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Abstract

This study investigates a cost-efficient training strategy for text-based person
search under the memory and time constraints of single-GPU training. The
strategy jointly uses automatic mixed precision (AMP), an exponential mov-
ing average (EMA) of model parameters, and gradient checkpointing (GC) to
address complementary aspects of training cost: computation time, time to a
target retrieval accuracy, and activation memory, respectively. The results show
that the appropriate configuration depends on the resource constraint. In the
CUHK-PEDES ablation, the complete AMP+EMA+GC configuration reduces
process-level peak VRAM by 70.1% relative to the FP32 reference and reaches
its best validation checkpoint, 71.06% t2i R@1, in 0.85 hours of training. Thus,
although GC incurs recomputation overhead, the acceleration from AMP and
the earlier model selection enabled by EMA more than offset this cost relative to
the reference. These findings support AMP+EMA+GC as a practical training
strategy for memory and time constrained single-GPU training rather than as a
modification to the retrieval architecture.

1 Introduction

Training deep learning models imposes substantial computational and memory
demands, and access to high-end multi-GPU infrastructure is not always available [4].
This constraint is characteristic of edge computers, where computation is kept close to
the data source. In such settings, improving the computational, temporal, and mem-
ory efficiency of training is an important systems objective, because it governs whether
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a model can be produced and updated at all when high-end computing resources are
limited.

In this study, we address this problem in text-based person search under the joint
compute-time and GPU-memory constraints of single-GPU training. Because a sin-
gle commodity GPU provides substantially less VRAM than a multi-GPU data-center
configuration, reducing training time alone is insufficient. Rather than modifying the
retrieval architecture, we empirically analyze a unified training strategy that combines
automatic mixed precision (AMP), an exponential moving average (EMA) of model
parameters, and gradient checkpointing (GC). These techniques address complemen-
tary aspects of training efficiency: AMP improves computational throughput, EMA
reduces the time required to reach a target retrieval accuracy, and GC reduces acti-
vation memory. We therefore treat their joint AMP+EMA+GC configuration as the
proposed approach.

2 Related Work

2.1 Cost-Efficient and Fast-Converging Training

Training modern vision and language models consumes substantial computation and
energy, and the cost of reaching a given accuracy has itself become a reporting concern
[25, 32]. When high-end accelerators are not available, the efficiency of the training pro-
cedure, often determines whether a model can be produced at all. One line of work on
resource-constrained training addresses this by changing what is optimized: TinyTrain
and ElasticTrainer update only a dynamically selected subset of tensors, and POET
combines rematerialization with paging to fit training into a fixed memory budget
[12, 17, 26]. Our study instead keeps the model and the learning objective unchanged
and adjusts only procedure-level settings, so that any efficiency gain transfers directly
to the underlying retrieval model.

This evaluation perspective is established practice. DAWNBench introduced time-
to-accuracy, the wall-clock time to reach a fixed validation target, as a primary metric,
and reported that it is stable across runs and that models tuned for it generalize
normally [7]; MLPerf adopted the same metric for standardized training comparison
[21]. Reporting a single efficiency number can be misleading when compute, memory,
and time do not move together, which argues for reporting them jointly [8]. We follow
this reasoning in Section 3.1 by defining a time-to-target and reporting time and
memory costs separately rather than as a single score.

2.2 Text-Based Person Search

Text-based person search (TBPS), also referred to as text-to-image person re-
identification, retrieves pedestrian images from a gallery using free-form descriptions.
Research in this area has primarily pursued higher retrieval accuracy, particularly
Rank-1 accuracy, by progressively refining cross-modal alignment. Representative
approaches have moved from global embedding matching to part-level or fine-grained
correspondence modeling [6, 19, 31], and more recent methods exploit CLIP-based
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representations, implicit relation reasoning, noisy-correspondence learning, and hier-
archical concept decomposition [1, 14, 16, 27, 34].

This limitation has motivated cost-efficient alternatives. For example Min et al.
freeze the CLIP backbone and train a lightweight cross-modal adapter with only 2
million trainable parameters, corresponding to 1.3% of the model, for text-to-person
retrieval [23]. Their results show that reducing the number of updated parameters
can preserve competitive retrieval accuracy while substantially lowering adaptation
overhead. Such work suggests that practical TBPS systems should not be assessed
solely by their final Rank-1 score. Training time, peak GPUmemory, and the amount of
trainable state are also deployment-relevant criteria. Accordingly, our study shifts the
emphasis from adding retrieval-specific architectural complexity to evaluating whether
a general training strategy can reach a predefined Rank-1 target under explicit single-
GPU time and memory constraints.

3 Proposed Approach

Let D = {(Ii, Ti, yi)}Ni=1 denote a person retrieval dataset, where Ii is a pedestrian
image, Ti is its textual description, and yi is the corresponding person identity. Given
a text query, the objective is to rank gallery images such that images sharing the query
identity are retrieved before non-matching images. We therefore use text-to-image
Rank-1 accuracy (t2i R@1) as the primary retrieval metric.

3.1 Problem Setup

Our objective is not limited to maximizing the final retrieval accuracy. Under a
single-GPU constraint, we instead seek to minimize the resources required to reach a
predefined performance target. For a target accuracy ρ, the time-to-target is defined as

Tρ = min{t | Rt2i@1(t) ≥ ρ}, (1)

where Rt2i@1(t) is the checkpoint-selection t2i R@1 observed at time t.
We fix ρ to a dataset-specific reference rather than an arbitrary round number.

The reference is the t2i R@1 attained by fully fine-tuning the CLIP dual encoder
on that dataset without any retrieval-specific module; this is precisely the operating
point our training strategy is designed to reach at lower cost. We take the reference
values from Chen et al., who report full CLIP fine-tuning accuracies of 68.17% on
CUHK-PEDES, 61.88% on ICFG-PEDES, and 59.60% on RSTPReid [3]. Accordingly,
the initial targets are ρ = 0.6817 for CUHK-PEDES, ρ = 0.6188 for ICFG-PEDES,
and ρ = 0.5960 for RSTPReid; Section 4.2 states how ρ is reset once a configuration
exceeds it.

All configurations share the same learning framework. We fine-tune the CLIP dual
encoder [28] with a standard bidirectional image–text contrastive objective Lglobal,
computed over in-batch similarities in a shared embedding space as the average of
the image-to-text and text-to-image InfoNCE terms; following supervised contrastive
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learning [15], all in-batch samples sharing a person identity are treated as posi-
tives. This formulation is standard in text-based person retrieval, so we keep it fixed
throughout and do not treat it as a contribution.

We further adopt two low-overhead accuracy enhancements that are widely used in
prior studies: ReID-specific image augmentation (random horizontal flipping, padded
random cropping, and random erasing) and identity-level multiple-positive supervi-
sion, as in IRRA and RDE [14, 27]. Because they add no network modules, learnable
parameters, or inference-time computation, we regard them as inexpensive training
practices rather than methodological contributions. Together they raise validation
accuracy to approximately 71% at little additional cost and without substantial
changes to the model architecture.

Rather than collapsing heterogeneous costs into a single efficiency score, we com-
pare configurations at an equal retrieval target ρ and report training time and peak
GPU memory separately, alongside accuracy. The primary time measure is the cumu-
lative training time to reach ρ; we additionally report end-to-end time, including
training and validation, as a wall-clock reference, and peak memory as the maximum
GPU memory observed during training. This keeps the accuracy–time–memory trade-
off explicit. A configuration is accordingly considered more cost-efficient only when it
reaches the same target t2i R@1 at both lower training time and lower peak memory;
a memory reduction alone, or an accuracy gain at unreported computational cost, is
insufficient.

To reduce these costs jointly, we combine three complementary techniques, none of
which changes the global image–text contrastive objective Lglobal. Automatic mixed
precision (AMP) reduces the computation time of an update; an exponential moving
average (EMA) θ̄ of the trainable parameters θ, maintained with decay β, is intended
to reduce the number of updates needed to attain the target accuracy; and gradient
checkpointing (GC) lowers the peak activation memory required for an update. Their
joint use is the central training strategy investigated in this study.

Algorithm 1 summarizes the resulting per-mini-batch procedure: the image and
text encoders perform a checkpointed forward pass under AMP, the scaled contrastive
loss is backpropagated with activation recomputation, the optimizer updates θ, and
the EMA state θ̄ is then updated; validation is performed with θ̄, while subsequent
training continues from θ. Each component is detailed in Sections 3.2–3.4, with the
EMA update given by Eq. (2). AMP introduces precision casting and gradient scaling,
EMA introduces a shadow copy of the trainable parameters and a small update cost,
and GC introduces additional forward computation; these overheads are included in
all reported measurements.

3.2 Automatic Mixed Precision

Automatic mixed precision (AMP) executes eligible operations in lower precision while
retaining a full-precision FP32 copy of the master weights and computing numerically
sensitive operations in FP32. Dynamic loss scaling is used to reduce the risk of gradi-
ent underflow during backpropagation [22]. In this study, AMP primarily targets the
computational component of training cost: it reduces the duration of each update and
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Algorithm 1 Integrated AMP, EMA, and gradient-checkpointed training

Require: Training data D, trainable parameters θ, EMA decay β
1: Initialize θ̄ ← θ
2: for each training mini-batch B do
3: Compute global embeddings using checkpointed encoders under AMP
4: Compute and scale the global contrastive loss Lglobal

5: Recompute checkpointed activations and backpropagate the scaled loss
6: Attempt to update θ with the optimizer
7: if the optimizer update succeeds then
8: θ̄ ← βθ̄ + (1− β)θ
9: end if

10: if validation is scheduled then
11: Evaluate t2i R@1 using θ̄
12: Record training time, end-to-end training time, and peak memory
13: end if
14: end for

can also reduce tensor memory, without changing the model architecture or training
objective. Its effect is evaluated both independently and jointly with EMA and GC.

3.3 EMA-Based Reduction of Time-to-Target Performance

The parameter values obtained at individual optimization steps may fluctuate because
of stochastic mini-batch gradients. Such fluctuations can delay the first validation
checkpoint that reaches a target retrieval accuracy. We use an exponential moving
average (EMA) of the trainable parameters to obtain a temporally smoothed evalua-
tion model. EMA has been shown to provide strong early performance and to reduce
optimization noise through weight averaging [24]. The analysis of Morales-Brotons et
al. focuses on EMA under SGD-based optimization, whereas our Transformer model is
trained with AdamW. This distinction is important because Transformers can exhibit
substantial variation in Hessian spectra across parameter blocks, for which a single
learning rate, as used by SGD, is less effective than the adaptive coordinate-wise scal-
ing provided by Adam-type optimizers [35]. Thus, we adopt the EMA mechanism from
the prior work while evaluating it in the AdamW setting used throughout this study.

Let θk be the trainable parameters after the kth successful optimizer update. The
EMA parameters θ̄k are updated by

θ̄k = βθ̄k−1 + (1− β)θk, 0 ≤ β < 1, (2)

where β controls the averaging horizon. The EMA state is initialized from the train-
able parameters before optimization and is updated only after a successful optimizer
step. This ordering prevents skipped mixed-precision updates from contaminating the
averaged model.

Training gradients and optimizer states remain associated with θ; θ̄ is not differ-
entiated. During validation, the trainable parameters are temporarily replaced by θ̄,
after which the original parameters are restored. Checkpoint selection is consequently
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based on the EMA validation model. EMA does not reduce the duration of an individ-
ual epoch. Its intended efficiency gain is instead a reduction in the number of updates
and elapsed time required to first reach the target in Eq. (1). We therefore evaluate
EMA using time-to-target rather than attributing a per-step acceleration to parameter
averaging.

3.4 Memory-Efficient Training via Gradient Checkpointing

Standard backpropagation stores every intermediate activation produced during the
forward pass so that it is available when the corresponding gradient is computed. For
transformer encoders, this activation storage can dominate GPU memory and restrict
the batch size or input resolution. Gradient checkpointing addresses this by storing
activations only at a sparse set of checkpoints along the depth of the encoder and
discarding the rest; when the backward pass needs an activation that was not stored,
the forward computation between the nearest checkpoints is simply repeated to recon-
struct it. This is the computation–memory trade-off introduced by Chen et al. [5]:
keeping fewer activations lowers memory usage, but requires more forward computa-
tion to be redone during the backward pass. We adopt their checkpoint selection and
recomputation strategy without modification and apply it to both the visual and tex-
tual transformer blocks; doing so preserves the original model and learning objective
while reducing activation memory, but increases training time per update because of
the added recomputation.

4 Experimental Results and Analysis

4.1 Datasets and Experimental Settings

4.1.1 Datasets

We evaluate our method on CUHK-PEDES [18], ICFG-PEDES [9], and RST-
PReid [36]. These datasets associate pedestrian photographs and natural-language
captions with person identities, so an identity is generally represented by multiple
photographs and, collectively, multiple captions. The following counts were obtained
directly from the annotation files used in our experiments. CUHK-PEDES contains
40,206 annotated images of 13,003 identities: 34,054 images of 11,003 identities for
training, 3,078 images of 1,000 identities for validation, and 3,074 images of 1,000
identities for testing. All but four identities have between 2 and 15 images. Although
the accompanying dataset documentation reports two captions per image and 80,412
captions in total, the released annotation file used here contains 80,440 caption strings
because nine image records contain more than two captions. ICFG-PEDES contains
54,522 single-caption annotation records for 4,102 identities, divided into 34,674 train-
ing records for 3,102 identities and 19,848 test records for 1,000 identities. Each identity
has between 3 and 22 records and therefore multiple photographs and captions; one
image path is repeated in the annotation file, giving 54,521 unique image paths. ICFG-
PEDES provides only training and test splits and no official validation split, so we
adopt a five-fold cross-validation protocol on the training set for model selection on
this dataset. RSTPReid contains 20,505 images of 4,101 identities, with exactly five
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images per identity and two captions per image (41,010 captions in total). Its training,
validation, and test splits contain 3,701, 200, and 200 identities, respectively. RST-
PReid does define an official validation split, but that split is anomalous: a detailed
audit of the official annotation file reveals severe cross-identity caption duplication
within it, with 446 out of the 2,000 validation queries (22.30%) sharing completely
identical text descriptions across multiple distinct person identities, arising from 41
shared caption templates spanning up to 15 different identities each. This widespread
textual ambiguity undermines the validity of standard rank-based evaluation on the
official validation set, as retrieving ground-truth matching visual appearances of other
identities sharing the identical text query is penalized as false positives. We provide
a comprehensive breakdown and concrete sample records in Appendix A, and, on
the basis of that analysis, likewise adopt a five-fold cross-validation protocol on the
training set for RSTPReid rather than relying on the contaminated official validation
split.

4.1.2 Implementation Details

All experiments were implemented in PyTorch using OpenCLIP and executed on a
single RTX 5070 Ti. The image encoder was a 12-layer ViT-B/16 with a width of
768 and a patch size of 16 × 16, while the text encoder was CLIP’s 12-layer Trans-
former with a width of 512, 8 attention heads, and a context length of 77 tokens. Both
encoders were initialized from OpenAI’s pretrained CLIP weights and fine-tuned end
to end. Input images were resized to 384× 128 pixels and normalized using the CLIP
channel statistics. Training augmentation comprised random horizontal flipping with
probability 0.5, 10-pixel padding followed by random cropping, and random erasing
with an area ratio sampled from [0.02, 0.4]. Validation used only resizing and normal-
ization. All available captions were used, and samples sharing the same person identity
within a mini-batch were treated as positives. We used shuffled mini-batches rather
than identity-balanced sampling. The model was trained for at most 60 epochs with
a batch size of 64, no gradient accumulation and four data-loading workers.

As discussed in Section 3.3, the prior study that motivated our use of EMA inves-
tigated deep learning models optimized with SGD [24]. However, because our study
uses the Transformer-based CLIP model, we selected AdamW in accordance with evi-
dence that SGD can underperform AdamW on Transformer architectures, including
ViT-base, even after careful learning-rate tuning [35].

Unless AMP was enabled, training and validation used FP32. The AMP variants
kept model parameters in FP32, performed eligible operations under FP16 autocast-
ing, and used dynamic gradient scaling [22]. For EMA variants, the moving average of
all trainable parameters was updated after each successful optimizer step with decay
β = 0.999 and was used for validation and checkpoint selection. Gradient-checkpointed
variants enabled activation checkpointing in both OpenCLIP encoders. These options
did not otherwise alter the data, objective, optimizer, or learning-rate schedule.
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4.2 Results

We evaluate the individual and combined effects of automatic mixed precision
(AMP), exponential moving average (EMA), and gradient checkpointing (GC) on
CUHK-PEDES. All configurations use the common training protocol described in
Section 4.1.2; only the three efficiency options are varied. We separately analyze their
effects on validation convergence and time to the selected validation checkpoint.

All analyses use the time-to-target metric of Eq. (1). When a configuration attains
t2i R@1 above the initial target ρ of Section 3.1, we reset ρ to that attained best-
checkpoint accuracy and report time-to-target against the higher level; on CUHK-
PEDES this places the operating target near 71%.

4.2.1 Accuracy and Convergence

Table 1 separates checkpoint quality from its resource cost. EMA is the main con-
tributor to early checkpoint quality: every EMA-enabled run reaches its best result
by epoch 15, whereas all non-EMA runs require more than 50 epochs. The FP32
EMA+GC configuration achieves the highest validation t2i R@1 of 71.31% at epoch
15. AMP+EMA and AMP+EMA+GC both achieve 71.06% at epoch 10. AMP alone
improves the best validation t2i R@1 from 70.01% to 70.46%, but does not produce
the early convergence observed with EMA.

Table 1 Validation accuracy, convergence, and peak VRAM of the training configurations.
VRAM is the maximum process-level GPU memory observed in W&B system telemetry during
each run.

AMP EMA GC Best R@1 (%) Best Epoch VRAM (GiB)

70.01 57 14.15
✓ 70.44 53 4.41

✓ 71.05 9 14.73
✓ ✓ 71.31 15 5.00

✓ 70.46 59 8.91
✓ ✓ 70.46 59 3.63
✓ ✓ 71.06 10 9.51
✓ ✓ ✓ 71.06 10 4.23

4.2.2 Time Cost to the Best Checkpoint

Table 2 reports end-to-end training time and training time to the best validation
checkpoint. AMP+EMA is the fastest configuration, reaching its best checkpoint in
46 minutes end to end and 0.63 hours of training. Relative to the reference configu-
ration, it reduces training time by 92.6%. AMP alone reduces end-to-end time from
9 hours to 3 hours 55 minutes, demonstrating substantial per-update acceleration
even though its best checkpoint remains late in training. GC introduces the expected
recomputation overhead. For the proposed AMP+EMA+GC configuration, this over-
head increases training time from 0.63 to 0.85 hours relative to AMP+EMA, but the
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complete configuration still reduces training time by 90.0% relative to the 8.54-hour
FP32 reference. The AMP and EMA gains therefore more than offset the time lost to
GC while retaining GC’s substantial activation-memory reduction.

Table 2 Time cost to the best validation checkpoint. End-to-end time includes training
and validation, whereas training time excludes validation.

AMP EMA GC End-to-end training time Training time (h)

9 h 00 min 8.54
✓ 10 h 24 min 9.91

✓ 1 h 36 min 1.36
✓ ✓ 3 h 07 min 2.81

✓ 3 h 55 min 3.62
✓ ✓ 4 h 47 min 4.47
✓ ✓ 46 min 0.63
✓ ✓ ✓ 1 h 01 min 0.85

4.2.3 Practical Configuration Selection

These findings indicate that no configuration dominates all resource dimensions.
AMP+EMA is preferable when training time is the only constraint, FP32+EMA+GC
provides the highest validation accuracy, and AMP+GC minimizes peak memory.
Rajagopal and Bouganis describe edge devices as having “limited compute resources
and memory budget” during on-device training [29]. We therefore select the full
AMP+EMA+GC configuration as the proposed approach. It reaches the same best
R@1 and epoch as AMP+EMA while reducing process-level peak VRAM from 9.51 to
4.23 GiB. Its 0.22-hour training-time overhead relative to AMP+EMA is outweighed
by a 7.69-hour reduction relative to FP32 training, showing that AMP and EMA can
absorb the recomputation cost of GC under a constrained memory budget.

Furthermore, Table 3 reproduces the CUHK-PEDES results compiled by Min
et al. [23], including their CLIP full fine-tuning baseline, and adds the complete
AMP+EMA+GC configuration from this study.

4.2.4 Comparison with Reproduced Reference

We additionally reproduced IRRA [14] and RDE [27], the two comparison methods
that fit on the same GPU under the available implementations. Table 4 reports mea-
surements from these reproductions. All runs used a batch size of 64. Training time
is the cumulative wall-clock time spent on training, excluding validation, and peak
memory is the maximum value recorded during training.
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Table 3 Comparison with published methods on CUHK-PEDES. The result for this study is
obtained by selecting the complete AMP+EMA+GC checkpoint on the official validation split
and evaluating it once on the official test split. Published test-set results, including the CLIP full
fine-tuning baseline, are reproduced from Table 1 of Min et al. [23]. A dash denotes an
unreported metric or year.

Method Year R@1 (%) R@5 (%) R@10 (%) mAP (%)

DSSL [36] 2021 59.98 80.41 87.56 –
SAF [19] 2022 64.13 82.62 88.40 58.61
TIPCB [6] 2022 64.26 83.19 89.10 –
AXM-Net [10] 2022 64.44 80.52 86.77 58.73
LGUR [30] 2022 65.25 83.12 89.00 –
IVT [31] 2022 65.59 83.11 89.21 –
Han et al. [11] 2021 64.08 81.73 88.19 60.08
CFine [34] 2022 69.57 85.93 91.15 –
CSKT [20] 2024 69.70 86.92 91.80 62.74
PGA [13] 2025 69.44 87.03 92.88 62.83
Min et al. [23] 2026 70.93 87.81 92.91 64.02

CLIP (full fine-tuning) [23] – 68.17 86.47 91.47 61.12
Ours (AMP+EMA+GC) 2026 70.11 87.90 92.72 63.93

Table 4 Reproduction results on CUHK-PEDES. The proposed approach uses the validation
split for checkpoint selection, whereas the reproduced IRRA and RDE runs evaluate the test split
at each epoch. R@1 is the official test-split t2i R@1 for every method; the reported training-time
values are nonetheless indicative rather than strictly split-matched.

Method R@1(%) Training time (h) VRAM(GiB)

IRRA [14] 73.41 4.83 12.11
IRRA (AMP+EMA+GC) [14] 73.77 3.32 7.10
RDE [27] 75.05 4.79 8.51
RDE (AMP+EMA+GC) [27] 75.81 6.41 3.83

Ours (AMP+EMA+GC) 70.11 0.85 3.47

Figure 1 compares the proposed AMP+EMA+GC approach with the original
IRRA and RDE reproductions over the first two cumulative training hours. At the
71% target, the proposed approach is 3.07× faster than IRRA and 2.19× faster than
RDE. These results support the time-to-target contribution of the complete approach,
but Table 4 also exposes the accuracy–efficiency trade-off: IRRA and RDE ultimately
exceed our official test-split R@1 by 3.30 and 4.94 percentage points, respectively.

The reproduced IRRA and RDE implementations were also trained with AMP,
EMA, and GC enabled jointly; the solid IRRA and RDE curves in Figure 1 show
these enhanced reproductions against the complete proposed approach. The proposed
AMP+EMA+GC configuration reaches 71% t2i R@1 in 0.85 hours while reducing
process-level peak VRAM to 4.23 GiB; it remains 1.47× and 1.22× faster than the
enhanced IRRA and RDE runs, respectively. For IRRA, the combined configuration
reduces T71 from 2.61 to 1.25 hours and peak allocated memory from 12.11 to 7.10 GiB,
while increasing the best t2i R@1 from 73.41% to 73.77%. For RDE, it reduces T71 from
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Fig. 1 Text-to-image R@1 on CUHK-PEDES over the first two cumulative training hours. The
proposed AMP+EMA+GC approach is compared with the IRRA and RDE reproductions in their
original form (dashed) and retrained with AMP, EMA, and GC enabled jointly (solid). All runs use
a batch size of 64. The proposed approach uses the validation split, whereas IRRA and RDE use the
test split. The dotted horizontal line marks 71% t2i R@1. The dashed blue horizontal line marks the
proposed approach’s 70.11% t2i R@1 on the official test split (Table 3).

1.86 to 1.04 hours and peak allocated memory from 8.51 to 3.83 GiB, while increas-
ing the best t2i R@1 from 75.05% to 75.81%. These are combined AMP+EMA+GC
comparisons; separate single-factor ablations were not run for the reproduced IRRA
and RDE implementations.

The memory results clarify why GC is integral to the proposed memory-constrained
approach. AMP+EMA alone uses 9.51 GiB of process-level peak VRAM. Adding GC
reduces this value to 4.23 GiB, a 55.5% reduction. The resulting AMP+EMA+GC
training time of 0.85 hours is slightly longer than the 0.63 hours required by
AMP+EMA, but remains substantially shorter than either reproduced reference
method. Thus, AMP and EMA offset the recomputation overhead needed to obtain
GC’s memory reduction, which is the relevant trade-off when VRAM is constrained.

4.3 Results on ICFG-PEDES and RSTPReid

The CUHK-PEDES experiments above provide the primary ablation because that
dataset supplies distinct training, validation, and test splits. For ICFG-PEDES and
RSTPReid, we instead use a fixed five-fold protocol to assess whether the complete
AMP+EMA+GC method transfers beyond the primary dataset. Neither RSTPReid
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offers a usable official validation split for model selection, for the reasons detailed
in Section 4.1.1: ICFG-PEDES provides no official validation split, and the official
RSTPReid validation split is contaminated by cross-identity caption duplication.

For each secondary dataset, we collect the unique identities from the official train-
ing split, sort them, and shuffle them once. The shuffled identity list is assigned to five
folds by strided indexing. Each run trains on four folds and validates on the remaining
fold, so no identity or image path is shared between its training and validation sub-
sets. The official test split is excluded from training, validation, early stopping, and
checkpoint selection. Validation uses every image and caption in the held-out fold and
ranks each text query against the complete held-out image gallery.

Each fold run selects the checkpoint with the highest validation text-to-image R@1,
using mAP only to break an R@1. We report the mean and sample standard deviation
across the five selected checkpoints. To examine subsequent generalization, we take
the fold model with the highest validation R@1 and evaluate it once on the full official
test split. Because that model has seen only four of the five training folds, its official-
test result characterizes a selected fold model trained on 80% of the official training
identities.

Table 5 Five-fold validation of the complete AMP+EMA+GC method on the secondary
datasets. Val R@1, VRAM, and training time are the mean ± sample standard deviation across
five identity-disjoint folds. VRAM is the maximum process-level GPU memory observed in W&B
system telemetry during each fold run, and training time is the cumulative training GPU-hours
to the best validation checkpoint, excluding validation. The Test R@1 column takes the fold
model with the highest validation R@1 and evaluates it once on the official test split.

Dataset Val R@1 (%) Test R@1 (%) VRAM (GiB) Training time (h)

ICFG-PEDES 71.70±0.77 59.55 4.94±0.01 0.57±0.19
RSTPReid 53.97±0.53 53.35 4.95±0.01 0.95±0.27

We reproduced IRRA [14] and RDE [27] on ICFG-PEDES and RSTPReid under
the same single-GPU budget and a batch size of 64, both in their original form and
with AMP, EMA, and GC enabled jointly. Table 6 reports the resulting training time
and peak memory. As on CUHK-PEDES, the combined configuration lowers peak
allocated memory substantially, from 12.09 to about 7.0 GiB for IRRA and from
about 8.5 to 3.82 GiB for RDE on both datasets, while the recomputation overhead of
GC lengthens training time by roughly 0.7 to 1.0 hours. Relative to these references,
the complete AMP+EMA+GC method of this study trains in 0.57 hours on ICFG-
PEDES and 0.95 hours on RSTPReid at a process-level peak VRAM near 4.9 GiB
(Table 5); its identity-disjoint fold checkpoints reach lower R@1, consistent with the
accuracy–efficiency trade-off already observed on the primary dataset.
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Table 6 Reproduced IRRA and RDE on the secondary datasets (batch size 64), original and
with AMP+EMA+GC. Reference R@1 is the best per-epoch test-split t2i R@1; for Ours it is the
best fold model evaluated once on the official test split, with training time and VRAM as the
five-fold mean ± standard deviation (Table 5).

Method R@1 (%) Training time (h) VRAM (GiB)

ICFG-PEDES
IRRA [14] 63.70 2.72 12.09
IRRA (AMP+EMA+GC) [14] 63.66 3.42 7.02
RDE [27] 67.70 3.62 8.51
RDE (AMP+EMA+GC) [27] 67.54 4.30 3.82

Ours (AMP+EMA+GC) 59.55 0.57±0.19 4.94±0.01

RSTPReid
IRRA [14] 60.05 2.79 12.09
IRRA (AMP+EMA+GC) [14] 64.35 3.72 7.01
RDE [27] 65.05 3.60 8.53
RDE (AMP+EMA+GC) [27] 64.00 4.59 3.82

Ours (AMP+EMA+GC) 53.35 0.95±0.27 4.95±0.01

For broader context, Tables 7 and 8 reproduce the ICFG-PEDES and RSTPReid
results compiled by Min et al. [23], including their CLIP full fine-tuning baseline, and
add the official-test R@1 of the complete AMP+EMA+GC fold model from this study.
As on CUHK-PEDES, the CLIP full fine-tuning baseline trails the parameter-efficient
method of Min et al. [23] on both secondary datasets.

Table 7 Comparison with published methods on ICFG-PEDES. Published test-set results,
including the CLIP full fine-tuning baseline, are reproduced from Table 2 of Min et al. [23]. The
result for this study is the best-validation AMP+EMA+GC fold model evaluated once on the
official test split (Table 5); it selects checkpoints on identity-disjoint folds, and all reported
metrics for this study are text-to-image. A dash denotes an unreported metric or year.

Method Year R@1 (%) R@5 (%) R@10 (%) mAP (%)

SAF [19] 2022 54.86 72.13 79.13 32.76
TIPCB [6] 2022 54.96 74.72 81.89 –
LGUR [30] 2022 59.02 75.32 81.56 –
IVT [31] 2022 56.04 73.60 80.22 –
CFine [34] 2022 60.83 76.55 86.42 –
CSKT [20] 2024 58.90 77.31 83.56 33.87
PGA [13] 2025 58.10 76.95 84.06 32.58
Min et al. [23] 2026 61.88 79.39 85.15 36.67

CLIP (full fine-tuning) [23] – 56.74 75.72 82.26 31.84
Ours (AMP+EMA+GC) 2026 59.55 77.28 83.20 36.75
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Table 8 Comparison with published methods on RSTPReid. Published test-set results,
including the CLIP full fine-tuning baseline, are reproduced from Table 3 of Min et al. [23]. The
result for this study is the best-validation AMP+EMA+GC fold model evaluated once on the
official test split (Table 5); it selects checkpoints on identity-disjoint folds, and all reported
metrics for this study are text-to-image. A dash denotes an unreported metric or year.

Method Year R@1 (%) R@5 (%) R@10 (%) mAP (%)

DSSL [36] 2021 32.43 55.08 63.19 –
SAF [19] 2022 44.05 67.30 76.25 36.81
IVT [31] 2022 46.70 70.00 78.80 –
CFine [34] 2022 50.55 72.50 81.60 –
CSKT [20] 2024 57.75 81.30 88.35 46.43
PGA [13] 2025 55.37 81.42 88.60 45.93
Min et al. [23] 2026 59.60 81.60 87.50 47.93

CLIP (full fine-tuning) [23] – 54.05 80.70 88.00 43.41
Ours (AMP+EMA+GC) 2026 53.35 77.45 84.75 44.66
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Fig. 2 Text-to-image R@1 against cumulative training hours on ICFG-PEDES, over the first training
hour.
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Fig. 3 Text-to-image R@1 against cumulative training hours on RSTPReid, over the first training
hour.

4.3.1 Discussion of ICFG-PEDES Results

The discrepancy on ICFG-PEDES is best understood as a difference in evaluation
difficulty rather than as a 13-point loss caused by training on only four of the five folds.
ICFG-PEDES was introduced by Ding et al. [9] and was constructed from images
gathered from MSMT17 [33]. In our five-fold protocol, each held-out fold is an identity-
disjoint subset of the official training split. Because identities are shuffled before fold
assignment, the fold holdout empirically retains nearly the same camera mixture as the
training split: its camera-distribution total-variation (TV) distance from the training
split is only 0.023. By contrast, the official test gallery contains 19,848 images from
1,000 identities, whereas a fold gallery contains 6,923 images from 621 identities. Thus,
the official test gallery is 2.87× larger and contains 1.61× as many identities. Its
camera distribution is also substantially farther from the training distribution, with a
TV distance of 0.312.

The camera labels in this analysis, such as c01, c05, and c14, are source-camera
identifiers encoded in the MSMT17-style image filenames; they are not identity labels
or semantic scene categories. The MSMT17 paper describes the source data as being
recorded by a 15-camera network deployed in indoor and outdoor scenes over an
extended period with complex lighting variation [33]. Consequently, a camera ID is
useful here as a proxy for camera-specific imaging conditions, including viewpoint,
background, distance, and illumination. All 15 camera IDs occur in both the offi-
cial training and test splits, so this is not an unseen-camera or camera-disjoint shift.
Rather, it is a camera-composition shift: cameras that are frequent during training
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become less prevalent in the official test split, whereas cameras that are rare during
training receive substantially greater weight.

Table 9 Selected camera proportions in the ICFG-PEDES official training
and official test splits. The ∆ column is the official-test proportion minus the
training proportion, in percentage points.

Camera ID Train Split (%) Test Split (%) ∆ (pp)

c01 23.35 9.92 −13.43
c05 17.56 9.46 −8.10
c14 17.23 9.24 −7.99
c04 0.76 6.84 +6.08
c06 2.09 7.95 +5.85
c09 0.89 6.15 +5.26

For example, 23.35% of the training images are associated with c01, but only
9.92% of the official-test images are. Conversely, c04 is rare in training (0.76%) but
accounts for 6.84% of the official test split; the same reweighting is visible for c06 and
c09. The larger gallery and identity set therefore introduce more distractors, while the
changed camera mixture alters the relative frequency of the camera-specific conditions
encountered at test time. The epoch-wise curves provide complementary evidence: the
fold-validation and official-test curves have similar shapes, peak at the same epoch
(epoch 16), and are approximately parallel with the fold-validation curve shifted
upward. This pattern is consistent with an evaluation-set difficulty offset, although it
does not show that camera composition alone accounts for the entire performance gap.

4.3.2 Discussion of RSTPReid Results

The performance gains observed on CUHK-PEDES and in ICFG-PEDES fold valida-
tion do not extend consistently to RSTPReid, where both validation and test results
remain comparatively modest. Annotation quality is one possible contributing fac-
tor. Qin et al. [27] report inaccurate or mismatched image–text pairs in the original
RSTPReid dataset. Although both ICFG-PEDES and RSTPReid are derived from
MSMT17, Scale-TBPS [2] reports markedly different retention rates under the same
model-based reliability filter: approximately 90% for ICFG-PEDES, compared with
only 60.3% for RSTPReid. For the remaining 39.7% of RSTPReid samples, none of
the three pretrained models retrieves the ground-truth image within the top 25 can-
didates. This difference raises concerns about correspondence quality in RSTPReid,
although the filtering rate is not a verified annotation-error rate. We therefore con-
sider annotation quality a plausible contributor to the comparatively low validation
and test performance, rather than an established cause.

5 Future Work

The results confirm that combining AMP, EMA, and GC to reach a target performance
level within a short training time is a meaningful approach for edge environments.
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The natural next step is therefore to investigate architectural changes that raise R@1
further within this same training regime. Applying AMP, EMA, and GC to the repro-
duced IRRA and RDE baselines also accelerated their early performance gains, but
both methods still required training for the full number of epochs reported in their
original papers to reach their final published performance. Moreover, applying AMP,
EMA, and GC to the reproduced IRRA and RDE implementations could actually
increase the total training time relative to their original form. This indicates that an
architectural study optimized specifically for the approach proposed here is needed,
and that we will pursue architectural directions that are well suited to the approach
identified in this study.

6 Conclusions

This study examined the joint use of AMP, EMA, and GC as a cost-efficient train-
ing strategy for text-based person search under a single GPU. The three techniques
address different aspects of training efficiency: AMP accelerates computation, EMA
shortens the time required to obtain a strong checkpoint, and GC reduces activation
memory through recomputation. The techniques operate at the training-procedure
level and do not require complex additional neural-network modules or modifications
to the retrieval architecture. The ablation results show that their benefits are com-
plementary but involve different trade-offs. The full AMP+EMA+GC configuration
reduces process-level peak VRAM from 14.15 to 4.23 GiB and reaches its best val-
idation checkpoint in 0.85 hours, compared with 8.54 hours for the FP32 reference.
Although GC adds recomputation overhead, AMP accelerates individual updates and
EMA enables earlier model selection; together, these gains more than compensate for
the time lost to GC.

The secondary-dataset experiments show that validation scores must be inter-
preted together with the evaluation protocol. Five-fold validation gives 71.70±0.77%
t2i R@1 on ICFG-PEDES and 53.97±0.53% on RSTPReid. When the strongest fold
models are evaluated once on the official test splits, R@1 is 59.55% and 53.35%, respec-
tively. The 13.02-point ICFG-PEDES gap is associated with a 2.87× larger test gallery
and a larger change in camera composition, whereas CUHK-PEDES and RSTPReid
show gaps of only 0.95 and 1.53 points. The fold-trained official-test results establish
the generalization behavior of the selected checkpoints, but they are not full-training
benchmark submissions.

Accordingly, the contribution of this work is not AMP or EMA alone, but the sys-
tematic evaluation and joint use of AMP, EMA, and GC within a common training
framework. We identify AMP+EMA+GC as the proposed configuration for memory-
and time-constrained single-GPU training because it addresses limited VRAM with-
out surrendering the training-time reductions from AMP and EMA. This evidence
supports a joint memory–time design criterion rather than selecting a configuration
solely by its fastest checkpoint or lowest standalone memory measurement.
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Appendix A Caption Duplication in RSTPReid

As discussed in Section 4.1.1, our audit of the official annotation file of RSTPReid [36]
revealed a widespread cross-identity caption duplication issue in its official valida-
tion split. In text-based person search, retrieval evaluation relies on the premise that
a natural-language text query describes the distinctive visual appearance of a single
person identity (ID). When identical caption strings are assigned to multiple distinct
identities, the evaluation becomes ambiguous: the model cannot uniquely distinguish
between different identities from identical text, and retrieving true matching appear-
ances for other identities sharing the same description is penalized as false positives
under standard Rank-K and mAP metrics.

Table A1 summarizes cross-identity caption duplication across all three splits of
RSTPReid. In the training split, 555 unique captions are shared across multiple identi-
ties, affecting 2,916 queries (7.88%). In the official test split, only 4 captions are shared
across multiple identities, affecting 10 queries (0.50%). In sharp contrast, the official
validation split is disproportionately contaminated: out of 2,000 validation queries
(across 200 identities and 1,000 images), 446 queries (22.30%) share identical captions
across different identities. These 446 queries stem from 41 unique caption strings that
were reused across contiguous identity blocks (e.g., IDs 3829–3843, IDs 3797–3806,
and IDs 3819–3828).

Table A1 Cross-identity caption duplication across RSTPReid splits. An affected query is a
caption whose exact text is assigned to two or more distinct person identities within the split.

Split Images Unique IDs Total Queries Shared Captions Affected Queries (%)

Train 18,505 3,701 37,010 555 2,916 (7.88%)
Validation 1,000 200 2,000 41 446 (22.30%)
Test 1,000 200 2,000 4 10 (0.50%)

Table A2 provides representative concrete samples extracted directly from the
official annotation file (data captions.json), illustrating the exact caption strings,
the number of distinct person identities sharing them, the total query occurrences,
and example image file paths. For instance, the caption “The man is wearing a blue
and grey overcoat and a pair of black trousers and there is something in his hand.”
is duplicated across 15 distinct identities (IDs 3829–3843) across 48 query instances.
This high degree of label ambiguity validates our choice to employ five-fold cross-
validation on the training set rather than relying on the official validation split for
model selection.
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Table A2 Representative samples of cross-identity duplicate captions in the RSTPReid validation
split, extracted directly from data captions.json.

Identical Caption Text Shared IDs Queries Distinct ID
Range

Sample Image Files

“The man is wearing a blue and
grey overcoat and a pair of black
trousers and there is something
in his hand.”

15 48 IDs 3829–3843 3829 c11 0017.jpg,
3830 c11 0021.jpg,
3836 c11 0014.jpg

“The man is wearing a deep
black overcoat and a pair of
black trousers and he is wearing
a pair of glasses.”

10 45 IDs 3797–3806 3797 c1 0000.jpg,
3798 c7 0002.jpg,
3801 c7 0011.jpg

“The man is wearing a grey
sports shirt and he is wearing a
pair of black trousers and he is
catching a black bag.”

10 33 IDs 3819–3828 3819 c1 0006.jpg,
3820 c14 0013.jpg,
3823 c13 0007.jpg

“The woman is wearing a long
pink overcoat and she is catching
a red backpack and she is wear-
ing a pair of black stocks.”

9 44 IDs 3784–3792 3784 c14 0005.jpg,
3785 c14 0004.jpg,
3788 c14 0001.jpg

“The man is wearing a deep
black overcoat and he is wearing
a pair of black trousers and there
is something in his hand.”

5 19 IDs 3851–3855 3851 c6 0013.jpg,
3852 c11 0026.jpg,
3853 c6 0015.jpg

“The woman is wearing a deep
black overcoat and she is wearing
a pair of deep black stocks and
she is wearing a pair of sneak-
ers.”

5 17 IDs 3869–3873 3869 c15 0017.jpg,
3870 c11 0018.jpg,
3872 c14 0016.jpg

Figure A1 illustrates visual image samples corresponding to three representative
duplicate caption groups from the official validation split. As demonstrated in the
figure, pedestrians with completely different visual appearances, genders, and cloth-
ing items (e.g., blue coats, dark jackets, red parkas, and women with handbags)
are assigned identical natural-language descriptions. During evaluation, querying any
of these descriptions will penalize the retrieval of the other distinct identities as
false positives despite the identical description, explaining the artificial performance
degradation on the official validation split.
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(a) Duplicate Caption Group 1 (Shared across 15 distinct IDs, 48 queries in Val Split)
Identical Query: "The man is wearing a blue and grey overcoat and a pair of black trousers and there is something in his hand."

Person ID 3829
3829_c11_0017.jpg

Person ID 3830
3830_c11_0021.jpg

Person ID 3831
3831_c11_0011.jpg

Person ID 3832
3832_c11_0014.jpg

Person ID 3833
3833_c11_0025.jpg

(b) Duplicate Caption Group 2 (Shared across 9 distinct IDs, 44 queries in Val Split)
Identical Query: "The woman is wearing a long pink overcoat and she is catching a red backpack and she is wearing a pair of black stocks."

Person ID 3784
3784_c14_0005.jpg

Person ID 3785
3785_c14_0004.jpg

Person ID 3786
3786_c14_0000.jpg

Person ID 3787
3787_c14_0000.jpg

Person ID 3788
3788_c11_0014.jpg

(c) Duplicate Caption Group 3 (Shared across 10 distinct IDs, 45 queries in Val Split)
Identical Query: "The man is wearing a deep black overcoat and a pair of black trousers and he is wearing a pair of glasses."

Person ID 3797
3797_c1_0000.jpg

Person ID 3798
3798_c7_0002.jpg

Person ID 3801
3801_c14_0019.jpg

Person ID 3802
3802_c14_0032.jpg

Person ID 3803
3803_c1_0000.jpg

Fig. A1 Visual image samples from the RSTPReid validation split sharing identical text captions
across different person identities. In each group, pedestrians possessing distinct visual appearances
and person IDs are annotated with the exact same query text.
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