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Abstract

We present ImProvShow; a novel approach to summarizing the multi-stage edit his-
tory (or ‘provenance’) of an image. ImProvShow fuses visual and textual cues to suc-
cinctly summarize multiple manipulations applied to an image in a sequence; a novel ex-
tension of the classical image difference captioning (IDC) problem. ImProvShow takes
as input several intermediate thumbnails of the image editing sequence, as well as any
coarse human or machine-generated annotations of the individual manipulations at each
stage, if available. We demonstrate that the presence of intermediate images and/or auxil-
iary textual information improves the model’s edit captioning performance. To train Im-
ProvShow, we introduce METS (Multiple Edits and Textual Summaries) — a new open
dataset of image editing sequences, with textual machine annotations of each editorial
step and human edit summarization captions after the 5™, 10 and 15™ manipulation.

1 Introduction

With recent advancements in Generative Al, image manipulation becomes easier to perform
and harder to notice, motivating new techniques for auditing the edit history (or ‘prove-
nance’) of an image. Often, multiple edits are applied in sequence by one or multiple editors,
forming a provenance chain containing multiple versions of the image at different stages of
the editing process. To mitigate the spread of disinformation, it is important to succinctly
communicate the history of these changes to enable informed trust decisions [17].

Image difference captioning (IDC) usually aims to generate a difference caption given
two images, the original and the edited one, regardless of the number of manipulations ap-
plied to the image. In this work, we explore image difference captioning with multiple inputs
(IDC-MI), assuming access to multiple snapshots of the image editing sequence and/or aux-
iliary information about each individual edit. This commonly arises during a creative supply
chain where multiple editors contribute to a final image. For example, emerging metadata
standards for media provenance, such as the Coalition for Content Provenance and Authen-
ticity (C2PA) [7] collect rich information on this edit process in a provenance ‘manifest’.
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This data structure contains multiple versions (thumbnails) of the image at different stages
of the editing process, and optionally textual short descriptions of changes made (actions).
Many image editing tools e.g. Adobe Photoshop now write C2PA manifests into editted im-
ages. ImProvShow considers the use case of IDC-MI to aggregate this multi-modal context
(thumbnails and actions) and summarize it in a short textual description.

A rangsr miniature has been replaced Rangers miniatures are repiaced with a pencil
with a noisy bird miniature. pot and birds have noise applied to them.

Overlay
Stripes

ImProvShow

[ The miniatures are replaced with two neoisy flamingos and a pencil cup. ]

Figure 1: ImProvShow is capable of processing sequences of images, optionally accom-
panied by coarse edit annotations, to produce a succinct and informative summary of the
differences. We train it with METS — a novel dataset of long image editing sequences paired
with machine annotations and human-written summaries at multiple steps. The presence of
visual and/or text information at any edit stage is optional, as denoted with grey arrows.

The first challenge in edit sequence captioning is the limited availability of training data.
Most datasets for image difference captioning focus on image pairs rather than longer se-
quences. While the Magic Brush [58] dataset does provide multi-turn editing sequences,
they are limited to three steps at most. Furthermore, all of the edits are applied to different
non-overlapping objects, meaning that the final summary of all the manipulations could be
constructed from a concatenation of the description of the individual steps. However, in real
scenarios, the edits can be applied to the same area, potentially in a destructive or mutu-
ally exclusive manner, and the final summary should only describe the salient, still visible
changes. For example, suppose the first manipulation changes the color of a bicycle, and
the second one replaces the bicycle with a car. In that case, the final summary should not
mention the color change as it is irrelevant to the final result. The second challenge lies in
developing a methodology capable of handling interleaved multi-modal inputs. Many exist-
ing image difference captioning architectures are designed with exactly two image inputs in
mind and would not be able to scale beyond that, either due to architectural constraints or
memory limitations. The contributions of this paper are twofold:

1. First, we introduce METS (Multiple Edits and Textual Summaries) — a dataset of im-
age editing sequences, with textual machine annotations of each editorial step and
human edit summarization captions after the 5th, 10th, and 15th manipulation.

2. We train ImProvShow — a multi-modal LLM trained to fuse visual and textual cues to
produce multi-edit summaries. We provide a comprehensive evaluation of the benefits
of both additional visual and textual inputs at the IDC-MI task.

We demonstrate that the presence of intermediate images and/or auxiliary textual infor-
mation improves the model’s captioning performance. Note that whilst the proposed method


Citation
Citation
{Zhang, Mo, Chen, Sun, and Su} 2024


BLACK, SHI, FAN, COLLOMOSSE: MULTI-MODAL PROVENANCE SUMMARIZATION 3

Figure 2: lllustration of the different types of manipulations perform@eft) Inpainting is
done by using the worBlackgroundas the prompt.(middle) property change is done by
prompting GPT3.5 to output a likely change in color, material, texture or other applical
property of the object.(right) replacement is done by prompting GPT3.5 to output a re
placement object of close match to the original shape but different semantically.

bene ts from auxiliary textual data, it does not require it. Additionally, we demonstrat
that ne-tuning a model trained on other synthetic data with METS helps to bridge the ¢
main gap and improves zero-shot performance on real-world images. The illustratior
ImProvShow and METS is shown in Fig. 1.

2 Related Work

Image difference captioning (IDC) is closely related to image captioning and visual quest
answering, both requiring a visual understanding system to model images and a lang
understanding system capable of generating syntactically correct captions. The revolutic
IDC in recent years depends heavily on the advent of visual and text modeling approac
together with cross-domain learning techniques that bridge the representation gap.

Initial methodologies for modeling visual content involve incorporating overarching CN
features such as VGG [10], and ResNet [41] into text generation models. Some mett
[2, 18, 23, 31], partition images into discrete patches, extracting CNN features from ec
Conversely, certain methodologies opt to utilize the outputs from an early ResNet la)
effectively capturing spatial attributes in a gridded format. In contrast, [2, 8, 23] empl
Region Proposal Network (RPN) to extract features from potential object candidates. O
avenues of exploration include graph-based [55] and tree-based networks [57], aimin
capture object relations across varying levels of granularity.

Traditionally, RNN/LSTM architectures [16] have dominated text modeling. Variant
like single-layer RNN [33, 53] or double-layer LSTM [2, 10, 57] are commonly utilizec
with diverse methods to embed image features into the recurrent process, such as ad
attention [44]. During inference, captions are generated in a step-by-step manner, wher
prediction of each word depends on all preceding words. Although this enhances ling
tic coherence, RNN/LSTM-based approaches face challenges in modeling lengthy capti
Recent transformer-based methods employing full-attention [8, 32, 54], have alleviated
issue. Others such as BERT [9], GPT [5], and LLaMA [46] have demonstrated succ
across diverse visual-language tasks [15, 22, 30, 35, 59].
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The objective of visual language modeling is to establish connections between image/vit
and text representations, catering to speci c tasks like joint embedding (e.g., CLIP [40
and LIMoE [36] for cross-domain retrieval), text-to-image tasks (e.g., Stable Diffusion [42],
InstructPix2Pix [4]), and image-to-text tasks (e.g., visual question answering [1, 54], or in
structions [12, 15]). Image captioning, strategies for mapping images to text can be classi e
into two main approaches. The rst involves the early fusion of image and text features t
enhance alignment between image objects and textual descriptions [30, 35, 48, 54]. The
methods employ BERT-like training strategies, where a pair of images and a masked capti
are inputted, replacing the masked words during inference. The second approach cent
on learning a direct conversion from image to text embedding. Initial CNN-based method
incorporate image features as the hidden states of LSTM text modules [10, 27, 41, 53, 5°
whereas later transformer-based techniques favor cross-attention mechanisms [8, 32]. N
tably, recent trends in both approaches involve harnessing powerful pretrained large la
guage and vision models to establish a straightforward mapping between the two domai
[6, 13, 29, 34, 35, 48].

Image difference captioning represents a specialized form of image captioning, aiming t
disregard common objects across images and instead accentuate subtle alterations betw
them. Spot-the-Diff [25] introduces potential change clusters, employing an LSTM-base
network to model them. However, their approach relies on pixel-level differences betwee
input images, rendering it sensitive to noise and geometric transformations. In contras
DUDA [39] computes image differences at the semantic level using CNNs, enhancing rc
bustness against minor global alterations. Several approaches extend the foundation laid
DUDA. SRDRL+AVS [50] assesses the correlation between the subtracted difference ar
image pairs to ascertain the occurrence of the change, incorporating part-of-speech infc
mation. M-VAM [43] and VACC [28] propose a viewpoint encoder to mitigate viewpoint
disparities, while VARD [51] suggests a viewpoint invariant representation network to ex-
plicitly capture changes. Additionally, [45] integrates bidirectional encoding to re ne change
localization, and NCT [52] utilizes a transformer to aggregate neighboring features. Thes
methodologies concentrate on the image modality, exploiting benchmark-speci ¢ characte
istics such as nearly identical views in Spot-the-Diff [25] or synthetic scenes with limited
objects and change types in CLEVR [39]. More recently, IDC-PCL [56] and CLIP4IDC
[19] have adopted BERT-like training approaches to model difference captioning language

3 Methodology

We describe the method for generating the METS (Multiple Edits and Textual Summaries
dataset and model training for the multi-input image difference captioning (IDC-MI) task.

3.1 Data generation

We generate a dataset of image editing sequences, with textual machine annotations of e
editorial step and human edit summarization captions after the 5th, 10th, and 15th manip
lation, as shown in Fig. 3. Binary masks of the manipulation regions at each step are al
included. Our dataset covers a wide variety of pixel-level and generative manipulations. Tt
prompt for each manipulation is generated using GPT-3.5 to ensure diverse manipulations

3.1.1 Individual Edits

We identify two main categories of edits: pixel-level and generative manipulations. Pixel
level edits are simple manipulations such as changing the brightness of an image or applyi
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Figure 3: An example of a sequence of manipulations in METS. The original image is sho
in the rst column, followed by the manipulated images. The binary masks of the mani
ulated regions are superimposed on the images. The machine annotations generated c
the sequence creation are shown in orange, while the human annotations are shown in |

a blur Iter. Generative manipulations change the semantic content of the image.

The image, its localized narrative, object class name, and segmentation mask are san
from the Openimages dataset. The localized narrative and class hame are used to con
a prompt for GPT3.5, which outputs a likely replacement candidate object or a prope
change. The prompt templates are manipulation-type speci ¢c and can be seen in supp
In the case of inpainting, the GPT3.5 block is omitted, and the prompt is sinagkground
The pre-processing of the segmentation mask ensures that no part of the object ren
outside of the mask. The generative manipulation is then conditioned on the image,
mask, and the prompt and applied using Fire y Generative Fill.

Pixel level manipulations are performed using the Augly[38] library, with random au
mentations including brightness, contrast, saturation, and encoding quality; blur, noise
sharpness lters; and overlaid color stripes. We further divide generative manipulations i
three categoriesnpainting where an object is removed from the imaggglacementwhere
an object is replaced with another object, gndperty changewhere the object's material
properties are altered. We illustrate different types of manipulations in Fig. 2.

Generative manipulations are applied using the Adobe Fire y Generative tilll,
which is a language-guided inpainting GenAl model. In addition to the image itself, tl
model is provided with a segmentation mask and a text prompt. We generate a convex
of the segmentation mask and apply dilation to it to ensure that no part of the object rem:
outside of the mask. The origin of the text prompt depends on the type of manipulati
For inpainting we use the wordackground which was shown to perform on par with
inpainting-speci ¢ models. Foreplacement we use GPT3.5 in a few-shot learning man-
ner, prompting with a localized narrative for the whole image, a bounding box of the ma
and the class label of the mask to come up with a probable replacement candidate objec
would be a close match to the shape of the original object. We use a similar strategy
property change but prompting GPT3.5 to output a likely property change.

3.1.2 Sequence Generation

We sample Openlmages, using images with at least 5 non-overlapping segmentation m
We then follow a procedure illustrated in Fig. 4 to apply a sequence of edits to the ima

Lhttps://firefly.adobe.com/upload/inpaint



