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Abstract

Visual In-Context Learning (VICL) has emerged as a prominent approach for
adapting visual foundation models to novel tasks, by effectively exploiting con-
textual information embedded in in-context examples, which can be formulated as
a global ranking problem of potential candidates. Current VICL methods, such as
Partial2Global and VPR, are grounded in the similarity-priority assumption that
images more visually similar to a query image serve as better in-context examples.
This foundational assumption, while intuitive, lacks sufficient justification for its
efficacy in selecting optimal in-context examples. Furthermore, Partial2Global
constructs its global ranking from a series of randomly sampled pairwise pref-
erence predictions. Such a reliance on random sampling can lead to incomplete
coverage and redundant samplings of comparisons, thus further adversely impact-
ing the final global ranking. To address these issues, this paper introduces an
enhanced variant of Partial2Global designed for reliable and holistic selection of
in-context examples in VICL. Our proposed method, dubbed RH-Partial2Global,
leverages a jackknife conformal prediction-guided strategy to construct reliable
alternative sets and a covering design-based sampling approach to ensure com-
prehensive and uniform coverage of pairwise preferences. Extensive experiments
demonstrate that RH-Partial2Global achieves excellent performance and outper-
forms Partial2Global across diverse visual tasks. The source code is available in
https://github.com/Wu-Wenxiao/RH-Partial2Global.

1 Introduction

Inspired by the success of in-context learning in natural language processing, visual in-context learn-
ing (VICL) was born on demand as a promising paradigm for leveraging Visual Foundation Models
(VEMs) in vision tasks. By conditioning VFMs on a few in-context examples, typically image-label
pairs, VICL facilitates efficient adaptation to various downstream tasks, such as segmentation and
detection [1} 2], image editing [3l], cross-modal content reasoning [4] as well as low-level tasks[3].

A key challenge in VICL lies in selecting the most suitable in-context examples corresponding to
a given query image to achieve optimal performance. Given that a set of candidate examples is
typically available, recent works [2, |6] commonly formulate VICL as a global ranking problem.
Partial2Global [6], a state-of-the-art method, tackles this by first training a list-wise partial ranker
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through meta-learning. This ranker is applied to randomly partitioned candidate sequences for par-
tial rankings, from which a consistency-aware aggregator subsequently infers a global ranking.

While Partial2Global marks a significant step forward for VICL, two critical limitations remain un-
resolved: (1) The similarity-priority assumption. Both Partial2Global and VPR rely on a heuristic
known as the similarity-priority assumption that the more visually similar a candidate image is to the
query, the better it serves as an in-context example. Although Partial2Global questions the reliability
of this assumption, it lacks a statistical foundation to support this critique and does not offer concrete
alternatives. As a result, the assumption remains unchallenged in a rigorous or systematic way, and
its influence on performance is left largely unexplored. (2) The strategy of random sampling. In
constructing a global ranking from partial rankings, it is ideal to uniformly and exhaustively cover
all pairwise preferences among candidates. However, the reliance of Partial2Global on random shuf-
fle operations for partial predictions often fails to capture all inter-candidate relationships and may
introduce redundant comparisons while neglecting informative ones, ultimately degrading ranking
accuracy. Thus, a more principled sampling strategy is urgently needed to achieve comprehen-
sive coverage of candidate relationships while simultaneously minimizing redundancy and iteration
overhead.

Towards Reliable and Holistic VICL Prompt Selection, we build upon the Partial2Global frame-
work and introduce an enhanced approach named RH-Partial2Global. To address the two key
limitations discussed earlier, RH-Partial2Global incorporates the following major improvements:
(1) Reliable Selection Strategy via Conformal Prediction. To construct a more trustworthy alterna-
tive set of in-context examples, we propose a selection strategy based on conformal prediction. This
method operates in a jackknife manner: for each training sample, it computes a consistency score
that quantifies the alignment between the sample’s quality when serving as an in-context prompt for
other instances and its visual similarity to these prompted instances. By applying a threshold derived
from a quantile of these scores at a predefined confidence level, we identify a subset of candidates
exhibiting high reliability. This identified subset is then used to filter the initial similarity-driven
candidate pool, resulting in a more robust and accurate selection of in-context examples. (2) Holis-
tic and Efficient Sampling Strategy via Covering Design. To ensure uniform and comprehensive
coverage of pairwise candidate preferences, we integrate a covering design into the local sampling
process. This is operationalized by sequentially sampling from a randomly shuffled alternative set,
guided by a precomputed optimal covering design. Please note that the principles of covering design
inherently ensure exhaustive coverage of preference relationships, while its property of minimizing
sampling iterations contributes to the uniformity of pairwise preference sampling.

We summarize our contributions as four-folds:

* We turn our attention to a necessary yet often neglected heuristic in VICL that images more visu-
ally similar to a query image serve as better in-context examples. For the first time, we provide
statistical evidence demonstrating that this similarity-priority assumption is not sufficiently robust.

* We propose a jackknife conformal prediction-based example selection strategy to identify and
preserve reliable samples in the alternative set, thereby reducing ranking complexity and yielding
more accurate predictions.

* We incorporate a covering design-based sampling strategy within the consistency-aware ranking
aggregator of Partial2Global, ensuring more holistic coverage of pairwise preferences and conse-
quently leading to a more accurate global ranking.

» Extensive experiments substantiate that our proposed RH-Partial2Global can significantly surpass
the state-of-the-art Partial2Global framework across diverse vision tasks.

2 Related work

In-Context Learning. The recent expansion in the scale of large-scale models has led to remark-
able advances in their ability to perform in-context learning, a process where models adapt to new
tasks by conditioning on a small set of examples rather than undergoing further training. Notably,
both large language models (LLMs) [7] and their multi-modal successors [8|] have demonstrated
this capability. For instance, Pan et al. [9] leveraged in-context learning to construct symbolic rep-
resentations that facilitate logical reasoning, while Zhang et al. [[10] applied similar techniques to
update factual content within LLMs. Parallel developments have emerged in the field of computer
vision. Approaches such as MAE-VQGAN [1]] and Painter [S] have shown that vision models can



be trained to perform in-context learning by reconstructing masked regions in image grids composed
of both support and query images. Building on this, VPR [2] addressed the challenge of selecting
optimal in-context samples, introducing a metric network based on contrastive learning and perfor-
mance evaluation. Prompt-SelF [11] extended this line of work by incorporating both fine-grained
and coarse-grained visual similarities, and proposed an ensemble approach that aggregates predic-
tions from multiple permutations of in-context grids at inference time. Partial2Global [6] proposed
a list-wise ranker and a globally consistent ranking aggregator aiming for global optimal in-context
prompts. Our work aims to find better in-context example, but different from previous works, we
break the assumption that similarity between images can safely lead to better in-context examples.
Other than that, we focus on leveraging conformal prediction and covering design to build reliable
and holistic in-context example selection process.

Conformal Prediction. Conformal prediction (CP) [12| [13} [14] is a distribution-free and model-
agnostic methodology that generates prediction sets with theoretically guaranteed coverage proba-
bilities. Unlike traditional point predictions, CP quantifies uncertainty by producing a set of plau-
sible outcomes rather than a single value. This ensures that the true outcome (e.g., label, value, or
element) is contained within the prediction set with a user-specified confidence level. Conformal
prediction has garnered significant attention in various tasks that require rigorous uncertainty es-
timation, such as multi-class prediction [15]], benchmarking of LLMs [16]], and robotic trajectory
prediction [[17]. CP methodologies can be broadly categorized into several types: full CP, split
CP (or inductive CP) [18]], transductive approaches like jackknife CP [19, 20] and CP with cross-
validation [21} 22]], and conformal risk control [23| 24]. Among these variants, jackknife CP is
known for its tendency towards conservative predictions, rendering it particularly suitable for appli-
cations demanding high reliability and robustness. In this paper, we leverage jackknife CP to refine
the construction of alternative sets, aiming to retain highly reliable samples and thereby alleviate the
difficulty of subsequent ranking tasks.

Covering Design. A covering design [25]] is a fundamental combinatorial structure that addresses
the problem of systematically covering all possible subsets of a fixed size within a larger set. For-
mally, a (K, k,t) covering design is a collection of k-element subsets (called blocks) from a K-
element set, such that every t-element subset of the K -set is contained in at least one block. A
primary objective in covering designs is to find the minimum number of blocks, C(K, k,t), sat-
isfying the covering condition, highlighting their efficiency in ensuring comprehensive interaction
coverage. In our work, motivated by the limitations of random sampling and the inherent need for
complete and uniform coverage of pairwise preferences (i.e., ¢ = 2) among candidate examples, we
replace the original random sampling with a covering design-based strategy, thereby facilitating a
more systematic, comprehensive, and balanced sampling of these pairwise relationships.

3 Methodology

Preliminary of Partial2Global: Adhering to the similarity-priority heuristic prevalent in methods
like Visual Prompt Retrieval (VPR) [2] that images more visually similar to a query x, serve as
better in-context examples, Partial2Global [6] constructs an alternative set ), of size K from train-

ing set Xy, = {wﬁm ZAiJ{l for each query sample x, in test set Xycs;. As for the training stage,
Partial2Global proposes a transformer-based list-wise ranker ¢, of length £ for local ranking and
trains it in a meta-learning manner. When it comes to the evaluation stage, Partial2Global system-
atically infers global rankings from local predictions. This process begins by first constructing an

observation pool comprising /V,, randomly shuffled variants of the alternative set ),. For each such

permuted variant, the K candidates are divided into into [%W non-overlapping sub-sequences of

length k. Each sub-sequence is then ranked using ¢, and the resulting pairwise preferences are
aggregated into a preference vector S%, which entries encode dominance relationships (1, —1, or 0).
Each vector S? is then converted into a pairwise indication set E?, which explicitly lists all candidate
pairs with non-neutral preference relationships derived from the ranker’s predictions. The collection
of these indication sets and preference vectors forms the basis for deriving a global ranking score
vector r. The derivation of r is then reformulated as a least squares problem using transformation
matrix D, which encodes pairwise comparisons from E*, leading to min, 31", ﬁ ||[Dir — S%||3.
Compared to naive ranking, this aggregation approach enhances both effectiveness through prefer-
ence modeling and efficiency by mitigating sequential dependencies.

Overview. To advance VICL via superior in-context prompt selection, we propose two correspond-
ing enhancements that address two key limitations in Partial2Global. First, to mitigate the sub-
optimal criteria used for constructing initial alternative sets, we rely on the theoretical foundation



Table 1: Experimental results of Spearman’s rank correlation test for each fold. The number and
proportion of samples with statistically significant monotonic associations (p < 0.05) and the aver-
age correlation (p) are reported.

\ Fold-0 Fold-1 Fold-2 Fold-3
#(p < 0.05) 1786/2279  2906/3309  4152/5030  1584/1986
: (78.37%)  (87.82%)  (82.54%)  (79.75%)

p | 0.0548 0.0315 0.0345 0.0500

of jackknife conformal prediction (Sec. [3.T) to identify a prompt set consisting of high-confidence,
reliable candidates. With this reliable set, we refine the initial alternative set retaining only those
candidates present in their intersection, thereby the reliability of the inputs to the global ranking
process. Once this high-confidence alternative set is established, local rankings are typically gen-
erated through random shuffling of candidates prior to aggregation. However, this process can lead
to incomplete and redundant coverage of all pairwise relationships, potentially resulting in perfor-
mance instability. To this end, we further introduce the use of covering designs (Sec. to guide a
more structured and comprehensive sampling strategy, ultimately leading to more stable and accu-
rate global ranking performance.

3.1 Conformal prediction-guided strategy for reliable candidate selection

This section details the construction of a reliable alternative set ), with a user-specified confidence
level « for query images, guided by the theory of conformal prediction with jackknife.

Motivation. To examine the validity of the similarity-priority assumption, which posits that im-
ages more visually similar to a query image serve as better in-context examples, we conduct an
experimental hypothesis test based on the training set X7, from Pascal-5° [26] dataset for the seg-

trn
mentation task. For each sample z; in X, serving as the query, the remaining examples in X7, are

trn
used as potential in-context prompts. We then derive two sequences for these potential examples: (1)
their IoU scores when used as prompts for z;, and (2) their visual similarity scores to x;. To assess
the association between the two sequences, we calculate the Spearman’s rank correlation coefficient
p € [—1,1] and employ the Spearman’s rank correlation test to obtain the p-value p € [0, 1]. Here,
a high Spearman correlation coefficient p indicates observations have similar rankings in terms of
both their IoU scores and their visual similarities, while a low p suggests dissimilar rankings. Since
the null hypothesis Hy of the Spearman’s rank correlation test posits no monotonic association be-
tween the two variables, a p-value below the significance level (e.g., 0.05) indicates rejection of
Hy, thereby suggesting a statistically significant monotonic relationship. We conduct this procedure
across all folds of X7, calculating both the average correlation p and the number and proportion of
query samples for which p < 0.05. The experimental results are summarized in Table[T]

Analysis. The experimental results presented in the second row of Table (1] consistently indicate
across all folds that there indeed exists a statistically significant monotonic relationship between the
quality of in-context examples (e.g., IoU in segmentation tasks) and visual similarities. However,
the average Spearman correlation coefficients p presented in the third row of Table [T] are notably
low. This suggests that while a general statistical association is frequently present, the strength
of this monotonic relationship is often weak. These observations underscore the need for a more
robust criterion than pure similarity alone. Such a criterion should selectively identify and retain
genuinely reliable candidate examples from an initial alternative set ),, which was broadly guided
by the similarity-priority assumption, thereby refining the selection process. Hence our algorithm as
follows.

Algorithm. We begin by directly using the original training set X;,., = {xl"™}.:27" as the “train-
ing set” for conformal prediction. Please note that we do not need A&,.,, to train a predictive model,
because our conformity function f(-) will be just a predefined metric (e.g., the negative KL Diver-
gence or the Spearman correlation) that quantifies the consistency between the quality of in-context
examples Q and their visual similarities S, as detailed below from Eq.(T)) to Eq.(3).

M+1
i=1

Let F be a pretrained inpainting model. Mathematically, when a sample z!"™ is used as an in-

context prompt, the VICL process for any query results in an output (-, z!"™). Given a function
g, which typically evaluates the performance of F (-, z{"™) with respect to z{"", the quality of this

VICL process can be denoted as q(F (-, zi"™), zt™™). Consequently, for each z!"" € Xj,.,,, we assess



Algorithm 1 Jackknife Conformal Prediction-guided Candidate Selection

Require: Constructed training set X},.,,, query sample x4, alternative set size K, pretrained inpaint-
ing model F, conformity function f, confidence level o
1: Initial the conformity score set V := {—oco}
2: for z!"" in Xy, do
Initial quality set Q(z{™™) := () and similarity set S(z{™™) := ()
for 2™ in Xy, \ {"" do

N trn) trn)
T

4
5: T
6: Update quahty selt: Q( trn) = Q(scf”) U q(F(atrm, ztrm) xlrm)
7
8
9

: end for
10:  Compute the conformity score as Eq.(3): £(z!"™) = f(Q(z!l™), S(zl™))
11:  Update conformity score set: V =V U {(x "”)
12:  Compute the quantile g;_,()) as Eq.(5)
13:  Construct the reliable set as Eq.(6): Vo = {z{™ € Xy : £(zt™) > q1_a(V)}
14: end for
15: Initialize alternative set ), for x,: Yy = top-K;c v, 5(74, 2)
16: Obtain the refined alternative set y; as Eq.: y; =Va Ny
17: return y;;.

its quality as a prompt by applying it as the prompt to all other samples :E;-”” in Xy, \ 2. This
yields a set of M quality scores:

Q(zi™) = {a(F(af™, af™), af™) Y] i @

Similarly, we define s(-, x1"™) as a function measuring the visual similarity between the prompt "™
and any other query. For each "™, we compute its similarities to all other samples in Xy, \ z””
forming a set of M similarity scores:
trny _ t t M+1

S(ai™) ={s(x;™, xi"")} ;27 e )
Based on the above definitions, the conformity score £(x!"™) for each z!™™ is calculated by applying
a function f (e.g., the negative KL Divergence or the Spearman correlation) to its corresponding
quality and similarity sets:

Uai™) = F(Qa™), S(ai™)). 3)

This procedure is repeated for every z!™™ € X, treating each in turn as the prompt whose confor-
mity score is being computed, to constitute a jackknife procedure. Then, a set including all M + 1
conformity scores can be denoted by

V= {0z I U {—oo}. )

Subsequently, the corresponding (1 — «)-quantile g1, which serves as the reliability threshold, is
determined from the empirical distribution of conformity scores in V:

q1—a(V) = the [(1 — a)(M + 2)]-th smallest £. (5)

Crucially, this quantile ¢; (V) is derived solely from the training set X},., and is thus independent
of any specific query x, from the test set or its initial candidate set. Thus, we can define a global set
of highly reliable candidate prompts ), derived from A},.,:

= {2} € X  U(27™) > q1-a(V)}- ©)

This set ), comprises samples whose conformity scores are in the top « percentiles, indicating
high reliability. We now describe how this globally reliable set )/, is used to refine a query-specific
alternative set V. For a given query x4, we first construct the initial alternative set ), based on the
similarity-priority assumption: J; = top-K;c v, = 5(z,, ). The selection of candidates in ), can be
seen as a procedure of conformal prediction test. Our core idea is to test whether one element x? in



Y, can also satisfy ¢ (m?) > q—a(V), e, :L'f[" € Y,. The entire process can be viewed as filtering
a known ), to obtain the refined set y; using ), which can be expressed as

Vg =VaNYy = {x]  l(z]) > q1-a(V), 2] € Vy}. (7

Remark. In the procedure for constructing ), our primary focus is on evaluating the intrinsic reli-
ability of each "™ as a potential prompt, independent of any specific test query ;. Consequently,
while no guaranteed optimality for any individual test query z, this strategy aims to ensure that the
selected reliable prompts offer overall satisfactory performance by virtue of their proven reliability
on Xy,.,. The whole procedure is outlined in Algorithm

3.2 Covering design-based strategy for holistic sampling

In this section, we elaborate on how to achieve more comprehensive and balanced sampling, guided
by covering design principles, to facilitate a more accurate global ranking.

Motivation. Identifying optimal candidates from the available pool is a critical step in the selec-

tion of in-context examples. Partial2Global [6] builds a pool of randomly shuffled variants of the

alternative set, partitions each variant into multiple non-overlapping sub-sequences and employs a

meta-ranker to perform local ranking predictions. Based on these local predictions, partial pairwise

preferences are inferred and subsequently aggregated into a pairwise indication set, from which a

global ranking is derived by solving a least squares problem. While this scheme yields reasonable

results, it suffers from two primary limitations:

(1) Incomplete Coverage: Despite generating numerous randomly shuffled variants of ), into
the observation pool, the random sampling process does not guarantee that all possible pairwise
relationships between candidates are captured. Given a typically alternative set size K = 50 and
a local ranker length k£ = 5 as in Partial2Global, ensuring that every candidate pair is compared
within at least one k-length sub-sequence corresponds to constructing a C'(50, 5, 2) covering
design. In fact, as indicated in Theorem |1} a C'(50, 5,2) covering design requires a minimum
of 130 distinct k-length sub-sequences to guarantee full pairwise coverage. While random
sampling in Partial2Global (i.e., with 50 sub-sequences) might generate numerous sequences, it
lacks this systematic guarantee and thus may fail to capture all essential pairwise relationships.

(2) Non-Uniform Preference Weighting: Although Partial2Global claims to account for contra-
dicting predictions, thereby offering the potential to correct erroneous ones, it does not control
for the frequency of repeated pairwise preferences. This can lead to certain locally derived
pairwise preferences being overrepresented, thereby adversely influencing the global ranking.

Theorem 1 (Schonheim Lower Bound [27]) Considering a (K, k,t) covering design C(K, k,t),
the Schonheim lower bound for such a covering design’s size is
K _K-1 K—-t+1

CKk ) 2[5 g1

®)

Covering designs offer a principled approach to mitigate both of these limitations effectively. The
inherent combinatorial structure of covering design guarantees exhaustive coverage of all pairwise
relationships with an optimally minimal or near-minimal number of sub-sequences, while the asso-
ciated lower bound promotes balanced and uniform sampling.

When it comes to implementation, the pre-computed optimal covering designs allows for an efficient
strategy: one can simply generate a randomly shuffled variant of the alternative set Y, of size K’
and sample k-length sequences from it according to the structure of a predefined optimal covering
design C*(K', k,t). This structured sampling strategy incurs negligible additional computational
overhead while providing a strong guarantee of comprehensive and balanced pairwise coverage.

4 Experiments

We give the setups, and evaluate our RH-Partial2Global on several visual tasks.

Dataset. Following VPR [2] and Partial2Global [6], we adopt three visual tasks: foreground seg-
mentation, single object detection, and image colorization. For the segmentation task, We utilize the
Pascal-5% [26] dataset, which comprises four different image splits. Performance is reported using
the mean Intersection over Union (mIoU) for each split, along with the average mloU across all four



Table 2: Comparison of our proposed RH-Partial2Global with some state-of-the-art VICL methods.

Seg. (mIoU) 1
Method Ref. Fold-0 Fold-1 Fold-2 Fold-3 Avg. Det. (mIoU) 71 | Color. (MSE) |
MAE-VQGAN [1] NIPS’22 | 28.66 30.21 27.81 23.55 27.56 25.45 0.67
UnsupPR [2] NIPS’23 | 3475 3592 3241 31.16 33.56 26.84 0.63
SupPR [2] NIPS’23 | 37.08 3843 3440 3232 35.56 28.22 0.63
Partial2Global [6] NIPS’24 | 38.81 41.54 37.25 36.01 38.40 30.66 0.58
RH-Partial2Global (Ours) - 39.25 42.15 38.06 36.60 39.02 30.94 0.56
prompt-SelF [11] arXiv'2023 | 42.48 43.34 39.76 38.50 41.02 29.83 —
Partial2Global+voting [[6] | NIPS’24 | 43.23 4550 41.79 40.22 42.69 32.52 —
RH-Partial2Global+voting - 43.53 45.88 41.99 40.90 43.08 33.28 —

—
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36.31 44.66 66.43 72.01 67.49
Figure 1: Qualitative comparison between our proposed RH-Partial2Global and Partial2Global in
the foreground segmentation task. For each comparison item, we display the image grid following
the input order of MAE-VQGAN: the first row contains the in-context example alongside its corre-
sponding label, while the second row shows the query image and its predicted result. The IoU value
is reported below each image grid to facilitate performance evaluation.

splits. The Pascal VOC 2012 dataset [28]] is employed for the single object detection task. Consistent
with MAE-VQGAN [1]], our evaluation subset includes only images containing a single object with
Pascal annotations, excluding trivial cases where an object occupies more than 50% of the image
area. For the colorization task, we sample a test set from the validation set of ILSVRC2012 [29] to
evaluate model performance, using Mean Squared Error (MSE) as the evaluation metric.

Implementation details. Given that our proposed RH-Partial2Global method does not require ad-
ditional model, we fully adopt the settings of Partial2Global [6]. Specifically, we train meta-rankers
with both lengths of 5 and 10 for foreground segmentation and single object detection, while meta-
rankers of length 3 and 5 are utilized for the colorization task. Following VPR, all visual similarity
scores in our experiments are computed using the vision encoder of CLIP [30], which was pre-
trained using multimodal contrastive learning. Additionally, we employ DINOv2 [31] as the feature
extractor and optimize using the AdamW optimizer with a learning rate of 5 x 10~° and a batch size
of 64. For our conformal prediction-based selection strategy, while acknowledging its sensitivity
to the chosen quantile, we consistently set « = 0.85, corresponding to an 85% confidence level
across all tasks, and adopt the negative KL Divergence as our conformity function. We benchmark
our proposed RH-Partial2Global against five previous methods: MAE-VQGAN, the unsupervised
and supervised variants of VPR, the original Partial2Global framework, and prompt-SelF [11], a
method primarily characterized by its ensemble-based strategy. For fair comparison, results for
RH-Partial2Global are presented both with and without the test-time voting ensemble. All the ex-
periments are covered with 2 NVIDIA H100 GPUs.

4.1 Main results

The quantitative results for the foreground segmentation, object detection and image colorization
tasks are presented in Table@} Here are several observations. First of all, RH-Partial2Global demon-
strates consistent performance improvements across all visual tasks compared to the baseline, which



Table 3: Average top-k oracle in-context learning performances of the initial and refined alternative
set on the segmentation task, which is represented by “X” and “v"”, respectively. “=" denotes the
difference between the two performances.

Top-k Fold-0 Fold-1 Fold-2 Fold-3 Avg.
PRl x v - x v - x v - | x v -|x v -
5 14593 45.68 -0.25]49.78 49.61 -0.17|46.54 46.18 -0.26|44.63 44.38 -0.25|46.72 46.46 -0.26

4421 43.96 -0.25
4236 42.11 -0.25

10
15

43.82 43.58 -0.27
42.24 42.01 -0.23

4742 4727 -0.15
45.70 45.56 -0.14

44.09 43.73 -0.36
4222 41.83 -0.39

4149 41.27 -0.22
39.27 39.03 -0.24

supports the efficacy of our proposed reliable selection and holistic sampling strategies. For exam-
ple, on the third fold of Pascal5’, RH-Partial2Global outperforms pure Partial2Global by 0.81% and
achieves an average increase of 0.62% across all four folds. Although these increments are not uni-
formly large, they are particularly noteworthy due to their consistent improvements across all cases
without additional model training, and their confirmed statistical significance. Secondly, a nuanced
observation is that the performance improvements on Fold-0 and Fold-3 are not as significant as
those observed on Fold-1 and Fold-2. This disparity might be attributable to the characteristics of
conformal prediction that its effectiveness in reliably predicting interval or set typically benefits from
a sufficiently large calibration set. As indicated in Table [T} Fold-0 and Fold-3 contain considerably
fewer samples than Fold-1 and Fold-2, potentially impacting the robustness of the reliability assess-
ment. Lastly, the pattern of improvement remains consistent whether a test-time voting strategy is
employed or not, further underscoring the generalization capability of our proposed method.

In order to further illustrate the superiority of RH-Partial2Global, Figure |1| presents comparative
visualizations of in-context examples selected by our method versus Partial2Global for the segmen-
tation task, alongside their resulting segmentation outputs. A key observation is that, compared to
Partial2Global, the prompts chosen by RH-Partial2Global generally exhibit not only high categori-
cal relevance to the query but also greater alignment in terms of object pose, scene context, and other
fine-grained visual attributes. For instance, when presented with a query image of a dog (fourth ex-
ample in Fig. [T), both methods select a dog as an in-context prompt. However, RH-Partial2Global
selects an image where the dog’s pose precisely mirrors that of the query. Similarly, in the last vi-
sualized instance, RH-Partial2Global selects a prompt featuring a long dining table with a similar
orientation to the query, while Partial2Global opts for a square table, a choice that is semantically re-
lated but structurally less analogous. These examples suggest that RH-Partial2Global is more adept
at identifying in-context examples with high spatial and structural similarity to the query, which
enhances their reliability and likely contributes to its superior performance across various tasks.

4.2 Ablation study

In order to fully validate the effectiveness of RH-Partial2Global, we conduct a series of ablation
studies on it. All experiments in this section are performed on the foreground segmentation task.

Whether RH-Partial2Global really preserves reliable examples with good quality? A key ob-
jective is to validate whether our proposed conformal prediction-based selection strategy effectively
preserves reliable, high-quality in-context examples while discarding less suitable ones. While our
strategy is designed to ensure that selected examples meet a pre-defined reliability threshold, we
empirically verify its impact on the qualities of the selected examples for the test set. The refined
sets are obtained using our selection strategy with a confidence level a = 0.85, which results in
approximately 15% of the initial candidates being discarded as less reliable. As shown in Table 3]
we evaluate the average IoU achieved by the top-5, top-10, and top-15 highest-quality examples
from both the initial and the refined alternative sets. These results reveals that the performance up-
per bound, indicated by the average IoU of these top-k examples, remains remarkably stable, which
is achieved despite discarding approximately 15% of the initial candidates. This outcome strongly
suggests that our conformal prediction-based selection strategy effectively preserves high-quality,
reliable examples while successfully filtering out sub-optimal ones.

Visualization of scatter plot with regression line for similarity and IoU scores. To intuitively
illustrate the relationship between visual similarity scores and IoU scores when a specific sample
serves as an in-context prompt for others, we employ scatter plots with fitted linear regression lines.
Figure[2]presents several such illustrative examples. Across these visualizations, the p-values associ-
ated with the linear regression analyses are consistently below the 0.05 significance level. However,
the magnitudes of the regression slopes are predominantly modest. These observations indicate that
while a linear trend between visual similarity and IoU performance often exists, the strength of this



Table 4: The impact of different strategies on the segmentation task. S, Scq, and Sy represent our
proposed conformal prediction-guided candidate selection strategy, covering design-based sampling
strategy and auxiliary filling strategy, respectively.

Strategy Seg. (mlIoU) 1
Sep Sea Sy | Fold-0 Fold-1 Fold-2 Fold-3  Avg.

(@ X X 38.81 4154 3725 36.01 38.40
by Vv X 39.05 4189 3781 36.35 38.78
© X 4 X 39.15 4193 3775 3632 38.79
v X
v v

(d) 39.25 4215 38.06 36.60  39.02
(e) | 39.36 4254 3845 3672 39.27

Scatter Plot for Similarity Score vs ToU Sc Scatter Plot for Similarity Score vs IoU Sct Scatter Plot for Similarity Score vs loU Score Scatter Plot for Similarity Score vs IoU Score
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Figure 2: Visualization of scatter plot with regression line of similarity and IoU scores.

linear correlation is generally weak. These visual findings corroborate the statistical conclusions
from the hypothesis tests detailed in Section further underscoring the limited predictive power
of raw visual similarity for determining prompt effectiveness.

Discussions on the effect of each strategy. To verify the individual and combined efficacy of our
proposed conformal prediction-guided selection strategy S., and covering design-based sampling
strategy S.q, we conducted ablation experiments evaluating different configurations of these com-
ponents. As shown in Table 4] (e.g., lines ¢ and d), applying either S, or S individually yields
performance improvements over the baseline Partial2Global. Moreover, it can be seen in Table [
that the simultaneous use of these two strategies fails to achieve a synergistic effect. A potential
explanation for this observation is that S, can occasionally reduce the number of reliable candi-
dates to fewer than the ranker length k. Under such circumstances, S.4 loses its intended utility, as
any sampling can ensure complete coverage of all pairwise preferences. Therefore, we introduce an
auxiliary filling strategy Sy, selecting the most similar candidates from the constructed reliable set
Vo to the query sample z,, for filling. As presented in the line (e) of Tabled] this strategy can further
enhance the performance of our RH-Partial2Global. We attribute this enhancement to an improved
performance upper bound. Similarly, we directly test all prompts from the original and the filled
alternative set for each query in the segmentation task and present the average performance of the
top-5/10/15 best examples in Table[5] The improvements in this oracle performance, as shown in
Table[5] lend strong support to our viewpoint.

Table 5: Average top-k oracle in-context learning performances of the initial and filled alternative
set on the segmentation task, which is represented by “X” and “+”, respectively. “~" denotes the
difference between the two performances.

Ton-k Fold-0 Fold-1 Fold-2 Fold-3 Avg.
L I I S L i I S T I S
5 (4593 46.04 +0.11]49.78 50.66 4654 46.82 +0.28|44.63 4496 +0.33|46.72 47.12 | +0/40
10 |43.82 44.05 +0.23|47.42 4836 44.00 4447 +0.38|41.49 41.96 4047|4421 44.71 | +0.50
15 |4224 42.56 +0.32|45.70 46.70 4222 4270 4048|3927 39.81 [+0.54| 4236 42.94 |+0.58

5 Conclusion

This paper introduces RH-Partial2Global, an enhanced variant of Partial2Global, tailored for in-
context example selection in Visual In-Context Learning (VICL). Specifically, we first challenge the
default similarity-priority assumption that an image more similar to the query image is more suitable
as an in-context example, and further validate its inherent limitations from a statistical perspective.
Subsequently, we develop a sample selection strategy based on jackknife conformal prediction to
refine the alternative set, which is initially established following the similarity-priority assumption,
thereby retaining only reliable candidate samples. Furthermore, we propose a covering design-
based sampling strategy to supersede the random operations in Partial2Global, facilitating a more



comprehensive and balanced construction of pairwise preference relationships. By integrating these
two strategies, our RH-Partial2Global yields improved global ranking predictions, paving the way
for more reliable and holistic VICL prompt selection. Extensive experiments across multiple visual
tasks demonstrate that RH-Partial2Global not only outperforms its predecessor, Partial2Global, but
also consistently achieves excellent performance.

Limitations. While our proposed method significantly enhances Partial2Global, its reliable set pre-
diction is sensitive to dataset size, potentially limiting gains with scarce data due to reduced statis-
tical robustness. Nevertheless, we contend that our reflections on the similarity-priority assumption
and exploration based on conformal prediction hold broader significance for VICL. This insight
can encourage the development of example selection strategies that move beyond mere similarity,
potentially advancing performance across diverse models and tasks.
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Figure 3: Performance trends of VPR when enhanced by the S., and Sy strategies, evaluated
across a range of « parameter values. The setting ‘ac = 1.00’ represents the baseline performance
of the original VPR methods without these proposed strategies.
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A Addition ablation study and discussion

Universality of conformal prediction-guided selection strategy. The similarity-priority assump-
tion, which our proposed conformal prediction-guided selection strategy S, aims to address, rep-
resents a common limitation in many contemporary Visual In-Context Learning (VICL) methods,
extending beyond just the Partial2Global framework. To demonstrate the universality and general-
ization capacity of S, we therefore apply it to both the unsupervised (UnsupPR) and supervised
(SupPR) variants of the VPR framework [2]. Recognizing that S, applied alone might occasionally
reduce the number of reliable candidates to even zero, we implemented and evaluated two aug-
mented approaches to ensure a viable candidate pool when applying our strategy to VPR: (1) S,
with initial supplementation (referred to as “+S.,,”). If the refined alternative set is empty, it is sup-
plemented by selecting the most visually similar candidate from the initial alternative set provided
by VPR; (2) S, combined with the auxiliary filling strategy Sy (referred to as “+S.,+Sypi”). If
the resulting alternative set is empty, it is augmented by selecting the most visually similar candi-
date from the reliable global set ). We utilize similarity scores obtained from VPR’s pretrained
and fine-tuned metric network respectively in Eq.(2). The confidence level « is set as 0.55 across all
the four folds in the segmentation task. We present all the comparison results in Table|[6]

Table 6: Performance comparison of VPR variants (UnsupPR and SupPR) with and without the
integration of S, and its augmentation Sy;;; on the segmentation task.

Seg. (mIoU) *

Method Ref- | Fold-0 Fold-1 Fold-2 Fold3 Avg.
UnsupPR [2] NIPS'23 | 3475 3592 3241 3116 3356
UnsupPR+S., - 3607 3850 3503 3353 3578
UnsupPR+S,.,+S il - 3697 3880 3462 33.66 36.01
SupPR [2] NIPS’23 | 37.08 3843 3440 3232 3556
SupPR+S., - 3769 3945 3661 3396 3693
SupPR+Sap+Srint - 37.83 3985 3661 3396 37.06

Here are several observations. Firstly, our proposed conformal prediction-guided selection strategy
can also demonstrate significant and consistent performance gains across all the folds when com-
pared to the baseline VPR. This outcome strongly validates the effectiveness and broader universal-
ity of S.,. Moreover, our auxiliary filling strategy Sy, is shown to further enhance the performance
of VICL, underscoring the quality of our reliable prompt set identified by Sg,.

Figure 3] further details the performance of SupPR and UnsupPR when integrated with our S, and
Sy strategies, evaluated under various settings of the conformal prediction parameter a. It is
evident from these results that regardless of the specific « value selected, applying our strategies
enables both VPR variants to consistently outperform the original VPR framework. Such consistent
outperformance, even with varying « configurations, strongly demonstrates the universality and
robustness of our conformal prediction-guided selection strategy.

The selection of our conformity function. To identify the more effective conformity function
for our strategy, we evaluate both Spearman correlation and negative KL Divergence beyond upon
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Table 7: Comparison of our proposed RH-Partial2Global with Spearman correlation or negative KL
Divergence as the conformity function.

Seg. (mloU) 1
Fold-0 Fold-1 Fold-2 Fold-3  Avg.

38.81 4154 3725 36.01 38.40
39.13 4188  37.57 3648 38.77
39.25 42.15 38.06 36.60 39.02

Method ‘ Ref. ‘

NIPS’24

Partial2Global [6]
RH-Partial2Global (Cor)
RH-Partial2Global (KL)
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79.44 58.03 35.64 74.79 51.41
Figure 4: Qualitative comparison of single object detection performance between our RH-
Partial2Global and Partial2Global. To enhance visual clarity and simplicity, bounding boxes are
overlaid directly onto the images, rather than displaying the complete image grids. Each depicted
item consists of an in-context example (left) and the corresponding query image (right).

the Partial2Global framework, comparing their respective impacts on overall performance. The
comparison results are shown in Table[7]

Experimental results on the Pascal-5° dataset indicate that negative KL Divergence consistently
yields superior segmentation performance compared to Spearman correlation across all the four
folds. Based on this finding, negative KL Divergence is adopted as the definitive conformity function
for our main experiments. This observed advantage can be attributed to the fundamental differences
in how these metrics capture data characteristics. Spearman correlation, which quantifies rank-
based monotonic associations, primarily reflects ordinal structure. Consequently, it is less sensitive
to the detailed distributional information embedded in specific value magnitudes and higher-order
statistical moments of the underlying data. In contrast, KL Divergence assesses the dissimilarity
between entire probability distributions, thereby inherently accounting for discrepancies across all
orders of moments and offering a more comprehensive comparison of distributional differences.
Visualization of single object detection task. Figure | presents comparative visualizations of in-
context examples selected by our method versus Partial2Global for the detection task, alongside
their resulting detection outputs. Consistent with findings from the segmentation task, prompts
selected by RH-Partial2Global generally exhibit superior alignment with the query in terms of scene
context and other fine-grained visual attributes when compared to those from Partial2Global. For
instance, as illustrated in the central column of comparative visualizations, the scene context within
the prompts chosen by our RH-Partial2Global demonstrates a notably higher degree of similarity to
the query sample’s context.

Why the selection strategy is jackknife conformal prediction-guided? The underlying reasons
can be summarized as follows. Firstly, mirroring the leave-one-out strategy of jackknife, our se-
lection strategy individually evaluates each candidate by assessing its performance when used as
a prompt for the other samples. Secondly, similar to jackknife conformal prediction, our selection
strategy emphasized maintaining reliability across the alternative set rather than optimizing for a sin-
gle sample. Lastly, instead of pinpointing a single best prompt, it selects a set of reliable prompts,
aligning with conformal prediction’s principle of “set prediction”. Therefore, our selection strategy
can be regarded as a jackknife conformal prediction-guided method.
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B Broader impact

The proposed work itself is not anticipated to lead to significant direct negative social impacts.
Despite of this, it explicitly acknowledges and discusses a critical broader concern: data bias. The
paper notes that if the data used for in-context learning (or any data-driven Al model) contains
existing societal biases, the models leveraging this data (including those incorporating the proposed
enhancements) could inadvertently perpetuate or even amplify these biases. This could potentially
lead to unfair or discriminatory outcomes, especially in sensitive application areas.
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