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A. Experiments
A.1. Implementation Details
Our experiments are implemented in PyTorch 2.0.1 [10] with
CUDA 11.8, and conducted on a single NVIDIA GeForce
RTX 4090 GPU (48 GB). The training configurations for the
gallery network are as follows.

(1) The gallery network is pre-trained on ImageNet [3].
In addition, the last convolutional stride of ResNet [1],
ResNet101-IBN [9], and MobileNetV3-Small [2] is set to 1,
following [19, 21].

(2) The data augmentation pipeline includes random hori-
zontal flipping, random cropping with zero-padding, random
erasing [22], and pixel-wise z-score normalization, follow-
ing [13, 21]. The probabilities for horizontal flipping and
random erasing are both set to 0.5.

(3) We employ mini-batch stochastic gradient descent [3]
as the optimizer. For the high-resolution batch (X t,Yt),
the mini-batch size is set to 96, consisting of 16 identi-
ties with 6 images each. For (X h,Yh) and (X l,Y l), the
mini-batch size is set to 256 when the gallery network is
ResNet101(256 × 256), ResNet101-IBN(256 × 256), or
ResNet101(320× 160), and reduced to 128 when the gallery
network is ResNet101(384× 384), ResNet101(480× 240),
or Swin-Transformer-V2-Small(256× 256).

(4) The weight decay is set to 5×10−4 and the momentum
to 0.9.

(5) We adopt cosine annealing [7] to schedule the learning
rate, which is initialized to 1× 10−2. The total number of
training epochs is set to 20 for CUB-200-2011 [16], In-Shop
[5], and SOP [8], and 10 for MSMT17 [15] and VeRi-776
[4].

(6) To ensure reproducibility, the random seed is fixed to
2024 for all experiments.

(7) The hyper-parameters α, β, and τ in Eq. (3) are set to
3, 2, and 2, respectively. The parameter p in Eq. (12) is set
to 30, and γ in Eq. (13) is set to 0.05.

All experiments are conducted using the open-source
D3Still codebase [20] and evaluated across a diverse set of
network backbones, including ResNet [1], ResNet-IBN [9],
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MobileNetV3-Small [2], and Swin-Transformer V2-Small
[6]. All reported results are averaged over three runs.

A.2. Hype-parameter Analysis
We conduct a comprehensive analysis of the three hyperpa-
rameters involved in our ACD and RAHO components. To
evaluate how each hyperparameter affects both asymmetric
and symmetric retrieval, we report two groups of metrics.
“mAP (%)” and “R1 (%)” measure asymmetric image re-
trieval performance, where the gallery network and the query
network are ResNet101(256× 256) and ResNet18(64× 64).
In contrast, “SIR-mAP (%)” and “SIR-R1 (%)” measure
symmetric image retrieval performance, where both the
query and gallery features are extracted using the same
ResNet101(256 × 256). These metrics reflect the preser-
vation of high-resolution feature quality and the stability of
the gallery network under symmetric evaluation. The follow-
ing sections analyze the roles of α, β, and γ, respectively.
α in Eq. (3). The hyperparameter α controls the strength
of the alignment between the gallery logits zg and the query
logits zq. As shown in Fig. 1, when α is set too small, the
gallery network receives insufficient guidance from the query
network and thus fails to fully inherit the resolution-invariant
semantics encoded in zq . In contrast, an excessively large α
forces the gallery network to overfit the query logits, which
may distort the high-resolution semantics inherently pre-
served in the gallery representation. Empirically, moderate
values of α offer the best trade-off: they effectively reduce
the semantic gap between the two networks while maintain-
ing the discriminative capability of the gallery network.
β in Eq. (3). The hyperparameter β controls collaborative
logit alignment by weighting the KL divergence between the
query logits zq and the collaborative logits zc. Because zc

is constructed from both query and gallery features, it natu-
rally resides in a semantically smoother and more resolution-
consistent space than zg. Accordingly, β determines how
strongly the gallery network is encouraged to follow this
intermediate semantic guidance. As shown in Fig. 2, a small
β underutilizes the collaborative logits, weakening their role
as a semantic bridge for stabilizing cross-resolution align-
ment. Conversely, an overly large β causes the optimization
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Figure 1. The performance influence of α values. (a) mAP (%) and (b) R1 (%) show asymmetric retrieval results using a ResNet101(256×
256) as the gallery network and a ResNet18(64× 64) as the query network. (c) SIR-mAP (%) and (d) SIR-R1 (%) show symmetric retrieval
results where both query and gallery networks use the same ResNet101(256× 256).
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Figure 2. The performance influence of β values. (a) mAP (%) and (b) R1 (%) show asymmetric retrieval results using a ResNet101(256×
256) as the gallery network and a ResNet18(64× 64) as the query network. (c) SIR-mAP (%) and (d) SIR-R1 (%) show symmetric retrieval
results where both query and gallery networks use the same ResNet101(256× 256). (%).

to rely too heavily on zc, diminishing the influence of the
original high-resolution logits zg and potentially biasing the
gallery representation toward low-resolution semantics. Our
experiments show that a balanced setting of β yields the
most favourable performance, indicating that collaborative
logits are most effective when they complement—rather than
dominate—the standard logit alignment.
γ in Eq. (13). The hyperparameter γ regulates the learning
rates assigned to the important modules of the gallery net-
work. As shown in Fig. 3, when γ is small, these modules
receive relatively low learning rates, limiting the network’s
ability to adapt to the low-resolution feature space and weak-
ening cross-resolution compatibility. As γ increases, the
important modules progressively obtain larger learning rates,
enabling them to align more closely with the query-oriented
representation space and thereby improving asymmetric re-
trieval performance. However, when γ becomes excessively
large, this over-adaptation enhances asymmetric retrieval,
it simultaneously disrupts the high-resolution feature space
of the gallery network, ultimately degrading symmetric re-
trieval performance.

A.3. Evaluation on VeRi-776
We evaluate the effectiveness of our proposed method on
VeRi-776 [4], a public challenging open-set vehicle re-
identification dataset, as shown in Table 1. The dataset col-

lects images from real-world traffic scenes using 20 surveil-
lance cameras and contains a total of 776 vehicle identities.
The training set consists of 37,746 images of 576 vehicles,
while the remaining 200 identities are reserved for testing. In
addition, the test set includes a probe set with 1,678 images
and a gallery set containing 11,579 images.

Table 1 summarizes the performance of several baseline
distillation methods, including FitNet [12], CC [11], CSD
[17], RAML [14], ROP [18], and D3still [20], with and
without our approach. Across all network architectures, in-
corporating our method consistently improves both mAP and
Rank-1 accuracy. For instance, with a ResNet101(256×256)
as the gallery network and a ResNet18(128 × 128) as the
query network, our method boosts FitNet [12] by +0.77%
mAP and +1.55% R1, CSD [17] by +1.49% mAP and
+2.80% R1, and RAML [14] by +1.26% mAP and +1.55%
R1. Similar improvements are observed for higher-resolution
and alternative backbone galleries: with a ResNet101(384×
384) as the gallery network, FitNet [12] improves by +0.37%
mAP and +0.39% R1, CSD [17] by +1.45% mAP and
+2.92% R1, and RAML [14] by +0.96% mAP and +0.83%
R1; with a ResNet101-IBN (256× 256) as the gallery net-
work, FitNet [12] gains +0.36% mAP and +2.74% R1, CSD
[17] gains +1.65% mAP and +2.03% R1, and RAML [14]
improves by +0.93% mAP and +1.49% R1. These results
demonstrate that our method effectively enhances cross-
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Figure 3. The performance influence of γ values. (a) mAP (%) and (b) R1 (%) show asymmetric retrieval results using a ResNet101(256×256)
as the gallery network and a ResNet18(64× 64) as the query network. (c) SIR-mAP (%) and (d) SIR-R1 (%) show symmetric retrieval
results where both query and gallery networks use the same ResNet101(256× 256).

Table 1. Performance improvement various network architectures on VeRi-776 [4].

GALLERY ResNet101(256× 256) ResNet101(384× 384) ResNet101(256× 256) ResNet101-IBN(256× 256)
QUERY ResNet18(128× 128) ResNet18(128× 128) MobileNetV3-Small(128× 128) ResNet18(128× 128)

ACC mAP (%) R1 (%) mAP (%) R1 (%) mAP (%) R1 (%) mAP (%) R1 (%)
FitNet [12] 67.26 82.36 67.24 81.97 60.64 73.66 68.02 82.60

+ Ours 68.03(△0.77) 83.91(△1.55) 67.61(△0.37) 82.36(△0.39) 62.72(△2.08) 76.82(△3.16) 68.38(△0.36) 85.34(△2.74)
CC [11] 66.85 81.05 66.83 80.04 61.37 76.10 67.81 83.25
+ Ours 68.22(△1.37) 83.85(△2.80) 67.51(△0.68) 80.75(△0.71) 62.80(△1.43) 79.26(△3.16) 68.48(△0.67) 83.79(△0.54)

CSD [17] 66.30 81.82 67.03 80.93 62.70 77.65 67.79 83.49
+ Ours 67.79(△1.49) 84.62(△2.80) 68.48(△1.45) 83.85(△2.92) 64.91(△2.21) 81.76(△4.11) 69.44(△1.65) 85.52(△2.03)

RAML [14] 67.75 83.13 68.37 83.02 62.32 77.29 68.81 84.62
+ Ours 69.01(△1.26) 84.68(△1.55) 69.33(△0.96) 83.85(△0.83) 64.02(△1.70) 80.51(△3.22) 69.74(△0.93) 86.11(△1.49)

ROP [18] 65.53 83.02 65.82 81.76 57.44 73.90 65.93 83.37
+ Ours 66.98(△1.45) 83.49(△0.47) 66.83(△1.01) 83.19(△1.43) 61.46(△4.02) 78.25(△4.35) 67.57(△1.64) 84.51(△1.14)

D3still [20] 67.97 83.55 67.15 80.75 63.03 77.59 68.35 84.09
+ Ours 68.53(△0.56) 84.45(△0.90) 68.23(△1.08) 82.12(△1.37) 66.11(△3.08) 82.66(△5.07) 69.06(△0.71) 85.28(△1.19)

resolution feature alignment across different gallery reso-
lutions and backbone variants, consistently benefiting asym-
metric retrieval performance.
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