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Abstract

Formal/symbolic semantics can provide canon-
ical, rigid controllability and interpretability
to sentence representations due to their local-
isation or composition property. How can we
deliver such property to the current distribu-
tional sentence representations to better control
and interpret the generation of language models
(LMs)? In this work, we theoretically frame the
sentence semantics as the composition of se-
mantic role - word content features and propose
the formal semantic geometrical framework. To
inject such geometry into Transformer-based
LMs (i.e. GPT2), we deploy a supervised
Transformer-based Variational AutoEncoder,
where the sentence generation can be manipu-
lated and explained over low-dimensional la-
tent Gaussian space. In addition, we propose a
new probing algorithm to guide the movement
of sentence vectors over such geometry. Exper-
imental results reveal that the formal semantic
geometry can potentially deliver better control
and interpretation to sentence generation.

1 Introduction

Language Models (LMs) have provided a flexible
scaling-up foundation for addressing a diverse spec-
trum of tasks (Touvron et al., 2023). Nonetheless,
the question remains: can we develop language rep-
resentations/models that offer more granular levels
of control and interpretation from the perspective
of “formal/structural” semantics? Addressing this
question will enable us to enhance the controllabil-
ity, interpretability, and safety of LMs.

Formal semantics, which provides a canonical,
granular, and rigid representation, have been inves-
tigated for thousands of years with well established
theoretical frameworks, such as Montague Seman-
tics (Dowty et al., 2012), Davidsonian Semantics
(Davidson, 1967), Semantic Role Labelling (SRL,
Palmer et al. (2010)), and Argument Structure The-
ory (AST, Jackendoff (1992)). One typical char-
acteristic of such formal semantics is the locali-
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Figure 1: Overview: latent sentence semantics can be
decomposed into semantic role- word content features.

sation or composition property. For example, in
the sentence: animals require oxygen for survival,
the words are functionally combined into sentence
semantics: Az (animals(x) — require(x, oxygen))
where x is the variable of any entity within a log-
ical structure. In this case, we can localise the
sentence semantics by replacing x with birds, etc.
This localised process indicates the interpretation in
Cognitive Science (Lees, 1957; Smolensky, 2006).
However, such localisation is precisely what cur-
rent distributional semantics lack, thereby limiting
their controllability and interpretability.

Disentanglement (Bengio, 2013), which refers
to the feature-dimension alignment, can potentially
provide such localisation, which has been widely
investigated to localise image features, such as nose
in facial images (Esser et al., 2020; Jeon et al.,
2019; Liu et al., 2021). In Transformers (Vaswani
et al., 2017), however, token embeddings, residual
stream, and attention have the polysemanticity phe-
nomenon (Elhage et al., 2022), meaning that mul-
tiple dimensions contribute to a feature. Although
some prior studies explored the possibility of lan-
guage disentanglement, most are focused on coarse-
grained/task-specific semantic features, such as sen-
timent, within the context of style-transfer tasks



(John et al., 2019; Bao et al., 2019; Hu and Limantics is challenging due to the dif culty of opti-
2021; Vasilakes et al., 2022; Gu et al., 2022; Liumisation over discrete space (van Krieken et al.,
etal., 2023a; Gu et al., 2023). 2023). In the Reasoning domain, existing ap-
In this work, we focus on the localisation of proaches usually perform symbolic behaviour via
generalsemantic features of sentences over digxplicitly symbolic representation injection, includ-
tributional space to shorten the gap between deepg graph (Khashabi et al., 2018; Khot et al., 2017,
latent semantics and formal linguistic representalansen et al., 2017; Thayaparan et al., 2021), linear
tions (Gildea and Jurafsky, 2000; Banarescu et alprogramming (Valentino et al., 2022b; Thayaparan
2013; Mitchell, 2023), integrating the exibility of et al., 2024), adopting iterative methods, using
distributional-neural models with the properties ofsparse or dense encoding mechanisms (Valentino
linguistically grounded representations, facilitatinget al., 2020; Lin et al., 2020; Valentino et al., 2022a;
both interpretability and generative control from Bostrom et al., 2021), or synthetic natural language
the perspective of formal semantics. We speci -expression (Clark et al., 2020; Yanaka et al., 2021,
cally choose the conceptual dense explanatory sefu and Frank, 2024), among others. Comparatively,
tences from WorldTree (Jansen et al., 2018) due twe explore the formal semantic property over dis-
their clear formal semantic representation designetfibutional semantics via latent sentence geometry,
in the explanatory, cognitive reasoning task. which can potentially deliver better interpretation
In the NLP domain, Variational AutoEncoders and control to current LMs.
(VAEs, Kingma and Welling (2013)) have been rec-
ognized as a prominent foundation for investigating-anguage geometry. There is a line of work that
generation control and interpretation through thestudies the geometry of word and sentence repre-
observable low-dimensional smooth and regular laSentations (Arora et al., 2016; Mimno and Thomp-
tent spaces (e.g., std Gaussian space) (John et &N, 2017; Ethayarajh, 2019; Reif et al., 2019;
2019; Li et al., 2022b; Bao et al., 2019; MercataliLi et al., 2020a; Chang et al., 2022; Jiang et al.,
and Freitas, 2021; Felhi et al., 2022: Vasilakes et al2024a). E.g.king ~man + woman = queen
2022). Therefore, we probe the localisation propwhich the word vectors can be manipulated with
erty of formal semantics over latent sentence spacedeometric algebra. This phenomenon indicates
under VAE architecture. Speci cally: the linear subspaces in language representations,
(1) We rst propose a geometrical framework to Similar features are encoded as a close direction
present the formal semantic features of sentencdd latent space, which has been widely explored
assemantic role - word contemairs (denoted as anging from word (Mikolov et al., 2013a) to sen-
role-content) from the perspective of AST (Jackiences (Ushio etal., 2021), Transformer-based LMs
endoff, 1992) within the compositional distribu-(Merullo etal., 2023; Hernandez et al., 2023), and
tional model (Clark et al., 2008). Subsequeng), Multi-modal models (Trager et al., 2023; Huh et al.,
we introduce a supervised approach for learning024). Under the linear subspace hypotheses, a
the role-content features of explanatory sentence¥dni cant work explored the interpretability (Li
in latent spaces(3) Additionally, we contribute €t al., 2022a; Geva etal., 2022; Nanda et al., 2023)
to a method to control sentence generation by na@nd controllability (Trager et al., 2023; Merullo
igating the sentence vectors across different rolé&t al-, 2023; Turner et al., 2023) of neural networks.
content features within our geometric framework!n this work, we emphasise the formal semantic
(4) Our ndings reveal that the role-content fea-9eometry for bridging the distributional and formal
tures are encoded as a convex cone in the latefiemantics, which is currently under-explored.
sentence space (Figure 1). This semantic geometry ) ]
facilitates the localisation of sentence generatiofr@nguage disentanglement. Disentanglement,
by enabling the manipulation of sentence vectoré?fers to separating features along dimensions (Ben-

through traversal and arithmetic operations withindi0: 2013), leading to clear geometric and linear
the latent space. representations. In the NLP domain, prior stud-

ies explored the disentanglement between speci ¢
2  Related work linguistic perspectives, such as sentiment-content
(John et al., 2019), semantic-syntax (Bao et al.,
Formal-distributional semantics. Integrating 2019), and negation-uncertainty (Vasilakes et al.,
distributional semantics with formal / symbolic se-2022), or syntactic-level disentanglement (Mer-



catali and Freitas, 2021; Felhi et al., 2022). Howsem(s) = fl(%z' rl? }‘(%z'”ﬂ
ever, those approaches focused on disentangling ieiARG 0 animals PRP  survival
coarse-grained/task-speci ¢ semantic features. Ifvheret;(ci:rj) = ¢ r; represents the seman-
this work, we contribute to a new lens on the distics of termt; with contentc; (i.e., animal§ and

entanglement (separation) of “general” sentencgRrL r; (i.e., ARGQ in contexts. : connects

features from the perspective of formal semanticsthe meanings of words with their roles, using the
compositional-distributional semantics notation of
(Smolensky and Legendre, 2006; Clark and Pul-

In this section, we rst de ne the sentence semanticTan, 2007; Clark et al., 2008). : connects the
features asemantic role - word contefitom the  |€Xical semantics (word content + structural role)
perspective of formal semantics. Then, we link thel© form the sentence semantics. To deliver the lo-

semantic features with distributional vector space&alisation or composition property, the sentence
in which eachsemantic role - word conterig en- S€mantics should be able to present separation or

coded as a convex cone, as shown in Figure 1. disentanglement under connector E.g., replac-
ing ARGO-animalsvith ARGO- shes

3 Formal Semantic Geometry

Formal semantic features. For formal / struc- _ _
tural semanticsArgument Structure Theory (AST) Formal ;emantlc featu_res in vector space. Af-
(Jackendoff, 1992; Levin, 1993; Rappaport HovaJer de ning the semantic features of sentences, we
and Levin, 2008) provides a model for representgrOpose the cohcept of@nvex cone of seman-
ing sentence structure and meaning of sentences e feature In linear algebra, a:qnerefers 'to
terms of the interface between the their syntactida SUbSFt Of a V?Ctor space that is C(_)nvex It any
structure and the associated semantic roles of the arYi * Vi _'f any vi andy; belong to it. _a_‘”d
guments within those sentences. It delineates how are positive sc_alars. F_ormally, the de nition of
verbs de ne the organisation of their associated arz°"Ve€X cone_C, IS El,efcnbed as a set of vectors:
guments and the re ection of this organisation inaC = X 2 VIxX = iz Vi i Ovi 2 Rg
sentence's syntactic realisation. AST abstracts Se}z]v_herex IS an element vector in vector_spaléevi
tences as predicate-argument structures, where 1 t'he basis vectors, are hon-negative scalars.
predicatep (associated with the verb) has a set of N this context, we consider eam)iel-contentfea-
associated argumerdasg;, where each argument ture_z as a convex con§:,, corresponding to a hyper-
has an associated positional comporiemtd a the- solid in h|gh-d|men3|onal vector spacey ;; =
matic/semantic roles, the latter categorising the ft(c;ri)jt(c;ri) 2 sem(s);s 2 corpug where
semantic functions of arguments in relation to thet(Ci 1) represgnts the basis vector@gr, (Fig-
verb (e.g. agent, patient, theme, instrument). In thé&''® 2). Accord_lng to set theory, we can de ne the
context of this work, the AST predicate—argumentformal semgntlc space as follows: _ _
representation is associated with a lexical-semantic AssgmptlonlzT.he sentence semantic space Is
representation of the contegitof the termt;. the union of all uniqués ;r; convex cones:

In'thls vyork, we simplify and particularise the Cori [ Coral [ Ce, oo
relationship between the argument structure and vigTy
the distributional lexical semantic representation as/ s the vocabulary of a corpus. Based on Assump-
arole-contentrelation, where the structural syntac-tion1, we can establish:
tic/semantic relationship is de ned by its shallow Proposition1: The geometrical location of sen-

semantics, i.e. as the composition of the content ofence semantic vectorsem(s), can be determined
the terms, their position in the predicate-argumenpy the intersection of differei@y, ., :

(PArg) structure &rg;) and their semantic roles

(SRs) (i: pred, arg), as described below: sem(s) = ty(ca1;r1) ti(c;ri)
- . el = fta(ciira)g f ti(c;ri)g
nimgalg reauire pxygen for surviva
nipaly [eqyirg pxygep for suyival, - Con\ Cora\ | Cor,
ARGO pPRED ARG1 ARGM PRP

. 4 Geometrical Formal Semantic Control
Therefore, we de ne the semantics of sen-

tences,sem(s), as the compositions between In this section, we rst show that our formal se-
role-content which can be described as follows: mantic geometry can interpret sentence generation,



such as arithmetic (Shen et al., 2020), and extend
the “Linear Representation Hypothesis”. Then, we
propose a new semantic control approach, which
recursively traverses the latent dimensions to probe
the semantic geometry over latent spaces.

Geometrical algebra interpretability. Arith-
metic has been considered a common way to con-
trol word or sentence semantics over latent spaces
(Mikolov et al., 2013b). E.g., the addition operation
can steer the sentence semantics (Shen et al., 2020;
Mercatali and Freitas, 2021; Liu et al., 2023b), or
linear interpolation can generate smooth mtermed\EigUIre 2: Algorithm 1: by modifying the latent dimen-
ate sentenc_es (Hu etal., 2022). However, they lac ions, we can control the movement of latent vectors
an explanation for these phenomena. We show th@jer jatent space.

our geometrical framework can provide an intuitive

explanation for these phenomena.

For linear interpolation, for example, it takes two For example, given a set df atomic sentences;:
sentencesg; andx, and obtains latent vectors  bird is a kind of living thingvarying the content of
andz,, respectively. It interpolates a path =  argl. Their semantics can be described below:
zz (1 k)+ zp kwith kincreased fron® to 1
by a step size dd:1. Given two sentences with one sem(s) = fCCSii;argl; 2229\ ' Civing thing:arg 2

role-content set overlag, ;r, . We can describe: ‘wherec; 2 f tiger; bird; : 1 g

sem(s1) \ sem(sy) , i o
SfCSL o\ | CSoglfcs |\ | cs In this case, the concetw_lng thlngls encode_d asa
CLir ciri 9 €13l cri9  convex cone where all dlffereﬁlé';arg 1 contribute
=fc, \ \ C&.g\Cd to its boundary, leading to a direction. The hierar-
chical relations betwedliving thing andbird, etc.

According to the de nition of convex cone, #; are determined by the convex cories kind of

andz, are left incfjl;(?} , the weighted sum vector,

. . S . .
z;, is also inC¢'{{) . Therefore, the intermediate Guided traversal. Since we describe different

sentence semantics can be described as: sentence semantic featurés;; r;g, as distinct con-
vex conesCg ;r;, Within aN -dimensional vector

sem(s}, ,) & ; ) .
' spaceV 2 R", we can linearly divide each basis

=(1 k) sem(s;))+ k sem(sp)

=ffzy 1 k)+ z» kg :::f:::gg)\ Cél;(ﬁ regions [a; b, based on minimal information en-
. . . . tropy. Consequently, there is a sequence of dimen-
That |s,_the mte_rmedla_te s_entences_ will hold thesior;{/'all subspgces er each semar?tic feature. Thus,
f g ; rj ginformation during interpolation. movement between differef ., regions can be
Linear representation hypothesis. “Linear rep- achieved by moving out the dimensional regions
resentation hypothesis” refers to high-level conwithin this sequence. This process can be imple-
cepts being represented linearly as directions imnented via a decision tree. In gure 3, for exam-
representation space, which has been widely evade, we can move the sentence fr@ped;causes 10
uated to interpret Large LMs' mechanism (MarksCpred:means DY modifying the values started from
and Tegmark, 2023; Xie et al., 2021; Wang et al.dim21  0:.035 ..., ending atim 10 L1l
2024; Jiang et al., 2024b; Park et al., 2023, 2024ByY traversing the tree path, we can control the sen-
However, a main challenge for this hypothesis igence generation by moving between convex cones,
that it's not clear what constitutes a high-level condetailed in Algorithm 1.
cept. Based on our algorithm, we can use classi cation
Our geometrical framework can further supportmetrics as proxy metrics to evaluate latent space
and extend this hypothesis by answering the quegeometry. E.g., accuracy and recall for measuring
tions: What and how are they “linearly” encoded?featureseparabilityanddensity



Algorithm 1 Guided latent space traversal softmax%g—r)[z;V] where Q has the shape

1: DatasetsD = fsy;:::;sn0 RSed 64 K:V has the shapR(s#D) 64 (64 is di-

2: Labels:Y = fyi;:::;yn0,yi 210;1g mension of GPT2 attentioseqis sequence length).

3: # O:pred-causes, 1:pred-means SinceQ represents the targé€, andV represent

4: Seed:s = re causes chemical change the latent representations. By intervening khé

5. forsi 2 D do with z, we can learn the transformation between
6. z  Encode(sj) latent space and observation distribution.

7. end for o . ) )

8 X f z1::::zng Optimisation. It can be trained yla t_he evidence

o: tree  DecisionTreeClassi €X:Y ) lower bound (ELBO) on the log-likelihood of the

. path lter (tre® # choose the shortest path datax (Kingma and Welling, 2014). To bind the
word content and semantic role information in la-

tent space, we conditionally inject the semantic
role sequence into latent spaces where the latent
spacez and semantic role are dependent. The
joint distribution can be described as:

[EnY
e

betweerCq andC;
11: z  Encode(s)
12: for node2 pathdo
13: (dim, range, yes/no) node
14: if in current branchlo
15: z[dim] v Zrangeif yeselsev 2 range Cro ) = . ;
o esedo ® POy Py PO
17: z[dim] v 2 rangeif yeselsev 2 range
18: end for Speci cally, we rst model the categorical struc-
19: s Decodefz) # re means chemical change

likelihood prior

Dim 17 0:117

(b) SRL-Conditional VAE

Dim 21 0:035
Figure 4: Comparison between Compositional Distribu-

no N
C__ ) pred;causes pred;means
- - tional Model (CDM) (left) and SRL-Conditional VAE

Figure 3: Traversal between different role-content set§fight).
by moving along the tree path.
tures by encoding the semantic roles sequence to

N learn the prior distribution with parameter&™)
5 SRL-Conditional VAE and ™). Then, we jointly encode semantic roles

In thi i . tigate th hitect f';\nd lexical tokens to learn the approximate poste-
N tis section, we investigale the architecture of; ., parameterised by and . By minimising the

\L/ﬁ/IE 0 Clintegrate the Iatent' §entence Spr‘?ut:elW'ﬂkuIIback-LeibIer (KL) divergence between prior
S and propose a supervision approach tolearg , , approximate posterior, the semantic features

formal semantic geometry (i.e., role-content). can be encoded in the latent sentence space. More-

Model architecture. We consider Optimus (Li ©Ver to avoid the KL vanishing problem, which

et al., 2020b) as the foundation which used BERTETerS to the KL term in the ELBO becomes very
and GPT2 as Encoder and Decoder, respectivef§all Or approaching zero, we select the cyclical

In detail, the sentence representatimbed(x) Schedule to increase weights of Kfrom0to1
encoded from BERT[cls] will rst transform into a (Fu €tal,, 2019) and a KL thresholding scheme (Li

Gaussian space by learning the parameteaad et al., 2019) that chooses the maximum between
through multilayer perception&/ , W . The KL and threshold . The nal objective function

nal latent sentence representations can be off:an e described ashfollows:
tained via:z = W Embed(x)+ W , which, L = E. .. | -,

CVAE = x) lo Xjz;r
as an additional Key and Value, is concatenated VA %((Z"’X) ap (xjz:r)
into the original Key and Value weights of GPT2, + max[; KLq (zijx;r)jjp(zijr)]
which can be described aAttentionQ; K;V ) = [



whereq represents the approximated posteriothe resulting vectors from the same role-content
(i.e., encoder)i is thei-th latent dimension. cluster, the visualization should show the same en-

tanglement as the original datapoints distribution.
6 Empirical analysis

In the experiment, we quantitatively and qualita-

tively evaluate the latent space geometry via ge-
ometrical probing approaches: (1) traversal, (2)
arithmetic, and (3) guided traversal. All experimen-

tal details are provided in Appendix A.

6.1 Latent Traversal

Qualitative evaluation. Traversal refers to the

random walk over latent space. It can be done by

decoding the latent vector in which each dimension

is resampled and other dimensions are xed (Hig-

gins et al., 2017; Kim and Mnih, 2018; Carvalho Figure 5: t-SNE plot of role-content distribution before

et al., 2023). Given a latent vector from a “seed'and after traversal. From left to right are ARGO-(animal,

sentence, we can traverse its neighbours to evaluaféiman, plant, and something), ARG1-(food, oxygen,

the geometry. As illustrated in Table 1, those traSun: and water), and predicate-(are, cause, is, require)

versed sentences can hold the same c;)ntent un éolp: original role-cluster distribution, bottom: distribu-
. : i Ion after traversal). PCA plots are in Figure 9.

different semantic roles as the input, suchaas

tomobilein ARG] indicatingrole-contenffeature

separation in latent spaces. 6.2 Latent Arithmetic

. — : : Qualitative evaluation. In addition, we demon-
an automobile is a kind of vehicle strate the geometric properties via interpolation in
an automobile is a kind of moving object Table 2. For the top-most one, we can observe

an automobile is a kind of object

. . . . [ abeach ballis a kind of container )
an airplane is a kind of vehicle 1. a pool table is a kind of object
__acaris akind of vehicle 2. a balloon is a kind of object
3. amagnet is a kind of object
. . . 4. a neutron is a kind of particle
Table 1: Traversal showing held semantic factors il g 4 proton is a kind of pgrticle

explanations corpus. an atom is a kind of particle

o ) protons are found in the nucleus of an atom

Quantitative evaluation. Next, we employ t- 1. protons are found in the nucleus of an atom

SNE (Van der Maaten and Hinton, 2008) to ex{ 2:1atomis positive 1 in electric charge

. . 3. 1in 6000 is equal to 27 in 10 years
ammerole-contenifegtures cluster and'separatlon 4. if protons and neutrons have the same numbg
over latent space (i.enatural clustering prop- of neutrons then those two particles are physicall
; closer than one another

erty (Bengio, 2013)). In the corpqs, howe\_/er’ dug 5. if a neutron has a negative -10 electric charge the

to the small number of data points within each| the atom will not be able to move

role-content cluster, t-SNE cannot capture the dif GH if a neutron_lfllas ahnegative -10 eleflitric _Chakr]ge the
P the neutron will not have a positive electric charge

fgrenges between clusters V\{GII, rgsultlng in the if a neutral atom loses an electron then an atom wit!

visualized latent space not displaying good role|  a positive charge will be formed

content separability (top in gure 5). Therefore,

we increase the number of data points in differ-

t rol tent clust by t . h Table 2: Interpolation examples (top: interpolation be-
ent role-content clusters Dy traversing each ang, .on, sentences with similar semantic information, bot-

keeping those resulting data points with the samgym: interpolation between sentences with different se-
role-content. Then, we visualise the role-conteninantic information). Only unique sentences shown.

cluster at the bottom of gure 5. We can nd that
the features are clustered and separated over the that sentences are smoothly moved from source
tent space. If this was not the case, after traversintp target (e.g., fronbeach ballto atomconnected

=

-

-




by ballon, magnetneutron andproton) where the
same role-content (i.epred-i9 unchanged. In con-
trast, the second case doesn't display the smooth
interpolation path. E.g., the third sentence con-
necting different semantic structures is unrelated
to both source and target due to a discontinuous
space gap between different clusters. Both indicate
that the explanatory sentences might be clustered
according to different semantic role structures.

’

s1: animals require food for survival
Sz animals require warmth for survival
animals eat plants

animals produce milk Figure 6: Arithmetics, s, for ARGO with contents

animals usually eat plants - .
s p—" be¥ries .pp|ams (dark blue: addition, shallow blue: subtraction, orange:

animals require food to survive element-wise production).
animals require shelter to survive

minimal distance in Figure 7. Similar observations

S1: water vapor is invisible . .
e R E for VERB and ARGL1 can be found in Figure 13
igneous rocks are found under the soil and 14.

quartz is usually very small in size

quartz is formed by magma cooling

quartz is made of iron and zinc

silica is made of argon and argon

sedimentary is formed by lithosphere collapsing

Table 3:s; s, (top: addition, bottom: subtraction).

Following the de nition of convex cone, we next
traverse the resulting sentence after adding or sub-
tracting two sentences with the same role-content
feature. As illustrated in Table 3, the adding op-
eration tends to hold the same role-content (e.g.,
ARGO-Animalpas inputs. In contrast, the subtrac-Figure 7: Evaluating the geometrical size of role-content
tion loses such control, e.g., froARG1-wateito  clusters (blue: max, orange: min).
ARG1-quartz More similar observations are in

Table 11. These results corroborate our geometry.
6.3 Guided Latent Traversal

Quantitative evaluation. Next, we quantita- Finally,

tivel trv f K by calculat we examine the semantic geometry via
_|ve y asse_ss ourgeometry framework by calcula algorithm1. The categories selected below are cho-
ing the ratio of the same role-content results fro

Msen based on their frequencies, ensuring a balanced

the_ vect_or addition fand subtracﬂ_on for all S(?me.nc%listribution during the classi er's training process.
pairs with a matching role. As illustrated in Fig-

ure 6, the ADDed results (dark blue) can greatlyQualitative evaluation. Firstly, we evaluate the

hold the same token-level semantics (role-contentraversal between different semantic role struc-
as inputs, indicating our geometrical frameworktures, e.g, conditional and atomic sentences. Ta-
In contrast, the SUBed results (shallow blue) sufble 4 shows that the cluster of the generated sen-
fer from semantic shift. Similar observations fortence changes as the values of different dimen-
VERB and ARGL1 can be found in Figure 11 andsions change sequentially (e.g., the rst three sen-
12. Besides, we can quantify each role-contentences hold the same characteristic. then ...

cluster's geometrical area by calculating the coas the input. The remaining sentences gradually
sine similarity between randomly selected sentencenove closer to the target characteristics, such as
pairs in this cluster. We report the maximal andis). Meanwhile, the sentences can hold the subject,



something during the movement, corroborating [
our geometry framework. Next, we evaluate the

if somehing receivessuright it will absorbthe sun
light

Dim27: if a thing absorbs sunlight then that thing is
warmer

Dim12: if something is eaten then that something
produces heat

Dim08: if something gets too hot in sunlight then
that something is less able to survive

Dim03: something contains physical and chemical
energy
Dim21:
Dim10:
DimO00:
Dim17:
Dim00:
ture
Dim21:
DimO0:
in water
Dim30: something that is cold has fewer nutrients
Dim21: something that is not moved is dead

something contains sunlight

some things are made of matter

something is made of atoms

a forest contains life

something that is cold has a lower tempera

something rises in temperature
something is formed from things dissolved

Table 4: Movement frontonditionalto atomic sen-
tences.

traversal between predicates. Table 5 shows th
movement between verbsguseandmear). We
can observe that the predicate is modi ed from

re causeghenicalchange

DIim06: re causes chemical changes

Dim22: re causes chemical reactions
Dim02: re can cause harm to plants

Dim27: smoke can cause harm to organisms
Dim14: re causes physical harm to objects
Dim24: re can cause chemical changes
Dim08: re destroys material

Dim01: re means chemical change

Dim14: waste means igneous metal

Dim06: combustion means burning

Dim00: combustion means chemical changes
Dim21: combustion means burning

Dim0O: re is formed by thermal expansion
Dim18: re chemical means chemical energy
DimO03: re is corrosive

winter meanscold ernvironmertal tenperture

Dim03: winter means cold - weather

Dim18: winter means cold weather

Dim0O0: winter means weathering

Dim21: drought means high temperatures / low pre
cipitation

Dim0O0: winter means high amounts of precipitation
Dim06: drought causes natural disasters

Dim14: drought has a negative impact on crops
Dim01: drought has a negative impact on animals
Dim08: drought causes animal populations to de
crease

Dim24: drought causes ecosystem loss

Dim14: drought causes animals to have lower naturg
temperature

Dim27: cold climates causes wild res

Dim02: climate change can cause low rainfall
Dim22: global warming causes droughts

Dim06: winter causes weather patterns

causego mean In the traversal process, some sen
tences fall into th&/-isregion. The reason is that
the V-is cluster is widely scattered in latent space

Table 5: Movement betweartauseandmean

(shown in Figure 5), which leads to a big overlap_
betweerV-is andV-mean Moreover, we calculate
the ratio of the generated sentences that hold th
expected predicatepean from 100 sentences with
predicatecause The ratio is 0.71, which indicates
that the decision tree is a reliable way to navigate
the movement of sentences. Finally, we evaluat
the traversal between arguments. Table 6 show
the movement from argumewniaterto something
Similarly, the ARG1 can be modi ed frorwater

to somethindgollowing its path. Besides, the nal
generated explanation still holds a similar semanti
structurejs a kind of compared with input.

Quantitative evaluation. Finally, we use classi-
cation metrics, including accuracyséparability)

water is akind of sutstance

Dim12: water is a kind of substance

Dim00: water is a kind of liquid

Dim23: liquid is a kind of material

Dim29: water has a positive impact on a process
Dim17: absorbing water is similar to settling
Dim06: absorbing is similar to reducing

Dim21: absorbing something is similar to absorbing
something

Dim04: storing something means being protected
Dim06: producing something is a kind of process
Dim04: storing something is similar to recycling
Dim21: absorbing something is a kind of process
Dim01: absorbing something can mean having thg
something

Dim22: folding something is similar to combining
something

Dim07: improving something is a kind of transfor-
mation

Dim11: absorbing something is a kind of method
Dim07: absorbing something is a kind of process

—

and recall density, as proxy metrics to assess la-
tent space geometry. As shown in Table 7, all
features show higher separation where argumentl
leads to the highest separation, indicating latent
space geometry.

Table 6: Movement fromvaterto something
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A Experiment Setting

Dataset. Table 8 displays the statistical informa-
tion of the datasets used in the experiment. The
data of the two datasets partially overlap, so only
the unique explanations are selected as the exper-
imental data. The rationale for choosing explana-
tory sentences is that they are designed for for-
mal/localised/symbolic semantic inference task in
natural language form, which provides a semanti-
cally complex and yet controlled experimental set-
ting, containing a both well-scoped and diverse set
of target “concepts” and sentence structures, pro-
viding a semantically challenging yet sufficiently
well-scoped scenario to evaluate the syntactic and
semantic organisation of the space. Besides, those
concepts mentioned in the corpus, such as animal
is a kind of living thing, are fundamental to human
semantic understanding.

Corpus Num data.  Avg. length
WorldTree (Jansen et al., 2018) 11430 8.65
EntailmentBank (Dalvi et al., 2021) 5134 10.35

Table 8: Statistics from explanations datasets.

Table 9 illustrates the semantic, structure, and
topic information of explanatory sentences over
the latent space. The explanatory sentences are
automatically annotated using the semantic role la-
belling (SRL) tool, which can be implemented via
AllenNLP library (Gardner et al., 2017). We report
in Table 10 the semantic roles from the explana-
tions corpus.

Architecture. Figure 8 provides a visual repre-
sentation of the connection between BERT and
GPT?2 within the AutoEncoder architecture.

Animal is a kind of living thing

[ LM head ]

Animal is a kind of living thing

0 o-0

Figure 8: Latent sentence injection.

To train the CVAE, we use a new embedding

layer for semantic roles and separate MLP layers
Wi” and W2 to learn prior distribution.

Hyperparameters. The training process of the
decision tree binary classifier can be implemented
via scikit-learn packages with default hyperparam-
eters. As for Optimus, the latent space size is 32 in
the experiment. The training details are following
the original experiment from Optimus (Li et al.,
2020b).

B Further Experimental Results

Traversal visualisation. PCA plots for ARGO,
ARG], and PRED are provided in Figure 9.

Figure 9: PCA visualisation.

In addition, we also provide the visualisation of
word content animal with different semantic roles:
ARGO, ARG1, ARG?2, in Figure 10. From it, we
can observe that the same content with different
semantic roles can also be clustered and separated
in latent space.

Figure 10: Visualisation for animal-ARGO, 1,2.

Qualitative evaluation for arithmetic. Table 11
lists the traversed explanations after addition (blue)
and subtraction (red) on different semantic role
information. We can observe that the resulting
sentences after addition can hold the same role-
content as inputs, revealing latent space geometry.

Quantitative evaluation for arithmetic. Quanti-
tative evaluation for our hypotheses via latent arith-
metic. Both VERB and Object can perform high



