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1 Further Implementation Details

The models are trained with the SGD optimizer, using the warmup and multistep learning
rate adjustment strategies as in prior works [16, 30]. The batch size for sampled images is 16.
On Visual Genome, models with Motifs or VCTree baselines [30] are trained for a maximum
of 24K iterations, while models using PeNet baseline are trained for 30K iterations, as in the
original PeNet. On Openlmage, the maximum iteration is 30K. Moreover, we describe in
detail the selection of hyperparameters in Sec. 8.3. The positive gradients, negative gradients,
and their gradient ratio can be obtained through Eq. 4 in Sec. 2.

For the visual encoder, besides the common visual encoder trained under a closed-set
hypothesis (i.e., RX101-FPN [13, 26] backbone in Faster R-CNN), we also compare the
CLIP-RNI101 visual encoder [18] trained under an open-set setting in Sec.6.2. In addition
to the CLIP language model, we also compare the BERT language model in Sec.8.2. In the
case of CLIP, the language model is the text encoder of CLIP-RN101 [18]. For BERT, we
utilize its base-scale model as the language model.

2 Gradient Analysis for Prompt Learning in SGG

In this section, we investigate the association between accumulated gradients and sample size
in prompt learning for SGG. Additionally, we explore how positive and negative gradients
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impact the posterior probabilities of SGG models. The probability for class r is given as:

_ exp(z,/7)
Yjzrexp(z;/T) +exp(z/T)’

pr M)

where z, is the logits of r-th class obtained through cosine similarities between text and
relation embeddings, and 7 is the temperature hyper-parameter. Given a training sample x,
with relation label r, the cross-entropy loss can be formulated as:

L(x;) = —log(pr). )

The gradients of the £ with respect to z for sample x, are formulated as:

dL(xy ~ .
gf =% = L1-p), j=r )

where glf and g; denote the generated positive and negative gradients during the optimiza-
tion of sample x,. Effectively, each label category r will get a positive gradient g}, while

other categories j # r will receive a discouraging gradient g from sample x,. We define
the sample set with class r as S, and with other classes as S—,. The accumulated positive
gradients G, negative gradients G, and their ratio A, for class r can be formulated as:

Gl =Yies, |(g))i

G =Yies., (& )il €
[ehg
A=

where i denotes the index of sample (x,); in the sample set S,. Based on Eq. 4, we observe
that the number of samples is proportional to the accumulated gradients. As the percentage
of samples with class r (i.e., B \E'Hs |) increases, there is a corresponding increase in the ac-
cumulated positive gradients for class r. On the other hand, an increase in the proportion of
f | . S| . . i
samples from other classes (i.e., EREE ‘) leads to a corresponding increase in the accumu

lated negative gradients for class r. Therefore, we arrive at the association between sample
proportion and accumulated gradients as follows:

[Sr| +

[S/]+[S=r] o< Gy (5)

S o
1S/ [+[8—] T

Therefore, obtaining a higher ratio of positive gradients for class r can increase the sam-

ple proportion of class r. Given that |Sr|i" ‘Sw\ =3 +|sj,\ & there are two ways to increase

the sample proportion of class r: i) adding samples in S, and ii) reducing samples in S_,.
Moreover, according to Bayes’ theorem, the posterior probability p(y|x) of y given image

x can be formulated as:

px) o< p(y)p(x[y)- (6)

For category r, its prior probability is defined as p(y = r), denoted as p,, which is pro-
portional to the sample number |S,| of class r [17, 23]. Therefore, based on Eq. 4-6, we can
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derive the mathematical relationship as follows:

Pro< pro<|S[e<Gf
Pr o< pp o< ﬁ o< GL_ (7)
5 1
Pr o< Pr =< |Sr| o< 5] o< A,

In the proposed HP, the sample category scope is progressively narrowed for BP, FIP, and
IIP, respectively. Moreover, to eliminate the influence of high-proportion discouraging nega-
tive gradients from majority classes, we respectively exclude the background class and head
class relation embeddings in FIP and IIP, which can also retain as many relation embeddings
for minority classes as possible. We define the training sample set for BP, FIP, and IIP as
sPP, sfiP and S'P. For a tail class r, the relationship among them is: \SE‘H > |SE‘;| > |SEE .
Based on the conclusion in Eq. 7, we can derive the following relationship formula:

AP < AfP < glip, (8)

Consequently, a tail class in IIP has a higher accumulated positive gradient ratio than in
FIP and BP. Similarly, a foreground class in FIP has a higher accumulated positive gradient
ratio than in BP, which is the plain prompt used in SGG models. Therefore, HP can aid in
enhancing the learning of tail classes and foreground classes for SGG models. According to
Eq. 7, we can infer that HP can also help improve their posterior probabilities.

3 Relation Feature Extractor

Relation Feature Extractor
[xy,w,h,c]

% Visual Encoder
Detector

Faster-RCNN

The relation feature extractor is used to ex-
tract regional relation features from input im-
ages I. More detailed schematics are shown
in Fig. 1, which consists of the following
modules:

Object Detector is used to detect the bound-
ing box of nodes in scene graphs, which can
be formalized as follows:

([xayawvh]»c) = (9)

RX101-FPN

# Object Refined Models  Visual Encoder

Object Relation

=> Context =:> Context

Encoder Encoder

_______ g

prompt Re 5-_.@::- P [omiest]

[P1, D - Pl Text Encoderty & S(-,) L Projection Layer

Figure 1: Overall framework of relation fea-
ture extractor. The right part (a) is the visual
encoder RX101 from Faster-RCNN, and (b)

[x,y,w,h]
4

" Regional
Feature
Extractor.

(a) closed-set

Visual Encoder,

(b) open-set

o= (b,c)= Objpet(I),

where o means the nodes containing detected
object boxes b=|[x,y,w, h] with classes c.
Regional Feature Extractor is used to ex-

is the visual encoder RN101 from CLIP.
Some intermediate variables are omitted in
this framework diagram for clarity.

tract regional features of object regions and union regions (c.f. Eq. 10). Specifically, the
visual encoder (denoted as Viseyc) first extracts the image-level feature maps. Notably, in
this work, in addition to the traditional Faster-RCNN visual encoder [19] obtained from
closed-set training, we also introduce the visual encoder of CLIP [18] obtained from open-
set training (c.f. Fig. 1). Subsequently, we use the RolAlign operator (denoted as Roiyign)
[8] to align the feature maps f to obtain the initial object features v and union features u,
which can be formalized as follows:

f = Visenc( )
V= ROiahgn (f
u = Roigjign (f,0"),

(10)
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where b denotes the union regions of subject and object entities.

Object Refined Model is used to refine the object and union features to conclude the relation
features. Specifically, it consists of the following two submoudles:

i) Object Context Encoder. Similar to the Faster-RCNN framework [19], we apply two MLP
modules to encode object context. The object features encoded can be formalized as follows:

h = MLP(v). (11)

ii) Relation Context Encoder. The refined object features can be obtained using the rela-
tion context encoder (denoted as RCep, €.g., Motifs [28] and VCTree [24]). This encoder
requires inputting bounding boxes o and object features, which can be formalized as follows:

f =RCepc(h,0). (12)

Next, we use two MLP modules to encode the union features. Subsequently, the union
spatial encoder (denoted as USgy), containing two convolutional layers [24, 25], is applied
to obtain spatial union features for paired object bounding boxes (b*,b5°). These spatial union
features are then fused with the encoded union features to obtain the refined union features,
which can be formalized as follows:

Jfu=MLP(u) + USenc (b°,5°). (13)
As described in the main paper, the final relation features are formalized as follows:

Lr=f®folo fu. (14)

4 Efficient Discrete Triplet Prompt (EDTP)

As described in the main paper, the DTP faces a significant challenge of high computational
complexity (O(N,x|R|)) as it requires sampling all triplets to establish the prompts. To
mitigate the overburden on GPU memory, we optimize the engineering implementation by
obtaining text embeddings for the triplet prompt before training. We refer to this process as
the “offline process"”, and the DTP method optimized with this approach is denoted as EDTP.
During the offline process, we use the text encoder to obtain text embeddings for all possible
triplet prompts and store them for future use. During training, we obtain triplet word tokens
for all object pairs and directly retrieve the corresponding triplet text embeddings from the
pre-stored triplet text embeddings. Although this approach effectively solves the memory
constraint issue, it still incurs significant computation and inference time. In addition to the
extra overhead for downloading text embeddings and transferring them to the GPU memory,
the EDTP must perform matrix multiplication between the text embeddings and visual em-
beddings for each triplet. Consequently, the computational complexity remains proportional
to the large number of triplets processed.

S Design Details for HP

5.1 Design Details for Informative Prompt

As mentioned in the main paper, HP has high flexibility to select any of the three basic
prompts for utilization in HP. However, due to the inefficient computational efficiency of
DTP, we limit our consideration to RP and CTP.
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Algorithm 1 Pseudocode of Multi-Modal Contrastive Loss Function of Informative Prompts
in a PyTorch-like style.

def ip_loss(t, £, t_ip, tau)
t: normalized text embeddings of triplets
f: normalized relation emk i

d text embeddings of

_ip: informative prompts

He e e e S

1 coslne s \TH“/EJ”\L es
loglts text_ 1 mm(t_ip, t.T) * exp(tau)
logits_text_j mm(t, t_ip.T) * exp(tau)
logits_vis_i = mm(t_ip, £.T) % exp(tau)
logits_vis_3 = mm(f, t_ip.T) * exp(tau)

# symmetric contrastive loss function

labels = arange (t_ip.shape([0])

1_t_i = CELoss(logits_text_i, labels, axis=0)
1_t_j = CELoss (logits_text_Jj, labels, axis=0)
1_v_i = CELoss(logits_vis_i, labels, axis=0)
1_v_3j = CELoss(logits_vis_j, labels, axis=0)
loss = (1t i + 1 t j+ 1 v i+ 1 v_3j) / 4
return loss

mm: matrix multiplication; exp: exponential function; arange: returns a tensor of equally spaced values within a
given range; CELoss: cross-entropy loss function.

Subsequently, we will discuss which of RP and CTP is more suitable for use in HP.
CTP introduces learnable variables to capture object information in comparison to RP. This
endows it with two distinct advantages: Firstly, learnable parameters allow the model to
capture information not only from the visual modality but also from the textual modality. The
acquisition of multimodal information enables it to more effectively learn informative SGG.
To be more specific, consider FIP as an example. As depicted in Eq. 15, we conclude two-
modality similarities: z, and Z,, which are learned in the visual and textual modality spaces,
respectively. The textual modality knowledge comes from the triplet textual information.

{ Visual : z, = S(t,ercr, ),t = G(Tsp)

Textual : Z, = S(t,ttrcr, ), 1t = g(7:1q[,r6R+ ), (15)

where ¢ represents the text embeddings of the input foreground triplets. The two formulas
in Eq. 15 respectively indicate that the embeddings of the informative prompts need to be
aligned with the visual embeddings and the triplet textual embeddings. Therefore, FIP is
learned by incorporating information from both the visual modality space and the textual
modality space. Moreover, we employ the contrastive learning system [18] to maximize the
cosine similarities of matched pairs and minimize the cosine similarities of unmatched pairs.
The multi-modal contrastive loss function is as follows:

exp 2r/7T)

lﬁP_V(€r6R+) —lo gZ]eR+ H&,exp( ]//r>)+exp(zr/r) (16)
/T
lip—t(erer.) = —logg-— — J#,::& TG

In accordance with [18], we reverse the order of e cg ot for z,, and tt,cg,, t for Z, in
Eq. 15, then we get the symmetric loss functions (lﬁp v> lfip—1). Ultimately, the objective
function of FIP is formalized as follows:

lﬁp = (lﬁpfv + lﬁpft +Zﬁp7v +Zﬁp71)/4' a7

When computing i, replace Tg, with T, and restrict the training samples to the R;
set. The pseudocode for the multi-modal contrastive loss is visible in the Algorithm. 1.
Subsequently, we validate our findings through experiments. As illustrated in Tab. 1, the
experiments indicate that: 1) the performance of HP-i-CTP surpasses HP-i-RP when aligning
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only a single visual modality. 2) The introduction of the textual modality information leads
to noticeable performance gains; HP-i-CTP (w/ V+T) outperforms HP-i-CTP (w/ V) by
0.4, 0.6, and 0.5 points in R@100, mR@ 100, and MR @ 100, respectively. 3) Additionally,
incorporating the multi-modal contrastive loss in HP can also enrich its learning with more
valuable information, resulting in enhanced performance on mR @K and MR @K.

Secondly, in contrast to RP, the CTP  Brompt Formas [R@30/100| mR@50/@ 100 MR@50/100
allows the FIP, IIP, and MP in HP to have  np-i-rP(w/ V) 654/672| 180/19.5 | 41.7/43.4
. . HP-i-CTP(w/ V) 65.9/67.6| 18.1/195 | 42.0/43.6
independent and diverse sets of param- HP-i-CTP(w/ V+T) 65.9/67.6| 18.7/20.1 | 42.3/439
eters for utilization in the ensemble in-  HP--CTP(w/ V4T) + ensemble|64.8/67.4| 18.7/21.3 | 41.8/44.4

. . HP(wW/ V) 6537672 1867203 | 42.0/43.8
ference, which can aggregate the predic-  npw v 65.7/67.4| 19.1/206 | 42.4/440
tiOnS fr()m indiVidual prOmptS and further HP(w/ V+T) + ensemble 64.2/66.0| 24.1/258 44.2/45.9

Table 1: Ablation study of different prompt
choices in HP-i and HP (on the PredCls task), w/
V indicates only learning the visual knowledge,
while V+T means learning both textual and vi-
sual knowledge. Ensemble means the ensemble

increase the performance of HP. How-
ever, the fixed parameters in RP prevent
it from possessing such capability. As
shown in Tab. 1, after employing en-
semble inference, HP-i-CTP outperforms
HP-i-RP by 0.2, 1.8, and 1.0 points in nference method.

R@100, mR@100, and MR @ 100, respectively.

Based on the above observations, we have chosen CTP as the informative prompts (in-
cluding FIP and IIP) in the relevant experiments and exploited the multimodal constrative
loss function to learn them. Moreover, the selection of the BP format is discussed for differ-
ent tasks. Detailed explanations are provided in the experimental section of the main paper.

5.2 Design Details for CTP

When using CTP to learn novel predicates, Tk | Methods PredCs

. . R@ 50/100|mR@ 50/100|MR@ 50/ 100
there are some design details that need to be CTP (class-specific)| WATN/A | NAINA | NATNA

NPG (Novel)

. . CTP (unified) 12/12 14/14 13/13
discussed. Due to the ClaSS-SpeClﬁC nature of Infor-SGG | FIP (class-specific) | 6427660 | 2417258 | 4427459
nior HP (unified) 64.3/663 | 228/245 | 43.6/454

CTP, where each set of learnable parameters
is related to one predicate class seen in train- Table 2: Comparison of class-specific and
ing, it is not applicable to the NPG task since unified CTP in NPG and Infor-SGG (infor-
novel classes are not given during the training mative SGG) tasks.

process. To reduce this restriction, we include the same learnable parameters for all predicate
classes as in [31]. Its formula is as follows:

T ={[V*,REL;,V°]}o<i<|r|; (18)

where V* and V° denote the unified prompt that are the same vectors for any predicate class.
As shown in Tab. 2, unified CTP is able to better predict novel classes in NPG. Therefore, in
the NPG task experiments with CTP, we resort to using unified CTP.

Moreover, under the condition of sufficient training data, e.g., in the conventional in-
formative SGG task, we compare the performance of both class-specific and unified CTP
combined with the HP method. As shown in Tab. 2, we observe that the mR@K and MR @K
performance of class-specific CTP are superior to that of unified CTP. This is likely attributed
to the strength of class-specific parameters in learning multimodal knowledge, which proves
advantageous for decision-making in different categories. Therefore, we prioritize class-
specific CTP in the informative SGG task due to its enhanced performance.
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Models \ PredCls [ SGCls [ SGDet
| R@50/100 mR@50/100 MR@50/100 | R@50/100 mR@50/100 MR@50/100 | R@50/100 mR@50/100 MR@50/100

Motifs [28] cver 75 652/670  148/161  400/416 | 389/398  83/88 23.6/243 | 328/372  68/79 19.8/22.6
+HP-i 648/674  187/213  418/444 | 400/407  1LI/118  256/263 | 329/374  80/93 205/234
+HP 642/660  241/258  442/459 | 393/402  135/143  264/273 | 319/363  89/105  20.4/234
VCTree [24] cvrr 19 654/672  167/182  411/427 | 467/476  118/125  293/30.1 | 319/362  7.4/87 19.7/225
+HP-i 65.1/669  204/221  428/445 | 457/468 1367146  297/307 | 319/362  79/96 19.9/22.9
+HP 63.3/652  238/257  43.6/455 | 462/472  143/157  303/3L5 | 308/351  92/108  20.0/230
Transformer [25] cvpro20 | 65.6/673 1637173 41.0/423 | 402/410  10.1/10.7  252/259 | 33.0/374  8.1/96 2067235
+HP-i 65.6/674  198/21.4  427/444 | 400/409  11.0/11.6  255/263 | 322/369  84/10. 203/23.5
+HP 640/659  253/27.0  447/465 | 393/40.0  145/154  269/278 | 317/361  92/107  205/23.4
GPSNet [15] cvprzox | 65.0/669  149/160  400/415 | 382/392  88/93 235/243 | 31.5/340  73/83 19.4/212
+HP-i 658/675  205/218  432/447 | 379/390  107/113  243/252 | 313/339  89/103  20.1/221
+HP 61.7/638  243/271  430/455 | 363/37.6  131/143  247/260 | 286/305  104/120  195/213
SHL [5] cvpr 22 * 65.1/669  160/173  406/421 | 39.7/405  9.6/102  247/254 | 322/367  13/86 19.8/22.7
+HP-i 649/667  20.1/225  425/446 | 39.0/397  116/123  253/260 | 325/369  7.9/93 202/23.1
+HP 629/647  250/271 4407459 | 387/396  127/136  257/266 | 299/343  9.9/12.0 19.9/232

Table 3: Comprehensive performance comparison of HP with different types of plain base-
line models on VG. * means the results are reproduced following the open-source codes.
The top-performing methods across all settings are underlined.

Models [ PredCls [ SGCls [ SGDet
‘ R@50/100 mR@50/100 MR@50/100 ‘ R@50/100 mR@50/100 MR@50/100 ‘ R@50/100 mR@50/100 MR@50/100

Motifs ‘ 65.2/67.0 14.8/16.1 40.0/41.6 ‘ 38.9/39.8 8.3/8.8 23.6/24.3 ‘ 32.8/372 6.8/79 19.8/22.6
Rwt [2, 30] cver 19 53.2/55.5 33.7/36.1 43.5/45.8 32.1/334 17.7/19.1 249/26.3 25.1/28.2 13.3/15.4 19.2/21.8
Rwt + HP 533/554 37.3/39.3 45.3/47.4 33.4/344 21.6/22.8 27.5/28.6 25.9/30.0 15.4/18.2 20.7/24.1
Rsp [12]* cypr 21 64.9/66.7 19.9/21.5 42.4/44.1 38.7/395 104/11.0 24.6/25.3 31.8/36.2 8.5/10.2 20.2/232
Rsp + HP 62.1/64.2 24.0/25.8 43.1/45.0 36.9/379 13.9/14.8 25.4/264 30.3/34.7 10.0/11.8 20.2/23.3
GCL [5] cvpr 22 42.7/44.4 36.1/38.2 39.4/413 26.1/27.1 20.8/21.8 23.5/245 18.4/22.0 16.8/19.3 17.6/20.7
GCL + HP 50.4/52.5 34.5/37.0 42.5/44.8 26.8/27.8 22.0/23.1 24.4/255 21.3/249 16.3/18.8 18.8/21.9
Cacao [27]% jecv 23 | 34.5/35.7 35.7/38.4 35.1/37.1 24.5/25.1 19.1/20.4 21.8/22.8 22.3/26.6 12.2/14.8 17.3/20.7
Cacao + HP 43.3/49.5 31.5/37.8 37.4/43.7 32.3/343 19.3/21.8 25.8/28.1 22.0/263 12.5/15.2 17.3/20.8

Table 4: Comprehensive performance comparison of HP with different types of debiasing
baseline models on VG. x means the results are reproduced following the open-source codes.

6 Additional Experiments of HP

6.1 Additional Baselines

To better evaluate the effectiveness of our proposed HP on informative SGG, we comprehen-
sively compare them on two types of baselines. Firstly, for plain baseline models without
employing debiasing methods, we report the performance of the proposed HP using four
different types of relation encoders. These encoders include the Motifs [28] model, which
employs LSTM architecture; the VCTree [24] constructed by tree-based structure; the Tran-
former [25] and SHL [4] models, which both incorporate transformer-based modules; and
the GPSNet model [15] which utilizes the message passing module. Surprisingly, as shown
in Tab. 3, our proposed HP-i and HP achieve better performance on almost all mR@XK and
MR @K than the baselines and maintain pretty good performance in R@K across all three
tasks. Moreover, HP performs better than HP-i on mR@K and MR @K with various plain
baseline models. These results demonstrate that HP is a plug-and-play, general method ca-
pable of enhancing the performance of informative predicates on plain baseline models.
Secondly, for debiasing baseline models, we report the performance of the proposed HP
using four different types of debiasing models. These methods include the Cacao [27], which
enhances the SGG dataset by generating more tail samples; the GCL method, which employs
a set of classifiers specialized in learning different classes; the data resampling method (de-
noted as Rsp), which is a bi-level data resampling strategy [12] to balance the biased data
distribution; and the reweighting method (denoted as Rwt), which amplifies loss weights for
tail classes and diminishes loss weights for head classes. As shown in Tab. 4, we make two
observations: 1) With regard to Cacao and GCL, their over-emphasis on tail classes at the
expense of head classes significantly degrades their R@K despite slightly higher mR@K
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‘ . ‘ PredCls ‘ SGDet
Models ViSene
‘ ‘ R@50/100 mR@50/100 MR@50/100 ‘ R@50/100 mR@50/100 MR@50/ 100
RP RXI101-FPN | 65.7/67.4 16.7/18.0 41.2/42.7 32.8/37.1 7.6/9.0 20.2/23.1
CLIP-RN101 | 61.3/65.8 14.4/17.6 37.9/41.7 31.7/36.0 7.378.7 19.5/224
TP RX101-FPN | 65.7/67.4 17.2/18.4 4157429 32.9/37.5 7.7/9.1 20.3/23.3
CLIP-RN101 | 65.1/67.0 17.6/19.1 41.4/43.1 31.6/36.0 7.57/9.0 19.6/22.5
Hp RX101-FPN | 64.2/66.0 24.1/25.8 4427459 31.9/36.3 8.9/10.5 20.4/234
CLIP-RN101 | 63.7/65.6 24.4/26.3 44.1/46.0 32.2/35.6 9.4/10.9 20.8/23.3

Table 5: Comprehensive performance comparison of various visual encoders under the in-
formative predicate learning task on VG. The baseline model is the Motifs model.

Split | Models | Viswe | PredCls ‘ SGDet
| | | R@50/100 mR@50/100 MR@50/100 | R@50/100 mR@50/100 MR@50/ 100
RP RXI01-FPN | 64.5/664  14.6/158 39.6/41.1 | 31.9/362 64775 19.2/218
CLIP-RN101 | 63.5/655  16.9/18.3 40.2/419 | 30.6/35.0 7.0/83 18.8/21.7
Base | opp | RXIOLFPN | 645/664  16.1/173 40.3/418 | 295/338 7.1/85 18.3/21.2
CLIPRNI0I | 63.6/657  16.7/18.1 402/41.9 | 30.7/349 7.1/84 18.9/21.7
ap RXI01-FPN | 63.9/659  194/21.1 4177435 | 31.6/359 78192 19.7/22.5
CLIPRNIOI | 62.6/647  22.0/238  423/443 | 300/343  8.6/102 1937223
RP RX101-FPN | 11.1/11.2 59/59 85/85 54158 3.1/35 43/4.7
CLIPRNI0I | 99/100  10.6/10.7 10.3/104 56/59 32/33 44/4.6
Novel | opp | RXIOL-FPN | 12/12 14/1.4 13/13 0.3/04 03/04 03/04
CLIP-RNIOI | 1.1/12 1.6/18 14/15 0.1/0.2 0.3/0.4 0.2/0.3
Hp RXI01-FPN | 13.4/134 7.9/79 10.6/10.6 69/177 55/63 62/7.0
CLIP-RN101 | 16.8/17.1  10.7/10.9 13.8/14.0 7.9/89 5.6/6.4 6.8/7.7
RP RX101-FPN | 18.9/19.1 8.4/86 14.0/14.1 9.3/10.0 42/4.8 7.0/17.7
CLIPRNIOI | 17.1/174  13.0/135 164/167 | 95/10.1 44/47 7.1/76
HM | orp | RXI0L-FPN | 23/23 25/25 25/25 0.6/038 0.6/0.8 0.6/0.8
CLIPRNI0I | 22/24 29/33 27/29 02/04 0.6/0.8 0.4/0.6
Hp RXI01-FPN | 22.1/223  112/115 169/17.1 | 11.3/127 65/75 9.4/10.7
CLIPRNIOI | 265/27.1  144/150  20.8/213 | 125/14.1 6.8/7.9 10.1/114

Table 6: Comprehensive performance comparison of various visual encoders under the novel
predicate generalization task on VG. The baseline model is the Motifs model.

performance (only on the PredCls task), thus losing precision in the prediction of common
predicates. However, by adding our HP, they preserve head-class performance; the loss on
R@K is less significant, while mR@K is also greatly improved over the Motifs baseline.
This shows that our method can greatly encourage the learning of foreground and tail-class
predicates while alleviating head-class degradation. 2) With respect to Rsp and Rwt, our HP
outperforms them on mR@K and MR@K across all three tasks. All these results demon-
strate the effectiveness of our method when combined with debiasing techniques.

In conclusion, our HP is applicable to various types of SGG baselines, highlighting its
strong transferability and generalizability. The extensive experimental results consistently
demonstrate the stable enhancement achieved by HP across these baselines, particularly in
informative predicate prediction. Furthermore, when integrated with debiasing methods, our
HP attains a new state-of-the-art performance on mR @K and MR @K in informative SGG.

6.2 Additional Visual Encoder

As discussed in Sec. 3, we introduce two visual encoders. The first is the visual backbone
from closed-set trained Faster R-CNN: RX101-FPN. The second is the visual encoder from
open-set trained CLIP: CLIP-RN101. The object context model of pre-trained Faster-RCNN
has a significant impact on the performance of SGCls mode, but this model is not available
with the CLIP visual encoder. Therefore, to ensure a relatively fair comparison with RX101-
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FPN, we omit the SGCls protocol. We conduct comparative experiments for these two visual
encoders under informative predicate learning and novel predicate generalization tasks.

Firstly, as shown in Tab. 5, different prompts on the two visual encoders achieve close
performance in terms of mR@K and MR @K metrics. Secondly, different prompts on CLIP-
RN101 consistently outperform RX101-FPN across almost all mR@K and MR @K metrics
in the novel split, as shown in Tab. 6. CLIP-RN101 also performs better on the HM met-
ric with various prompts. Based on these results, we draw two conclusions: 1) Under a
closed-set experimental condition where only base categories need to be predicted, both vi-
sual encoders perform similarly (c.f. Tab. 5). 2) Under an open-set experimental condition
where novel categories need to be predicted, the CLIP visual encoder yields better perfor-
mance in prompt learning (c.f. Tab. 6). Notably, we apply RX101-FPN as the visual encoder
in the main paper to ensure fair comparison with previous works [24, 25, 28].

Additionally, HP outperforms RP and CTP in terms of mR@K and MR @K performance
with both two visual encoders, which further demonstrates the effectiveness of HP.

6.3 Additional Method Comparison

In this subsection, we will conduct a comparative analysis to highlight the superiority of our
HP compared to comparators. These methods primarily include:

6.3.1 Gradient-adjusting Methods.

HP involves adjusting propagated gradients. We compare it against other gradient-adjusting
approaches, including EQL V1 and V2 [21, 22]. The differences between them include: 1)
Forms. EQL V1 and V2 [21, 22] adjust gradients by relying on the loss functions, whereas
HP adjusts gradients based on the gradient distribution as a prior and employs specialized
prompts to adjust the gradient ratios of foreground and tail classes. This makes HP a model-
level enhancement rather than a loss-level modification. Thus, these two types of methods are
different in form and not conflicting, allowing them to be combined for better performance.
2) Adjustment strengths. EQL 0y

V1 overlooks discouraging gradients 1

from background classes, and EQL V2 @”’f

uses a function to calculate an adjust- 1: Baseline EQL V1 EQL V2

ing weight to balance positive and neg- - FIP i

ative gradient ratios, with its adjust- 0107 _

ment strength constrained by an upper 0081 Eﬁ,se“ne ESL Vi FQL V2

limit of this function. Consequently, 3z
the adjustment strengths of both meth-
ods are relatively moderate. HP gains a

more significant boost in positive gradi- _ ° © L e *
ent ratios for foreground and tail classes Figure 2: (a) Gradient ratio of positives to nega-

by eliminating discouraging gradients tiyes for foreg'r(')und classes. (b) The average pre-
from background and head classes, as dicted probability for foreground classes. The x-
shown in Fig. 2 (a). Furthermore, as axis is the category index, arranged according to
shown in Flg 2 (b), EQL V1 and EQL the instance count of each Category.

V2 exhibit a relatively marginal improvement in the probability of foreground categories. In
contrast, in HP, FIP surpasses both methods in enhancing the predicted probabilities of fore-
ground categories. Moreover, IIP further increases the predicted probabilities of tail classes.
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3) Performance. HP outperforms both methods, as shown in Tab. 7. Specifically, HP
gains 4.0 points higher on mR@K and 1.3 points higher on MR@K than EQL V2. Addition-
ally, HP can be flexibly combined with the aforementioned methods to further enhance the
learning of foreground and tail categories. For example, as shown in Tab. 7, the performance
of mR @100 and MR @ 100 with HP+EQL V2 exceeds that of EQL V2 by 4.4 and 1.7 points,
respectively.

6.3.2 Background-foreground Balancing Learning Methods.

FIP involves balancing learning between [R@50/100]mR@S0/100 MR @S07T00
background and foreground classes. To prove .- 6527670 1487161 | 4007416
the superiority of the FIP, we compare it with  CTP(Focal Loss)|64.4/66.5| 15.7/17.7 | 40.1/42.1
some possible alternative approaches. CTP(r=0.25) |65.6/67.4| 17.2/18.6 | 41.4/43.0

Firstly, we compare FIP with Focal Loss gﬁg’ :,02'50) R Rl el

’ m=2) [656/67.3| 17.2/18.6 | 41.4/43.0
[14], a classic method for addressing simi-  CTP(n=4) 65.7/67.4| 17.5/18.9 | 41.6/43.2
lar issugs in objecF detection. As .shown in Egj $1F[I§1)] 22:2;2;:2 iggﬁ;g :::g;:‘;;
Tab. 7, incorporating Focal Loss into CTP  gqLv2(22] |65.5/67.4| 19.7/21.8 | 42.6/44.6
marginally improves mR@K but decreases HP 64.2/66.0| 24.1/25.8 | 44.2/459
R@K. Consequently, combining SGG mod- HP+EQL V2 |632/650| 28.1/302 | 457/47.6
els with Focal Loss does not effectively ad- Table 7 Performance comparison of differ-
dress the imbalance between background and ent basic prompts on the NPG task.
foreground. The possible reason for such results is that it still relies on passive adjustment
of the learning process through loss without actively tuning like our FIP.

Secondly, we introduce background triplet sampling in each training batch. Specifically,
we define the batch size of background triplets as B~ and the sampling ratio as r for the
baseline model. We then randomly sample B~ * r background triplets in each batch. As
shown in Tab. 7, there are minimal changes observed in R@K and mR @K for CTP (r = 0.25)
and CTP (r = 0.50). FIP surpasses the background sampling methods on R@K and mR @K.

Thirdly, we augment the training batch with copies of foreground triplets. As depicted
in Tab. 7, we set the replication multiples m to either 2 or 4. It is observed that the R@K
remains largely unchanged, while the mR @K and MR @K are inferior compared to FIP.

The second and third comparisons demonstrate that simply augmenting foreground triplets
or removing background triplets does not effectively mitigate the background-foreground
class imbalance issue in SGG. In contrast, our proposed FIP approach integrates additional
positive learning gradients, enhancing the learning of foreground triplets and mitigating the
detrimental impact of background triplets. This presents FIP as a more effective optimization-
centric solution to the background-foreground unbalanced learning problem.

6.3.3 Multi-expert Model Methods.

There are certain similarities between our method and multi-expert models, such as GCL [5],
and a model variant of our method (denoted as HFC), which replaces the prompts in HP as
FC (fully connected layer). These models share a multi-expert model structure. Despite the
structural similarity, our approach exhibits superior traits that set it apart from these methods.

Compared to GCL, HP offers three advantages: 1) GCL is specifically designed for SGG
tasks, exhibiting overly strong task coupling and lacking the versatility to extend to other
tasks. In contrast, our HP can be easily applied to other related tasks (e.g., the long-tailed
classification discussed in Sec. 7. 2) GCL lacks novel predicate prediction capability, while
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Models I PredCls I SGCls I SGDet

‘ R@50/100 mR@50/100 MR@50/100 ‘ R@50/100 mR@50/100 MR@50/100 ‘ R@50/100 mR@50/100 MR@50/100
Motifs [28] 65.2/67.0 14.8/16.1 40.0/41.6 38.9/39.8 8.3/88 23.6/24.3 32.8/37.2 6.8/79 19.8/22.6
+HFC 62.1/64.3 232/254 4277449 38.3/39.3 13.3/142 25.8/26.8 32.4/36.8 79/9.3 20.2/23.1
+HP 64.2/66.0 24.1/25.8 44.2/459 39.3/40.2 13.5/14.3 26.4/27.3 31.9/36.3 8.9/10.5 20.4/23.4
+GCL [5] 42.7/44.4 36.1/38.2 39.4/413 26.1/27.1 20.8/21.8 23.5/245 18.4/22.0 16.8/19.3 17.6/20.7
+GCL+HP | 504/525 34.5/37.0 42.5/44.8 26.8/27.8 22.0/23.1 24.4/255 21.3/249 16.3/18.8 18.8/21.9

Table 8: Comprehensive performance comparison of different types of multi-expert model
methods in the informative SGG task on the VG dataset. The R@50/100, mR@50/100, and
MR @50/100 on PredCls, SGCls, and SGDet tasks are reported.

Method [CIFAR-T0-LT | | CIFAR-T00-LT | Method [Head [ Tail [ Al
; Baseline [19] |25.05]23.96]24.17

Baseline [7 28.8 60.2

aseline [7] Rwt [2] 23.81(22.84|23.02

Rwt [2] 27.1 59.6

Focal Loss [14] 277 59.6 Focal Loss [14]]22.40|21.81[21.93

BOL V1 [21] 569 P EQL VI [21] |21.97|23.03|22.84

EOL V2 [22] 580 P EQL V2 [22] |25.41|24.52|24.69

Hp 330 o1 HP ‘ 2527 ‘ 2430 ‘ 24.49

HP+EQL V1 519 o HP+EQL V2 |25.54|24.55|24.75

Table 9: Test set balanced error (averaged Table 10: Comparison of different balanc-

over 5 trials) on long-tailed CIFAR-10/-100  ing learning methods in the object detec-
with ResNet-32 [7] as backbone. tion task on the VG dataset, the APsy of

different splits is reported.

our HP can predict novel predicates in a zero-shot inference manner. 3) The model design
of GCL is excessively rigid, with high component coupling, impeding quick and seamless
transferability. On the contrary, HP boasts flexibility and strong transferability. We can
effortlessly integrate HP with GCL by substituting HC for GCL’s classifier, as illustrated
in Tab. 8, resulting in GCL+HP demonstrating significant performance improvements over
GCL on R@K and MR@K.

Compared to HFC, HP offers two advantages: 1) HFC lacks the capability for novel
predicate prediction, whereas HP possesses it. 2) HFC does not match our performance.
As indicated in Tab. 8, HP surpasses HFC on all three metrics across the three tasks. The
potential reason is that HP is a prompt-based learning method capable of leveraging informa-
tive textual modal knowledge obtained from large-scale language models. The integration of
information from different modalities may be advantageous for informative SGG [32]. How-
ever, HFC does not incorporate such textual modal knowledge through prompt learning.

7 Generalization of HP to Other Tasks

Our method can be applied not only to the SGG task but also to other tasks, including:

7.1 Long-tailed Classification

Experimental Setting. We perform experiments on long-tailed image classification datasets,
including CIFAR-10-LT [11] and CIFAR-100-LT [11], and the long-tailed data distribution
of them is shown in Fig. 3 (b)-(c). We report the test set balanced error (averaged over 5
trials). The category with the sample count ranking in the top 20% is designated as the head
classes for these two datasets. We use ResNet-32 [7] as the backbone model.

Experimental Results. We compare several commonly used methods for balanced classifi-
cation in Tab. 9 and draw two observations: 1) Among these approaches, HP yields the best
results on both long-tailed datasets. 2) Our method can be integrated with these approaches
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to further enhance performance in long-tailed classification. For example, the combination
of EQL V1+HP outperforms both HP and EQL V1 on both long-tailed datasets.

7.2 Long-tailed Detection

Experimental Setting. Furthermore, we apply our HP to the long-tailed detection task.
Notably, the object classes in VG exhibit a long-tail distribution, as illustrated in Fig. 3 (a).
Therefore, we conduct comparative ex- 0.0 Ve

periments on the VG detection split (aon
to assess the performance of our HP .

0.007

150

method in comparison to several com- p——

monly employed approaches for ad- °%

dressing long-tailed detection. To bet- oo

ter elucidate the performance improve- ... =
CIFAR-10-LT

0.3-

ments in tail-class detection, we report >
the APso for different class splits, in- 01

cluding head classes (sample size > % e . .
10K), tail classes (sample size < 10K), Figure 3: Distribution of different long-tailed

datasets. The x-axis ticks are arranged in reverse
order according to the number of samples. (a) The
distribution of object instances in VG. (b) The dis-
made: 1) Our HP significantly outper- tribution of classes in CIFAR-100-LT. (c). The
forms the baseline. 2) Our HP ranks distribution of classes in CIFAR-10-LT.

second only to EQL V2 and surpasses all other methods in all three splits. 3) Our HP can
be seamlessly integrated into other balanced learning methods for long-tailed detection. For
instance, the combination of HP and EQL V2 yields additional improvements, achieving the
best overall performance.

and all classes.
Experimental Results. As shown in
Tab. 10, three key observations can be

7.3 Zero-shot Relationship Retrieval

Experimental Setting. We employ the zero-shot recall, denoted as zs-R@K [25, 28], to
evaluate the performance of all models on unseen triplets during training.
Different from NPG, zero-shot relationship

1 3 10t1 _ PredCls SGCls SGDet
rejtrle.val 1nv01v.es predllctmg unseen com Models e RS TSR e 00
binations of triplets with seen predicates  Dec[] 13.6/165 32748 29740

. . PeNet [30] 17.2/20.9 54/6.5 2.3/3.6
[25, 28]. In this scenario, we compare Motifs [25, 28] 1097145 22730 0.1/02
4 _ Motifs (TDE) [25] 14.4/18.2 34/45 23/29

Performance Wlth'OthCI: methpds anress Mtifs (EMB) [20] W o e
ing zero-shot relationship retrieval, includ- ~ Motis HP- 18.9/22.0 48756 2.1/32
. . Motifs (HP) 19.1/21.9 49/59 22/35
ing model-agnostic models TDE [25] and = ~ctre 124, 251 10.8/14.3 19726 02707
. VCTree (TDE) [25] 143/17.6 32/40 2.6/32

EMB [20], as well as model-specific mod-  {cree eme) 120; a o 05
elS PeNet [’;O] and DeC [9] VCTree (HP-i) 17.6/21.0 7.5/8.7 22/34
- : VCTree (HP) 18.9/22.0 6.2/7.6 22/33

Experimental Results. We derive three ob-
servations from Tab. 11: 1) Our HP signif-
icantly outperforms baseline. 2) HP per-

Table 11: Comparison of different methods
under all three sub-tasks on the VG dataset.
Model-specific models are marked in gray.

forrgs better.than other methods. On the Zero-shot Recall (zs-R@50/100) is reported.
Motifs baseline [28], HP outperforms the

second-best model-agnostic method TDE by 15.3%, 31.1%, and 20.7% on PredCls, SG-
Cls, and SGDet, respectively. HP also achieves comparable or superior performance with
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[ PredCls SGCls SGDet M ) \ PredCls
Method ethods

| mR@50/100 mR@50/100 mR@50/100 R@100 |mR@100| MR@100
AP 6427660] 2417258 | 4427459
%ENJ;” 1?-”}2-2 5.0/63 3-2’4-1 W/oBP 3947450] 23.7728.0 | 3167365
: 125) S/134 53768 7139 w /o FIP 64.4/66.2| 20.4/22.1 | 42.4/44.2
Motifs [28] 9.6/119  45/58 1.8/3.3 w/oTIP 64.8/67.4| 187/21.3 | 41.8/44.4
Motifs (Dec) [91] 1347151  6.5/82  36/50 w/oFIP+1IP|65.2/67.0| 14.8/16.1 | 40.0/41.6

Motifs (HP-)) | 17.1/19.1  85/9.6  5.6/638
Table 12: Comparison of various methods for  Table 13: Ablation study of each com-
relationship retrieval under the few-shot train-  ponent in HP.
ing data setting under all three sub-tasks.

the best model-specific model, PeNet. 3) The advantage of HP over HP-i on zero-shot re-
trieval is less apparent than in informative SGG, possibly due to the absence of tail group
predicates in unseen triplets, resulting in diminished effectiveness of IIP in HP, thus bringing
unchanged or decreased performance for HP.

7.4 Few-shot SGG Learning

Experimental Setting. Due to the limited training data in the tail group of SGG datasets,
few-shot learning is a crucial and practical problem for the SGG task. To evaluate the ef-
fectiveness of HP in this scenario, we conduct experiments using few-shot training data.
Specifically, we select K images from each relation class to train the SGG models, with K
set to 10 in our study. It is important to note that in this task, the number of samples for each
foreground category is equal. As a result, IIP is not utilized for this task, and only FIP is
employed. Hence, we solely compare HP-i with other methods in this scenario.
Experimental Results. As depicted in Tab. 12, our approach outperforms the second-best
method (Motifs (Dec)) by 4.0, 1.4, and 1.8 points across three tasks in terms of mR@100.
This underscores the superior ability of HP to discriminate between different classes under
the conditions of few-shot training data.

8 Ablation Studies for HP

8.1 Effect of Different Prompts in HP

Firstly, we conduct ablation experiments on each prompt in HP as presented in Tab. 13. We
make two observations: 1) The effect of BP is significant. As evident in Row 1, the absence
of BP leads to a substantial decrease in R@K, underscoring its efficacy in mitigating false
negatives associated with background classes. 2) Both FIP and IIP are pivotal contributors
to the enhancement of mR@K and MR @K. The removal of either one detrimentally affects
overall performance. This directly validates the effectiveness of the FIP and IIP.

8.2 Different Pre-trained Language Models

We conduct experiments to evaluate the performance of different pre-trained language mod-
els in the HP-i. Specifically, we compare language models derived from CLIP [18] and BERT
[3]. The results, as presented in Tab. 14, lead to the following observations: Firstly, com-
pared to the baseline model, employing the prompt-based learning method with a language
model derived from either CLIP or BERT improves mR @K and MR @K. This suggests that
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Method [R@50/100| mR@50/100 | MR@507100 o Predcls

; R@50/100] mR@50/100 [ MR@50/100
Bascline [28] [052/67.0] 1487161 | 40.0/41.6 Bascline | 65.2/67.0] 1487/16.1 | 40.0741.6
BERT [3] 65.3/67.1| 168/18.2 | 41.1/42.7 005 [64.27660| 24.1/258 | 44.2/45.9
CLIP (RN-101) [18] | 65.7/67.4 | 17.2/18.4 | 41.5/42.9 010  |63.3/65.3| 24.1/26.1 | 43.7/45.7
CLIP (RN-50) [18] |65.6/67.4| 17.0/18.4 | 41.3/42.9 015 |63.4/654] 243/264 | 43.9/459

Table 14: Comparison of different pre-trained lan-  Table 15: Ablation study of different
guage models. The pre-trained language models @ Vvalues.
are employed in conjunction with the CTP.

the prompt-based learning method is more apt for the SGG task, which facilitates the training
of robust SGG models capable of predicting more accurate scene graphs.

Secondly, we observe that the language model from CLIP is more effective. This may be
attributed to the training process of CLIP, which involves both visual and textual input data,
making it better suited for transferring to visual tasks. Thirdly, we conduct a comparison
between the language models from CLIP associated with the visual models RN-101 and
RN-50. We observe minimal accuracy differences between them and ultimately opt for RN-
101 due to its higher MR@50.

8.3 Hyperparameter Selection for HP

In this section, we will use the HP with Mo-

tifs baseline on the VG dataset as an ex- q SGCls

R@50/100  mR @50/100 MR @50/100

ample to demonstrate the strategy for tun-

ing the hyperparameters in HP. There are two 0.00{42.8/43.5| 108/11.3 | 268/274

0.05|42.7/43.4| 11.1/11.7 | 26.9/27.6
0.10(42.5/43.4| 11.3/12.0 | 26.9/27.7
0.15|41.8/43.1| 11.2/12.3 | 26.5/27.7
0.2040.1/42.5| 104/12.1 | 25.3/27.3
0.25|38.1/41.3| 9.6/11.6 | 23.9/26.5

sets of hyperparameters in HP. The first set
is m, which assigns weights to the various
prompts in HP when calculating the overall
loss function. As shown in Tab. 15, as @ in-

creases, R@K decreases, while mR@K ex-
hibits a slight increase. Ultimately, we choose
o = 0.05, which corresponds to the highest
MR@K (achieving the best results on both
MR @50 and MR @ 100) and exhibits the least decline in R@K compared to the baseline.
Next, we focus on a; and o in ensem- SGCls
ble inference. We tune these hyperparame- % |® [R@50/100 mR@50/100 MR @50/100
ters using the grid-search algorithm on the  0.00[0.00[42.4/43.1| 11.4/12.0 | 26.9/27.6
validation set on the SGCls task. First]y, 0.050.00142.3/43.0| 11.8/12.3 | 27.1/27.7
we adjust the hyperparameter oy for the HP- 0.1010.00(42.3/43.0| 12.4/13.0 | 27.4/28.0
metho, v detaled i T 16, 105 ob- 015000 22/29) D34 s
served that an increase in o leads to an ini-  (55/0.0041.9/42.6| 13.3/14.0 | 27.6/28.3
tial surge followed by a subsequent decline in (0 20[0.05(41.9/42.7| 13.5/14.2 | 27.7/285
mR@K, while R@K consistently decreases.  0.200.10(41.7/42.4| 14.2/14.8 | 28.0/28.6
Therefore’ excessive]y increasing o is not 0.2010.15(41.4/42.1| 14.5/15.1 | 28.0/28.6
conducive to both mR@K and R@K. Hence,
we select o = 0.1 as the optimal choice, Table 17: Ablation study of different ¢; and
achieving the best trade-off between R@K 02 Values in HP.
and mR@K and yielding optimal results on MR@K. Secondly, for the HP method, we tune
both ¢ and @, parameters, as shown in Tab. 17. We observe that increasing o leads to a

Table 16: Ablation study of different ; val-
ues in HP-i.
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decrease in R@K and an increase in mR@K and MR@K. We choose o = 0.2 as it attains
the highest MR @K. Subsequently, while keeping o; = 0.2 constant, we continue adjusting
op. It is observed that an increase in oy results in a decrease in R@K and an increase in
mR@K and MR@K. Ultimately, we choose o = 0.1, as it performs best on MR@K while
minimizing the decrease in R@K.

Following a similar parameter adjustment strategy employed for a; and o in the SG-
Cls task, we extend the same approach to select parameters for both the PredCls and SGDet
tasks. We choose the same parameters for the Predcls task as the SGCls task. In the SGDet
task, we observe a heightened sensitivity to these two parameters. Ultimately, in the SGDet
task, we choose a; = 0.0 for IP and o; = 0.05 and o = 0.1 for HP. When combined with
Rwt methods [2], it will cause a substantial decrease in the performance of R@K metrics.
Therefore, to prevent further decline in the R@K metric, we do not use the ensemble infer-
ence method in the Rwt methods (i.e., &¢; = 0.0 and o, = 0.0).

8.4 Analysis of Hyperparameters in HP-i and HP

In this subsection, we conduct a perfor-
mance comparison between HP-i (w/o IIP)
and HP (w/ IIP) across different oy param- L "lL— L
eter settings, as shown in Fig. 4. We derive (2) R@100 (b) mR@100 () MR@100
three observations: 1) When comparing the Figure 4: Comparison of HP-i and HP un-
baseline (i.e., oy = 0 and o = 0), mR@K der different ¢¢;, the R@100, mR@100, and
for both HP-i and HP surpasses those of the MR@100 are reported. (SGCls task).
baseline. This validates the effectiveness of our proposed informative prompts in predicting
informative predicates, encompassing FIP and IIP. 2) The reduction in R@K for HP-i is more
pronounced than HP when increasing ;.
3) For HP-i, as o gradually increases,

14

_a

e A

T 8 _
— e HPi e
/’ =" HP-i
s, HP
. =T 27— we

—
.
s

42

—+— HP 12
»

SGCls
mR@K initially improves but then de- Methods| & | @ pG 5T R@T00[HR@100[ TR@T00] M
clines. In contrast, within the HP, an in-  Bascline 398 | 88 396 34 |229

. g HPi  [0.20[0.00] 40.6 | 125 | 404 | 85 [255
crease in @ exhibits a more stable and ;o 0200000 40.6 | 130 | 404 01 |258

significant enhancement in both mR@K  np 0.30[0.00| 403 | 138 40.2 9.5 (260
and MR@K. The explanation is that P 0.20[0.10| 402 | 143 | 396 | 101 |26.1
IIP further enhances the learning of tail
classes compared to FIP by mitigating
the negative impact of discouraging gra-
dients from head classes, as discussed in
Sec. 2, thereby further strengthening the
performance of tail classes.

Furthermore, to further validate the superiority of our proposed methods, we conduct a
comprehensive comparison of baseline, HP-i, and HP performance under varied parameters
on the test set. From Tab. 18, it is evident that: 1) Both HP-i and HP outperform the baseline
on mR@ 100 and TR@100. This demonstrates the effectiveness of FIP and IIP. 2) Under the
same parameter conditions (i.e., a; = 0.2), HP exhibits superior performance (i.e., higher
TR @100) for tail classes compared to HP-i; 3) The comparison of rows 4 and 5 reveals that
setting o = 0.1 more effectively improves TR @100 than setting ¢¢; = 0.3. The observations
suggest that the inclusion of IIP enhances the learning of tail classes, corroborating conclu-
sions similar to those presented in Fig. 5. Therefore, based on these observations, both FIP
and IIP are indispensable in HP, jointly contributing to the learning of informative predicates.

Table 18: Comparison of baseline, HP-i, and
HP under different ¢¢; and o, settings. HR@K
and TR@K are the mean recall of head and tail
classes, respectively. M represents the average
of all metrics in the corresponding row.
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Figure 5: Absolute R@100 improvement compared with HP and HP-i on the VG dataset.
The Top-45 relationship categories are selected according to their frequency of occurrence.
The light green area is the head classes, and the light red area is the tail classes (SGCls task).
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Figure 6: (a) Recall@100 of all predicate classes of Motifs, Motifs+HP-i, and Motifs+HP. (b)
Recall@100 of all predicate classes of Motifs, Motifs+Rwt, and Motifs+Rwt+HP. Predicates
are sorted in decreasing order of sample frequency (PredCls task).

8.5 Qualitative Results of Predicate Recall

For a more intuitive illustration of HP’s infotmative predicate recognition capability, we pro-
vide Recall@ 100 for each predicate in comparison to baselines, including our proposed HP-i
and HP, as depicted in Fig. 6 (a)-(b). From this statistical chart, we have several observations,
as follows: 1) Our HP-i (only using FIP) outperforms Motifs on most foreground predicates,
illustrating the effectiveness of our FIP in learning foreground classes. Intuitively, FIP pro-
vides enhanced positive reinforcement learning gradients for foreground classes. 2) With the
incorporation of IIP, HP significantly outperforms HP-i on most tail predicates. This suggests
that IIP further promotes the learning of tail classes by increasing the proportion of positive
gradients for tail classes. 3) Upon integration with Rwt [2], HP’s performance on most tail
predicates experiences further improvement. This demonstrates the robust scalability and
flexible transferability of our HP.

In conclusion, these results compellingly demonstrate that HP significantly enhances the
learning of informative predicates, enabling the model to effectively distinguish informative
predicates from uninformative ones.
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8.6 A More Granular Informative Prompt

In this study, we propose a hierarchical prompt learning method that organizes prompts into
three distinct levels of granularity. Each prompt is dedicated to specific, successively nar-
rowed class groups, aiming to facilitate the learning of informative predicates. At the latter
two levels, we employ prompts specifically tailored to enhance the learning of foreground
and tail classes, respectively. To further investigate the impact of increased granularity, we
introduce the fourth informative prompt, referred to as a More Granular Informative Prompt
(MGTIP). In this analysis, we subdivide the latter 50% of the tail group into a smaller sub-
group and assign MGIP to train on these samples. Both training and prediction follow the
same approach as with the FIP and IIP.

The experimental results in Tab. 19 demon- |

. . . Methods PredCls

strate that the inclusion of the MGIP im- R@30/100 | mR@30/100 MR @507100
proves the mR@K. However, the MR@K CTP 65.7/67.4] 17.2/184 | 41.5/42.9

IO . +FIP 6487674 1877213 | 41.8/444
shows a slight improvement (0.1 point on the 64.2/66.0| 24.1/258 | 4427459
MR@100) compared to the IIP. In contrast, +FIP+IIP+MGIP | 62.5/ 64.5| 25.4/27.4 | 44.0/46.0
1P achieves more MR@K improvement (1.5 Table 19: Comparison of FIP, IIP, and
points on MR@100) compared to the FIP, in- MGIP on the PredCls task.

dicating a more significant decline in the R@K of MGIP than IIP. These results also suggest
that MGIP increases the performance loss in the head classes more than IIP. In conclusion,
while a more granular level of informativeness enhances the performance of informative
predicates, it also amplifies the magnitude of loss in the common predicates. We plan to
delve deeper into this aspect in our future work.

9 Further Clarification of HP

9.1 Characteristics of HP

To more comprehensively demonstrate the  pesired Properties FC RP DTP CTP SVRP HP
su[()lenorltif of dHP 1n1 tack'hng. 1n§(zr}r(r;atlve nA(:j\;(l:lt}l; rl:dpi)z?;cl v J S
and novel predicate learning in , wWe ;

L . —and- X
compare it with several alternative solu- Ehfg and-play method A
R i R | earnable vector for SX X v/
tions, including model-agnostic prompts, 8  sugonger generalization
model-specific prompt SVRP [10] that pos- C}fsnﬁu:tifr{alg éfﬁl;fiem SSX /X
sess the ability to transfer to novel classes, - ooy lcle

Ability to predict more XX X X X

and FC (fully connected layer) that lacks the  informative predicates
ability to transfer to novel classes. As illus- ;Esta}b?sh anew SS((})EA XX X X X
trated in Tab. 20, HP exhibits all of the desir- ~Iorinformative

able characteristics, thereby establishing its
superiority in informative and novel predi-
cate learning tasks.

Table 20: Comparison of various learning
(undesired) proper-

models in SGG.

ties are highlighted in

9.2 Detailed Algorithmic Procedure

(red).

For the convenience of readers’ understanding, we present a detailed pseudocode for HP in

Algorithm.2 !

Due to space constraints, it appears in the last page.
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PredCls

Task Split Source | Predicates | Images | Prompts Task | Methods R@ 507 T00]mR@ 507 T00]MR@ 507 100
ini - AP (wio freqbias) | 13.3/13.4 79779 1067106
Training | VG-50 basesy | 57723 7;‘””50 NPG (Novel) | yp (4/ fregbias) | NA/NA NA/NA NA/NA
NPG | Test-base | VG-50 basesy | 26646 | Tpases, IforsGG | HP (o freqbias) | 60.5763.0 267241 IT7436
nior-: HP (w/ fregbias) | 64.2/66.0 24.1/25.8 44.2/45.9

Test-novel | VG-1800 | novelsg 1465 771(,,,6[50

Table 22: Influence of fregbias (frequency

Table 21: Dataset details for NPG task. bias) on NPG and informative SGG tasks.

‘above’ ‘across’ ‘against’ ‘along’ ‘and’ ‘at’ ‘attached to’
‘between’ ‘carrying’ ‘covered in’ ‘covering’ ‘eating’ ‘flying in’ “for’
‘hanging from’ ‘has’ ‘holding’ ‘in® ‘in front of” ‘laying on’ ‘looking at’
‘made of” ‘mounted on’ ‘near’ ‘of” ‘on’ ‘on back of” ‘over’
basesq . 3 . S . N s B . s o«
part of playing riding says sitting on standing on to
‘walking in’ ‘walking on’ ‘watching’ ‘wearing’ ‘wears’ ‘with’ “painted on’
‘growing on’ ‘belonging to’ ‘parked on’ ‘lying on’ ‘using’ ‘behind’ “from’
‘under’
“falling off” ‘beneath’ ‘sitting on top’ ‘walking between’ ‘walking behind’ “at front of” ‘closest to”
‘among’ ‘parked near’ ‘standing’ ‘cooking’ ‘sitting with’ ‘leaning against”  ‘walking towards’
‘standing behind’ ‘built into’ ‘held by’ ‘propped on’ ‘sitting next to’ ‘looking over’ ‘to left of”
‘mounted to’ ‘flying above’  ‘stacked on top of” ‘leaning on’ ‘standing in front of” ‘draped over’ ‘parked’
novelsg ‘stopped at” ‘operating’ ‘drinking from’ ‘standing in front’ ‘sitting’ ‘close to’ ‘sitting on top of”
‘hooked to’ ‘shining on’ ‘displayed on’ ‘giving’ ‘boarding’ ‘holding onto’ ‘right of”
‘turning’ ‘reaching for’ ‘touching’ ‘leaning up against’ “filled with’ ‘lifting’ ‘in center of”
‘looking down’

Table 23: Different predicate groups appearing in the NPG task.
10 Further Clarification of NPG task

10.1 More Details of NPG

The training set of NPG is directly sourced from VG [6]. It contains 50 predicate classes
and 150 object classes. The corresponding set of predicate categories for this dataset is
denoted as basesy as shown in Tab. 23. The novel evaluation set of NPG is derived from
VG-1800 [29]. This newly introduced zero-shot predicate test set comprises 1465 images.
We select the top 50 predicates based on frequency that are not included in the base set,
and their predicate categories are denoted as novels, as presented in Tab. 23. Subsequently,
employing basesq and novelsq as predicate words, we construct the base prompt Tpqg, for
training and the novel prompt 7,015, for inference. For a more comprehensive summary,
please refer to Tab. 21.

10.2 Additional Experiments

In this section, we investigate the effects of different components on the performance of
NPG. These components include frequency bias [28] (denoted as fregbias), the ensemble
inference method (denoted as ensemble), and the reweighting method (denoted as Rwt) [2].
Frequency bias. We observe that frequency bias is not transferable to NPG since novel
predicates are not seen during training, and only the frequency of base predicates is accessi-
ble. However, when frequency statistics are available, as in formative SGG, which belongs
to the closed-vocabulary setting, frequency bias contributes to performance gains on all three
metrics, as demonstrated in Tab. 22. Therefore, we choose not to apply this method to the
NPG task but to utilize it in the informative SGG task.

Ensemble inference. As shown in Tab. 24, no informative prompts for novel classes are
available during the training stage of NPG, making ensemble inference inapplicable to NPG.
Ensemble inference proves effective when the training dataset is relatively clean, such as in
the informative SGG task as demonstrated in Tab. 24. Therefore, we opt not to employ this
method in the NPG task but employ it in the informative SGG task.
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Task | Methods R@ U7 T00TmR@ 807 T00TSIR@ 507 T00 Task | Method PredCls
asl ethods
TP (o cnsemble) | 1347134 75779 1067106 R@507T00[mR@ 507 T00[MR@ 507100
NPG (novel) | o ) NA/NA NA/NA NA/NA NPG (Novel) | FF (Vo Rw [ 1337134 79779 1067106
Infor-SGG | P (W0 ensemble) | 65.7767.4 19.1720.6 4247440 HP (w/ Rwt) 15.9/16.1 11.6/11.8 13.8/14.0
SGG | 4P (wi ensemble) | 642/ 66.0 24.1/258 4427459 norsGG [P (WoRwh| 6427660 217258 27459
HP (w/Rwt) | 53.3/55.4 3731393 4531474

Table 24: Influence of ensemble (ensem-
ble inference) on NPG and informative SGG
tasks.

Table 25: Influence of Rwt on NPG and in-
formative SGG tasks.

Debiasing methods. As shown in Tab. 25, debiasing methods improve all three metrics in
NPG. The possible reason may be that Rwt makes an improvement in the performance of
base tail classes, leading to better performance in NPG for novel categories semantically
similar to these base tail classes. The application of debiasing methods in NPG is not the
primary focus of this work; therefore, these strategies have not been utilized in both tasks
in this work. However, based on the experimental results of Tab. 25, it appears that this
direction is worth further exploration. We look forward to inspiring other researchers to
explore this direction further.

11 Comparison Discussion of Basic Prompts

Based on the discussion in the precedmg Prompt Complexity | Learning Ability | Transferability
sections, we compare the traits of basic RP Low Weak Strong

. . . DTP High Weak Weak
prompts in the SGG task', as 1llustrateq I C1p (class-specific)|  Low Strong Medium
the Tab. 26. We summarize the following  CTP (unified) Low Medium Strong

three points: 1) The high computational
complexity of DTP hampers its applica-
tion in the SGG task, while others with
lower computational complexity are considered more prioritized. 2) The learnable nature of
CTP enhances its learning ability, and class-specific CTP exhibits stronger learning ability
than unified CTP, leading to better performance in informative SGG tasks. 3) When trans-
ferring to novel predicate learning tasks, the class-specific trait reduces the transferability
of CTP, while both unified CTP and RP have high transferability. The difference between
unified CTP and RP lies in their learnable characteristics, with the former having a higher
dependency on data and the latter having a lower dependency. Therefore, RP performs better
on the NPG task without novel training data.

Table 26: Comparison of characteristics for var-
ious basic prompts.

12 Qualitative Results

In Fig. 7 (a)-(c), we showcase examples predicted by the models Motifs [28], Motifs+HP. We
have the following observations: Firstly, in the closed-vocabulary experimental setting, Mo-
tifs+HP exhibits the ability to predict informative relations (e.g., “standing on" and “with")
rather than uninformative relations (e.g., “on" and “has"). This is evident in examples like
“man-standing on-track" and “man-watching-man" in the left and right illustrations of Fig. 7
(a). Secondly, in the NPG experimental setting, Motifs+HP demonstrates the capability to
predict unseen relations, e.g., “sitting next to" and “stacked on top of," which are not en-
countered during training. This is exemplified by instances like “woman sitting next to girl”
and “basket stacked on top of elephant” in the left and right illustrations of Fig. 7 (b).

In summary, our proposed HP approach proves to be highly effective in generating scene
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Figure 7: Qualitative comparisons between Motifs and our proposed Motifs+HP with regard
to R@50 on the PredCls task. Correctly predicted uninformative relationships that match
GT (i.e., Ground Truth) are depicted by solid green edges; wrongly predicted relationships
that do not match GT are shown as solid red edges; and correctly predicted informative rela-
tionships that match GT are depicted by solid blue edges. We also note logical relationships
that are not provided by GT yet are reasonable for prediction: logical novel relationships
not predicted are highlighted by dashed red edges, logical novel relationships predicted are
represented by solid purple edges. Due to space limitations, we exclude several detected
objects that are less significant from the graphs.

Motifs + HP

graphs that are both distinguishable and specific. These graphs capture rich information and
potentially reveal novel relationships, providing enhanced support for downstream tasks.
These outstanding qualities of the HP method contribute to the generation of more accurate
and contextually meaningful scene representations, underscoring its distinct advantages in
advancing related downstream applications.
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Algorithm 2 Pseudocode of HP in a PyTorch-like style.

R: number of predicate classes; D: dimension of word embeddings;

K: dimension of textual embeddings input to g; B_pos: number of foreground triplets
B_tail: number of tail-class triplets; g: frozen pre-trained language model

r: relation labels of input samples (N); r_t: word tokens of relation r (R)

tau_bp, tau_fip, tau_iip: temperatures; omega: loss weight

al, a2: adjusting parameters in ensemble inference

tri_t: word tokens of input triplets (N); DT: a flag indicating training phase or not
f_vis: relation visual embeddings (N x K)

# word embeddings of learnable vector V_s: R x 1 x D
w_s = empty (R, 1, D)

# word embeddings of learnable vector V_o: R x 1 x D
w_o = empty (R, 1, D)

# word embeddings of relation text: R x 1 x D

w_r = TokenEmbedding (r_t)

# BP : Rx 3 xD

bp = cat([w_s, w_r, w_o], dim=1)

# FIP : R x 3 x D

fip = cat([w_s, w_r, w_o], dim=1).deepcopy ()

# IIP : R x 3 x D

iip = cat([w_s, w_r, w_o], dim=1).deepcopy ()

# text embeddings of BP: N x K

t_bp= g (bp)

# text embeddings of FIP: N x K

t_fip = g(fip)

# text embeddings of IIP: N x K

t_iip = g(iip)

if DT # a flag representing training process
# pick foreground visual embeddings: B_pos x K
f_pos = GetPos (f_vis, r)
# pick tail-class visual embeddings: B_tail x K
f_tail = GetTail(f_vis, r)
# pick foreground text embeddings: B_pos x K
t_fip_pos = GetPos (t_fip, r)
# pick tail-class text embeddings: B_tail x K
t_iip_tail = GetTail(t_iip, r)

# text embeddings of foreground triplet: B_pos x K
t_pos = g(TokenEmbedding (GetPos (tri_t, r)))

# text embeddings of tail-class triplet: B_tail x K
t_tail = g(TokenEmbedding (GetTail(tri_t, r)))

# normalized visual or text embeddings: B_pos x K

t_pos = 12_normalize (t_pos, axis=1)
f pos = 12_normalize (f_pos, axis=1)
f_tail = 12_normalize(f_tail, axis=1)

t_fip pos = 12_normalize (t_fip_pos, axis=1)
t_iip_tail = 12_normalize(t_iip_tail, axis=1)

# get the symmetric contrastive loss for FIP, ip_loss are defined in Algorithm 1
loss_fip = ip_loss(t_pos, f_pos, t_fip_pos, tau_fip)

# get the symmetric contrastive loss for IIP

loss_iip = ip_loss(t_tail, f_tail, t_iip_tail, tau_iip)

# cross-entropy loss of BP
logits_bp = mm(f_vis, t_bp.T) * exp(tau_bp)
loss_bp = CELoss (logits_bp, r, axis=0)

# total loss

loss = loss_bp + omega * (loss_fip + loss_iip)
else:

# ensemble inference

logits_bp = mm(f_vis, t_bp.T) * exp(tau_bp)

logits_fip = mm(f_vis, t_fip.T) * exp(tau_fip)

logits_iip = mm(f_vis, t_iip.T) * exp(tau_iip)

# final logits

logits = logits_bp.deepcopy ()

logits[:, 0] = logits_bp[:, 0]

logits[:, 1:] = logits_bp[:, 1:] + al x logits_fip[:, 1:] + a2 % logits_iip[:, 1:]

mm: matrix multiplication; cat: concatenation; empty: returns an uninitialized tensor.; TokenEmbedding:
returns the word embedding; GetPos: returns the foreground items; GetTail: returns the tail-class items;
arange: returns a tensor of equally spaced values within a given range; CELoss: cross-entropy loss function.



