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1. Target: Can Large Language Models (LLMs) and Large b O st 1 o227t b Ouenn o TaB e
Reasoning Models (LRMs) reason or are they shallow T T ' T T
pattern-matching on internet-scale data?

2. Method: We benchmark LLMs and LRMs on the STaR
benchmark [1] for the problem of disjunctive reasoning, whilst
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circumventing previous issues with test data e.g. memorization 2

(e.g. for GSM8K) [2]. - ;
3. Novelty: STaR problems are novel as the intermediate B e R i B B e

computation nodes need to contain multiple possible solutions or 3 \\V'<

sets, compared to other art. : m % f/\s—_gﬁ %
4. Punchline: LLMs and LRMs are shallow disjunctive reasoners. i e =] >‘\<;_==. S S S s
5. Why?: A behavioral analysis reveals that LRMs like 03-mini can k-hops

shallowly approximate different components of the Algebraic Non-reasoning LLM results on the RCC-8 split

closure algorithm that solves the STaR benchmark [3].
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= ¢ D o Non-reasoning LLM results on the IA split
Edc](a,b) :aec(a’b) Cpo(a],b) ccab) = ) Ca)) Ca ) — Conf.  03-mini Qwen 7B Qwen 14B e ——
di(a,b) o(a,b) oi(a,b) m(a,b) (k,b) Acc. F1 Acc. F1 Acc. F1 0 300
A o) Qwen-14B
(2 ) (e ) | ) - | — D e p— 9,3) 030 024 012 007 006 005 5
tpp(a.b) pp(ab) tppia.b) ppia.b) e o s - o (92 048 038 006 002 026 023 229
. L (9,1 090 085 0.08 0.0/ 0.20 0.15 =
RCC-8 relations [4] —s é’ 8,4 044 035 010 008 016 o012 200
fi(a,b) (8,3) 0.56 052 0.12 0.11 0.14 0.10 g 150
- (5,2) 068 063 0.12 0.07 024 0.19 S
IA relatlons [5] (9,3) 030 029 0.04 0.03 0.10 0.10 g 100
(9,2) 044 042 0.06 0.04 0.22 0.18 &
_ _ < (9.1) 078 074 020 015 0.14 009 = °°
Spatio-Temporal Reasoning (STaR) benchmark: = (84 036 030 004 006 012 007 = FEEEENE
_ _ . _ (8,3) 034 036 0.04 0.03 0.14 0.07 0.0 0.2 0.4 0.6 0.8 1.0
» The Systematic Generalization (SG) task is framed as a (5,2) 056 052 004 003 018 0.11 Fraction of s-t paths recovered from CoT
graph link .C|aSSIfIC€.1’[.IOn prOblem (8, ?, t) | LBM results on STaR Fraction of s — ¢ paths
composing knowledge that was learned from multiple training
. . . e RCC-8, spearman's r: -0.65 pval: 2.68e-06 —e— non-trivial 03-mini —s— non-trivial gwen-14B —— non-trivial gwen-7B
iInstances [6], where the test instances are typ|CaIIy Iarger A, spearman’s r: -0.66 pval: 8.46e-06 trivial 03-mini trivial qwen-148 trivial qwen-7B
s s . (a) 03 results breakdown (b) RCC-8 (c) Interval Algebra
than the training instances. 10 .l Lo 10 j
» Problem complexity parameters : s-t path length & (number 0.8 W 508 4 o8
of edges) and number of s-t paths b J0. 508 06
» Train/test split: Trainon k=2,3,4,b=1,2, 3, test on g 04 §i°-4 l
2<k<l10and1<b<4 0.2 0. 02
_ 0.0 o000 0.0 1 — == 0.0 N .
InPUt Representatlon ° 1N?meer28finte§soectionto >0 ° St(c))tal nlt?r(r)wberlgfos-t sgt%s 20 ° tSo(iaI nu?not?er oflsiopathioo
e ™ LRMs are shallow Algebraic Closure Algorithm (ACA)
dh - = my
Tnstr'uctiorjl (0): You are 3 helpf:l z.as:is’;ant. Just.atjlswer'hthe Euestio: as 3 singl:. h Slmulators_ (a) 03_m|n| S performance on STaR_ (b)_(c) Mode|5,
integer. Given a consistent graph with edges comprising the 8 base relations, predict the . _ _ _ _ _ _
label of the target edge. More specifically, Given a data row delimited by a comma with IncreaSIngly Wlth Slze, ZerO-ShOt explort the trIVIaI path
the following columns: “~graph_edge index , " edge labels , "query edge , predict the label . . .
of the "query_edge as one of the 8 base relations as a power of 2 as defined above. heurIStlc for SOIVIng STaR prObIemS. Error bars are ::10'.
Composition Table (T): The following are the base elements of RCC-8: DC = 1 EC = 2 PO = 4
Grap; Edé;.Index (E_i): "[(e, 1), (1, 2)]"
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