(i, p)

else
ŷ ← MLLM(i, x)

end if
return ŷ

most similar memory entry:

m∗ = argmax
m∈M

z⊤zm, (6)

where z = hψ(ϕ(i, x)), zm = hψ(ϕ(im, xm)),
im, xm are entries in a cached memory m,
and m∗ = (i∗e, x

∗
e, y

∗
e , s

∗
e, C∗). We use ρ =

maxm∈M z⊤zm as the retrieval score. Given a
fixed threshold θ, if ρ ≥ θ, the retrieved edit is
applied to form an augmented prompt:

“C∗. Image Summary: s∗e.

New Fact: x∗e y
∗
e . Prompt: x”,

(7)

along with the original image input i to query the
MLLM. Otherwise, the model receives only the
original query without any retrieved edit informa-
tion. Algorithm 1 summarizes the inference.
Learnable scope-discriminative head. The scope-
discriminative head hψ is a two-layer MLP and is
trained offline, separately from the editing and in-
ference pipeline, while both CLIP and the MLLM
remain frozen. Training uses no test edit anchors or
evaluation queries. For each training edit group, the
reliability entry is used as the anchor, text/image-
rephrase samples are treated as in-scope examples,
and text/image-locality samples are treated as out-
of-scope examples. Given minibatch anchors A,
non-anchor in-scope examplesR, and locality ex-
amples O, we optimize an anchor retrieval loss:

Lret =
1

|R|
∑︂

q∈R
− log

exp(z⊤q a
∗(q)/T )∑︁

j∈A exp(z⊤q aj/T )
, (8)

where a∗(q) is the ground-truth anchor for q and
T is the contrastive temperature. We also use a
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EVQA EIC VLKEB

Model # Edits Method Rel T-Gen I-Gen T-Loc I-Loc Rel T-Gen I-Gen T-Loc I-Loc Rel T-Gen I-Gen T-Loc I-Loc

LLaVA-v1.5

1

FT-VL 100.00 91.03 95.38 95.29 90.53 99.93 94.65 97.34 91.63 82.16 100.00 98.74 99.92 76.13 84.15
TP 33.27 31.33 29.06 96.77 98.83 57.49 57.48 53.91 95.41 96.52 50.34 52.43 50.27 92.59 96.58
MEND 91.23 90.05 91.29 91.02 90.22 92.82 91.81 90.59 96.38 93.69 92.13 91.28 90.22 89.19 90.13
SERAC 89.33 83.72 84.97 82.05 23.78 88.18 81.03 85.61 84.01 28.58 89.77 89.11 87.92 66.68 14.20
LiveEdit 94.28 94.51 88.01 100.00 100.00 82.16 81.01 78.27 100.00 100.00 96.43 95.22 93.72 100.00 100.00
VICE 100.00 87.33 97.57 100.00 100.00 98.91 92.76 79.61 100.00 100.00 99.98 98.27 96.72 100.00 99.98

100

FT-VL 76.44 67.30 67.76 58.04 46.18 73.11 69.78 65.46 52.21 58.69 75.91 72.95 74.89 56.36 70.29
TP 32.60 30.74 28.65 83.13 89.68 50.31 50.67 46.83 34.35 63.78 48.26 50.78 48.20 64.18 79.15
MEND 2.22 2.20 2.21 0.21 0.62 56.83 56.89 53.07 87.63 84.64 0.56 0.58 0.66 0.18 0.07
SERAC 88.08 81.53 82.48 62.13 12.90 53.35 53.70 49.41 48.04 17.25 72.25 62.43 70.68 53.73 13.69
LiveEdit 93.54 92.34 85.89 100.00 99.31 80.81 78.77 63.52 100.00 100.00 94.56 90.65 89.56 100.00 100.00
VICE 100.00 87.15 97.50 100.00 99.82 98.91 92.76 73.97 100.00 99.95 99.98 98.27 97.14 100.00 99.85

1000

FT-VL 60.21 50.76 51.03 24.37 29.48 64.21 59.43 57.09 33.39 38.30 65.30 62.67 63.87 33.89 37.32
TP 32.82 30.48 28.55 42.12 60.28 33.75 36.27 32.34 10.47 26.22 34.23 34.74 34.44 27.11 45.52
MEND 0.04 0.05 0.05 0.08 0.09 54.39 54.14 50.99 83.87 80.60 0.03 0.05 0.07 0.06 0.08
SERAC 85.57 75.58 82.01 62.46 15.69 52.93 53.44 49.01 49.91 16.65 60.93 56.49 60.06 52.94 15.04
LiveEdit 92.93 90.16 84.30 100.00 96.43 72.80 69.95 57.05 100.00 99.79 92.22 83.97 82.75 100.00 100.00
VICE 100.00 87.03 97.01 100.00 98.38 98.91 92.76 60.91 100.00 99.90 99.98 98.26 96.75 100.00 98.32

MiniGPT4

1

FT-VL 100.00 99.74 99.86 63.66 35.65 100.00 95.28 96.41 58.21 33.84 100.00 99.75 99.95 56.12 42.03
TP 30.07 28.55 30.40 89.48 71.50 30.79 32.00 34.41 44.72 28.74 37.17 38.31 37.49 74.56 46.15
MEND 93.47 91.32 91.22 81.51 74.97 90.28 83.91 79.05 95.92 93.97 90.28 89.18 89.55 93.63 86.69
SERAC 87.66 69.24 85.96 82.11 24.11 85.09 78.96 81.70 83.36 24.50 89.28 89.06 87.35 64.88 12.72
LiveEdit 94.90 92.63 92.06 100.00 100.00 86.84 83.82 76.95 100.00 100.00 96.41 95.56 92.85 100.00 100.00
VICE 99.98 88.74 97.35 100.00 100.00 98.93 93.67 77.85 100.00 100.00 95.27 82.95 92.05 100.00 99.99

100

FT-VL 56.02 49.77 50.35 16.97 10.42 59.24 56.32 52.58 4.13 4.65 64.49 63.10 62.70 21.95 14.10
TP 6.64 6.16 6.04 1.80 0.61 7.74 7.44 7.23 1.08 0.63 4.93 4.85 4.40 1.57 1.34
MEND 23.32 20.75 21.42 47.27 42.60 51.92 53.96 48.24 86.02 83.88 38.85 40.02 37.99 72.82 68.89
SERAC 87.39 66.53 81.70 65.13 14.04 47.41 46.17 45.22 49.37 13.52 69.38 58.31 67.57 51.71 13.72
LiveEdit 93.23 91.27 88.34 100.00 99.61 84.38 83.53 71.85 100.00 100.00 94.06 94.62 89.42 100.00 100.00
VICE 99.98 88.49 97.28 100.00 99.82 98.93 93.67 71.73 100.00 99.95 95.27 82.95 92.44 100.00 99.87

1000

FT-VL 36.32 31.16 34.89 5.27 5.86 62.25 57.95 54.73 7.16 11.06 42.64 41.62 41.18 8.55 9.32
TP 7.70 6.99 7.50 1.70 0.55 8.16 8.26 7.63 0.59 1.46 3.74 3.47 3.57 1.17 2.75
MEND 31.84 26.60 33.98 43.08 44.90 49.30 51.46 46.70 81.03 82.53 42.35 45.07 42.68 66.98 62.32
SERAC 84.50 60.36 81.83 63.26 13.40 47.03 45.79 44.82 42.12 15.31 57.02 51.66 56.80 48.48 13.24
LiveEdit 92.75 89.81 85.12 100.00 96.82 81.43 80.34 62.25 100.00 99.73 93.41 89.87 85.21 100.00 100.00
VICE 99.98 88.37 96.82 100.00 98.26 98.93 93.67 57.31 100.00 99.92 95.27 82.95 92.14 100.00 98.29

Table 3: Main results of lifelong editing for LLaVA-v1.5 and MiniGPT4 on EVQA, EIC, and VLKEB. “#Edits”
represents the number of new facts. MEND, SERAC, and LiveEdit results are from Chen et al. (2025); FT-VL, TP,
and VICE are from our runs.

margin loss to push locality examples away from
all anchors:

Lmargin =
1

|O|
∑︂

q∈O
max

(︁
0,max

j∈A
z⊤q aj −m

)︁
. (9)

The total objective is Lscope = Lret +Lmargin. After
training, the dataset-specific hψ is fixed and used
only for retrieval and threshold routing. Training
details are provided in Appendix B.

4 Experiments

We evaluate VICE across three multimodal knowl-
edge editing benchmarks and two vision-language
backbones, comparing against five representative
editing baselines. Section 4.1 describes the ex-
perimental setup, including datasets, backbones,
baselines, evaluation metrics, and implementation

details. Section 4.2 presents the main evaluation
results, and Section 4.4 reports our ablation studies.

4.1 Experimental Setup

Datasets and Backbones. We evaluate on three
standard multimodal knowledge editing bench-
marks: EVQA (Cheng et al., 2023), EIC (Cheng
et al., 2023), and VLKEB (Huang et al., 2024).
We use two MLLMs as the backbone: LLaVA-
v1.5-7B (Liu et al., 2024) and MiniGPT-4-vicuna-
7B (Zhu et al., 2024). Both are widely used in
the multimodal knowledge editing literature and
represent different architectural choices.

Baselines. We compare VICE against five repre-
sentative knowledge editing methods: FT-VL, fine-
tuning the final layer of the MLLM; TP (Huang
et al., 2023), appending transformer-patchers to
FFNs; MEND (Mitchell et al., 2022a), training a
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# Edits Ablation Rel T-Gen I-Gen T-Loc I-Loc

1

Full VICE 1.00 0.88 0.97 1.00 0.99
w/o Scope Head 1.00 0.86 0.96 1.00 0.85
w/o Image Summary 0.75 0.46 0.80 1.00 1.00
w/o Retrieved Demos 0.32 0.30 0.27 1.00 1.00

1000

Full VICE 1.00 0.88 0.97 1.00 0.98
w/o Scope Head 1.00 0.85 0.95 1.00 0.76
w/o Image Summary 0.75 0.46 0.80 0.99 1.00
w/o Retrieved Demos 0.32 0.30 0.27 1.00 1.00

Table 4: Ablation study of VICE on EVQA with
LLaVA-v1.5. “w/o Scope Head” uses the raw retrieval
route without the learned head hψ, “w/o Image Sum-
mary” removes the generated visual evidence sum-
maries from demonstrations, and “w/o Retrieved Demos”
removes retrieved visual in-context demonstrations.

hyper-network to learn to update model parame-
ters; SERAC (Mitchell et al., 2022b), a representa-
tive memory-based method; LiveEdit (Chen et al.,
2025), a recent multimodal editing baseline that
modulates hidden-states with MoE modules.

Metrics. Following Cheng et al. (2023), we re-
port five standard metrics: Reliability: whether
the model produces the target answer on the edited
input; Text/Image-Locality: whether unrelated
text and multimodal queries remain unchanged;
Text/Image-Generality: whether the edit transfers
to textually rephrased and visually similar variants.

Implementation details. For VICE, all MLLM
backbone parameters are frozen throughout edit-
ing and inference. We use CLIP-ViT-B/32 as ϕ
and train only the two-layer head hψ with 256-
dimensional outputs. The head is trained offline
for each dataset with AdamW for 80 epochs, batch
size 32, learning rate 10−3, temperature T = 0.07,
and margin m = 0.5. Image summaries are gener-
ated before editing and cached. We use the fixed
threshold θ = 0.65 for all main experiments.

4.2 Main Results

As demonstrated in Table 3, VICE achieves strong
and stable performance across diverse lifelong edit-
ing setups. Its main gains appear in reliability,
image-generality, and locality, which are central
to visually grounded editing. For example, under
1000 edits for LLAVA-v1.5, VICE improves I-
Gen. over LIVEEDIT by 12.7 on EVQA, 3.9 on
EIC, and 14.0 on VLKEB, and for MINIGPT4,
by 11.7 on EVQA and 6.9 on VLKEB. VICE
is not uniformly best on text-generality, where
LIVEEDIT remains competitive in some settings,
but it maintains strong T-Gen., while giving more
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Figure 4: Illustration of mean retrieval similarity of raw
CLIP-VL features and learned scope-head embeddings
on EVQA. For edit, text-rephrase, and image-rephrase
queries, we report similarity to the paired edit anchor;
for locality, we report nearest-anchor similarity.

consistent image-side generalization and locality.
More importantly, VICE remains highly stable as
the number of edits increases, showing little per-
formance degradation across both backbones and
benchmarks. By contrast, the baselines reveal a
clear scalability–locality trade-off. FT-VL often
fits isolated edits but quickly harms locality un-
der long sequences, while TP has limited capacity
for complex multimodal knowledge. MEND and
SERAC are stronger in some single-edit settings,
but MEND’s accumulated updates scale poorly and
SERAC’s text-based retrieval gives weak image
locality. LiveEdit is the strongest recent baseline
in multimodal knowledge editing, yet it still de-
clines as edits accumulate, whereas VICE remains
more stable and therefore better suited for lifelong
multimodal knowledge editing.

4.3 Robustness on WATERBIRD-EDIT

The diagnosis in Section 2 shows that FT and
LIVEEDIT can achieve reasonable average I-Gen.
while still varying strongly across target-context
groups. Applying the same analysis to VICE, Ta-
ble 1 shows a different pattern: VICE reaches the
highest overall I-Gen. (93.4) and the smallest PG
(4.7). Its group accuracies also remain consistently
high, rather than showing a sharp worst-group drop.
This suggests that VICE improves not only average
I-Gen., but also worst-group robustness, reducing
sensitivity to background context. The observa-
tion on WATERBIRD-EDIT consists with the main
results on EVQA/EIC/VLKEB: methods with
lower PG under background shifts on WATERBIRD-
EDIT generally achieve stronger I-Gen. on standard
benchmarks.

Object-only masking provides a complemen-
tary check. When the background is removed
and the bird region is preserved, VICE remains
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Figure 5: Five standard metrics under different similar-
ity thresholds θ on EVQA with LLaVA-v1.5.

strong (89.0) and does not show the large mask-
ing benefit observed for the baselines. This indi-
cates that its original image-rephrase performance
is less degraded by spurious context. Together, the
group-level and masking results support the claim
that visual in-context editing reduces evidence mis-
grounding on WATERBIRD-EDIT.

4.4 Ablation Study

To assess the contribution of each component, we
ablate the scope head, image summaries, and re-
trieved demonstrations on EVQA with LLaVA-
v1.5. As shown in Table 4, removing the scope
head mainly reduces I-Loc., which suggests that
scope routing helps prevent irrelevant edit applica-
tion. Please refer to Appendix D for a detailed dis-
cussion of retrieval and routing quality. Removing
image summaries lowers Rel., T-Gen., and I-Gen.,
showing that explicit visual evidence is important
for generalizing the edit to rephrased or visually
similar inputs. We also provide a discussion of the
summary quality in Appendix D. The largest drop
occurs when retrieved demonstrations are removed,
indicating that they provide the main in-context
editing signal. Overall, the ablation results align
with the intended roles of the three components:
retrieved demonstrations convey the edit, image
summaries ground it in visual evidence, and the
scope-discriminative head preserves locality.

Figure 4 further supports this interpretation: the
learned scope head creates a clearer margin be-
tween in-scope and out-of-scope facts, whereas
raw CLIP-VL assigns some locality queries simi-
larities close to in-scope examples, making them
more likely to trigger irrelevant edits.

4.5 Sensitivity to Similarity Threshold

We evaluate the sensitivity of VICE to the similar-
ity threshold θ by sweeping θ from 0.50 to 0.85 on

EVQA with LLaVA-v1.5. As shown in Figure 5,
reliability and text-locality are stable across the
sweep, while image-generality and image-locality
show the main trade-off. A low threshold applies
edits too broadly, giving high I-Gen. (98.4 at
θ = 0.50) but low I-Loc. (75.0). A very high
threshold is too conservative, causing I-Gen. to
drop to 65.3 at θ = 0.85. We use θ = 0.65 in the
main experiments because it gives a good balance,
with I-Gen. 96.9 and I-Loc. 97.2. We also keep
the same θ = 0.65 for other main experiments to
avoid additional hyperparameter tuning.

5 Related Work

Knowledge Editing. Knowledge editing aims to
update specific factual associations in pretrained
models while preserving their behavior on unre-
lated inputs. Prior work edits models by rewriting
located parameters (Dai et al., 2022; Meng et al.,
2022a,b; Fang et al., 2025), learning parameter up-
dates (Sinitsin et al., 2020; De Cao et al., 2021;
Mitchell et al., 2022a; Tan et al., 2024), adding
trainable modules (Huang et al., 2023; Wang and
Li, 2024), or using external memory and rout-
ing (Mitchell et al., 2022b; Hartvigsen et al., 2023;
Yu et al., 2024; Wang et al., 2024c; Zeng et al.,
2025; Xia et al., 2025). In-context editing (Si et al.,
2022; Madaan et al., 2022; Zheng et al., 2023; Ma
et al., 2025) instead specifies new facts through
demonstrations at inference time, avoiding back-
bone updates. To achieve lifelong editing (Chen
et al., 2025, 2024; Pan et al., 2024), various re-
cent works have incorporated lifelong learning tech-
niques (Wang et al., 2024a, 2026; Wu et al., 2025,
2024).

Multimodal knowledge editing (Chen et al.,
2025; Shi et al., 2025) extends these ideas to
vision-language models. MMEdit (Cheng et al.,
2023) and VLKEB (Huang et al., 2024) estab-
lish general evaluation protocols, while MIKE (Li
et al., 2024) studies fine-grained multimodal en-
tity editing across recognition and generation tasks.
MC-MKE (Zhang et al., 2025) decomposes mul-
timodal knowledge into visual and textual com-
ponents and evaluates consistency across modali-
ties. FGVEdit (Zhang et al., 2025) focuses on the
fine-grained editing scope of particular entities in
complex images. These evaluations mainly test an-
swer correctness, not whether the edited answer is
grounded in the intended visual evidence. Our di-
agnostics are complementary: it keeps the desired
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fact fixed while systematically varying incidental
background context to measure whether an answer-
level successful edit remains context-sensitive. Our
method VICE addresses this gap with visual in-
context demonstrations and a lightweight scope
router.

In-Context Learning. In-context learn-
ing (Brown et al., 2020; Liu et al., 2022; Bu et al.,
2024, 2025) enables large language models to
adapt to new tasks from demonstrations without pa-
rameter updates. Vision-language models can also
learn from interleaved image-text demonstrations,
though cross-modal interaction makes visual in-
context learning more challenging (Schwettmann
et al., 2023). Recent VICL work retrieves visual
demonstrations and summarizes images according
to task intent (Zhou et al., 2024). We adapt this
idea to multimodal knowledge editing: VICE uses
visual demonstrations to express edited facts and a
scope head to decide when they should apply.

6 Conclusion

We studied multimodal knowledge editing beyond
answer-level success, asking whether edited predic-
tions follow the intended visual evidence. Standard
metrics can hide evidence misgrounding: a model
may produce the target answer while remaining
sensitive to incidental context. To make this visi-
ble, we introduced WATERBIRD-EDIT, which sep-
arates bird-habitat facts from background cues, and
VICE, a frozen-backbone framework that stores ed-
its in sequence memory and applies them through
visual in-context demonstrations with scope rout-
ing. Across lifelong editing benchmarks, VICE
remains strong; on WATERBIRD-EDIT, it substan-
tially reduces sensitivity to spurious background
context. These results show that explicitly expos-
ing target visual evidence helps make multimodal
edits more grounded and scalable.

Limitations

WATERBIRD-EDIT is designed as a controlled diag-
nostic setting for bird-habitat editing, where target
evidence and background context can be explicitly
separated. This makes the evidence-misgrounding
pattern measurable, while future work can extend
the same diagnostic principle to broader visual facts
and more open-ended scenes. VICE currently uses
generated image summaries and a learned retrieval-
based scope decision to expose and apply edits.
These components are effective in our experiments,

and further improvements in summary quality, re-
trieval calibration, and uncertainty handling may
make the framework more reliable in ambiguous
boundary cases. Finally, VICE shifts part of the
editing burden from backbone updates to external
memory, retrieval, and longer prompts. This trade-
off preserves the frozen MLLM and supports life-
long editing, while leaving useful opportunities for
memory compression, faster indexing, and more
compact prompt construction.
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A WATERBIRD-EDIT Construction
Details

Source data and labels. WATERBIRD-EDIT is
constructed from CUB-200-2011, which provides
fine-grained bird images with species identities.
We convert the original species labels into a binary
habitat label y ∈ {water, land}. We obtain the
background label b ∈ {water, land} by using a pre-
trained vision-language model to judge whether the
surrounding scene contains visible water. Specifi-
cally, we query LLaVA-v1.6-Vicuna-13B on each
CUB image with a binary prompt asking whether
the background contains any water body, such as a
river, lake, ocean, pond, waterfall, or stream. The
model is instructed to answer only “Yes” or “No”;
we map “Yes” to a water background and “No” to
a land background. The generated file contains one
background label for each of the 11,788 CUB im-
ages. These background labels are used only for
dataset construction and group-wise diagnostics,
and are not included in the edit prompt. This gives
an explicit target-context grouping (y, b), where
the first component is the bird habitat label and the
second component is the surrounding background.
The construction is designed so that the edited an-
swer should follow the bird identity rather than the
background scene.

Background-labeling prompt. The key prompt
used for assigning background labels is:

Please carefully examine the background
of this image and determine whether
there is any water present (such
as rivers, lakes, oceans, ponds,
waterfalls, streams, or any other form
of water). Please respond with only
"Yes" or "No", without any additional
explanations or descriptions. If you
can see any water body in the background,
answer "Yes"; if there is no water body
visible in the background, answer "No".

Edit-image filtering. We start from a filtered
CUB pool that contains images on which the pre-
trained LLAVA-v1.5-7B and MINIGPT4-vicuna-
7B fail the binary habitat classification task. This
filtering produces challenging edit requests where
the target answer corrects a pre-edit failure, rather
than merely confirming knowledge that the model
already expresses reliably.

Evaluation data construction. Each retained im-
age is converted into a standard multimodal edit-
ing instance with one edit request, two generality

probes, and two locality probes. The construction
of each field is as follows.
Reliability. The edit request uses the retained fail-
ure image and the source prompt

What type of bird is in the image? Choose
from: land, water.

with the corrected habitat label as the new target an-
swer. This field tests whether an editor can correct
the pre-edit failure on the original edit input.
Text-generality. Text-generality keeps the same edit
image and target answer, but replaces the source
prompt with a paraphrased binary habitat ques-
tion. We randomly sample from the following para-
phrase templates:

1. Based on its physical features, would
you classify this bird as a water bird
or a land bird?

2. Does this bird primarily inhabit
aquatic environments or terrestrial
ones? Answer with ’water’ or ’land’.

3. Identify the habitat type of this
bird: water or land?

4. Is the bird shown here adapted for
life in water or on land?

These paraphrases ask for the same water-vs.-
land habitat decision without mentioning the back-
ground label. This field tests whether the edit trans-
fers across textual reformulations of the same vi-
sual fact.
Image-generality. Image-generality keeps the
source prompt and target answer, but replaces the
edit image with a different image of the same
bird species from the full CUB pool. Because
the species is unchanged, the desired habitat an-
swer remains unchanged. The replacement im-
age may preserve or change the background type,
which lets us test whether the edited answer fol-
lows the bird species rather than the surrounding
scene. This field is the main diagnostic probe: a
robust edit should follow the bird species across
image changes rather than switch according to the
new background.
Text-locality. Following MMEdit (Cheng et al.,
2023), text-locality uses unrelated question-answer
pairs from NQ (Kwiatkowski et al., 2019). They
test whether the edit changes unrelated text-side
knowledge.
Image-locality. Following MMEdit (Cheng et al.,
2023), image-locality uses unrelated multimodal
question-answer examples from OK-VQA (Marino
et al., 2019). They test whether the edit changes
unrelated multimodal behavior.
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Splits and group distribution. The final
WATERBIRD-EDIT annotation file contains 1,136
edit instances over 90 bird species, split into 636
training instances and 500 test instances. The main
diagnostic results use the 500 test instances as a
sequential editing stream. The test edit images
remain strongly target-context imbalanced, which
reflects the spurious correlations present in the fil-
tered failure pool. By contrast, the same-species
image-rephrase set gives substantially broader cov-
erage of the four target-context groups. Table 5
reports the group counts used in the test split.

Image Set WW WL LW LL

Edit images 18 190 107 185
Image-rephrase images 115 93 133 159

Table 5: WATERBIRD-EDIT test-split group counts.
Each group is written as (target habitat, background),
where W and L denote water and land. The image-
rephrase set is used for the group Image-Generality and
PG diagnostics in Section 2.

CUB species-level habitat labels. Table 8 lists
the binary habitat label assigned to each of the
200 CUB species classes. All images of the same
species have the same y label.

B Additional Implementation Details for
VICE

Image-summary generation prompt. Image
summaries are generated offline and cached before
editing. Following the main text, we instantiate the
frozen summary model G as a pretrained MLLM
before editing; in our preprocessing script, G is
implemented with LLAVA-v1.5-7B. Given an im-
age and its prompt, the summary generator uses the
following prompt. The method section writes this
compactly as G(i, x); in the implementation, the
{text} field is instantiated with the prompt only,
without the target answer.

USER: <image>
Given the image and the text prompt,
write a concise visual summary for
knowledge editing. The summary must
identify the target-related visual
evidence, describe other salient
objects or attributes that could act as
distractors, and briefly contrast the
target evidence against those
distractors. Do not answer the question
directly. Do not simply copy the text
prompt.
Return exactly three lines in the
following format:

Target Evidence: ...
Distractors: ...
Contrast: ...
Text Prompt: {text}
ASSISTANT:

Generation is deterministic with greedy decoding
and a maximum of 128 new tokens. The returned
summary is stored together with the corresponding
image path and prompt, and is reused when con-
structing the evidence-summary demonstrations.

Structured template of the augmented prompt.
For an accepted query, the augmented prompt con-
sists of three parts: retrieved demonstrations, the
retrieved edit, and the current query. Each part fol-
lows a structured template with three fields: “Image
Summary”, “New Fact”, and “Prompt”. We gener-
ate image summaries for the demonstration images
and the retrieved edit image. For the current query,
we instead use a generic textual placeholder that
instructs the model to attend to the input real im-
age. The complete augmented-prompt template is
shown below:

...
[Demonstration ci]
Image Summary: {summary of a
demonstration image}
New Fact: {demonstration edit prompt}
{demonstration edit target}
Prompt: {demonstration query prompt}
{demonstration query target/original
answer}
...

[Retrieved edit record]
Image Summary: {summary of the
retrieved edit image}
New Fact: {retrieved edit prompt}
{retrieved edit target}
Prompt: {retrieved edit prompt}
{retrieved edit target}

[Current query]
Image Summary: Use the given real image
as the visual evidence for this query.
New Fact: {retrieved edit prompt}
{retrieved edit target}
Prompt: {current query prompt}

Scope-head training data. The scope-
discriminative head hψ is trained offline for
each dataset using only the training split. For each
training edit instance, we form one scope group.
The reliability example is used as the anchor, and
its text-rephrase and image-rephrase examples are
treated as in-scope queries with the same group
label. Text-locality and image-locality examples
are treated as out-of-scope queries; each locality
example is assigned its own unique label so it is
not used as a positive example for any edit anchor.
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Scope features and projection head. We en-
code each query (i, x) with CLIP-ViT-B/32
(openai/clip-vit-base-patch32). The text
prompt is encoded with the CLIP text encoder. If
an image is available, it is encoded with the CLIP
image encoder; for text-only locality examples, we
use a zero image feature. Both text and image
features are ℓ2-normalized, concatenated, and kept
fixed during scope-head training. The learned head
is a two-layer MLP,

hψ(·) = Lineard→256(ReLU(Lineard→d(·))),
(10)

where d is the concatenated CLIP feature dimen-
sion. The projected features are ℓ2-normalized be-
fore computing retrieval similarities.

Optimization objective. Training minibatches
are sampled at the edit-group level: each batch
contains 32 edit groups by default and includes all
scope examples from those groups. Within a mini-
batch, reliability examples provide the candidate
anchors. For non-anchor in-scope examples, we
use the anchor retrieval loss in Section 3, which is a
cross-entropy objective over the minibatch anchors.
For locality examples, we use the margin loss in
Section 3, which penalizes cases where the maxi-
mum similarity to any minibatch anchor exceeds
m. The full objective is the same as in Section 3:

Lscope = Lret + Lmargin. (11)

Unless otherwise specified, we use AdamW for
80 epochs with learning rate 10−3, temperature
T = 0.07, projection dimension 256, and margin
m = 0.5. After training, the dataset-specific head
is frozen and used only for memory retrieval and
threshold routing.

C Complete Experimental Results

This section provides the full lifelong editing re-
sults that complement the condensed main table in
Section 4. In addition to the 1, 100, and 1000 edit
settings reported in the main text, we include the
intermediate 10-edit setting for both LLAVA-v1.5
and MINIGPT4.

D Additional Discussion

Image-summary quality. To assess summary
quality, we audited the 500 cached summaries used
by VICE for the WATERBIRD-EDIT. The audit
examines format consistency and the presence of

Format Consistency 500/500 = 100%
Target Matching Rate 476/500 = 95.2%

Distractor Matching Rate 431/500 = 86.2%

Table 6: Summary quality audit.

Query type Retrieval top-1 Routing acc Routing error
Rel. 100.0% 100.0% false reject 0.0%

T-Gen. 98.5% 98.0% false reject 2.0%
I-Gen. 97.3% 96.9% false reject 3.1%
T-Loc. – 100.0% false accept 0.0%
I-Loc. – 94.3% false accept 5.7%

Table 7: VICE’s Top-1 retrieval and routing accuracy
on EVQA with LLaVA-v1.5 at θ = 0.65.

recognizable target-object and scene/context cues,
as shown in Table 6. Format consistency measures
whether each summary follows the required struc-
tured format. Target matching checks for recogniz-
able target-object cues, such as bird, beak, wing,
feathers, plumage, head, tail, perched, standing
and so on. Distractor matching checks for scene
or context cues, such as background, water, pond,
rocks, leaf, tree, branch, sky, ground, fence, sur-
face, vegetation and so on. The results show that
the summaries consistently follow the required for-
mat and usually capture both target and contextual
cues.

Retrieval and routing quality. We separately
evaluate the retrieval and routing stages on EVQA
with LLaVA-v1.5 at θ = 0.65. For in-scope queries
(Rel., T-Gen., and I-Gen.), top-1 retrieval accuracy
measures whether the intended edit is ranked first,
while routing accuracy measures whether the re-
trieved edit is accepted. Routing errors on these
queries are false rejections. For locality queries, no
intended edit should be applied, so top-1 retrieval
accuracy is not applicable; routing accuracy instead
measures whether the query is correctly rejected,
and the corresponding errors are false acceptances.
As shown in Table 7, the intended edit is retrieved
for at least 97.3% of all in-scope queries, and rout-
ing accuracy remains above 96.9%. Reliability
and text-locality queries are routed without errors.
Image-locality queries are the most challenging,
with a 5.7% false-acceptance rate, but most un-
related image queries are still correctly rejected.
These results indicate that the scope head generally
applies the intended edit to in-scope queries while
preventing irrelevant edit application.
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Table 8: CUB species-level habitat labels used by WATERBIRD-EDIT.

Class Class Class Class

001 Black footed Albatross (water) 002 Laysan Albatross (water) 003 Sooty Albatross (water) 004 Groove billed Ani (land)
005 Crested Auklet (water) 006 Least Auklet (water) 007 Parakeet Auklet (water) 008 Rhinoceros Auklet (water)
009 Brewer Blackbird (land) 010 Red winged Blackbird (land) 011 Rusty Blackbird (land) 012 Yellow headed Blackbird (land)
013 Bobolink (land) 014 Indigo Bunting (land) 015 Lazuli Bunting (land) 016 Painted Bunting (land)
017 Cardinal (land) 018 Spotted Catbird (land) 019 Gray Catbird (land) 020 Yellow breasted Chat (land)
021 Eastern Towhee (water) 022 Chuck will Widow (land) 023 Brandt Cormorant (water) 024 Red faced Cormorant (water)
025 Pelagic Cormorant (water) 026 Bronzed Cowbird (land) 027 Shiny Cowbird (land) 028 Brown Creeper (land)
029 American Crow (land) 030 Fish Crow (land) 031 Black billed Cuckoo (land) 032 Mangrove Cuckoo (land)
033 Yellow billed Cuckoo (land) 034 Gray crowned Rosy Finch (land) 035 Purple Finch (land) 036 Northern Flicker (land)
037 Acadian Flycatcher (land) 038 Great Crested Flycatcher (land) 039 Least Flycatcher (land) 040 Olive sided Flycatcher (land)
041 Scissor tailed Flycatcher (land) 042 Vermilion Flycatcher (land) 043 Yellow bellied Flycatcher (land) 044 Frigatebird (water)
045 Northern Fulmar (water) 046 Gadwall (water) 047 American Goldfinch (land) 048 European Goldfinch (land)
049 Boat tailed Grackle (land) 050 Eared Grebe (water) 051 Horned Grebe (water) 052 Pied billed Grebe (water)
053 Western Grebe (water) 054 Blue Grosbeak (land) 055 Evening Grosbeak (land) 056 Pine Grosbeak (land)
057 Rose breasted Grosbeak (land) 058 Pigeon Guillemot (water) 059 California Gull (water) 060 Glaucous winged Gull (water)
061 Heermann Gull (water) 062 Herring Gull (water) 063 Ivory Gull (water) 064 Ring billed Gull (water)
065 Slaty backed Gull (water) 066 Western Gull (water) 067 Anna Hummingbird (land) 068 Ruby throated Hummingbird

(land)
069 Rufous Hummingbird (land) 070 Green Violetear (land) 071 Long tailed Jaeger (water) 072 Pomarine Jaeger (water)
073 Blue Jay (land) 074 Florida Jay (land) 075 Green Jay (land) 076 Dark eyed Junco (land)
077 Tropical Kingbird (land) 078 Gray Kingbird (land) 079 Belted Kingfisher (land) 080 Green Kingfisher (land)
081 Pied Kingfisher (land) 082 Ringed Kingfisher (land) 083 White breasted Kingfisher (land) 084 Red legged Kittiwake (water)
085 Horned Lark (land) 086 Pacific Loon (water) 087 Mallard (water) 088 Western Meadowlark (water)
089 Hooded Merganser (water) 090 Red breasted Merganser (water) 091 Mockingbird (land) 092 Nighthawk (land)
093 Clark Nutcracker (land) 094 White breasted Nuthatch (land) 095 Baltimore Oriole (land) 096 Hooded Oriole (land)
097 Orchard Oriole (land) 098 Scott Oriole (land) 099 Ovenbird (land) 100 Brown Pelican (water)
101 White Pelican (water) 102 Western Wood Pewee (water) 103 Sayornis (land) 104 American Pipit (land)
105 Whip poor Will (land) 106 Horned Puffin (water) 107 Common Raven (land) 108 White necked Raven (land)
109 American Redstart (land) 110 Geococcyx (land) 111 Loggerhead Shrike (land) 112 Great Grey Shrike (land)
113 Baird Sparrow (land) 114 Black throated Sparrow (land) 115 Brewer Sparrow (land) 116 Chipping Sparrow (land)
117 Clay colored Sparrow (land) 118 House Sparrow (land) 119 Field Sparrow (land) 120 Fox Sparrow (land)
121 Grasshopper Sparrow (land) 122 Harris Sparrow (land) 123 Henslow Sparrow (land) 124 Le Conte Sparrow (land)
125 Lincoln Sparrow (land) 126 Nelson Sharp tailed Sparrow

(land)
127 Savannah Sparrow (land) 128 Seaside Sparrow (land)

129 Song Sparrow (land) 130 Tree Sparrow (land) 131 Vesper Sparrow (land) 132 White crowned Sparrow (land)
133 White throated Sparrow (land) 134 Cape Glossy Starling (land) 135 Bank Swallow (land) 136 Barn Swallow (land)
137 Cliff Swallow (land) 138 Tree Swallow (land) 139 Scarlet Tanager (land) 140 Summer Tanager (land)
141 Artic Tern (water) 142 Black Tern (water) 143 Caspian Tern (water) 144 Common Tern (water)
145 Elegant Tern (water) 146 Forsters Tern (water) 147 Least Tern (water) 148 Green tailed Towhee (land)
149 Brown Thrasher (land) 150 Sage Thrasher (land) 151 Black capped Vireo (land) 152 Blue headed Vireo (land)
153 Philadelphia Vireo (land) 154 Red eyed Vireo (land) 155 Warbling Vireo (land) 156 White eyed Vireo (land)
157 Yellow throated Vireo (land) 158 Bay breasted Warbler (land) 159 Black and white Warbler (land) 160 Black throated Blue Warbler

(land)
161 Blue winged Warbler (land) 162 Canada Warbler (land) 163 Cape May Warbler (land) 164 Cerulean Warbler (land)
165 Chestnut sided Warbler (land) 166 Golden winged Warbler (land) 167 Hooded Warbler (land) 168 Kentucky Warbler (land)
169 Magnolia Warbler (land) 170 Mourning Warbler (land) 171 Myrtle Warbler (land) 172 Nashville Warbler (land)
173 Orange crowned Warbler (land) 174 Palm Warbler (land) 175 Pine Warbler (land) 176 Prairie Warbler (land)
177 Prothonotary Warbler (land) 178 Swainson Warbler (land) 179 Tennessee Warbler (land) 180 Wilson Warbler (land)
181 Worm eating Warbler (land) 182 Yellow Warbler (land) 183 Northern Waterthrush (land) 184 Louisiana Waterthrush (land)
185 Bohemian Waxwing (land) 186 Cedar Waxwing (land) 187 American Three toed Wood-

pecker (land)
188 Pileated Woodpecker (land)

189 Red bellied Woodpecker (land) 190 Red cockaded Woodpecker (land) 191 Red headed Woodpecker (land) 192 Downy Woodpecker (land)
193 Bewick Wren (land) 194 Cactus Wren (land) 195 Carolina Wren (land) 196 House Wren (land)
197 Marsh Wren (land) 198 Rock Wren (land) 199 Winter Wren (land) 200 Common Yellowthroat (land)
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EVQA EIC VLKEB

# Edits Method Rel T-Gen I-Gen T-Loc I-Loc Rel T-Gen I-Gen T-Loc I-Loc Rel T-Gen I-Gen T-Loc I-Loc

1

FT-VL 100.00 91.03 95.38 95.29 90.53 99.93 94.65 97.34 91.63 82.16 100.00 98.74 99.92 76.13 84.15
TP 33.27 31.33 29.06 96.77 98.83 57.49 57.48 53.91 95.41 96.52 50.34 52.43 50.27 92.59 96.58
MEND 91.23 90.05 91.29 91.02 90.22 92.82 91.81 90.59 96.38 93.69 92.13 91.28 90.22 89.19 90.13
SERAC 89.33 83.72 84.97 82.05 23.78 88.18 81.03 85.61 84.01 28.58 89.77 89.11 87.92 66.68 14.20
LiveEdit 94.28 94.51 88.01 100.00 100.00 82.16 81.01 78.27 100.00 100.00 96.43 95.22 93.72 100.00 100.00
VICE 100.00 87.33 97.57 100.00 100.00 98.91 92.76 79.61 100.00 100.00 99.98 98.27 96.72 100.00 99.98

10

FT-VL 91.05 81.96 85.11 83.89 68.17 85.74 81.72 79.73 77.89 77.60 86.31 82.23 84.95 66.64 80.62
TP 32.98 30.90 28.77 91.08 96.14 55.10 55.04 51.65 75.19 88.18 49.59 52.15 49.70 87.02 93.70
MEND 3.58 3.55 3.53 2.10 1.26 66.49 64.77 58.42 87.25 86.15 0.18 0.24 0.05 0.03 0.19
SERAC 88.09 83.40 83.57 64.91 15.50 56.57 56.88 52.62 59.96 14.66 81.55 74.49 80.24 54.71 13.15
LiveEdit 93.79 93.21 86.42 100.00 100.00 81.93 80.80 75.55 100.00 100.00 95.54 94.52 91.25 100.00 100.00
VICE 100.00 87.18 97.53 100.00 100.00 98.91 92.76 77.92 100.00 100.00 99.98 98.27 97.14 100.00 99.96

100

FT-VL 76.44 67.30 67.76 58.04 46.18 73.11 69.78 65.46 52.21 58.69 75.91 72.95 74.89 56.36 70.29
TP 32.60 30.74 28.65 83.13 89.68 50.31 50.67 46.83 34.35 63.78 48.26 50.78 48.20 64.18 79.15
MEND 2.22 2.20 2.21 0.21 0.62 56.83 56.89 53.07 87.63 84.64 0.56 0.58 0.66 0.18 0.07
SERAC 88.08 81.53 82.48 62.13 12.90 53.35 53.70 49.41 48.04 17.25 72.25 62.43 70.68 53.73 13.69
LiveEdit 93.54 92.34 85.89 100.00 99.31 80.81 78.77 63.52 100.00 100.00 94.56 90.65 89.56 100.00 100.00
VICE 100.00 87.15 97.50 100.00 99.82 98.91 92.76 73.97 100.00 99.95 99.98 98.27 97.14 100.00 99.85

1000

FT-VL 60.21 50.76 51.03 24.37 29.48 64.21 59.43 57.09 33.39 38.30 65.30 62.67 63.87 33.89 37.32
TP 32.82 30.48 28.55 42.12 60.28 33.75 36.27 32.34 10.47 26.22 34.23 34.74 34.44 27.11 45.52
MEND 0.04 0.05 0.05 0.08 0.09 54.39 54.14 50.99 83.87 80.60 0.03 0.05 0.07 0.06 0.08
SERAC 85.57 75.58 82.01 62.46 15.69 52.93 53.44 49.01 49.91 16.65 60.93 56.49 60.06 52.94 15.04
LiveEdit 92.93 90.16 84.30 100.00 96.43 72.80 69.95 57.05 100.00 99.79 92.22 83.97 82.75 100.00 100.00
VICE 100.00 87.03 97.01 100.00 98.38 98.91 92.76 60.91 100.00 99.90 99.98 98.26 96.75 100.00 98.32

Table 9: Complete lifelong editing results for LLaVA-v1.5 on EVQA, EIC, and VLKEB. FT-VL, TP, and VICE are
from our local runs; MEND, SERAC, and LiveEdit entries are copied from Chen et al. (2025).

EVQA EIC VLKEB

# Edits Method Rel T-Gen I-Gen T-Loc I-Loc Rel T-Gen I-Gen T-Loc I-Loc Rel T-Gen I-Gen T-Loc I-Loc

1

FT-VL 100.00 99.74 99.86 63.66 35.65 100.00 95.28 96.41 58.21 33.84 100.00 99.75 99.95 56.12 42.03
TP 30.07 28.55 30.40 89.48 71.50 30.79 32.00 34.41 44.72 28.74 37.17 38.31 37.49 74.56 46.15
MEND 93.47 91.32 91.22 81.51 74.97 90.28 83.91 79.05 95.92 93.97 90.28 89.18 89.55 93.63 86.69
SERAC 87.66 69.24 85.96 82.11 24.11 85.09 78.96 81.70 83.36 24.50 89.28 89.06 87.35 64.88 12.72
LiveEdit 94.90 92.63 92.06 100.00 100.00 86.84 83.82 76.95 100.00 100.00 96.41 95.56 92.85 100.00 100.00
VICE 99.98 88.74 97.35 100.00 100.00 98.93 93.67 77.85 100.00 100.00 95.27 82.95 92.05 100.00 99.99

10

FT-VL 72.26 64.96 67.67 56.13 30.94 73.47 70.26 67.19 29.40 14.59 75.21 73.90 73.35 48.01 35.70
TP 18.82 18.45 18.58 38.24 21.89 14.54 14.61 14.49 2.78 1.25 14.66 14.60 13.90 9.60 3.89
MEND 37.34 31.66 35.52 44.31 37.24 69.98 69.35 59.25 93.39 91.52 57.01 55.39 55.34 72.03 67.66
SERAC 86.61 67.86 83.14 67.69 14.47 50.72 49.60 48.36 62.87 16.01 79.90 71.80 78.44 52.64 13.08
LiveEdit 94.06 91.84 90.60 100.00 99.92 85.79 83.52 76.09 100.00 100.00 95.75 95.13 91.99 100.00 100.00
VICE 99.98 88.54 97.31 100.00 100.00 98.93 93.67 76.08 100.00 100.00 95.27 82.95 92.44 100.00 99.97

100

FT-VL 56.02 49.77 50.35 16.97 10.42 59.24 56.32 52.58 4.13 4.65 64.49 63.10 62.70 21.95 14.10
TP 6.64 6.16 6.04 1.80 0.61 7.74 7.44 7.23 1.08 0.63 4.93 4.85 4.40 1.57 1.34
MEND 23.32 20.75 21.42 47.27 42.60 51.92 53.96 48.24 86.02 83.88 38.85 40.02 37.99 72.82 68.89
SERAC 87.39 66.53 81.70 65.13 14.04 47.41 46.17 45.22 49.37 13.52 69.38 58.31 67.57 51.71 13.72
LiveEdit 93.23 91.27 88.34 100.00 99.61 84.38 83.53 71.85 100.00 100.00 94.06 94.62 89.42 100.00 100.00
VICE 99.98 88.49 97.28 100.00 99.82 98.93 93.67 71.73 100.00 99.95 95.27 82.95 92.44 100.00 99.87

1000

FT-VL 36.32 31.16 34.89 5.27 5.86 62.25 57.95 54.73 7.16 11.06 42.64 41.62 41.18 8.55 9.32
TP 7.70 6.99 7.50 1.70 0.55 8.16 8.26 7.63 0.59 1.46 3.74 3.47 3.57 1.17 2.75
MEND 31.84 26.60 33.98 43.08 44.90 49.30 51.46 46.70 81.03 82.53 42.35 45.07 42.68 66.98 62.32
SERAC 84.50 60.36 81.83 63.26 13.40 47.03 45.79 44.82 42.12 15.31 57.02 51.66 56.80 48.48 13.24
LiveEdit 92.75 89.81 85.12 100.00 96.82 81.43 80.34 62.25 100.00 99.73 93.41 89.87 85.21 100.00 100.00
VICE 99.98 88.37 96.82 100.00 98.26 98.93 93.67 57.31 100.00 99.92 95.27 82.95 92.14 100.00 98.29

Table 10: Complete lifelong editing results for MiniGPT4 on EVQA, EIC, and VLKEB. FT-VL, TP, and VICE are
from our local runs; MEND, SERAC, and LiveEdit entries are copied from Chen et al. (2025).
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