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Abstract. Animal Re-Identification (Animal RelD) is crucial for eco-
logical monitoring in the wild, yet remains challenging due to the fine-
grained and diverse visual features of animals, including intricate tex-
tures, distinctive patterns, and various pose or form representations.
While current Animal ReID methods mostly rely on holistic global fea-
tures, they frequently overfit to the surrounding environment rather than
capturing localised, identity-relevant cues. Existing pattern-based meth-
ods primarily focus on global generalised signals that are sensitive to
background interventions and often fail to highlight identity evidence
for individual discrimination. Additionally, these methods are mainly
constrained to the visual space only and lack pattern-based semantic
interactions from the multimodal space. To address these challenges,
we introduce a Region-Aware Multimodal Interleaving (RAMI) frame-
work, which formulates Animal ReID as a visual-textual semantic in-
teraction over informative, localised regions. Specifically, RAMI projects
segmentation-derived region tokens into a shared token space and inter-
leaves them with semantic tokens within a Transformer-based module to
facilitate dense cross-modal interactions. Given the lack of region-level
data, we design a simple pipeline to produce biologically representative
regions from segmented animals. To the best of our knowledge, we are the
first to formulate multimodal interleaving tailored for fine-grained dis-
criminative tasks in Vision-Language Models (VLMs). Experiments show
that RAMI outperforms state-of-the-art methods across both benchmark
and in-the-wild datasets, with an average mAP gain of up to 18.7%. Our
code is available at https://github.com/ML-4-SocialGood/RAMI.git|

Keywords: animal re-identification - multimodal interleaving - region
modelling - computer vision for social good

1 Introduction

Animal Re-Identification (Animal ReID) aims to identify individual animals
across multiple scenes over time, playing a critical role in ecological monitor-
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(a) Challenges in current Animal RelD meth-
ods, e.g., CARE , that leverage holistic vi-
sual features to capture identity-relevant cues.
We employ Grad-CAM to visualise the at-
tention driven from the model when identifying
individual animals. The focus on the surround-
ing environment, such as grass and background
elements, introduces spurious features, limiting
the model’s generalisability.
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(b) Challenges in existing pattern-based meth-
ods for Animal RelID. The global pattern ex-
traction methods, e.g., GloPER @, are often
sensitive to background interventions and occlu-
sion, which can unintentionally incorporate spu-
rious features into models. Conversely, the de-
composed region-level cues potentially provide
fine-grained, identity-relevant features for char-
acterising individuals.

Fig. 1: Illustration of challenges in existing Animal ReID methods.

ing, specifically enabling population estimation [43], movement analysis [27], and
long-term behavioural studies from camera traps. Despite some progressive
efforts having been made in Animal RelD, it remains an open challenge stem-
ming from diverse and fine-grained visual representations of animals, including
extreme pose and form variations, intricate markings, frequent occlusions, and
significant domain shifts across cameras [1522/39/5759]. Existing computer vi-
sion methods primarily leverage holistic visual features to capture
identity-relevant cues, which are often susceptible to background interference and
can introduce suspicious correlations into models. Figure[la]shows the challenges
of relying on holistic visual concepts in current methods. Specifically, the Grad-
CAM visualisations indicate that the models mainly highlight surrounding
elements within the holistic features rather than concentrating on biologically
representative animal regions when identifying individuals. Moreover, focusing
solely on these holistic traits often restricts the model’s capability to recognise
the same individual under high visual variation, e.g., extreme pose changes or

occlusions [14,/52].

While pattern-based methods offer a potential orientation in Animal RelD,
they mainly rely on global signals that capture generalised animal features rather
than fine-grained identity evidence [4,[48]. Additionally, the global pattern ex-
traction of these methods is particularly sensitive to background interference
and occlusion, inadvertently leveraging noisy information to characterise identi-
ties. In contrast, decomposing the whole image into localised regions with skin
markings, complex textures, or distinctive body parts often provides identity-
discriminative cues for distinguishing individuals [31}45//54]. Figure[1b]illustrates
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the challenges in existing pattern-based methods that leverage global, generalised
patterns for Animal RelD, as well as examples of localised regions. Furthermore,
current pattern-based methods [6}(7,[17,|28] are mostly limited to a unimodal
space, lacking semantic context and interactions across patterns.

Recently, exploiting the potential of language guidance in Animal RelD
through pretrained Vision-Language Models (VLMs), e.g., CLIP [40], to inject
semantic context into visual concept learning has shown promise [5}/16122}/52].
However, effectively incorporating semantic context from language to improve
the ability to capture identity-relevant cues remains a key bottleneck in current
methods. Specifically, some identity evidence for animals, such as intricate tex-
tures, complex markings, intrinsic pattern colours, or distinctive body parts, is
excessively difficult to completely convey in plain language. In addition, existing
methods that rely on post hoc feature fusion or simple cross-modal alignment
to enhance visual cues lack dense cross-modal interactions for Animal RelD.

To address these limitations, we introduce a novel Region- Aware Multimodal
Interleaving (RAMI) framework that formulates Animal ReID as dense cross-
modal interactions over potentially identity-discriminative regions. RAMI first
grounds segmentation-derived, fine-grained regions with semantic context in
region-referenced interleaved tokens and then structures the multimodal inter-
leaving via a shallow Transformer-based Interleaver module, enforcing dense
cross-modal interactions via the attention mechanism. While multimodal in-
terleaving has made considerable strides in Large Multimodal Models (LMMs)
tailored for generation or reasoning tasks in multi-image scenarios [18}/53], its
potential for tackling fine-grained discriminative tasks, e.g., Animal RelD, in
VLMs is still underexplored. To bridge this gap, we leverage a SigLIP-inspired
objective |55] to structure dense cross-modal interactions between semantic con-
text and localised regions, thereby enhancing guidance towards identity-relevant
visual cues for discriminating individual animals.

The core contributions of this work are summarised as: (1) We introduce a
simple pipeline to autonomously generate segmentation-derived region-level data
that prioritises the biologically representative regions with potentially identity-
discriminative features for Animal ReID. (2) We formulate region-aware Animal
RelD in a multimodal space, enriching semantic context and region-level interac-
tions. (3) To the best of our knowledge, we are the first to integrate multimodal
interleaving tailored for fine-grained discriminative tasks into pretrained founda-
tion models. Our proposed RAMI framework enhances cross-modal interactions
across regions, offering valuable insights into the challenges in Animal RelD.
Extensive experiments on benchmark and in-the-wild datasets validate RAMI’s
effectiveness and its potential for ecological monitoring.

2 Related Work

Computer Vision for Animal RelID. Harnessing the power of computer vi-
sion has recently advanced Animal RelD for ecological monitoring, yet it is still
struggling with the diverse visual representations of animals in the wild. Early
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efforts primarily leverage CNN- and ViT-based approaches to re-identify ze-
bras [47], African elephants [50], yaks |56], pandas [48], and dairy cows |2]. Exist-
ing pattern-based methods, such as ALFRE-ID [29] and GloPER |[6], adopt local
visual feature aggregation and global unsupervised segmentation to extract iden-
tity evidence, lacking semantic context across animal patterns. Currently, more
attention has been shifted to VLMs, which exploit language guidance [34}[35/38]
to enhance visual representation learning for characterising identities. MetaW-
ild |22| incorporates environmental metadata into CLIP |40] to supplement the
semantic context for Animal ReID. UniRelID |[16] relies on separate visual and
textual guidance to capture discriminative features for individual identification,
while CARE [52] focuses on image-conditioned prompt learning and semantic
feature alignment to explicitly address the inherent visual challenges in Animal
RelID. However, these methods structure visual and textual features separately
and rely solely on a simple cross-modal alignment to highlight identity-relevant
cues, without dense cross-modal interactions, limiting their ability to provide
enriched semantic guidance towards identity evidence.

Multimodal Interleave. The multimodal interleaving paradigm has been re-
cently adopted in several LMMs [23]/33,/46153|. LLaVA-Interleave [18] is capable
of various real-world multi-image tasks under diverse scenarios, e.g., video and
3D environment. Nevertheless, enabling multimodal interleaving for fine-grained
discriminative representation learning within pretrained foundation models re-
mains underexplored.

3 Region-Aware Multimodal Interleaving Framework

This section begins with a formal definition of Animal ReID (Section [3.1)).
We then present the proposed Region-Aware Multimodal Interleaving (RAMI)
framework that structures dense cross-modal interactions at the region level for
Animal RelD, comprising region-aware visual tokenisation and region-referenced
interleaved token grounding (Section and multimodal interleaving within a
shallow Transformer-based Interleaver module (Section [3.3). We finally sum-
marise the overall training objective of RAMI and the inference protocol in
Section [3:4] Figure 2] shows an overview of the proposed RAMI framework.

3.1 Preliminaries

Given the training data, D = {(Xp,Vp)} = {(z:,y5)} 5, with a size of Np,
where z; € RT*WXC represents an image sample, yi € R is the correspond-
ing identity label with the class ¢, we define a Gallery Set, G = {(Xg,YVg)} =
{(3},71/;)};\7:(;1, and a Query Set, Q = {(XQ7yQ)} = {(akaylz)}i\glﬂ where ﬁj €
RIWXC and oy, € REXWXC are image samples, y; € R and yj € R are the
corresponding identity labels with the class ¢, and Ng and Ng denote the sample
size in the Gallery and Query Sets. At inference time, the identities in Q and G
are unseen during training, i.e., Yp NYg = 0, Yp N Vg = 0, while Vg N Vg # 0.
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Fig. 2: Overview of the proposed RAMI framework. Given an input image sam-
ple, the corresponding localised regions are encoded into region tokens through SigL.IP’s
vision encoder, then projected to a shared token space via a lightweight TokenProjector.
Meanwhile, a textual description corresponding to the given input is encoded into text
tokens, interleaved with placeholders, through Sigl.LIP’s text encoder. The placehold-
ers are the positions where the projected region tokens interleave. The localised visual
cues are finally grounded in region-referenced interleaved tokens through concatena-
tion. To enable multimodal interleaving, we first prepend a learnable pooling token
to the interleaved token sequence. A shallow Transformer-based Interleaver module
then structures dense cross-modal interactions over regions. SigLIP’s vision and text
projectors project visual tokens of the given input sample (z;) and a pooling token
from cross-modal interactions into a shared embedding space, aligning paired visual
and semantic features for Animal RelD.

The goal is to learn a matching function f : Q x G — RVNe*N¢ that assigns a
similarity score to each pair (ay,f;), where 1 <k < Ng and 1 < j < Ng, such
that

flag, Bp) > flag, Br), if yg =y, and yg # yy, (1)
where o is a query sample with the identity yg, 8, and 3, are two distinct
gallery samples with the identities y; and y;, respectively, 1 < ¢ < Ng, and
1<p,r<Ng.

3.2 Region-Aware Visual Tokenisation and Region-Referenced
Interleaved Token Grounding

While global pattern representations can capture generalised features of animals,
they frequently fail to highlight identity-relevant cues and are susceptible to
background interference, occlusions, and pose variations. In contrast, localised,
fine-grained visual cues, such as coat patterns, intricate textures, unique mark-
ings, or distinctive body parts, often serve as discriminative features that char-
acterise animal identities. To produce segmentation-derived region-level data,
we design a simple pipeline that autonomously generates biologically informa-
tive regions from each image sample. The details of our proposed region mining
pipeline are discussed in Section [£.1}
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Region-Aware Visual Tokenisation. Given an image sample z;, we define a
set of biologically meaningful regions R; = {r;1,7i2,...,7; n} obtained by our
proposed pipeline. Each region corresponds to a localised area that may contain
identity-relevant appearance. The segmentation-derived regions are initially en-
coded into region tokens r; € RV*Patsxdv yia Sigl.IP’s vision encoder Z(-), where
N denotes the number of regions associated with the sample x;, pats represents
the number of patches per region, and d, is the hidden dimension of visual to-
kens. To enable cross-modal interleaving, the region tokens are then projected
into a shared token space through a lightweight TokenProjector P(-):

7; = P (rz) c RNXpatsxdt, (2>

where d; represents the hidden dimension of text tokens.

Region-Referenced Interleaved Token Grounding. To provide a semantic
grounding over regions, each image sample is associated with a region-referenced
textual description, interleaved with placeholders for regions. Specifically, the
region-referenced textual prompts are formatted with a generic template, e.g., “A
photo of a {species} individual with identity {id}. This individual has (regl)...
(regN) patterns.”. The {species} and {id} are the corresponding species class
(e.g., stoat) and identity label of the image sample, whereas (regl)... {(regN)
represent, placeholders for each localised region.

SigLIP’s text encoder 7 (-) is employed to encode the region-referenced tex-
tual prompt and obtain the text tokens zgt) with placeholders. The regions corre-
sponding to the image sample x; are grounded into region-referenced interleaved
tokens by interleaving projected region tokens with text tokens:

K = zgt) @ z; € R™*%, (3)

where m denotes the number of tokens, and d; represents the hidden dimension
of text tokens.

The proposed TokenProjector P(-) is optimised with a SigLIP-style con-
trastive objective [55], as shown in Equation , to establish stable multimodal
grounding across regions. However, the SigL.IP’s text encoder remains frozen
throughout training. The SigL.IP-style contrastive objective leverages a sigmoid-
based contrastive loss to align each matched pair of text and visual features in
a shared embedding space.

1 & 1
£Sig = _E ZZIOg 1 ) (4)

i=1 j=1 +exp (=0 ; - 5(vi, t5))

where B denotes the batch size, 0; ; represents a signed binary indicator, equals
1if ¢ = j and —1 otherwise, and s(v;,t;) is a similarity measure of each visual
and semantic features pair.

3.3 Multimodal Interleaving

Traditional multimodal fusion approaches [11}[12}[19] typically integrate modali-
ties at specific layers or at the decision stage, producing a unified embedding fea-
ture that limits the potential for cross-modal deep interaction over fine-grained
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regions in Animal RelD. While the multimodal interleaving paradigm has been
widely applied in LMMs tailored for various generation or reasoning tasks re-
cently [181/33149)], its effectiveness in addressing fine-grained discriminative tasks,
e.g., re-identification, in pretrained foundation models remains underexplored.
To fill the gap, we introduce a shallow Transformer-based Interleaver module
that explicitly models structured cross-modal interactions at the region level
with the multimodal interleaving mechanism. The shallow Transformer-based
Interleaver module consists of a single multi-head self-attention layer, maintain-
ing low computational overhead.

For an image sample x;, we construct a region-referenced interleaved token
sequence prepended with a learnable pooling token z” ool

%

_ | pool _(t) (t) (t)
Ri = |Z; 7Zi71;zi,1;zi727zi,25"'7Zi,N7ZZ‘7M ) (5>

where zgt])\/[ denotes the M-th text token in the sequence. The sequence structure
enables dense cross-modal interactions through the proposed Interleaver F(-)
with a self-attention mechanism:

R = F (ki) € R%, (6)

where &; is the final representation of the pooling token with dense cross-modal
interactions. The Interleaver module is optimised with the sigmoid loss, as illus-
trated in Equation , to stabilise the multimodal interleaving capability.

This multimodal interleaving design not only preserves the original seman-
tic context of textual descriptions but also enhances guidance towards fine-
grained, identity-relevant visual cues that can be challenging to fully convey
in plain language. As a result, our approach, which leverages multimodal in-
terleaving to enable dense cross-modal interactions across regions, highlights
identity-discriminative features to distinguish individuals.

3.4 Overall Training Objective and Inference

To establish stable region-referenced interleaved token grounding and cross-
modal interleaving, we first warm up the proposed TokenProjector and Inter-
leaver using a sigmoid-based contrastive loss [55], as demonstrated in Equa-
tion , while the pretrained SigLIP model remains frozen. We then jointly
optimise them with SigLIP’s vision encoder to learn the discriminative features
for Animal RelID under an overall training objective:

£overall - ‘Cid + ‘Ctri + ESig) (7>

where L;4 and L;,; represent the identity and triplet losses. Meanwhile, we freeze
SigLIP’s text encoder, vision projector, and text projector throughout training.
Our progressive optimisation strategy allows the TokenProjector and Interleaver
to transition from stable cross-modal alignment to identity-discriminative feature
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specialisation. The identity loss is defined as:

[

Lia ==Y qsl0g(ps), (8)
¢=1

where gy = (1 —¢€) -0 yc +€/®P represents the ground-truth identity distribution,
and pg is the predicted probability for identity ¢. Following prior work [13,15021],
we employ label smoothing to reduce the negative impact of potentially noisy
labels in the training data. The smoothing factor (¢) targets to distribute a small
fraction of probability mass uniformly across all identities, and the Kronecker
delta (6¢7y1_c), e.g., a binary indicator, equals 1 when ¢ = yf; otherwise, it is 0.
The triplet loss is formulated as:

Lir; = max (O, dpos - dneg + 7) ) (9)

where dpos and dyeq are the visual feature distances of the positive and negative
sample pairs, and v quantifies the margin that prevents the case when d,,s =
dpeq by enforcing a minimum separation between each pair.

During inference, we adopt the standard evaluation approach for query sam-
ples in Q, rather than the region-aware multimodal interleaving used during
training, which closely aligns with practical deployment settings. Specifically, we
obtain the visual features of the query and gallery samples from SigLIP’s vision
encoder, while we do not incorporate the textual modality into the inference.
The pseudocode of RAMI is present in the supplementary materials.

4 Experiments

Datasets and Baselines. We evaluate our framework on four publicly available
Animal RelD benchmark datasets: (1) ATRW [20], (2) Giraffes |25], (3) Nyala-
Data [8], and (4) SealID [30], as well as on a recently collected in-the-wild Stoat
dataset. We compare our proposed framework with five representative state-of-
the-art methods: (1) TransRelID [13], (2) CLIP-ReID [21], (3) GloPER [6], (4)
MDReID [9], and (5) CARE [52].

Evaluation Metrics. We employ two evaluation metrics: mean Average Pre-
cision (mAP) [51] and Cumulative Matching Characteristics (CMC) [26]. To
evaluate the comprehensive re-identification capability of ReID models, mAP as-
sesses the model’s overall retrieval performance by averaging precision across all
query samples in the Query Set Q. However, CMC aims to measure the model’s
ability to identify the correct match among the top-k ranked gallery samples
in the Gallery Set G. We report both mAP and CMC accuracy at Rank-1 (%)
averaged over ten runs, along with the corresponding 95% confidence intervals
in our experiments.

Implementation Details. We leverage the pretrained SigLIP model to extract
the text and visual features through text and vision encoders. Specifically, the
text encoder has a Transformer-based architecture, and the vision encoder is
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Fig. 3: Qualitative visualisation of image-driven region mining on bench-
mark and Stoat datasets. The top row shows the animal foreground mask pro-
duced by the pretrained segmentation model. The middle row depicts the pixel-wise
texture importance score map within the foreground mask. The bottom row shows the
frequency of candidate-region counts per image. The red lines represent the frequency
modes in the datasets.

built on a variant of ViT. In our experiments, we employ the vision encoder
with architecture SoViT-400m [1]. We implement the RAMI framework using
PyTorch libraries. All experiments are conducted on NVIDIA HGX H200 GPUs.
During the experiments, all images are resized to 384 x 384 with padding, and
random horizontal flipping, cropping, and erasing [60] are applied to train both
RAMI and state-of-the-art baselines. We follow the same training and test splits
for the benchmark datasets as described in the papers. For our newly collected
Stoat dataset, we allocate 50% of the data to training and 50% to testing. We use
the Adaptive Moment Estimation with Weight Decay (AdamW) [24] optimiser
to optimise all trainable components of RAMI. We warm up the TokenProjector
and Interleaver for 10 epochs with a learning rate initialised at 1 x 1072 and
decayed by a cosine scheduler. We then jointly optimise SigLIP’s vision encoder
with TokenProjector and Interleaver for 60 epochs. The learning rate for SigL.IP’s
vision encoder is initialised at 1 x 10~°, while it is 1 x 10~* for TokenProjector
and Interleaver during the joint optimisation. Both are decayed using a cosine
scheduler. The batch size is set to 32 for all the datasets during the training.
Following the empirical experiments from prior work [52], we set the smoothing
factor (¢) for the identity loss to 0.1. The margin (vy) for the triplet loss is set to
0.7 in the experiments.
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4.1 Image-Driven Region-Level Pattern Mining

To construct informative, fine-grained region-level patterns potentially relevant
to identity discrimination, we present an autonomous pipeline that employs
lightweight, off-the-shelf image-processing operators without introducing addi-
tional trainable modules, thereby highly reducing computational overhead. We
first extract the animal foreground from each image sample using a pretrained
segmentation model, e.g., SAM 3 [3], to prevent intervention from the surround-
ing environment. We then derive a pixel-wise texture importance score map that
highlights regions within the foreground mask with strong local intensity gra-
dients, such as distinctive coat markings or body parts. Furthermore, grayscale
normalisation is applied to eliminate colour bias and constrain the scoring to the
structural content of the foreground mask. Specifically, we compute the Sobel
gradient magnitude [32] of the grayscale mask to estimate local texture strength
and variation at the pixel level, effectively prioritising fine-grained regions that
typically contain identity evidence. As shown in the middle row of Figure [3]
regions with strong local intensity gradients have higher importance scores, such
as the coat textures or markings, facial contours, and head regions of animals.

Due to the high variability in animal visual representations [52], such as pose
or form changes and occlusions, we derive an image-driven score map compu-
tation with statistical tests to reduce the False Discovery Rate (FDR). Given
an image sample z;, we define a set of pixel-wise texture importance scores
S; = {s1,82,...,s5}. To measure the significance and extremeness of the pixel-
wise score map, we compute the p-value of each score in 5; as:

1+’{sk65i:skzsl}’
1+ L

p (Sl) = ) (10)
where 1 <! < L and L denotes the cardinality of the set S;. We set the signif-
icance level for the tests to 0.01% to mitigate FDR, given the extremely large
number of pixels in images. Furthermore, we employ the Benjamini—-Hochberg
(BH) procedure to control FDR of the statistical tests at the 5% level for each
image sample. To ensure stable and consistent region mining across all images
within each dataset, we finally adopt the mode of the statistically significant can-
didate counts observed per image as the dataset-level region counts, as demon-
strated in the bottom row of Figure [3] Specifically, the candidate regions with
higher importance scores are prioritised based on dataset-level region counts.

4.2 Comparison with state-of-the-art Baselines

The evaluation results of the proposed RAMI framework and state-of-the-art
baselines on four benchmark datasets and our Stoat dataset are presented in
Table [I] For each metric in each dataset, the highest values are highlighted in
bold, and the second-highest values are underscored. The results indicate that
RAMI outperforms all state-of-the-art methods on mAP across all datasets,
achieving an approximate 18.7% mAP gain on the NyalaData dataset.
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Table 1: Comparison with state-of-the-art baselines across five Animal RelD datasets.

Method ‘ ATRW ‘ Giraffes ‘NyalaData‘ SeallD ‘ Stoat

mAP | 44.6£0.9 | 25.1+1.7 9.040.1 11.240.4 | 58.1+1.4
Rank-1| 89.7£1.0 | 51.64+4.1 | 12.94+0.5 | 26.5+3.5 | 85.7£2.0

mAP | 54.1+0.3 | 48.9£0.1 | 13.4+£0.1 | 20.44+0.2 | 62.8+£0.3
Rank-1| 94.240.2 | 77.2+0.8 | 21.9+0.3 | 57.0£0.5 | 91.540.7

mAP | 37.840.0 | 20.7£0.0 9.3£0.0 10.440.0 | 28.9£0.0

TransRelID [13]

CLIP-RelD [21]

GloPER [6] Rank-1| 81.44+0.0 | 44.7+0.0 | 12.240.0 | 25.0£0.0 | 63.840.0
MDReID [o] mAP | 49.5+0.7 | 34.9£0.8 6.4+0.2 12.24+0.9 | 57.8+0.7

Rank-1| 91.9+0.6 | 66.7£1.8 7.7£0.8 34.6+2.0 | 89.3£0.4
CARE [52) mAP | 57.0+0.4 | 60.0£0.5 | 16.6+£0.1 | 21.64+0.3 | 64.1£0.2

Rank-1| 95.440.2 | 80.9£0.7 | 29.0+0.2 | 58.5+1.1 [91.940.4

mAP |63.240.1|69.3+0.4 | 35.34+0.2 | 30.1+0.2 | 66.8+0.5
Rank-1|97.440.1 | 88.04+0.2 | 58.8+1.1 | 71.040.1 | 91.64+0.5

RAMI (Ours)

Table 2: Analysis of (i) the effectiveness of multimodal interleaving for Animal RelD
and (ii) the comparison between global and regional patterns. SigLIP-FT fine-tunes
only SigLIP’s vision encoder without incorporating the multimodal interleaving mech-
anism. RAMI-Global relies on global animal patterns to enable the cross-modal inter-
actions with our proposed framework.

Dataset SigL.IP-FT RAMI-Global RAMI
atase mAP Rank-1 mAP Rank-1 mAP Rank-1
ATRW 55.1+0.3 94.2+0.2 | 61.4+0.3 96.5+0.2 | 63.2+0.1 97.4+0.1

Giraffes 67.2+0.5 87.1£0.6 | 69.0£0.2 88.2+0.5 | 69.3£0.4  88.0£0.2
NyalaData | 25.8£0.8 41.84+1.5 | 34.1£0.3 56.6+0.8 | 35.3+0.2 58.8+1.1
SeallD 20.2+0.4 48.8+0.4 | 28.840.2 69.6+0.4 | 30.1+0.2 71.040.1
Stoat 61.7+0.6 91.3+£0.4 | 64.840.4 90.4+0.2 | 66.8+£0.5 91.6+0.5

4.3 Ablation Studies

Effectiveness of Multimodal Interleaving. Table [2] analyses the impact of
region-aware multimodal interleaving for Animal RelD by comparing RAMI with
SigLIP-FT, which fine-tunes SigL.IP’s vision encoder only on pure textual de-
scriptions via a simple cross-modal alignment without considering dense cross-
modal interactions. The training for SigLIP-FT remains consistent with RAMI,
including SigLIP-style alignment and RelD objectives. RAMI consistently out-
performs SigLIP-FT across all datasets, demonstrating that structured region-
level interleaving and dense cross-modal interactions substantially improve dis-
criminative representation learning for Animal RelD.

Comparison of Global and Region-Level Patterns for Animal RelID. To
illustrate the necessity of localised region modelling for Animal RelD, we com-
pare the proposed region-aware design against a global pattern-based approach
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under an identical multimodal interleaving mechanism in Table[2] RAMI-Global
leverages generalised global patterns extracted by employing GloPER [6], a state-
of-the-art animal pattern extraction method, to structure dense cross-modal in-
teractions via an interleaving mechanism. The comparison results demonstrate
that the localised, region-level animal patterns often enrich fine-grained identity-
relevant cues, thereby enhancing the discrimination across individuals.

4.4 Further Analysis

Counterfactual Region-Level Reasoning. Models trained with strong auxil-
iary cues, e.g., region-referenced interleaved tokens, often yield improved identity
predictions. Yet, it remains unclear how they causally harness these cues to dis-
tinguish individuals rather than exploit spurious correlations. While attention
weights derived from models provide indirect signals, they struggle with reason-
ing about whether a localised region is necessary for matching identities. We
therefore incorporate a counterfactual reasoning mechanism over regions that
evaluates how the paired similarity changes when each localised region is re-
moved. To explicitly quantify the causal contribution of the most influential
region in cross-modal interactions, we mask the region whose removal causes the
largest decline in paired similarity.

We enable the counterfactual intervention within RAMI by simulating the re-
moval of each region. Given an image sample z; with its projected region tokens
produced by the TokenProjector, we construct a counterfactual intervention by
removing the n-th region, such as {z;1,2;2,...,2; n}\{Zin}, where 1 <n < N.
Meanwhile, we keep other projected region tokens and dense cross-modal inter-
actions unchanged. We then compute the pairwise similarity between visual and
semantic features in both the original and counterfactual settings. The counter-
factual impact of region r; ,, is thus defined as:

Ain(z:) = 5 (v3,t:) — s (vi,tz\") , (11)

where v; and t; represent the visual and semantic features, tl\n is the counter-
factual semantic features, and s(-,-) denotes a similarity measure function. A
large A; ,, suggests that the region r; ,, provides necessary evidence and a large
contribution to identifying individual animals. For each image sample x; with
its corresponding set of regions, we finally mask the most influential region r; ,
by computing:

arg mr?x{Am(xi)}. (12)

To enable counterfactual regularisation, we introduce the counterfactual loss for
positive and negative feature pairs, such as:

L7;(i) = max (0, T+s (Ui, tz\n) =5 (vi, tz))

and
Lo(i) = Zmax (O,T + s (viy t;) — s (vi,tj\-n)) ,

J#i
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Tiger Giraffe Nyala Stoat

Seal

L4
Ta L
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ID-B

Fig.4: Grad-CAM visualisations of RAMI on distinct individuals across
five Animal RelID datasets.

Table 3: Analysis of the causal contribution of the most influential region in RAMI.

Dataset RAMI-CF RAMI
atase mAP Rank-1 mAP Rank-1
ATRW 62.5+0.2 96.9+0.1 | 63.2+0.1 97.440.1

Giraffes 68.8+0.4 87.3+0.4 | 69.3+0.4 88.0£0.2
NyalaData | 34.4+£0.5 56.9+0.6 | 35.34+0.2 58.8+1.1
SeallD 29.0+0.2 69.0£0.5 | 30.1+£0.2 71.040.1
Stoat 65.6£0.4 91.94+0.3 | 66.84+0.5 91.6+0.5

where 7 is a margin controlling the expected impact of regions. The full coun-
terfactual loss is then given by:

1 B

Lop =4 S L)+ L), (13)

=1

where B denotes the batch size.

Table [3] presents a counterfactual reasoning analysis with a comparison be-
tween RAMI-CF and RAMI. RAMI-CF integrates a counterfactual regularisa-
tion into RAMI to study the causal contribution of the most influential region for
discriminating individuals. The performance degradation causally quantifies the
gain of including the most influential region for Animal RelID in our framework.
Grad-CAM. We use Grad-CAM to visualise where the model focuses for
distinguishing individuals within each animal species. Figure [4 shows a compar-
ison of the model’s attention on distinct individuals of each species, indicating
both variation in attention patterns and common species-level discriminative
features. For instance, in tigers, ID-A highlights leg textures, while ID-B con-
centrates more on the body strides. For stoats, the model focuses on the head in
ID-A, whereas in ID-B it shifts to the tail and fur. Additionally, the comparison
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Tiger Giraffe Nyala Seal Stoat

ID-C

ID-D

Fig.5: Region samples from distinct individuals in the Query Set gener-
ated by using our proposed image-driven region mining pipeline. The Grad-
CAM is employed to illustrate the consistency between the regions and the model’s
attention for characterising identities.

reveals that the models consistently capture similar anatomical regions across
individuals of the same species. For example, the coat patterns of giraffes, the
body stripes of nyalas, and the skin markings of seals, each associated with var-
ious attention distributions, are attended to by the models, demonstrating that
RAMI leverages reliable species-level discriminative cues to identify individuals.
Qualitative Visualisations of Animal Regions. To validate the effective-
ness of region-level patterns for Animal RelD, we compare the regions of query
samples with their corresponding Grad-CAM visualisations. As shown in
Figure ] the localised regions for distinct individuals generated by our proposed
region-mining pipeline are highly consistent with the regions highlighted by the
models during individual discrimination. Furthermore, the region samples for all
species also align with the anatomical regions shown in Figure[d] This qualitative
analysis further demonstrates that RAMI consistently leverages identity-relevant
visual cues enhanced by localised regions to identify individuals.

Computational Cost Analysis. Table [4 reports the computational cost and
backward FLOPs of RAMI compared to the SigLIP-FT baseline. We explic-
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Table 4: Computational cost and backward FLOPs analysis.

Model # Total Parameters # Trainable Parameters Backward FLOPs
SigLIP-FT 878.01M 428.27TM 1440.23G
RAMI 896.61M 446.87TM 1504.84G
TokenProjector 2.66M 2.66M -
Interleaver 15.94M 15.94M -

itly show the memory overhead of the proposed TokenProjector and Interleaver
in RAMI, demonstrating that our framework’s memory overhead is negligible
relative to the large number of parameters in the pretrained backbone.
Others. We further provide supporting evidence by conducting detailed sensi-
tivity analyses in the supplementary materials (Appendix C).

5 Conclusion

This work presents a novel Region-Aware Multimodal Interleaving framework
that leverages informative, fine-grained, localised regions with structure-rich vi-
sual cues to embed Animal RelD into the multimodal space and strengthen dense
cross-modal interactions across regions via an interleaving mechanism. This ap-
proach explicitly enhances guidance towards complex, identity-discriminative
visual cues, which are frequently challenging to describe in natural language.
Furthermore, post-hoc counterfactual reasoning over regions causally illustrates
the contribution of localised regions in RAMI. In addition, we propose an au-
tonomous region-mining pipeline to prioritise fine-grained regions for distinguish-
ing individual animals. Extensive experiments on benchmark and in-the-wild
datasets demonstrate that RAMI consistently outperforms state-of-the-art base-
lines. Our work provides principled insights into multimodal interleaving for fine-
grained discriminative tasks in VLMs and establishes a promising foundation for
addressing real-world challenges in Animal RelD for ecological monitoring.
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