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Abstract

Scene Graph Generation (SGG) aims to represent visual
scenes by identifying objects and their pairwise relation-
ships, providing a structured understanding of image con-
tent. However, inherent challenges like long-tailed class
distributions and prediction variability necessitate uncer-
tainty quantification in SGG for its practical viability. In
this paper, we introduce a novel Conformal Prediction
based framework, adaptive to any existing SGG method,
for quantifying their predictive uncertainty by constructing
well-calibrated prediction sets over their generated scene
graphs. These scene graph prediction sets are designed
to achieve statistically rigorous coverage guarantees under
exchangeability assumptions. Additionally, to ensure the
prediction sets contain the most practically interpretable
scene graphs, we propose an effective MLLM-based post-
processing strategy for selecting the most visually and se-
mantically plausible scene graphs within each set. We show
that our proposed approach can produce diverse possible
scene graphs from an image, assess the reliability of SGG
methods, and improve overall SGG performance.

1. Introduction

Scene graphs provide a structured semantic representation
of a scene depicted in an image. The nodes and edges
of this semantic graph structure represent the objects and
their bipartite relationships. Such semantic representation
of images bridges the gap between vision and language,
playing a crucial role in numerous multimodal reasoning
tasks such as visual question answering [48], image re-
treival [18], as well as dynamic safety-critical tasks such as
autonomous mobility [31] and robot path planning [1, 35].
However, despite numerous strides made in end-to-end
scene graph generation (SGQG), this task remains highly
challenging due to inherent ambiguities arising from mul-
tiple sources, such as imprecise scene descriptions, imper-
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Figure 1. Distinction between standard and conformal SGG.
The upper half shows how a standard SGG method generates a
single prediction of a triplet in the image’s scene graph. The lower
half shows how, by adding conform prediction blocks on top of an
SGG model, we can generate prediction sets for each triplet in the
scene graph, which quantifies the underlying model’s uncertainty
and improve the chances of covering the actual ground truth.

fect object detection, linguistic variations (synonyms and
homonyms) [9, 13, 29, 32], long-tailed class distributions,
and multiple viewpoint interpretations. As such, state-of-
the-art SGG models tend to produce noisy scene graphs,
raising the need to quantify their predictive uncertainty for
reliable application to downstream tasks [23].

While there have been works to incorporate uncer-
tainty quantification (UQ) in SGG for performance im-
provement [54], these approaches are designed specifically
for their proposed model architectures. In contrast, this
paper focuses on a post-hoc distribution-free and model-
agnostic UQ method with formal statistical coverage guar-
antees. Specifically, we employ Conformal Prediction
(CP) [3, 33, 50, 53] to design a model agnostic UQ frame-
work for state-of-the-art SGG models and provide predic-
tion sets of an image’s scene graph. The prediction sets
constructed via CP aim to provably contain the true ground-
truth class with a desired probability [4]. This enables mod-
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eling of the inherent predictive uncertainty of an underlying
pre-trained SGG model, with safety assurances [50]. We
refer to this form of SGG as Conformal SGG, and its dis-
tinction with standard SGG is shown in Fig 1.

Since end-to-end SGG involves detecting all objects in
an image and classifying their pairwise relationships, in-
corporating CP entails the construction of prediction sets
for the object and relationship classification. Formally, this
pair of objects and their relationship is called a < subject —
predicate — object > triplet [22], forming the fundamental
block of a scene graph. Therefore, by using CP to collec-
tively construct prediction sets for objects and predicates,
we can subsequently derive a prediction set for the whole
triplet. This facilitates the generation of multiple possible
scene graphs for an image in the form of prediction sets
with formal coverage guarantees

The main objectives of this work are to: 1) design a CP-
based post-hoc model-agnostic UQ method adaptive to any
existing SGG framework, enabling the generation of multi-
ple possible scene graphs from an image that can provide di-
verse possible scenarios in a downstream safety-critical task
such as robot path planning [34, 35], 2) assess the reliability
of existing state-of-the-art SGG methods by analyzing their
predictive uncertainty, and 3) show that conformal SGG im-
proves the over recall hit rate compared to standard SGG.
As previously mentioned, long-tailed class distribution is a
common problem in SGG [13], as such prediction sets from
standard CP, which aim to achieve aggregate coverage guar-
antees across the entire dataset, may fail to provide consis-
tent coverage for each class [14, 38], particularly those in
the tail of the distribution. To address this issue, we de-
sign our SGG-specific CP framework as class-conditional
CP [38] to ensure statistical coverage guarantees at the in-
dividual class level as opposed to the dataset level.

While CP-based prediction sets of each triplet are con-
structed to possibly achieve desired statistical coverage, de-
pending on the classes captured in the individual object and
predicate sets, many entries in the overall triplet prediction
set may be visually uncorrelated to the scene and/or seman-
tically implausible. This affects the interpretability of the
prediction sets and has the practical drawback of large set
sizes. To address this issue, we propose a post-processing
filtering operation based on scene coherence and feasibil-
ity conditions using Multimodal Large Language Models
(MLLM) [24]. Having been trained on extensive natural
image and language pairs, these models develop an implicit
understanding of real-world inter-object relationships, pro-
viding a foundational prior for selecting the most plausi-
ble scene descriptions associated with an image. There-
fore, by converting the entries in each triplet prediction set
into language descriptions, we design an effective prompt-
ing strategy for in-context learning of an MLLM to achieve
the desired task of selecting the most semantically plausible

entries in the prediction set without compromising desired

coverage guarantees. This operation improves the practical-

ity of the prediction sets by compressing them into the most
interpretable detections. We refer to the entire pipeline as

Plausibility ensured Conformal SGG, or PC-SGG.

To the best of our knowledge, this is the first work to
propose a CP framework for statistically rigorous UQ for
SGG, along with an MLLM-based post-processing strategy
for set size minimization via plausibility assessment. The
main contributions are as follows:

* We propose a statistically rigorous post-hoc conformal
prediction framework for UQ of SGG models by generat-
ing scene graph prediction sets, which facilitates the gen-
eration of diverse scene graphs from an image.

* To ensure the practical viability of the prediction sets, we
propose an MLLM-based post-processing strategy for fil-
tering prediction set entries that are visually and/or se-
mantically implausible.

» Using PC-SGG, we assess the reliability of numerous
SGG frameworks by analyzing the empirical coverage of
their prediction sets.

* We further demonstrate that incorporating our approach
improves the recall-hit rate compared to standard SGG.

2. Related Works

Scene Graph Generation. Scene Graph Generation (SGG)
predominantly uses detection-based methods, following a
two-stage framework: object detection followed by rela-
tionship detection. Visual Genome [22] provided founda-
tional insights into the inherent ambiguities in human an-
notations of visual relationships. Key approaches include
message passing structures [27], linguistic information in-
tegration [56], region captioning-based methods [28], low-
dimensional vector mapping [59], transformer-based net-
works [25, 46], and feature fusion techniques [12]. Re-
cent methods for relationship detection include iterative
approaches [46, 47] that progressively refine relationship
detector parameters, while others focus on predicate rep-
resentation strategies, probabilistic modeling [54], fine-
grained predicate learning [30], and hybrid-attention mech-
anisms [15]. Another direction explores sampling strate-
gies, such as bipartite graph networks with adaptive mes-
sage passing and bi-level data resampling [26]. However,
the inherent challenges in SGG [13, 32] necessitate the need
for a plug-in tool to assess the predictive uncertainty and,
consequently, reliability of these approaches.

Uncertainty in Scene Graph Generation. Research on
uncertainty in scene graph generation (SGG) has largely
addressed relationship ambiguity by exploring statistical
regularities in scene graphs [58], demonstrating how con-
text influences predicate prediction. Works like [55] intro-
duced an attentional graph convolutional network for im-
plicit uncertainty handling in relationship proposals. Un-
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biased scene graph generation is also explored in [45], ad-
dressing the uncertainty arising from long-tailed distribu-
tions in relationship detection. Methods like [17] included
uncertainty modeling for highlighting semantic ambiguities
in visual question answering through scene graphs. How-
ever, most of these methods provide strategies for UQ spe-
cific to their model architecture and lack safety assurances
regarding ground-truth coverage. In this work, we design a
model-agnostic UQ method with such statistical guarantees.
Conformal Prediction. Conformal Prediction (CP) pro-
vides a framework for producing prediction sets with guar-
anteed coverage under the assumption of exchangeabil-
ity [52]. The method has gained significant traction in ma-
chine learning applications due to its distribution-free na-
ture and rigorous statistical guarantees. In computer vision,
CP has been successfully applied to various tasks: [4] uti-
lized CP for image classification uncertainty quantification,
while [2] extended it to object detection tasks. The frame-
work has also shown promise in causal inference [49] and
time series forecasting [43]. In the context of deep learning,
CP has been integrated with neural networks to provide un-
certainty estimates in high-stakes applications [21]. How-
ever, the application of CP to structured prediction tasks like
scene graph generation remains largely unexplored, partic-
ularly when dealing with the challenge of large prediction
sets while maintaining coverage guarantees.

3. Preliminaries

3.1. Conformal Prediction

Assume a dataset D = {Dy,., Deair, Diest }» comprised of a
training set Dy, a calibration set Doy = {(X;, Vi) 1y ~
Pxy, and a test set Dot = {(X;,Y]) ?i:h ~ Pxy.
Now given a pre-trained model, f, for an unseen test sam-
ple X,,+1, generalized CP [6, 33] entails the construction
of a prediction set (f(XnH) = SET(f(Xn+1),A, Dear)s
where SET(-) is a function that constructs sets from the
outputs f(X,+1) based on D, and a nonconformity mea-
sure A. Under the assumption of exchangeability (relaxed
i.i.d) [50], i.e. Dear U (Xnp1, Yny1), C(Xpp1) attains the
following marginal probabilistic guarantee,

P(Ypi1 €C(Xpi1))>1—a (1)

for some tolerated miscoverage rate o [41]. This marginal
guarantee provided by generalized CP holds in average
across Diest provided D,y and Dyesy came from a fixed
distribution [50]. In contrast, if granular guarantees are re-
quired (for example, at class level or cluster level), con-
ditionally valid coverage is necessary [19, 37, 40].In this
work, we are particularly interested in class-conditional
coverage [8, 39, 53], yielding the following statistical guar-
antee, for a test sample X, 1,

P(Yi1 €C(Xns1) | Vo1 =9y) > 1—a, Yyely ()

where, Y = {1, ..., K} are distinct class-labels for a multi-
class classification problem, and {cy},cy are classwise
miscoverage rates. Eq. 2 implies Eq. 1 and provides a
stronger guarantee as it controls coverage levels within each
class [14, 38, 50].

3.2. Scene Graph Generation

SGG entails obtaining a graph-structured representation,
Gy = {S,R,0}, of an image I, describing the atomic
inter-object interactions of the scene in I. It is achieved
by detecting and subsequently classifying all the objects in
a scene and then classifying their pairwise relationships.
Here S = {S1,SQ,...,SNO} and O = {01,02,...,01\[0}
are respectively the subject and object list both of which
map to the same list of N, objects present in I, and
R = {ri1,72,...,7n,} is the list of bipartite object re-
lationships called predicates. Thus, G, is obtained by
combinatorially arranging subject-object pairs into triplets
(< subject — predicate — object >), t;; = (si,7T),0;). We
refer to the set of object and predicate classes as )V, =
{91,985 s vk, and V. = {47, y3, ..., Y, } respectively.

4. Method

The overview of PC-SGG is shown in Figure 2. Given a
pre-trained SGG model ¢, we first apply class-conditional
CP to the object and predicate classifier heads (f,, f,-) and
obtain prediction sets for the objects and predicates, re-
spectively. The two prediction sets are then combined to
obtain a prediction set for each detected triplet. Each of
these triplet prediction sets is then converted into sets of
language descriptions to be assessed by an MLLM-based
post-processing unit. Leveraging a question-answer strat-
egy, the MLLM assesses each of these descriptions and
compresses each triplet prediction set into the set of most
plausible triplets. In the subsequent sections, we describe
in detail the conformal prediction setup for SGG and the
MLLM-based post-processing method.

4.1. Conformal Scene Graph Generation

For any test sample X,, 11 we denote the object and pred-
icate prediction sets as (fO(XnH) and ér(Xn+1) respec-
tively. To prevent confusion, it must be noted that a sample,
X, for the case of the objects, refers to the region of inter-
est (Rol) [36], and for the case of predicates (and triplets),
refers to a pair of detected objects which, among other in-
formation, includes the Rol associated with union box of the
pair [20, 26, 57]. Inspired by [39], we design the overall
CP framework as a class-conditional prediction set classi-
fier. The overall algorithm is shown in Algorithm 1 (refer to
supplementary A.1).

Conformal Calibration. In order to achieve the nominal
class-conditional coverage of Eq. 2, well-calibrated predic-
tion sets need to be constructed to measure how well an
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Figure 2. Overview of PC-SGG Pipeline. For each Test Image, a pre-trained SGG model, ¢, is used to obtain object bounding boxes
b, (using fppoq), Object classification probabilities 11, (using f,), and the probabilities of their pairwise predicates classifications which
include the classification II,- (using fr). Using quantiles (Q,, Q) derived from a Calibration Data, we construct class-conditional con-

formal sets for both objects (C,(X)) and predicates (C(X
Triplet Prediction Set, Cy(X

entries of C; (X

)). These conformal sets are then combinatorially combined () to generate a
). To assess the plausibility of each entry of C;(X
) are converted into textual descriptions, which, along with the cropped portion of the test image defined for the triplet set

), we leverage an MLLM-based post-processing unit. The

(cropped using the union bounding box of the triplet’s object pairs) is converted into an input prompt for the MLLM to process and predict
the truncated prediction set of the most plausible triplets as a next token prediction problem.

unseen test sample conforms to the training distribution.
As such, using an appropriate non-conformity measure,
A, classwise non-conformity scores are obtained on D,
which are then used to obtain class-wise conformal quantile
values, ¢y, that act as the necessary thresholds for assessing
the conformity of any test sample. In our setup, we de-
fine the non-conformity measure as A(f(X),y) =1 — 7y,
where 7, is the softmax probability output for class y such
that f(X) = {#y }yey.

As shown in Algorithm 1, calibration proceeds by first
greedily matching each pair of predicted objects to ground
truth as follows,
match(bg, b, b,, bl) = ar‘grnax(%(1“(‘[)37 b?) + I'(b,, b))

J

st. D(bg,bl) > 0.5 A T'(b,,bl) >0.5

3)
Where I' is the Intersection over Union (IoU) function,
bs, b, € R* are the predicted subject-object pair’s bound-
ing boxes, bl,bJ € R* are the bounding boxes of the
4t ground- truth subject-object pair. Using the matched
ground truth classes (objects and predicate), the class-
specific non-conformity score is computed for both the
objects and the predicate. Therefore, for the k*" object
class, the aggregated list of non- conformity scores is ob-

tained as Syo = {A(fo(Xi),Y)}i= y’“ = {s "}Z *, where
Y € Vo Srmrlarly for the kth predrcate class we get
Ty

Syp = LAf(X0), Y12 = {712 where yf € V.
Finally, the class-specific conforrnal quantiles are obtained
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as follows,

dyp = [(nye + 1)(1 — o) /0
Qg = Rnyl + D1 = ayr)/ny

The list of class-wise conformal quantiles for the objects
and predicates is denoted as Q, = {Gyo }yocy, and Q. =
{dyr }yr ey, respectively. For simplicity, we set oo =
o VYR € Vo andayg =a,Vy, € Vr.

Conformal Inference. During inference, utilizing @), and

ye | -th empirical quantile of Syo.

“)

;-‘ -th empirical quantile of Syr.

Qr, Co(Xi1) and C(X,,41) are obtained as follows,
Co(Xnt1) ={Yf € Vo 1 ftye > 1—Gyo} )
éT(Xn+1) ={yp €Vr: Tyr 21— dug}

where the meaning of an unseen test sample X, 1, for the
object and predicate cases is defined earlier. As shown in
Fig 2, éo(Xn+1) and ér(XnH) are combinatorially ag-
gregated to obtain the prediction set for the entire triplet
(ft(XnH). The strength of the coverage guarantees for the
object and predicate prediction sets control the overall cov-
erage guarantee for the triplet.

Theorem 1. Given the ground truth class of the k" triplet
is denoted as yi, = [y5,y5,yq] € R where yi,yg € Y,
and y; € Yy, the triplet coverage guarantee is given as
Py, € Ci( 5+1)) = P(Yn+1 Co(X51) | Y,

y?) - P(Y, L+1EC( Xn) 1Y, ym)VykEyo’y;?G
yo,y;; 6yr~

Please see Proof in supplementary.
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Figure 3. Prompting strategy for plausibility assessment. First,
a system prompt outlines the task for the MLLM. Then, an exam-
ple prompt is created with a randomly sampled image from the
calibration set and a hand-crafted text description, framing plausi-
bility assessment as an MCQA problem. During inference, entries
from a test image’s triplet prediction set are processed in groups
of 5, for designing the MCQ text prompts similar to the example.
The vision part of the prompt is the cropped portion of the test im-
age linked to the detected triplet. The MLLM'’s token likelihoods
are thresholded by 7 to identify the most plausible choices for the
scene. The ground-truth triplet is highlighted in green for both the
example and inference scenarios.

Corollary 1. Following Theorem 1, P(y}, € Cy(X%,)) >
(1 - ao)(l - ar)7 Vy;z S ymy](; € yovyz € yT'

To ensure a nominal coverage of each triplet prediction
set to be approximately close to 90%, we choose «, = 0.05
and o, = 0.1 in our experiments.

4.2. MLLM Guided Plausibility Assessment

While the triplet prediction sets constructed using confor-
mal SGG have nominal coverage guarantees, in practice,
many entries in a triplet prediction set may not be plausi-
ble. For example, for the image shown under the Infer-
ence Scenario in Fig 3, its triplet prediction set has en-
tries like “hand covered in boat,girl holding
boat”. The first description of the triplet is implausible
from a practical linguistic/semantic perspective, while the
second one does not correlate to the actual scene in the im-
age and is visually implausible. This causes the overall pre-
diction set of the triplet to be bloated with impractical and
uninterpretable scene descriptions. We propose a plausibil-
ity checking unit which addresses this issue by leveraging
the foundational prior of an MLLM in associating the right
scene description to the scene at hand. The overview of this
unit’s functioning is shown in Fig 3.

Plausibility as multiple-choice Q&A. We craft an effective
prompting strategy that query’s an MLLM regarding the
plausibility of an entry in a triplet prediction set. For any de-
tected triplet in a test image, we have the predicted bound-
ing boxes for its subject, b,, and object, b,, as well as, the

prediction set C; (X) obtained via the conformal prediction.
First, we convert the entries of C; (X) into language descrip-
tions, then sequentially sample 5 language descriptions to
create a multiple choice question (MCQ), forming the text
part of the prompt to the MLLM (Fig 3). The vision part
of the prompt is composed of the cropped-out portion of the
test image defined by the union box b, U b,. The MLLM
is then tasked with answering the MCQ, thereby choosing
the most plausible scene description among the 5 choices.
This boils down the next-token prediction of the MLLM
into a single-token prediction, with the token space being
restricted to the number of choices in the MCQ [16, 42].
In practice, we add a ‘no valid option’ choice to MCQ as
shown in Fig 3. In this way, we task the MLLM to elimi-
nate the implausible entries in each ¢, (X}41) and compress
it into a set of practically interpretable scene descriptions.
In order to ensure the MLLM adheres to the task at hand,
we leverage a one-shot in-context learning setup [7] and
provide adequate task-specific information to the MLLM in
the form of an instructional system prompt and a toy sce-
nario of the task at hand in the form of an example prompt
(Fig 3). The example prompt contains a randomly sampled
calibration set image along with a hand-crafted toy MCQA,
containing the ground-truth triplet as one of the options.
Extraction of plausible scene descriptions. The system
prompt and the example prompt are passed as input to the
MLLM just once, while the Inference Scenario is run it-
eratively over all triplet prediction sets across all test im-
ages. The prompt of each iterative sample is essentially the
cropped portion of a test image associated with the detected
triplet and 5 descriptions from that triplet’s prediction set
used to make the MCQ. Since the token space is restricted
to the number of choices in the MCQ plus the ‘no valid
option’ choice, we obtain likelihood values for a total of 6
tokens from the MLLM. We then threshold these likelihood
values using a token threshold, 7, (Fig 3), to choose the
most plausible options and aggregate them as the final trun-
cated triplet prediction set. If the ‘no valid option’ has the
highest likelihood value, the group of 5 prediction set en-
tries is wholly disregarded. The choice of 7 is very impor-
tant for this operation. This is because the token likelihood
values from the MLLM may be high for certain choices,
which may be plausible w.r.t. the scene but may not be the
actual ground truth triplet. So, choosing a high value for 7
may result in the omission of the ground truth (provided it
is covered by the original prediction set) from the truncated
prediction set, consequently affecting nominal coverage.

5. Experiments

5.1. Dataset and Splits

We perform experiments on the benchmark image scene
graph generation dataset Visual Genome (VG) [22], com-
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posed of 108k images. To filter out the predicate classes
with an extremely low number of samples we adopt the
commonly used VG split called VG150 [28, 57], composed
of the most frequent 150 object and 50 predicate classes.

Training and Calibration Sets. The calibration set is
carved out from the 75k images in the original VG150 train-
ing and validation sets. The calibration set is designed such
that its images cover at most 10% of the total number of
samples in each of the object and predicate classes, ensur-
ing that a minimum of 2 samples from any class is included
in the calibration set. The final calibration set contains 7174
images. The remaining images are used for training.

5.2. Implementation and Evaluation Metrics

We incorporate PC-SGG with existing SOTA SGG methods
and quantify their uncertainty for end-to-end SGG, formally
called SGDET (joint detection and classification of objects
and pairwise predicates). For all object classes, we set, a,
to 0.05, and for all predicate classes we set «,- to 0.1, This
maintains the combined marginal coverage probability, (1—
a,)(1—ay), is close to 90%. The value of 7 is set to 0.1. All
experiments were performed using 4 NVIDIA RTX-3090.

SGG Models. We implement PC-SGG over the fol-
lowing 5 SOTA SGG frameworks, MOTIFS [57], MO-
TIFw/DEBIAISNG (MOTIFS-D) [11], VCTREE [44],
BGNN [26], and SQUAT [20]. For all models, Faster R-
CNN [36] with ResNeXt-101-FPN backbone is used as the
object detector. The hyperparameters specific to each model
are kept the same as reported in their respective papers.
Since the VG150 training set is different from the usual
one, we retrain the object detector and all the models from
scratch on the modified training set for our experiments.

MLLM. We use BLIP-2 [24] with FLAN-T5-XL [10] as
our MLLM. Due to computational resource constraints, we
restrict our experiments to the 8-bit quantized model. Ad-
ditional implementation details are in the supplementary.

Conformal Prediction Metrics. The following CP met-
rics [5] are used to gauge the uncertainty associated with
both object and predicate classification of each SGG model,

1. Coverage Validity: Computes empirical coverage of the
CP procedure and checks its deviation from overall nom-
inal coverage guarantees [50, 51],

n+n;

Cov=100x — Y 1[Y; €C(X;)]  (6)

n
t it

where, 1[] is the indicator function.

2. Average Class Coverage Gap: The following metric
is specific to class-conditional coverage as it measures
class-wise deviation from its desired coverage level [14],

Table 1. Comparison of CP metrics of different SGG methods with
PC-SGG. The Covr values shown here are computed over the
truncated triplet set obtained after MLLM-based post-processing.
The best results are highlighted in bold.

Method Objects Predicates Triplets
Covt CovGap| AvgSize| Covt CovGapl AvgSizel| Covr?t
MOTIES [57] 88.94 5.8 4.87 84.11 6.2 16.09 74.97
MOTIFS-D[11] 88.94 5.8 4.87 86.67 5.9 16.81 76.67
VCTREE [44] 89.38 5.7 4.23 88.61 5.9 16.41 80.06
SQUAT [20] 90.26 4.9 4.48 90.25 4.6 14.48 80.25
BGNN [26] 90.35 4.8 448 89.68 52 16.23 80.45

CovGap = 100 x 1 Z lléy —(L—a)llr (D
VI,

@=E%T§jﬂneémm

jEDY

where, DY C D't are all samples belonging to class y,
|| - |1 is the ¢, distance, «,, is the class specific marginal
error rate. For all object classes oy = «, and for all
predicate classes a, = «,. Individually for the object
and predicate classes

3. Average Set Size: The following computes sharpness of
the computed prediction sets,

n+ny

AvgSize = — Z IC(X;)] ®)

tj=n+1

4. Triplet Coverage Validity. The Cov metric is used to
quantify CP performance for the object and predicate
classifications individually. To assess the validity of the
prediction sets associated of the whole triplet, we intro-
duce the following metric to gauge the empirical cover-
age of the whole triplet prediction set,

n+ng

= i ms T 2
Covp =100 x o Z mi Ami Amg

j=n+1 (9)
ms = 1[Y; € Co(X3)], m} = 1[Y] € G (X)),
J

mg = 1[Y} € Co(X7)]

where, (fo(Xj), Cr (X7}), and (fo(X](-’) are the prediction
sets of the subject, predicate, and object in the triplet,
Yjs, Yj" € Y,, and Yf € Y,, and n; here runs over all
the ground-truth triplet samples.
SGG Metrics. The common metrics used for quantify-
ing SGG performance are Recall@K (R@K) and mean-
Recall@ K(mR@K). However, since PC-SGG provides pre-
diction sets for each detected triplet, we modify the com-
putation of the recall hit rate. Unlike R@K where the
equality of the subject, predicate, and object classes in a
detected triplet is checked to that of a matched ground
truth, we check if the matched ground truth is present in
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Table 2. Comparison of empirical coverage and average set size
of triplet prediction sets with and without MLLM-based post-
processing.

Table 3. Comparison of cR@K and cmR@XK of the different SGG
methods when PC-SGG is added. Performance of these methods
for standard SGG based on R@K and mR@K are also shown.

Method w/o MLLM Plausibility Assessment w/ MLLM Plausibility Assessment

Covr T AvgSize | Covr T AvgSize |
MOTIFS [57] 74.97 866.09 74.97 403.21
MOTIFS-D [11]  76.93 893.21 76.67 411.58
VCTREE [44] 80.06 818.76 80.06 389.24
SQUAT [20] 80.43 816.68 80.25 398.67
BGNN [26] 80.45 971.69 80.45 464.11

the triplet prediction set obtained from PC-SGG. We re-
fer to these metrics, as coverage-Recall@K (cR@K) and
coverage-mean-Recall@ K (cmR @K) which are specific to
Conformal SGG and can be considered equivalent to stan-
dard SGG metrics R@K and mR@K.

5.3. Comparative Uncertainty Quantification of
SGG Methods

The empirical coverage of the object, predicate, and triplet
prediction sets, obtained by PC-SGG for each SGG method
is shown in Table 1. For all the methods, the object pre-
diction sets fail to achieve the class-conditional coverage
guarantee of 95% (Eq 2). In comparison, the predicate pre-
diction sets of VCTREE, SQUAT, and BGNN come close
to the coverage guarantee of 90%. However, for all the
methods, AvgSize of the predicate prediction sets is sig-
nificantly higher than that of the objects. This shows that
predicate classification uncertainty is significantly higher
than object classification. As such, the predicate predic-
tion sets are larger to meet coverage guarantees. Over-
all, SQUAT and BGNN achieve the best empirical cover-
age for their triplet prediction sets, with SQUAT having the
smallest AvgSize for its predicate prediction sets. From
the CovGap values, it can also be observed that the predi-
cate prediction sets of SQUAT achieve the lowest class-wise
deviation from the class-conditional coverage guarantee.
For the object prediction sets, BGNN has lowest CovGap.
The empirical coverage values of the triplet prediction set,
Covry, also verify Theorem 1 (check supplementary) since
it is approximately close to the product of the object and
predicate prediction sets” C'ov values. However, the C'ovyp
values of none of the models achieve the marginal cover-
age guarantee of (1 — a,)(1 — «,.) shown in Corollary 1.
This observation highlights the high predictive uncertainty
of existing SGG methods, as well as, shed light on possible
distribution shifts in the train and test splits of SGG datasets
that make computing well-calibration conformal quantiles
very challenging under exchangeability assumptions.

5.4. Results of MLLM-based Post-Processing

Table 2 shows how the average set size and empirical cov-
erage values of the whole triplet prediction sets are im-
pacted by applying our proposed MLLM-based plausibil-
ity assessment method as a post-processing unit. It is ob-

Method R@50 R@100 mR@50 mR@100
MOTIFS [57] 23.61 29.08 4.52 6.22
MOTIFS-D [11] 24.33 30.12 5.26 7.06
VCTREE [44] 26.77 31.46 5.73 7.14
SQUAT [20] 26.81 32.06 9.95 12.05
BGNN [26] 30.07 34.90 9.63 11.92
Method+PC-SGG cR@50 cR@100 cmR@50 cmR@100
MOTIFS [57] 38.45 46.79 25.49 34.03
MOTIFS-D [11] 40.21 47.46 26.17 35.63
VCTREE [44] 41.89 49.90 27.84 36.75
SQUAT [20] 43.23 51.87 30.94 39.23
BGNN [26] 46.32 53.81 32.52 40.36
40
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Figure 4. The R@50 and cR@50 for 5 of tail classes of VG150,
with the least number of samples. The results are for the BGNN
model. It can be observed that the triplet prediction sets from
BGNN+PC-SGG, significantly improve the performance of de-
tecting the tail class predicates compared to the standalone model.

served that our proposed post-processing strategy is indeed
effective in significantly shrinking the size of the original
triplet prediction set constructed from the conformal pre-
diction. Additionally, in most cases, the empirical coverage
Covp remains unaffected; only for SQUAT and MOTIFS-D
a slight decrease in empirical coverage is obsevered. How-
ever, this small decrement in empirical coverage is tolera-
ble given > 50% shrinkage in the sizes of their respective
triplet prediction sets. Although the triplet prediction sets
of BGNN have the highest empirical coverage, it must also
be noted its prediction sets are also of the largest size since
its predicate classifier is comparatively more uncertain than
the other methods, as evident from Table 1.

5.5. Comparsion of SGG Metrics after incorporat-
ing PC-SGG

From Table 3 one can observe that BGNN+PC-SGG
achieves the highest cR@K and cmR @K values, showcas-
ing the best conformal SGG performance across all the SGG
models used in this paper. When PC-SGG is added, the
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Figure 5. Comparison of C'ovr and AvgSize as functions of to-
ken threshold, 7, for BGNN+PC-SGG.

recall-hit rate improves significantly since the set-valued
triplet predictions provide a much greater chance of cover-
ing the actual ground truth than the standard SGG scenario,
where each detected triplet has only one prediction instead
of a set of predictions. As observed in Table 3, the recall-hit
rate improves by an average of 15.70 % points when com-
paring cR@50 with R@50.

Also, since PC-SGG is designed to achieve class-
conditional coverage guarantees, adding it to any SGG
method significantly improves performance on the tail
classes. Across all SGG methods, we can observe that the
class-conditional recall-hit rate improves by an average of
21.57 % points when comparing cmR@50 with mR@50.
Note that the R@K and mR@K values of the standalone
models differ from those reported in their respective papers
since we retrain them on a new training split of VG150.
Some qualitative results are provided in the supplementary.

5.6. Analysis

We analyze different designs for the MLLM based post-
processing strategy for the BGNN model’s prediction sets.
Impact of token threshold. As mentioned in Sec 4.2, the
choice 7 significantly affects the empirical coverage, as well
as, the size of the truncated triplet prediction sets. As ob-
served in Fig 5 varying 7 between {0.1,0.2,0.3,0.5} shows
when tau, although the AvgSize decreases, it comes at the
cost of a drastic fall in empirical triplet coverage. This is
because, in multiple scenarios, the tokens predicted by the
MLLM with very high probabilities may map to plausible
descriptions of the scene in the test image but may not be
the actual ground truth scene description. Consequently, the
truncated prediction sets omit the ground truth itself. There-
fore, for all experiments, we choose 7 = 0.1.

Impact of image cropping. From Fig 6, we can observe
that if the test image is not cropped with the union feature
of the subject and object bounding boxes, the empirical cov-
erage drops. This is inherent because the visual information
is not restricted to the triplet but involves other background
information that distorts the MLLM’s perception, resulting
in the prediction set entries that have a low correlation with
the cropped scene being incorrectly chosen to be part of the
truncated prediction sets.

80.45

c
Ablation

Figure 6. Impact of different prompting strategies on Covr,
(a)Proposed prompting design, (b) No Image Cropping, (c) No
System Prompt, (d) No Example prompt, (¢) No System and ex-
ample prompt. All results are obtained for the BGNN model.

Impact of in-context learning. By comparing the em-
pirical triplet coverage values of (a) with (c), (d), and (e)
shown in Fig 6, we can observe that the System and Ex-
ample Prompts are critical for the MLLM’s understanding
of the task at hand, as without the system prompt and the
one-shot in-context example there is a significant drop in
empirical coverage. In fact, we observe that without the in-
context example, the token prediction space does not remain
restricted to the MCQ choices, and random tokens are also
predicted. More analysis is provided in the supplementary.

6. Conclusion

We present a novel post-hoc model agnostic method for
quantifying the uncertainty in scene graph generation meth-
ods, such that their reliability can be gauged for safety-
critical applications. To this end, we propose Plausibility
ensured Conformal SGG or PC-SGG. PC-SGG is com-
prised of a novel conformal prediction framework specific
to SGG that facilitates uncertainty quantification by provid-
ing prediction sets of the possible scene graphs in an image.
To ensure the plausibility of the scene graphs in each predic-
tion set, we also propose a novel MLLM-based plausibility
assessment strategy as a post-processing unit of PC-SGG.
We introduce an effective MCQA style prompting strategy
for tasking an MLLM to assess the plausibility of the scene
graphs and truncate the prediction sets. We show how PC-
SGG quantifies the predictive uncertainty of numerous SGG
methods. We also show that utilizing PC-SGG significantly
improves SGG performance as the generation of multiple
plausible scene graphs in an image improves the chances of
capturing the ground-truth graph. In future work, we would
extend the method to video scene graph generation.
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