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Abstract

Change captioning aims to describe changes between a pair
of images. However, existing works rely on visual fea-
tures alone, which often fail to capture subtle but meaning-
ful changes because they lack the ability to represent ex-
plicitly structured information such as object relationships
and compositional semantics. To alleviate this, we present
CORTEX (COmpositional Reasoning-aware TEXt-guided),
a novel framework that integrates complementary textual
cues to enhance change understanding. In addition to cap-
turing cues from pixel-level differences, CORTEX utilizes
scene-level textual knowledge provided by Vision Language
Models (VLMs) to extract richer image text signals that re-
veal underlying compositional reasoning. CORTEX consists
of three key modules: (i) an Image-level Change Detector that
identifies low-level visual differences between paired images,
(ii) a Reasoning-aware Text Extraction (RTE) module that use
VLMs to generate compositional reasoning descriptions im-
plicit in visual features, and (iif) an Image-Text Dual Align-
ment (ITDA) module that aligns visual and textual features
for fine-grained relational reasoning. This enables CORTEX
to reason over visual and textual features and capture changes
that are otherwise ambiguous in visual features alone.

Introduction

Change captioning aims to generate natural language de-
scriptions that explain the differences between two im-
ages captured at different time points (Jhamtani and Berg-
Kirkpatrick 2018). Unlike traditional image captioning,
which focuses on describing a single static image, change
captioning requires models to detect and clearly describe
meaningful differences between image pairs. This is espe-
cially important in applications where capturing fine-grained
visual differences is critical, such as in surveillance (Hoxha
et al. 2022) and medical imaging (Li et al. 2023).

Since it holds significant potential for various practical
applications, extensive research has been conducted to de-
velop algorithms that more effectively describe changes.
SCORER (Tu et al. 2023b) introduces self-supervised cross-
view contrastive alignment and cross-modal backward rea-
soning, which solely relies on visual features to distin-
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Figure 1: (a) Existing methods struggle to estimate changes
because compositional reasoning cues are not explicitly rep-
resented in the image (i.e., object relationships (yellow ar-
rows), spatial arrangements (blue circles)). (b) In contrast,
our method incorporates explicit textual compositional rea-
soning cues to enhance scene understanding, thereby en-
abling more accurate change description.

guish true semantic changes from pseudo changes caused
by viewpoint shifts. SMART (Tu et al. 2024b) employs a
multi-aspect relation learning network with a POS-based
visual switch, relying on image data to capture semantic
and positional relations. In addition, DIRL (Tu et al. 2024a)
uses self-supervised channel correlation and decorrelation to
align captions with visual differences, effectively addressing
pseudo changes from viewpoint and illumination variations.

Despite these advances, existing methods adopt a visual-
only approach, relying on image-level features to describe
changes. While these features can capture low-level appear-
ance differences, they often fail to support compositional
reasoning—the ability to understand structured semantics
such as object relationships and spatial configurations. Since
this type of information is not directly encoded in images but
rather implicitly embedded (Hwang, Kim, and Kim 2023),
models often struggle to generate accurate descriptions of
changes. For example, as shown in Figure 1 (a), exist-
ing methods often misinterpret spatial relations (‘left of”)
or misidentify reference objects (‘a tiny brown cylinder’).
These limitations emphasize the need for a change caption-



ing model that can reason over compositional structures.

To address these limitations, we aim to enhance existing
visual-only methods through a simple yet effective strategy
that incorporates explicit textual cues conveying composi-
tional reasoning. Unlike visual information, text can explic-
itly depict the structured semantics embedded in an image
in a clear and interpretable form, serving as a strong sig-
nal for high-level reasoning (Hwang, Kim, and Kim 2023).
As shown in Figure 1 (b), incorporating such compositional
cues enables our model to better explain changes by captur-
ing their relational and contextual meanings.

Based on the aforementioned points, we propose a novel
COmpositional Reasoning-aware TEXt-guided (CORTEX)
framework for robust change captioning. It consists of three
modules. (i) We employ an image-level change detector
from visual-only approaches (Tu et al. 2024a, 2023b, 2024b)
to identify visual differences between the input image pairs.
(if) To incorporate compositional understanding, we intro-
duce a Reasoning-aware Text Extraction (RTE) mod-
ule, which extracts explicit textual compositional reasoning
cues (e.g., object relationships and spatial configurations).
To this end, we leverage a widely adopted Vision-Language
Model (VLM) with structured prompts to generate compo-
sitional descriptions for each image, offering rich semantic
cues that enhance scene understanding. Also, (iii) we pro-
pose an Image-Text Dual Alignment (ITDA) module that
aligns visual and textual features via static alignment (within
the scene) and dynamic alignment (cross scene). This dual
alignment allows the model to embed the textual compo-
sitional reasoning into the visual features while preserving
their representational strengths, leading to richer scene rep-
resentations and improved structural change reasoning.

As a result, CORTEX generates more accurate captions
by effectively describing changes between two images. No-
tably, the core objective of this work is to overcome the lim-
itations of visual-only change captioning methods by intro-
ducing two plug-and-play modules, namely RTE and ITDA,
which can be seamlessly integrated into existing image-level
change detectors to enhance compositional reasoning.

The major contributions of our paper are as follows:

* We devise CORTEX, a new plug-and-play framework
that enhances the existing visual-only approaches by
incorporating explicit textual compositional reasoning,
which was previously embedded implicitly in images and
challenging for models to accurately infer.

* We propose RTE module that leverages a VLM to extract
structured textual cues that encode explicit compositional
reasoning elements from images. The extracted text will
be publicly released to facilitate future research.

* We introduce ITDA module, which aligns image and text
features through static (within the scene) and dynamic
(cross scene) alignment strategies to enable a more com-
prehensive understanding of both individual scenes and
their differences.
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Related Works

Change Captioning

Change captioning aims to generate natural language de-
scriptions that capture semantic differences between two im-
ages, while filtering out irrelevant variations such as view-
point or illumination changes. Earlier methods address irrel-
evant variations using techniques such as view-invariant rep-
resentation learning, semantic alignment, and cross-modal
regularization (Tu et al. 2023a,b, 2024b,a).

Recent methods aim to suppress irrelevant variations and
enhance cross-modal alignment for more accurate change
descriptions. RDD (Li et al. 2025) mitigates noise from
global difference features and improves linguistic-visual
consistency through region-aware difference distillation and
attribute-guided contrastive learning. DECIDER (Zhong
et al. 2025) addresses the limitations of auto-regressive de-
coders, such as error accumulation and weak inter-modality
interaction. It adopts a contrastive diffusion framework with
adversarial perturbations to generate more robust and se-
mantically accurate change captions.

All visual-only methods struggle to capture fine-grained
compositional and relational dynamics between objects. Our
method addresses this gap by introducing textual composi-
tionality into the training process, enabling more accurate
and context-aware change descriptions.

Vision-Language Models in Vision Tasks

Vision-Language Models (VLMs) integrate visual and tex-
tual data to enable comprehensive image-text understanding
(Zhang et al. 2024a). As a result, they have been successfully
applied to various vision tasks—including image classifica-
tion and retrieval (Radford et al. 2021), VQA (Khan et al.
2023), image captioning (Chen et al. 2022), object detection
(Du et al. 2022), and segmentation (Yun et al. 2023)—bene-
fiting applications in autonomous driving (Park et al. 2024)
and medical imaging (Zhang et al. 2024b).

While VLMs bridge visual and textual domains, our work
leverages their strength in extracting relational and contex-
tual cues from single images. Trained on large-scale im-
age—text data, VLMs accurately capture semantics and ob-
ject layouts (Zhao et al. 2024). However, optimized for
single-image captioning, they struggle to compare two im-
ages and detect subtle relational nuances, as noted in prior
analyses (Lin et al. 2025).

Motivated by these limitations, our method leverages
VLMs to extract relational context from individual images,
supplementing visual-only change detectors. Instead of di-
rectly comparing paired images, we generate reasoning-
aware text as auxiliary information. This fusion of high-level
relational cues with low-level visual differences enables our
approach to capture subtle change details and overall scene
dynamics, leading to more accurate change captions.

Methodology

Figure 2 shows an overall architecture of CORTEX, a plug-
and-play framework designed to enhance visual-only change
captioning models by incorporating explicit compositional
reasoning signals in textual form. CORTEX is composed of
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Figure 2: Overview of the proposed Compositional Reasoning-aware Text-guided (CORTEX) framework for change captioning,
which combines the three modules. We introduce (1) Image-level change detector, which captures change cues between the
two images; (2) RTE module, which extracts compositional reasoning sentence for each scene; and (3) ITDA module, which
reinforces same-scene understanding for static alignment and identifies changes in dynamic alignment in cross-scene.

three modular components: (1) Image-level Change Detec-
tor, (2) Reasoning-aware Text Extraction (RTE) module, and
(3) Image-Text Dual Alignment (ITDA) module. Given a
pair of input images, “before” image Iy and “after” image
144, a visual backbone (e.g., ResNet-101 (He et al. 2016))
extracts the corresponding visual features fycr, fare. Then,
the image-level change detector takes them as inputs and
encodes f;.q, which captures low-level appearance differ-
ences between the two images. In parallel, the RTE module
utilizes a VLM (e.g., InternVL2 (Chen et al. 2024)) to ex-
tract N compositional reasoning sentences Ty from Ipe s
and M sentences T, ; from I,;. Each sentence contains
high-level compositional reasoning cues, such as relative at-
tributes (e.g., comparisons of size or brightness) and spa-
tial relations that are difficult to infer from pixel-level sig-
nal alone. A text encoder (e.g., BERT (Devlin et al. 2019))
embeds Ty s, T, : into sentence features tycf, tof:. All the
sentence features are concatenated to generate the RTE fea-
ture f,+.. The ITDA module aligns visual features with the
textual cues at both within and across scenes, generating
the text-augmented feature f;;4, to support reasoning-aware
scene understanding. The combination of compositional rea-
soning cues from RTE-generated texts and pixel-level vi-
sual features enables the model to effectively capture scene
changes by complementing visual understanding with ex-
plicit textual reasoning. Finally, a transformer decoder gen-
erates change captions by integrating the outputs from all
modules. More details are in the following subsections.

Reasoning-aware Text Extraction (RTE) Module

While existing image-level change detectors effectively cap-
ture appearance differences between two images, they often
lack the ability to perform fine-grained contextual reasoning
based on relative attributes and spatial context. To address
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this limitation, we introduce the RTE module, which extracts
structured, sentence-level descriptions specially designed to
support compositional reasoning.

In the RTE module, we leverage a frozen VLM (e.g., In-
ternVL2 (Chen et al. 2024)) to generate textual descriptions
from Ip.y and I, ;.

Rather than generating generic descriptions, we prompt
the VLM to extract compositional reasoning cues that in-
clude semantic details, which are often missed by visual fea-
tures alone. To extract high-quality compositional-reasoning
sentences, we use the following prompt:

Prompt for Compositional Reasoning

Analyze the image thoroughly. For each distinct ob-
ject in the scene, generate at least one sentence that
describes that object in detail and includes its re-
lationship to at least one other object. Each sen-
tence should mention the object’s color, shape, size,
and relevant spatial relationships (such as distance,
proximity, or grouping).

This carefully crafted prompt encourages the generation
of compositional reasoning cues by guiding the model to de-
scribe each object with detailed attributes (e.g., color, shape,
size) and its spatial relationships (Qiu et al. 2025) with other
objects. It also ensures consistency and completeness, which
are crucial for structured analysis.

At this time, since each scene varies in object den-
sity and complexity, the number of extracted sentences is
determined dynamically based on the scene, denoted as
Tbef:{Tlfef}nNzl, and Taft:{Tg}t}%zl (N sentences for
‘before’ image and M sentences for ‘after’ image).

Subsequently, the generated sentences T,y and T, f; are



passed through a text encoder (Devlin et al. 2019) to pro-
duce the sentence features tper,tqr: € R (¢ denotes the
channel number). We will release all the generated sentences
to support advanced research in change captioning. Detailed
descriptions are provided in the supplementary materials.

Image-Text Dual Alignment (ITDA) Module

Although the RTE module extracts compositional-reasoning
text from individual images, these features are embedded
in a different latent space than visual features from the
image-level change detector. To unify image and text
modalities and fully exploit their complementary strengths,
we introduce the ITDA module. The ITDA module consists
of two components: (i) static alignment, which enhances
compositional understanding within each scene, and (ii) dy-
namic alignment, which emphasizes changes across scenes.

Static Alignment. First, we design the static alignment
to capture and refine intra-scene compositional structure.
To do this, we align visual features with compositional-
reasoning sentence features from the same scene (either “be-
fore” or “after”). As shown in Figure 3 (a), this process
takes a visual feature fi.; or f,r; and the corresponding
compositional-reasoning sentence feature ¢,y or t, ;. For
the “before” scene, typ.y provides compositional reasoning
cues that reflect relative attributes and spatial relationships.
We apply cross-attention between visual feature fi.5 and
each of the NV compositional-reasoning sentence features,
then average the outputs, which can be formulated as:

fs(t—m)

be f ey

1 N
Z Attn(tl?eﬂ fb€f7 fbef);
n:l

where Attn(Q, K, V) = Softmax (QK ' //c) V. This yields
a text-augmented static feature for the “before” image. The
same process is applied to the “after” scene, where its M
compositional-reasoning sentence features are used to pro-
duce the text-augmented static feature f;l(ft_”)

. . t—1
To ensure semantic consistency between be 6( ! )

and the image-level change detector feature f;.y, we com-
pute self-attended visual features as follows:

fa(t—>z)

fbse(;—ﬂ) = Attn(fbef, fbefa fbef), 2)
L2970 = Aun(fage, fages fape)- 3)

Then, we introduce a static alignment loss L, to encourage
both latent spaces to share common semantics, denoted as:

(t—1)
(Hbe 13)-
“
This loss guides the model to integrate compositional
details into visual representations, thereby improving scene-
level compositional reasoning through static alignment.

S(’L—)’L

bef

s(i—i) 12

s(t—1
13+ 1£5577 — £

Dynamic Alignment. Further, to capture the cross-scenes
changes, we devise the dynamic alignment by applying
cross-attention between the visual features of one scene and
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Figure 3: Overview of the ITDA module. (a) Static align-
ment matches each image with its corresponding compo-
sitional texts extracted by the RTE module. (b) Dynamic
alignment matches each image with texts from the cross-
scene to highlight the changes. €5 denotes concatenation.

the compositional-reasoning sentence features of the other.
As shown in Figure 3 (b), for the “before” scene, we use its
visual feature fy.; with M “after” sentence feature ¢ ;.
Then the outputs are averaged to produce the final text-
augmented dynamic feature for the “before” scene:

fd(t—m)

be f )

M
Z Attn(tZ}tv fbef7 fbef),
m:l

and “after” text-augmented dynamic feature fd(t_”) is

computed through a similar process. To ensure that these
text-augmented dynamic features align with the visual fea-
tures, we design the dynamic alignment loss L4, as:

fbeHl) Attn(fore, foefs foef)s (6)
P70 = A (fuep, fafes Fape)s )
d 7 d(i—1 1 d(i—1
(H FRUmO A2 g T A2y,
)

where f4*~% denotes cross-attended visual features.

The L4, enforces alignment between the visual features
from one scene and the text feature of another scene, facil-
itating more effective identification of scene differences by
leveraging complementary multimodal information.

Finally, flfe(ffz , faf'?l) fd(tﬁz) and fj](ciﬁi) are con-
catenated to generate the final feature fitda- We devise align-

ment loss L;4r, Which combines L, and L4,, denoted as:
»Calign = »Csa + L:da~ &)

As aresult, ITDA module enables a unified understanding
of both intra-scene composition and cross-scene differences



Total Performance

Method

Semantic Change

B M R C S B M R C S
DUDA (ICCV’19) 473 339 - 112.3 24.5 429 29.7 - 94.6 19.9
DUDA+ (CVPR’21) 51.2 37.7 70.5 115.4 31.1 49.9 343 65.4 101.3 27.9
MCCFormers-D (ICCV’21) 524 383 - 121.6 26.8 - - - - -
MCCFormers-S (ICCV’21) 574 412 - 125.5 324 - - - - -
PCL w/o Pre-training (AAAI’22) 32.7 27.7 572 89.8 - - - - - -
NCT (TMM’23) 55.1 40.2 73.8 124.1 32.9 53.1 36.5 70.7 118.4 30.9
I3N-TD (TMM’23) 55.8 40.6 73.9 125.6 32.8 - - - - -
VARD-Trans (TIP’23) 55.4 40.1 73.8 126.4 32.6 53.6 36.7 71.0 119.1 30.5
RDD+ACR (AAATI’25) 56.1 413 75.0 128.1 335 - - - - -
DECIDER (AAATI’25) 56.4 39.7 75.3 131.3 - - - - - -
SCORER (ICCV’23) 56.3 41.2 74.5 126.8 333 54.4 37.6 71.7 122.4 31.6
CORTEX (SCORER) 57.0 42.7 75.9 128.8 33.9 54.9 39.2 74.0 127.5 32.8
SMART (TPAMI’24) 56.1 40.8 74.2 127.0 334 54.3 37.4 71.8 123.6 32.0
CORTEX (SMART) 56.5 42.1 75.7 130.2 34.0 54.6 39.1 74.5 130.3 32.9
DIRL (ECCV’24) - - - - - 54.6 38.1 71.9 123.6 31.8
DIRL' (ECCV’24) 55.5 40.8 73.4 125.3 33.4 554 38.4 72.1 123.2 32.7
CORTEX (DIRL) 574 43.0 76.2 130.7 34.2 554 39.6 74.6 131.1 33.5

Table 1: Performance comparisons on the CLEVR-Change dataset (BLEU-4 (53), METEOR (M), ROUGE-L (R), CIDEr (C),
and SPICE (S)). CORTEX consistently improves the performances of existing methods that provide publicly available source
code. T denotes reproduced results of the method, as DIRL does not report ‘total’ performance.

by leveraging compositional-reasoning sentences. This dual
alignment compensates for the limitation of visual-only ap-
proaches by providing semantically enriched and contextu-
ally grounded representations.

Building on this alignment, we define the total training
objective of CORTEX as follows:

Ltotal = Ecap + A‘Caligny (10)

where A is balancing hyper-parameter, L., represents the
captioning loss that guides the overall caption generation
process of the transformer decoder (Tu et al. 2024a).

Experiments
Datasets and Evaluation Metrics

Datasets. In our experiments, we use three datasets: (i)
CLEVR-Change, (ii) CLEVR-DC, and (iii) Spot-the-Diff.
CLEVR-Change (Park, Darrell, and Rohrbach 2019) is a
large-scale synthetic dataset for controlled settings, consist-
ing of 79,606 image pairs and 493,735 captions. It is divided
into 67,660 training, 3,976 validation, and 7,970 test pairs.

CLEVR-DC (Kim et al. 2021) contains 48,000 image
pairs with additional dynamic viewpoint shifts as distractors.
We follow the official split: 85% training, 5% validation, and
10% testing.

Spot-the-Diff (Jhamtani and Berg-Kirkpatrick 2018)
consists of 13,192 well-aligned surveillance image pairs,
divided into 8:1:1 splits for training, validation, and testing,
providing a real-world benchmark for generalization.

Evaluation Metrics. We evaluate caption quality using stan-
dard metrics: BLEU-4 (B) (Papineni et al. 2002), METEOR
(M) (Banerjee and Lavie 2005), ROUGE-L (R) (Lin 2004),
CIDEr (C) (Vedantam, Lawrence Zitnick, and Parikh 2015),
and SPICE (S) (Anderson et al. 2016).
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Method B M R C S
DUDA (ICCV’19) 403 27.1 - 56.7 16.1
M-VAM (ECCV’20) 409 27.1 - 60.1 15.8
VACC (ICCV’21) 450 29.3 - 717 17.6
NCT (TMM’23) 475 325 651 769 156
VARD-Trans (TIP’23) 483 324 - 776 154
SCORER (ICCV’23) 494 334 66.1 837 162
CORTEX (SCORER) 522 34.0 673 88.7 16.5
SMARTT (TPAMI’24) 479 3277 654 829 156
CORTEX (SMART) 532 329 66.6 86.6 16.9
DIRL (ECCV’24) 514 323 663 84.1 16.8
CORTEX (DIRL) 553 329 678 89.7 17.0

Table 2: Performance comparisons with state-of-the-art

methods on the CLEVR-DC dataset.

Implementation Details

We adopt three state-of-the-art baselines with publicly avail-
able code: SCORER, SMART, and DIRL (Tu et al. 2023b,
2024b,a) as our image-level change detectors. At this stage,
following the standard protocol in change captioning, we use
a pre-trained ResNet-101 (He et al. 2016) to extract features
from image pairs. We use InternVL2-8B (Chen et al. 2024)
as the VLM to generate compositional reasoning texts.

We set the number of attention heads to h = 8 and \ =
103 for SCORER and A = 10~* for both SMART and
DIRL in Eq. (10). CORTEX is trained using Adam optimizer
(Kingma and Ba 2017) on a single RTX 4090 GPU.

Comparison with Existing Methods

Results on the CLEVR-Change Dataset. We compared
our method with SOTA methods on the CLEVR-Change



Method B M R C S
DUDA+ (CVPR’21) 81 125 - 345 -
MCCFormers-D (ICCV’21) 100 124 - 43.1 18.3
MCCFormers-S (ICCV’21) - 123 - 416 163
I3N-TD (TMM’23) - 13.0 315 427 18.6
VARD-Trans (TTP’23) - 125 293 303 173
RDD+ACR (AAAT’25) 92 139 31.0 436 -
DECIDER (AAAT’25) 10.7 142 416 399 -
SCORER (ICCV’23) 102 122 - 389 184
CORTEX (SCORER) 10.5 12.6 332 403 194
SMART (TPAMI’24) - 135 316 394 19.0
CORTEX (SMART) 9.5 122 327 41.0 19.0
DIRL (ECCV’24) 10.3 138 328 409 199
CORTEX (DIRL) 11.6 139 334 495 214

Table 3: Performance comparisons with state-of-the-art
methods on the Spot-the-Diff dataset.

Total
RTE ITDA B M R c S
_ Baseline (DIRL) 555 408 734 1253 334
v - 55.8 41.6 748 128.5 339
v v 574 43.0 762 130.7 34.2

Table 4: Effect of the proposed modules (RTE and ITDA) on
the CLEVR-Change dataset.

dataset. We evaluated performance for both ‘total” and ‘se-
mantic change’ settings (Tu et al. 2024a), where ‘semantic
change’ refers to cases with actual changes, and ‘total’ in-
cludes both changed and unchanged cases.

As shown in Table 1, incorporating compositional
reasoning through CORTEX into three SOTAs (SCORER,
SMART, DIRL) consistently improves performance. This
shows that CORTEX effectively complements visual-only
methods by injecting explicit compositional reasoning into
the change captioning process. The consistent gains across
baselines confirm its effectiveness and the importance of
compositional understanding.

Results on the CLEVR-DC Dataset. We evaluated per-
formance on the CLEVR-DC dataset to assess robustness
under extreme viewpoint changes. As shown in Table 2,
integrating CORTEX into three SOTA methods consistently
achieved the best results across all metrics. By incorporating
VLM-extracted textual cues, CORTEX enhances image-text
understanding and enables robust compositional reasoning
even under drastic viewpoint shifts.

Results on the Spot-the-Diff Dataset. Further, to validate
the generalization ability of our method in real-world scenes,
we conducted experiments on the Spot-the-Diff dataset,
which consists of image pairs from surveillance cameras.
In Table 3, applying CORTEX yields superior performance
across most metrics. These results emphasize the robustness
of our architecture, showing its ability to generalize across
diverse real-world scenes and change contexts.
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Latign Total
Esa Cda B M R C S
XX 366 415 751 1279 335
v X 56.3 41.8 75.5 128.4 34.0
X v 56.6 41.8 75.6 128.9 33.7
v v 57.4 43.0 76.2 130.7 34.2

Table 5: Effect of the proposed static loss (L, ) and dynamic
loss (L44) on the CLEVR-Change dataset.

B M R C S

Generic descriptions 56.5 41.6 753 129.5 335
Compositional reasoning  57.4 43.0 76.2 130.7 34.2

Prompt Type

Table 6: Effect of different VLM prompt types on the
CLEVR-Change dataset.

Ablation Studies

We conducted ablation studies to analyze the effect of (i)
the proposed modules, (ii) the proposed losses, and (iii)
different VLM prompt types. All variants were evaluated
under the ‘total’ setting on the CLEVR-Change dataset,
using DIRL (Tu et al. 2024a) as the baseline.

Effect of the Proposed Modules. We evaluated the impact
of the two proposed modules, RTE and ITDA. Table 4
shows that applying the RTE module, which leverages
compositional reasoning text significantly outperforms
the visual-only baseline (DIRL). The best performance is
achieved by using both modules. Note that ITDA was not
tested alone, as it requires the compositional reasoning text
generated by the RTE module.

Effect of the Proposed Losses. Table 5 shows the effect of
the two losses, Ly, and Lgq, used in Lyi9n of the ITDA
module. Adding either loss individually led to improve-
ments over the baseline without both losses. We achieved
the highest performance when both losses were considered.

Effect of Prompt Types for VLM. To investigate the impact
of reasoning cues on the visual-only method, we compare
two types of VLM-generated text: (1) generic descriptions
prompted with “Analyze the image and list sentences that
describe the scene.” and (2) compositional reasoning sen-
tences guided to include relative attributes and inter-object
relationships. In Table 6, compositional reasoning consis-
tently yields better performance, highlighting the impor-
tance of structured cues for inferring fine-grained relational
and attribute information essential to describing changes.

Qualitative Results
We compared CORTEX with DIRL in Figure 4. CORTEX
better captures compositional structures, generating outputs

more closely aligned with the ground truth (see blue / red
parts). This demonstrates the strength of compositional rea-
soning, where textual guidance enables the model to produce



Before Image After Image

GT: the large purple rubber sphere that is behind
the small rubber ball changed its location.

DIRL: the large purple rubber ball that is to the left

of the yellow rubber object changed its location.

CORTEX: the big purple rubber ball that is behind
the yellow rubber object changed its location.

Before Image After Image

GT: the tiny yellow rubber sphere to the right
of the big rubber cylinder has disappeared.

DIRL: the tiny yellow matte cylinder that is
behind the large blue cylinder is no longer there.

CORTEX:the small yellow rubber sphere that is on the
right side of the large green cylinder is missing.

Figure 4: Visualization examples in the CLEVR-Change dataset ( Blue / red : correct/incorrect compositional reasoning cues).

VLM B M R C S
Baseline 55.5 40.8 734 1253 334

LLaVA (Liuet al. 2024) 569 42.3 757 130.0 34.1
InternVL2 (Chen et al. 2024) 57.4 43.0 76.2 130.7 34.2

Table 7: Comparison of different VLMs used in our method
on the CLEVR-Change dataset. The top row shows the
visual-only baseline (DIRL) without text-based guidance.

VLM Usage B M R C S
Direct Prediction
_ (VLM for Paired Images) ,2;7, _ ,1 (1'7, _ %1;0, ,1,2 ;3 _ ,1%'5, .
Auxiliary Context (Ours) 4y o 139 334 495 214

(VLM for Single Image)

Table 8: Comparison of VLM usage strategies on the Spot-
the-Diff dataset. Our method enhances visual-only change
captioning with compositional reasoning from single-image
captions, outperforming direct paired-image approach.

more precise and context-aware change descriptions.

Discussion

Effect of VLM Variants on CORTEX. While InternVL2
is our primary VLM, we also evaluated CORTEX with
LLaVA (Liu et al. 2024). As shown in Table 7, CORTEX
consistently outperforms the baseline, effectively leveraging
image-text understanding across different VLMs.

Comparison of VLM Usage Strategies. As VLMs are
trained to understand semantics and spatial layouts from sin-
gle images, they often struggle to compare two images and
detect subtle differences, as noted in (Lin et al. 2025).

To investigate this issue, we compared two VLM usage
strategies on the Spot-the-Diff dataset (Table 8). The first
approach directly infers changes by feeding paired “before”
and “after” images into the VLM with a prompt to identify
changes (in the supplementary). In contrast, second ap-
proach (Ours) leverages the single-image reasoning ability
of VLMs by extracting compositional reasoning sentences
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Offline Online
Method VLM  Train. Infer. #Learnable
(per img) (per iter) (per img) params
DIRL (ECCV’24) - 0.77s  0.007s 14.4M
CORTEX (DIRL) 3.94s 0.79s  0.008s 18.2M

Table 9: Offline/online time analysis with baseline DIRL.

from individual images and incorporating them as auxiliary
cues into visual-only methods (Tu et al. 2024a). These
sentences provide fine-grained semantic cues (e.g., object
attributes and spatial relations) often missed by visual-only
models, enabling CORTEX to better capture subtle changes
and compositional context.

Computational Costs. Table 9 compares offline captioning
time, online training/inference times, and learnable param-
eters. Following (Wei et al. 2024), captions are generated
with the VLM (InternVL2) offline before training, reducing
runtime overhead. While VLM-based captioning adds one-
time preprocessing step, its impact on efficiency is minimal,
keeping our method lightweight and compositional-aware.

Limitations. While our framework achieves strong per-
formance by utilizing compositional reasoning cues from
VLM-generated text, the use of VLMs incurs computational
overhead. For more practical applications, our future work
will aim to reduce this overhead.

Conclusion

We introduced CORTEX, a new framework for change cap-
tioning that incorporates textual compositional reasoning
cues while preserving the strengths of image-level change
detectors. To this end, we devise two modules: RTE for ex-
tracting compositional cues and ITDA for aligning image-
text features to capture both static and dynamic changes.
Designed as a plug-and-play component, CORTEX can be
seamlessly integrated into existing methods. Experimental
results highlight the importance of explicit compositional
reasoning in accurately describing scene changes.
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