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Abstract

Unsupervised visible-infrared person re-identification (VI-RelD) presents unique challenges
due to severe modality discrepancies, including heterogeneous appearance gaps, semantic
granularity mismatches, and pseudo-label noise amplification intrinsic to label-free scenar-
ios. We distill these challenges into two core problems: fine-grained semantic alignment,
which necessitates explicit token-level cross-modal feature fusion, and memory fragmenta-
tion caused by noisy pseudo-label propagation. To address these issues, we propose Fusion-
Injected Residual Memory (FIRM), a unified framework that integrates Vision—Semantic
Prompt Fusion (VSPF), which injects multi-scale textual cues derived from CLIP and large
language models into multiple layers of a vision backbone for token-wise semantic align-
ment, and Evolving Multi-view Cluster Memory (EMCM), which employs optimal trans-
port—guided clustering and dynamic prototype maintenance to ensure long-term identity
consistency. The framework is optimized end-to-end using an optimal transport—weighted
InfoNCE loss, a multi-layer alignment regularizer, and geometric cluster regularization,
all without reliance on manual annotations. Extensive experiments on benchmark VI-
RelD datasets demonstrate that the proposed method substantially advances unsupervised
cross-modal retrieval performance, achieving new state-of-the-art results. Ablation studies
further verify the independent and synergistic effectiveness of both modules in overcoming
the identified core challenges.

Keywords: USL-VI-RelD, Vision—Language Models, Cross-Modal Alignment, Dynamic
Cluster Memory

1. Introduction

Visible-infrared person re-identification (VI-ReID) seek to match pedestrian images cap-
tured under visible-light and thermal-infrared modalities, enabling continuous surveillance
in both daytime and nighttime environments without manual labeling. In the unsuper-
vised setting, models must autonomously learn modality-invariant feature representations
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and bootstrap pseudo-labels to guide training, as no cross-modality correspondences are
provided Zheng et al. (2022). The core difficulty stems from the fundamentally different
imaging mechanisms: visible cameras record rich color and texture under varying illumi-
nation, whereas infrared sensors capture coarse heat signatures independent of lighting,
producing a substantial modality gap that invalidates conventional feature alignment and
metric learning techniques Wu and Ye (2023).

This modality gap manifests in three intertwined phenomena that challenge unsuper-
vised VI-ReID. First, the heterogeneous appearance gap(HAG) emerges from the diver-
gent low-level statistics of color, texture, and contrast between visible and infrared images,
making direct feature matching unreliable. Second, semantic granularity mismatch(SGM)
reflects the difference in information content that visible images convey fine-grained cues
such as edges and chromatic patterns, whereas infrared images preserve only broad ther-
mal distributions, leading global embeddings to overlook critical local structures Wang
et al. (2024). Third, pseudo-label noise leakage(PNL) arises when unsupervised clustering
or label-propagation methods assign incorrect identity labels due to viewpoint variation,
occlusion, and modality-induced imbalance; these noisy labels are then amplified through
iterative self-training, destabilizing memory-based representations and degrading overall
accuracy He et al. (2024).

Recent advances in unsupervised visible-infrared person re-identification can be traced
to three practical strands that, in essence, overlap with the field’s canonical research axes.
First, dual-stream contrastive aggregation frameworks represented by ADCAYang et al.
(2022a) and GURL Yang et al. (2023b)—maintain separate visible/infrared memories and
alternate intra- and inter-modal contrast updates. By emphasising cross-modal correspon-
dence mining and representation unification in a single pipeline, these methods effectively
narrow the heterogeneous appearance gap (HAG) but still rely on global embeddings, leav-
ing fine-grained token alignment unattained and pseudo-label noise unchecked. Second,
structure-aware matching approaches such as PGM-AO Wu and Ye (2023) and DIANYang
et al. (2024) encode each modality as a relational graph or adaptive attention map, iter-
atively refining matches to reinforce local consistency. This line echoes the community’s
push toward noise-robust pseudo-labeling: it curbs some label noise and improves relational
coherence, yet lacks a hierarchical memory mechanism to prevent identity fragmentation
across training rounds. Third, the arrival of large foundation models has inspired works like
TVI-LFM Chen et al. (2023b) and MIP Wu et al. (2024), which inject vision—language priors
or learnable prompts to enrich infrared semantics. These techniques align with the emerging
theme of fine-grained semantic enhancement, supplying missing colour and contextual cues
but overlooking long-term memory consolidation under noisy supervision. In summary,
contemporary methods alleviate isolated facets of HAG, semantic granularity mismatch,
or pseudo-label noise, yet none jointly enforce explicit token-level cross-modal alignment
and safeguard identity memories against fragmentation. We therefore distill these into our
two core problems: (1) Fine-Grained Semantic Alignment (FGSA)—the need for explicit
token-level cross-modal feature matching; (2) Memory Fragmentation (MF)—the challenge
of preserving coherent identity memories by eliminating spurious pseudo-label associations.

To address the fundamental challenges of fine-grained semantic alignment and memory
fragmentation in unsupervised visible-infrared person re-identification, we present Fusion-
Injected Residual Memory (FIRM), a unified framework specifically designed to resolve these
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core issues and thereby advance the overall task. Our approach integrates a context-aware
Vision—-Semantic Prompt Fusion module (VSPF) that performs hierarchical multi-scale se-
mantic fusion at multiple feature levels, facilitating explicit token-level correspondence be-
tween modalities. In parallel, we employ an Evolving Multi-view Cluster Memory module
(EMCM) to ensure robust and consistent identity association under noisy pseudo-label su-
pervision. Through the synergy of VSPF and EMCM, our network jointly bridges the
semantic granularity gap and suppresses identity fragmentation, resulting in more coherent
and discriminative cross-modal representations.
The main contributions are summarized as follows:

e VSPF: A hierarchical prompt-fusion module that injects textual cues at multiple
network depths to align visual tokens across modalities, enforcing fine-grained corre-
spondence and narrowing the visible-IR gap.

¢ EMCM: A multi-view cluster memory with confidence-gated updates and OT-based
soft matching; periodic merge—split reduces label noise and maintains long-term iden-
tity consistency.

e FIRM: Integrating VSPF and EMCM yields state-of-the-art results on SYSU-MMO01
and RegDB under unsupervised VI-RelD, with consistent gains across ablations.

2. Related Work

2.1. Cross-Modal Contrastive Learning

Unsupervised VI-RelD methods have long relied on contrastive objectives to bridge the
visible-infrared appearance gap. Early works applied adversarial modality confusion and
center aggregation to align local features Hao et al. (2021), while Wu and Ye introduced
progressive graph matching with alternating pseudo-label refinement for robust global align-
ment Wu and Ye (2023). Yang et al.’s Augmented Dual-Contrastive Aggregation (ADCA)
further demonstrated that dual-stream intra- and inter-modality contrastive losses signif-
icantly improve discrimination under unlabeled settings Yang et al. (2022a). Prototype-
and cluster-based extensions then emerged: Shi et al. incorporated hard and dynamic
prototypes to capture intra-cluster diversity Shi et al. (2024b), and multi-level contrastive
schemes were shown to preserve both global identity cues and local texture details Zhang
et al. (2025).

2.2. Pseudo-Labeling and Memory Bank Mechanisms

Clustering-based pseudo-label generation, coupled with memory prototypes, is central to
modern unsupervised VI-RelD. The MMM framework maintains separate sub-memories
per modality, using count-priority matching and soft alignment to refine correspondences
Shi et al. (2024a). Progressive graph matching methods similarly leverage a global memory
graph for iterative label updates Wu and Ye (2023). To mitigate label noise, Beta-mixture
correction and perceptual consistency terms have been introduced into the memory bank
Liu et al. (2024), and recent RPNR models incorporate neighbor-relation learning and
optimal-transport prototype matching for reliable cross-modal pairing Yin et al. (2024).
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Figure 1: Overall architecture of our unsupervised VI-RelD framework FIRM

2.3. Vision—Language Model-Driven Semantic Enhancement

The advent of large VLMs such as CLIP has enabled semantic priors to guide cross-modal
alignment. Chen et al. exploited CLIP’s joint embedding space through prompt learning
to compensate infrared features with textual descriptions Chen et al. (2023b). Subsequent
works introduced bimodal prompt learners and attention-based fusion to inject high-level
language semantics Yu et al. (2025), and multi-scale Text-Image Alignment modules to
jointly optimize image and text representations Xie et al. (2025). More recent frame-
works combine VLM-derived semantics with noise-resilient contrastive learning—such as
the RoDE robust duality learning—to simultaneously address modality noise and pseudo-
label errors, reinforcing the critical role of VLMs in unsupervised VI-RelD Yang et al.
(2025).

3. Method

3.1. Architecture Overview

As shown in Fig. 1, FIRM begins by captioning visible and infrared inputs separately and
enriching these raw captions with multi-scale semantic prompts via a large language model.
These text tokens are then hierarchically fused with backbone visual features through cross-
attention in the Vision—-Semantic Prompt Fusion (VSPF) module, producing a unified,
semantically aligned embedding fr,s. The Evolving Multi-view Cluster Memory (EMCM)
module uses ffg to initialize unsupervised clusters with DBSCAN and to maintain modality-
aware memory banks that adapt their granularity through merge and split operations,
thereby iteratively refining pseudo-labels. A dedicated alignment mechanism subsequently
enforces both inter-modality consistency. At inference time, we first average the RGB, IR,
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and fusion embeddings of a query to obtain a single ensemble feature, and then compute
its cosine similarity with each gallery fusion prototype to derive the final ranking.

3.2. Vision—Semantic Prompt Fusion (VSPF)

To tackle Fine-Grained Semantic Alignment (FGSA), we build on domain-adaptation in-
sights that aligning intermediate features at multiple depths reduces distributional gaps
Ganin and Lempitsky (2015) and recent vision-language findings that injecting text prompts
into successive Transformer layers enhances cross-modal coherence Li et al. (2023). Rather
than using additive compensation in embedding space, we harness CLIP’s unified semantic
space: at each backbone layer, we inject CLIP-derived embeddings to transfer its align-
ment power into both low-level textures and high-level identity cues. This hierarchical,
progressive injection turns CLIP’s cross-modal priors into continual regularizers, yielding
token-level, modality-invariant feature alignment and setting the stage for robust memory
consolidation.

3.2.1. PROMPT CONSTRUCTION AND AUGMENTATION

During a preprocessing stage, given an RGB or IR input image I8 or I'*, we generate a
concise caption cppip via a frozen BLIP captioner. To enhance description diversity and
regularize semantic cues, we further rephrase cprip using a frozen lightweight LLM, yielding
CAaug- With probability p = 0.5, caug replaces cppip:

= CAug) W.p. p, (1)
cpLIP, W.p. 1 —p.

The final prompt string is
s =[[CLS1, P, :, ¢, ], (2)

where P € R8%% i5 a learnable prefix.

3.2.2. MULTI-SCALE SEMANTIC EXTRACTION

The prompt s is fed into a frozen CLIP text encoder E}, and hidden states are extracted
at three depths:

t1 = EV(s), ta=E8(s), t3=E'Y(s) e R%. (3)

Each tj is projected into the visual feature dimension with W; € Rxd:
The textual embedding at each scale is then defined as:

£ = ¢, W, (4)
where T' € {rgb,ir} denotes the image modality and k indexes the semantic level.

3.2.3. HIERARCHICAL FEATURE FUSION

Let V] € RNi*d denote the visual tokens of branch I (where I € {rgb,ir}) at ViT block I.
At 1 € {2,6,10,12}, we perform:
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Gated Residual Fusion (I = 2,6).

V)=V, + ot W) o (t:Wy), (5)
where k =1 for { = 2, k = 2 for | = 6, and W € Rixd,
Cross-Attention Fusion (I = 10,12).

VZWQ(t;J,WK)T

Vd
Vi =V;+ CA(V,, t3),

CA(V),t3) = Softmax( )(tng),

(6)

with Wo, Wi, Wy € R4 (4-head attention). The fused tokens V] are passed to the next
block, achieving progressive prompt injection.

3.2.4. MULTI-SCALE SEMANTIC DIFFERENCE COMPENSATION

To bridge modality—specific semantic gaps without disturbing the statistical distribution
of visual embeddings, we first compute a multi-scale textual difference vector and then
calibrate it before injection.

Multi-scale textual difference. Following CLIP’s hierarchical text encoder, we extract
hidden states at three semantic abstraction levels and take their RGB-IR residuals:

3

At:zak(fi;%_fgk)a QL ZO, Zak:L (7)
k=1 k

where lower layers (k = 1) describe surface appearance whereas higher layers encode pro-
gressively richer identity semantics. The coefficients {«y} are learned end-to-end.

Distribution calibration. Because At is derived entirely in the textual space, we project
it through a lightweight MLP followed by LayerNorm so that its mean and variance match
those of the visual branch: X

At = LN(MLP(At)) (8)
Gated residual fusion. After hierarchical fusion of visual tokens, the IR branch repre-

sentation is pooled as
£ = |[CLS, || Mean (V') | W, (9)

and the final cross-modal embedding is obtained via a learnable scalar gate € [0, 1]:
flos — £ 1 4 At (10)

Initialising « at 0.1 prevents large residual injections during early training, while allowing
the network to adaptively determine the optimal compensation strength. Empirically, ~
converges to 0.35+0.05, indicating a moderate but essential semantic transfer from the

RGB to the IR domain.
Notation recap. frlgb denotes the RGB visual embedding (analogous to Eq. (9)); fr:gb and

1 are the text embeddings at encoder block 12 (see Eq. (4)).
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3.2.5. MULTI-LAYER ALIGNMENT REGULARISATION

To guarantee that the CLIP-guided semantics injected at shallow layers persist throughout
the backbone, we align the class token at four key depths with the fusion-space prototype
maintained by EMCM. Specifically, for a sample ¢ with pseudo-identity I D(i) we minimise

Lagn= 2 IVi=Di50 5 (11)
1€{2,6,10,12}

where V; € R% is the class token produced by the I-th fused block, and p?‘g(i) is the corre-
sponding fusion prototype obtained from the EMCM memory bank (Sec. 3.3.1). Treating
the prototype as a fixed anchor during back-propagation forces features at all semantic
levels to gravitate toward their cluster centre, thereby suppressing layer-wise semantic drift
and stabilising the progressive prompt fusion for downstream retrieval.

3.3. Evolving Multi-view Cluster Memory (EMCM)

To mitigate memory fragmentation caused by noisy pseudo-label propagation, EMCM inte-
grates principles from self-paced clustering Zhou and Zhang (2022) and continual-learning
prototype consolidation Lopez-Paz and Ranzato (2017). Specifically, EMCM leverages a
CLIP-enriched fusion space—generated by VSPF—as a global semantic anchor, allowing
RGB and IR branches to apply limited modality-specific corrections inspired by manifold
alignment Wang and Mahadevan (2008) and anchored-residual learning Rebulffi et al. (2017).
Practically, EMCM initializes multi-view prototypes via DBSCAN clustering, updates them
through confidence-gated EMA, and periodically performs strategic merge-split operations
alongside lightweight alignment regularization. This yields a dynamic, self-refining memory
bank that robustly addresses fragmentation in unsupervised VI-RelD.

3.3.1. PSEUDO-LABEL BOOTSTRAPPING

We start by clustering all fusion embeddings with DBSCAN (¢ = 0.6, minPts =4). DB-
SCAN naturally leaves density-isolated points unclustered, a desirable property given the
prevalence of open-set distractors in VIR benchmarks. For every cluster C (k! =1,...,K)
we initialise three modality-specific prototypes and two bookkeeping scalars:

1
pPL = 5 Z £, m € {fus,rgb,ir}, (12)
Cel 12
k
along with the hard count n; = |Cx| and the soft-confidence accumulator sy = 0. The

triplet (pzus, p;ﬂgb, pg) acts as a multi-view centroid, while {ny, si} record respectively hard
and soft evidence for future updates.

3.3.2. MULTI-VIEW CONFIDENCE-GATED UPDATE

During training we process mini-batches of size B. For each modality m we solve an entropy-
regularised optimal-transport (OT) problem that couples the batch features {f™}2 | to the
whole memory {pZL}kK:l, yielding a coupling matrix P™ € RB*K and per-sample confidences

m o m



RonG SHEN QIN XU MA

Update gate. A sample contributes to the memory only if the following indicator is true:

Qi = 1 (W > 756) A (max(wigb,w%r) > Tvis)], (13)
with fixed thresholds 74,s=0.5 and 7;s=0.4. The first term demands strong semantic evi-
dence from the fusion view, the second term enforces at least one trustworthy visual cue.
This gating realises the self-paced principle by down-weighting low-confidence samples at
early stages, and gradually including harder ones as w increases. This gate implements a
thresholded variant of self-paced confidence weighting: low-confidence samples are masked
out, while accepted ones use the EMA step size " oc w]" as a continuous weight, thereby
controlling each sample’s influence on prototype refinement.

EMA rule. If ; =1 we set k* = argmax; Pif;-ls and perform exponential-moving-average
(EMA) updates in all three spaces:

P < (L= G pix + 6" 5", B =0.2w". (14)

Higher-confidence samples therefore adapt the prototypes faster, mirroring the self-paced
principle that reliable knowledge should dominate. The momentum form of Eq. (14) acts
as memory consolidation: it integrates new evidence while preserving a stable long-term
prototype, thus preventing catastrophic drift. Simultaneously we update ngs <—ng+ + 1 and
s fus

k< Sk T w; .

3.3.3. MERGE—SPLIT REFINEMENT

Every Eo,=5 epochs the bank topology is reconsidered.

Merge. Two clusters are merged only when their prototypes show sufficiently high cosine
stmilarity in all feature spaces:

cos(pl®, pi'") > 085, cos(p”,py") > 0.75, cos(pl.p) > 0.75. (1)

Once the criteria are met, we consolidate the two clusters by aggregating their statistics
and replacing their prototypes with the average, thereby compacting the memory bank
whenever redundant shards are detected.

Split. Conversely, large clusters may hide multiple identities. For each view we compute
the intra-cluster variance of confidence scores,

1 N2 _ 1
Var}' = - Z(w;n —w)’, W= - szm, (16)
Ficcy kiecy

and trigger a split if either Var}l“s > 0.25 or Var};gb > 0.30 A Vari,ér > 0.30. Splitting is
carried out by single-link hierarchical clustering in the fusion space until all variances fall
below threshold. New children inherit their parent label to preserve cross-modal consistency
while being tracked as separate prototypes, allowing finer contrastive pairings hereafter. By
performing these local, topology-aware adjustments around the fusion anchor, Merge—Split
instantiates the anchored residual learning view introduced at the beginning of Sec. 3.3.
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3.3.4. PROTOTYPE CO-REGULARISATION

After merge—split, the three views may drift apart. Consistent with manifold-alignment
theory, we therefore pull per-view prototypes back to the shared CLIP manifold by min-
imising

K
Lonoro = 3 [0 — D3+ 10§ ~ BB + 0 Lypuagy 3 I o3| ()
k=1 K Ck
with @ = 0.5. The first two terms pull each visual prototype towards its fusion anchor;
the last term removes modality mismatch within newly split children. To ensure stable
gradient calculations, prototypes {pfcus, ngb,p}g}szl are temporarily fixed as constant an-
chors during forward and backward propagation of L0t0. Once gradient-based parameter
updates conclude, these prototypes are updated simultaneously through EMA, thus clearly

separating anchor stability during gradient steps from dynamic updates during training.

3.3.5. OT-WEIGHTED INFONCE
For every modality we define the OT-weighted InfoNCE loss

B K
g L e(En B/
‘ccon = _E Z Z Tij log K mj m ) (18)
i=1 j=1 Zk:l exp((fi , P )/T)

where 17! = P! is the OT assignment and 7 a temperature. The total contrastive loss is

B
['con = Z 6m Egém Bm X 10g<z wlm + 1)7
m =1

so the modality that contributes more confident pairs is automatically granted a larger
gradient.

3.3.6. DENSITY REGULARISER

To prevent prototype collapse and suppress outliers, we model the distribution of fusion
prototypes with a global C-component Gaussian mixture g(x) = ZCCZI TN (x| pe, 2e),
where ) 7. = 1. Instead of fitting g from scratch at every iteration, we update its param-
eters by an exponential moving average (EMA) of the sufficient statistics collected from the
current mini—batch:

00 « gD 1 (1-p)00, 5 =0.99,

with 0 = {7, p., 2} ;. The density regulariser is then defined as the negative log-likelihood
(NLL) of the prototypes under g:

K
1
Lpen = —7 ; log g(pi™). (19)

Minimising (19) repels prototypes from sparse regions while pulling them towards the
high—density support of g, thereby maintaining a well-spread yet compact representation
space. In practice we set C' = 2 and linearly anneal the loss weight Apey € [0, 1] during the
first 20 % of training iterations for stability.
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3.3.7. TOTAL LOSS

All objectives are combined as
L= Econ + )\protoﬁproto + )\DenﬁDen + Ealigna (20)

with default weights Aproto = 0.1, Apen =0.05, Here L,ig, is the fine-grained prompt-fusion
loss defined in Eq. (11), encouraging semantic alignment between visual tokens and in-
jected prompts. Backbone, VSPF parameters and prompt tokens are updated by back-
propagation, whereas memory prototypes follow the EMA rule in Eq. (14).

3.3.8. INFERENCE

To fully exploit complementary information we construct for each query an ensemble feature
by averaging the three most informative embeddings:

f, = S(EL+£L, +£1), (21)

where fI is the IR visual embedding, féb the RGB text embedding, and £ the final fusion

S

embedding. Given a query f; and each gallery fusion prototype pfu
similarities ;
(fg, PL°)

(18] IIpgs]l”

rank them, and (optionally) apply count-weighted re-ranking that favours clusters with
larger n;. This ensemble representation integrates both image- and text-derived cues, yield-
ing robust retrieval against challenging cross-modal pairs.

we compute cosine

Sk = k=1,...,K, (22)

4. Experiments

4.1. Datasets and Implementation Details

We evaluate FIRM on two benchmarks: SYSU-MMO01 and RegDB.

SYSU-MMO01 Wu et al. (2017): 491 IDs with 287,628 RGB and 15,792 IR images
from 6 cameras (4 RGB, 2 IR) across indoor/outdoor scenes. We follow the standard
cross-modality protocol with all-search and indoor-search modes.

RegDB Ye et al. (2021b): 412 IDs, each with 10 RGB and 10 IR images from two
cameras. We use the standard half/half train—test split and report retrieval in both visible-
to-infrared (V2T) and infrared-to-visible (T2V).

Implementation: All experiments are implemented in PyTorch 2.0.1 and trained on
one RTX-3090 GPU (24 GB). Images are resized to 256 x 128, randomly flipped, and
centre-cropped; no colour-jitter is applied to avoid modality contamination. The ViT-B/16
backbone is initialised from CLIP and fine-tuned with layer-wise learning-rate decay ( v =
0.95). The last two text-encoder layers and the eight learnable prompt tokens share the
visual learning rate, while the remaining CLIP parameters are frozen.We train for 60 epochs
with the AdamW optimiser, an initial learning rate of 3 x 1075, cosine decay, weight-decay
0.05, and a warm-up of 300 iterations. Batch size is 64 (32 RGB + 32 IR). Gradient clipping
is set to 5.0. The Sinkhorn temperature € is 0.05 and the OT iteration count is 5. EMCM’s
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merge—split cycle is triggered every 5 epochs.For cluster splitting, we use agglomerative
hierarchical clustering with Ward linkage, recursively subdividing clusters until intra-cluster
variance falls below 0.25 or sub-cluster size is less than 5. The cross-modality prototype
alignment loss is applied every Tyjg, = 5 epochs with weight Aproto = 0.1.

4.2. Performance Comparison

Table 1: Comparison of VI-ReID methods on SYSU-MMO01 and RegDB

Settings SYSU-MMO01 RegDB
Type Method Venue All Search Indoor Search Visible2Thermal Thermal2Visible
Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP
AGW Ye et al. (2022) TPAMI'22 475 47.7 54.2 63.0 70.1 66.4 70.5 65.9
NFS Chen et al. (2021) CVPR21 56.9 55.5 62.8 69.8 80.5 72.1 78.0 69.8
LbA Park et al. (2021) ICCV21 55.4 54.1 58.5 66.3 74.2 67.6 72.4 65.5
SVI-RelD CAJ Ye et al. (2021a) ICCV21 69.9 66.9 76.3 80.4 85.0 79.1 84.8 7.8
DART Yang et al. (2022b) CVPR’22 68.7 66.3 72.5 78.2 83.6 5.7 82.0 73.8
DEEN Zhang and Wang (2023) CVPR’23 4.7 71.8 80.3 83.3 91.1 85.1 89.5 83.4
PartMix Kim et al. (2023) CVPR’23 77.8 74.6 81.5 84.4 85.7 82.3 84.9 82.5
OTLA Wang et al. (2022) ECCV’22 48.2 43.9 47.4 56.8 49.9 41.8 49.6 42.8
SSVI-RelD TAA Yang et al. (2023a) TIP’23 48.8 42.3 50.1 56.0 62.2 56.0 63.8 56.5
DPIS Shi et al. (2023) ICCV23 58.4 55.6 63.0 70.0 62.3 53.2 61.5 52.7
OTLA ECCV22 29.9 27.1 29.8 38.8 32.9 29.7 32.1 28.6
ADCA Yang et al. (2022a) MM’22 45.5 42.7 50.6 59.1 67.2 64.1 68.5 63.8
NGLR Cheng et al. (2023b) MM’23 50.4 474 53.5 61.7 85.6 76.7 82.9 75.0
MBCCM Cheng et al. (2023a)  MM’23 53.1 48.2 55.2 62.0 83.8 77.9 82.8 76.7
USL-VL-ReID CCLNet Chen et al. (2023a) MM’23 54.0 50.2 56.7 65.1 69.9 65.5 70.2 66.7
’ PGM Wu and Ye (2023) CVPR’23 57.3 51.8 56.2 62.7 69.5 65.4 69.9 65.2
CHCR Pang et al. (2023) TCSVT’23 59.5 59.1 - - 69.3 64.7 70.0 65.9
GUR* Yang et al. (2023b) ICCV’23 61.0 57.0 64.2 69.5 73.9 70.2 75.0 69.9
PCLHD Shi et al. (2024b) NeurIPS’24 64.4 58.7 69.5 74.4 84.3 80.7 82.7 78.4
MMM Shi et al. (2024a) ECCV’24 65.9 61.8 70.3 74.9 89.6 83.7 87.0 80.9
FIRM - 66.5 62.1 70.9 75.2 90.1 84.2 87.6 81.2

We compare FIRM with state-of-the-art supervised and unsupervised VI-RelD methods
on SYSU-MMO1 and RegDB. As shown in Table 1, FIRM consistently surpasses unsuper-
vised baselines and markedly narrows the gap to supervised ones. VSPF’s hierarchical se-
mantic fusion improves cross-modal discriminability, while EMCM robustly refines pseudo
labels; together they set a new state of the art for unsupervised VI-RelD. Figure 2 illus-
trates these effects: (a) PCA shows strong RGB (dots)-IR (stars) overlap; (b) a zoom
reveals nascent clusters; (c) before EMCM, intra-/inter-class cosine distributions overlap:;
(d) after refinement, within-class distances contract and between-class distances expand,
evidencing stronger separability.

4.3. Ablation Study

To systematically validate the contribution of each component in our framework, we conduct
a series of ablation experiments on the SYSU-MMO1 dataset. Table 2 summarizes the
retrieval performance under various ablation settings, where individual modules are disabled
or replaced for comparison. Table 2 shows that removing VSPF causes the largest drop,
underscoring the value of injecting prompts at multiple depths. Restricting fusion to the
final layer similarly hurts accuracy, proving early fusion’s fine-grained benefits. Turning
off the gated residual path or swapping cross-attention for simple concatenation further
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Figure 2: Visualization of FIRM’s effect on feature separability

degrades performance, validating our gated cross-attention design. The alignment loss is
likewise indispensable for tightening image—text correspondence, and omitting either the
merge or split steps in EMCM clearly impairs pseudo-label refinement.

Table 2: Ablation results on SYSU-MMO01. “A” denotes change relative to the full model.

Ablation Setting mAP (%) AmAP Rank-1 (%) AR-1
Full Model (Ours) 62.1 — 66.5 —

— VSPF (no prompt fusion) 57.9 —4.2 62.1 —4.4
Only Layer-12 VSPF 59.0 3.1 63.5 3.0
— Gated Residual (VSPF) 60.2 -1.9 65.0 -1.5
Replace Cross-Attn w/ Concat+Lin 59.5 2.6 63.8 2.7
— Alignment Loss 58.1 —4.0 62.7 -3.8
— Merge (EMCM) 60.6 -1.5 64.9 -1.6
~ Split (EMCM) 60.9 1.2 65.2 13

4.4. Model Diagnostics

To provide deeper insight into the mechanisms and effectiveness of our framework, we
present an analysis of both model attention characteristics and the sensitivity to key hy-
perparameters.

Attention Diagnostics. Figure 3(a) shows that the average spatial interaction dis-
tance grows with deeper prompt injection and increases further with alignment loss; Fig. 3(b)
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reports a similar rise in mean non-locality. Together, these indicate that multi-scale prompt
fusion plus alignment enlarges the effective receptive field and strengthens global context
modeling.

Hyperparameter Sensitivity. Varying the DBSCAN radius ¢, alignment weight A,
and EMCM split/merge thresholds yields clear optima (Fig. 3(c)—(f)). Moderate ¢ and A
best balance cluster quality and retrieval accuracy, while extremes hurt performance. For
EMCM, we sweep the split threshold with the merge fixed at 0.15 (Fig. 3(e)) and the merge
threshold with the split fixed at 0.25 (Fig. 3(f)): too-low thresholds cause over-fragmentation
and unstable prototypes; too-high values slow identity refinement.
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Figure 3: Attention analysis and hyperparameter sensitivity

5. Conclusion

We introduce FIRM, an unsupervised VI-RelD framework that tackles heterogeneous ap-
pearance gaps, semantic granularity mismatches, and pseudo-label noise by reformulating
them as fine-grained semantic alignment and memory fragmentation sub-problems. Our
VSPF injects multi-scale CLIP prompts via gated residual connections and cross-attention
to harmonize low-level textures and high-level semantics, while the EMCM uses Sinkhorn-
based transport and merge—split prototype updates to suppress noisy labels. On SYSU-
MMO1 and RegDB, FIRM sets new state-of-the-art Rank-1 and mAP scores across unsu-
pervised settings and ablations confirm each module’s significant contribution.
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