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'‘Under joint conditional independence of
evaluations given the shared failure structure, k
rounds of self—critique provide information
about correctness bounded by what the shared
latent failure variable Z mediates—not by any
independent channel. Confidence accumulated
through repeated self—evaluation reflects the
shared  failure  structure  rather  than
independently accumulated evidence. "

=X/ Limits of Selt—Correction in LLMs: An
Information—"Theoretic Analysis of Correlated

Errors (Preprints.org, 2026)

‘Surprisingly, even under these near—ideal
conditions, solver models consistently show
resistance to teedback, a limitation that we term
FEEDBACK FRICTION. [...] Despite receiving
high—quality feedback over multiple iterations,
models  consistently  plateau  below  their
theoretical performance ceiling across diverse
reasoning tasks."

&%/ Feedback Friction: LLMs Struggle to
Fully Incorporate External Feedback (arXiv,
2023)

'Reasoning LLMs (eg., DeepSeek—V3)
already embed sophisticated error—detection
and correction processes. As a result, additional
self=correction methods conter only marginal
gains and may increase computational overhead,
highlighting a performance ceiling in highly
reasoning LLMs."



Z=x]: Can LLMs Correct Themselves? A
Benchmark of Self—-Correction in LLMs

(NeurlPS, 2025)
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"Across all experiments, model performance
consistently degrades with increasing input
length. [...] Models do not use their context
uniformly; instead, their performance grows
increasingly unreliable as input length grows. "

&4, Context Rot: How Increasing Input
Tokens Impacts LLM Performance (Chroma
Technical Report, 2025)

"We find that performance can degrade
significantly when changing the position of
relevant information, indicating that current
language models do not robustly make use of
information in long input contexts. In particular,
we observe that performance is often highest
when relevant information occurs at the
beginning or end of the input context, and
significantly degrades when models must access
relevant information in the middle of long
contexts, even for explicitly long—context
models. "

&4 Lost in the Middle: How Language
Models Use Long Contexts (TACL, 2024)

"Even with 100% pertfect retrieval of relevant
information, pertormance degrades 13.9% to 85%
as input length increases. [...] Sheer context
length itself imposes a cognitive tax on LLMs
independent of content quality.”

Z=X]: Context Dilution: When More Tokens
Hurt Al (diffray Research, 2025)
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"LLMs must infer underlying safety standards
indirectly from large sets of labeled examples,
rather than directly learning the safety
specifications that govern them. This reliance on
implicit, pattern—based learning leads to poor
data efficiency and makes it challenging for
models to generalize when facing untamiliar
scenarios or adversarial attacks.”

&4 Deliberative Alignment. Reasoning
Enables Sater Language Models (OpenAlL 2025)

"Without

representational collapse drives parallel streams

explicit regularization,
toward identical features, leaving reliability
gains unrealized despite added computational
resources. "

£%.  Neural
Hallucinations in Small Language Models
(arXiv, 2025)

Diversity  Regularizes



2. 25 (Main Text)
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"‘Under joint conditional independence of
evaluations given the shared failure structure, k
rounds of self=critique provide information
about correctness bounded by what the shared
latent failure variable Z mediates—not by any
independent channel. Confidence accumulated
through repeated self—evaluation reflects the
shared  failure  structure  rather  than
Independently accumulated evidence.” (75
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=2/ Limits of Self—Correction in LLMs. An
Information—"Theoretic Analysis of Correlated

Errors (Preprints.org, 2026)

"When the evaluator makes errors on the
same inputs where the generator makes errors,
self-evaluation —can be non-identitying’
agreement between generator and evaluator
may provide weak evidence of correctness. [...]
The Self—Correction Blind Spot, measured at an
average 64.5% tailure rate across 14 models. We
argue this reflects a structural property of
certain evaluation configurations.” (G2}
QLFE Fof= &Y YE o)A BIIRIE 0 FE
el o, A& Bk AE EoFs o E 7 Yl =,
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=2/ Limits of Self—Correction in LLMs. An
Information—"Theoretic Analysis of Correlated

Errors (Preprints.org, 2026)

"Model pairs agree on the same wrong answer
about 60% of the time when both err; shared
provider, shared architecture, and higher
capability are each associated with higher error
correlation.” (= 2 Eo] H-= CFE Yol mj oF
60%2] &5 sYeF g9 oot F7E
AERE, 7 oF7EF, 2] £ x]o] o &
Y YEEAE O 52 QF YA (Error
Correlation)2} ¢ o] LTt.)



&4 Limits of Self-Correction in LLMs: An
Information—Theoretic Analysis of Correlated

Errors (Preprints.org, 2026)
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"Independent, decentralised agent
architectures  amplity — errors 17.2  times
compared to a single—agent baseline. [..]
Multi-agent  variants — degraded  sequential
reasoning performance by 39 to 70%,
challenging the assumption that more agents
always improve outcomes." (Z 8 o]17 L1
ofojFE  of|HRE  HY  ofo]FE
HjojLEfelo] Blg] L7E 17.24] SHAIZI.
ofs oo]HE HEF2 oA FE F5=
39%°)4]  70%71%]  A}AZ]H,  Ofo]FET}
gerE gy FEpF Y EgE FEl
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&%/ The Compounding Errors Problem:
Why Multi-Agent Systems Fail and the
Architecture That Fixes It (Zartis, 2026)

"If A produced an error, B reasons from that
error. It B produces a turther error, C reasons
from both. The errors are not isolated events.
They are epistemic inputs that shape all
downstream reasoning.” (9JO]HE A7} 2FE
YYolH BE 1 LF=ERE FEo) BIF &
o2 0FE Yol O & o= R E FEo/.
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&%/ The Compounding Errors Problem:
Why Multi-Agent Systems Fail and the
Architecture That Fixes It (Zartis, 2026)

"A misaligned agent produces an output that
the next agent accepts as authoritative, and a
verification tailure that should have caught the
problem is never triggered because the system
wasnt designed to look for it." (2EH
NI EZ} {rEEE Yol ofs o] EE
ofF #Af = o= $EH, FAE
FopElofof gt HE AL HRS ofZ ofF HrE
HAER] A7) o] E7 &0l ZEr)

&%/ The Compounding Errors Problem:
Why Multi-Agent Systems Fail and the
Architecture That Fixes It (Zartis, 2026)

"If you have a pipeline of n sequential steps,
and each step succeeds with probability p, the
probability that the tull pipeline succeeds is p n.
That is the individual reliabilities multiplied
together. Not averaged. Multiplied." (n7]<]
235 gAE 7 FolTNN 7 BA}
pe] GEE YFTLE, F5 melmaelo]
Y& 5L pnojd. 5 HH UFEI}
o= Z o). Fato] of Tt #o/d.)

&%/ The Compounding Errors Problem:
Why Multi-Agent Systems Fail and the
Architecture That Fixes It (Zartis, 2026)
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‘Surprisingly, even under these near—ideal
conditions, solver models consistently show

resistance to teedback, a limitation that we term



Feedback Friction. [...] Despite receiving high—-
quality feedback over multiple iterations,
models  consistently  plateau  below  their
theoretical performance ceiling across diverse
reasoning tasks." (EFA L o¥F ZH
SIE EYSe HEW] o Y
e Host, il o FAE WEY
oK (Feedback  Friction)'o]2F FFolc)  of2]
Yo BREe] ZF w#EFEe] mEdS Eheok
E7Pol1, BYES Yo FE ZFY o)A o]EX
& eHAE oFafol YHEA FAEH)

&%/ Feedback Friction: LLMs Struggle to
Fully Incorporate External Feedback (arXiv,
2023)

"This disconnect between stated intention and
actual behavior reveals a fundamental issue’
models exhibit self-assessment failure where
they believe they are incorporating teedback
while demonstrably failing to do so." (FAJH
o=} YA P& AFo]e] o] 2o HHES THEX 9]
wAE EfYh. HY5S AAE mjEHS
T&ol Qrfy WomAE HrjE o]
dojsl= & FHI} HH(Self-assessment
failure) & HJFEC})

&X]. Feedback Friction: LLMs Struggle to
Fully Incorporate External Feedback (arXiv,
2023)

"Feedback resistance, rather than feedback
quality issues, Is responsible for the majority of
persistent errors.” (X2 ¢l QFo] pjHE AL
ojEBe] FE FA7} ofE), HEPO] hjol
mgo] Az =gty (Feedback resistance)of
Z]¢letet)

&X]. Feedback Friction: LLMs Struggle to
Fully Incorporate External Feedback (arXiv,
2023)

"We formalise recursive self—training in Large
Language Models (LLMs) and Generative Al as
a discrete—time dynamical system and prove
that, as training data become increasingly self—
generated, the system undergoes inevitably
degenerative dynamics... Entropy Decay, where
finite sampling eftects cause a monotonic loss of
distributional diversity (mode collapse).” (%2]=
LIME] AFH FE L ol N7 4
A2 02 FA]ofel T, B d o] 7} HR] XL}
GyFel wia Ksgo] BEHez HBH

FARL Fol AL FUTT. 28 EF
B} HEH GPye BRiEe $U2
A

Zefol= AEZH F7(Entropy Decay) ¥4/
2yeict)

=41, On the Limits of Self-Improving in
LLMs and Why AGL ASI and the Singularity
Are Not Near Without Symbolic Model
Synthesis (arXiv, 2026)

"If the veritier is itself a learned model (e.g., a
Reward Model in RLHF), it is subject to the
same collapse dynamics... The ensembles
knowledge becomes untethered from the
external reality.” (A3 AA} of5H ZEY
Fe. o 94 FYF 57 FT U
et QPES RARS $7S F¥ (External
reality) 23] 9135] £250] ER7SA HeF)

=41, On the Limits of Self-Improving in
LLMs and Why AGL ASI and the Singularity
Are Not Near Without Symbolic Model
Synthesis (arXiv, 2026)



'Reasoning ~ LLMs

sophisticated error—detection and correction

already  embed

processes. As a result, additional self—correction
methods conter only marginal gains and may
increase computational overhead, highlighting a
performance ceiling in highly reasoning LLMs."
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&%), Can LLMs Correct Themselves? A
Benchmark of Self—Correction in LLMs
(NeurlPS, 2025)
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mrebA, =2y b Zzlo]l BRARE ¢+
StEEA "HAE BAA7AA 2229 =2A
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Az ekd
22 A A (World Model)©]

Ao FEloA EH ZARE E e gEA

DA E P TRE, 979 (3] 725
nEnE $A So)) YA Kol 2 ZHEH Y

2 AolA AZIE WE dol EE(LLM)9]
ZZ(Reasoning) #HAo] AHEZA @ato] opd
SAA 2 (Statistical Mimicry)o] E35hH,

WA 2-& WA (Intrinsic Self-Correction)©]

AR FHoR AW WASHL dFSE
= g9 Al B3 2 A4 97 YR
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"Deepseek R1 presents its CoT as a stream—
of—consciousness, using filler words and
interjections such as Ah!, Wait no., Oh yesl!...
LLMs generate text token—by—token, and as
such have no need for these communication
cues, suggesting that this is a stylistic mimicry of
human  reasoning,  rather  than  direct

correspondence to the model’s internal process.
[...] DeepSeek R1 CoT is better understood as a

post—hoc rationalisation’ a plausible narrative
embellished with human-like interjections that
simulate a stream—of—consciousness, and so
give the impression of access to the model’s
thoughts’."
(Deepseeck RIS F&2 HFE 949
o EXE AAopH of, F7h 2 28]l Zhe
FYME  AFGOI. LIMS ES HEE
GAEE Yooz ojdd 2F i} Jd
e glon] of= mHS 47 Y3 g F2
B ) oy AP FEE
2 BEKStylistic mimicry)eF Y&
OT" EE—”J /<H77-o;7 XJJO}_
o ghiy2 771 9 P A G Post-
hoc rationalisation) 2 ©]3}la}= /o] EFGFS}C])
&7 Examining the Faithfulness of Deepseek
R1’s Chain—-of-Thought Reasoning (arXiv,
2023)
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2 G 58 (Split—Brain Syndrome)

'‘Current Transformer architectures suffer
from “Computational Split—Brain Syndrome.”
This refers to a systematic dissociation berween
Comprehension (the ability to explain how to
solve a problem) and Competence (the ability to
execute the solution). [..] LLMs lack the
architectural mechanism to reliably “bind”
variables to values across arbitrary contexts. In
a recursive loop, it Step 1 outputs x = 5, Step 2
often tails to retrieve 5 reliably if the context is
complex, instead relying on probabilistic pattern
completion.”
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&%]. Comprehension Without Competence:
Architectural Limits of LLMs in Symbolic
and
(OpenReview/arXiv, 2025)

Computation Reasoning

3 E);,VX—] 077_// 7—/_sz 5};77_9,1 = J
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‘Current Generative Al is a fundamentally
analytic system. It is trained on a massive, but
finite, dataset representing a snapshot of human
knowledge... Its operations consist of identitying
patterns, correlations, and structures within this
dataset and then interpolating or recombining
them to generate outputs. [..] It cannot
synthesise new knowledge because it lacks the
mechanism of computational verification or

external grounding, and therefore it cannot

- » . . 4
improve” in any meaningful sense.

(FAfe] H¥s AR ZEIFo= HLHZ
A 5] HE £ oI
feﬁEfﬂ/l SJHPAE Hopn o] HiIopA}

2gae] 238 Yyt AoE Y.,
o] AI2ELS AR FHS(Computational
veritication)©JLf o E =] Z)E(External

grounding) HJFYE0] §7] HE A=
R4S gl fer, mjepa] ofH ojn] gl

gR&] 0 2 Im A A2 T (Improve) g 5+ HC].)
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&%/ On the Limits of Self-Improving in
LLMs and Why AGIL ASI and the Singularity
Are Not Near Without Symbolic Model
Synthesis (arXiv, 2026)

o17) Rzl YAH &
é’Xf/ P5 719 72

259 Y}

"We uncover two key findings: First... less

confident models show  greater relative

from  feedback,

confident models are more resistant to

improvements indicating
correction. Second, models consistently claim to
understand feedback and express willingness to
update their beliefs (?95%) yet fail to actually
incorporate corrections—revealing a disconnect
between stated intentions and actual behavior. "

(FElE= 7 7R Y EAS BFolin XA
ELlo] & BRI YTE QF wYo o ZolA
Kol 4, HIES HEES ofgn
RjZF o= FFopn e KEE 7]Ao]
SHSFACHT G (95% o] S eFHAI =, JAZE=
2w AeE EPols b HEerd. o=
FAIE o]=ef A P& Apo]o] e er HEE
E2didt)

&X]. Feedback Friction: LLMs Struggle to
Fully Incorporate External Feedback (arXiv,
2023)

"Large language models cannot self-correct
reasoning yet... without external teedback, self—

correction attempts often fail or degrade

performance.”
(HE olo] Bge of] FE& Aoz
w5 .. 92 g suo] gll= lEfolj 4] o)
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&X]. Large language models cannot self-
correct reasoning yet (ICLR, 2024 / arXiv)
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2 AolA A7i"E 2AYE $2](Scaling
Law) 9] 54, 'eiiet AYAE Bqlo] Yddow
Zd# o= ol S]A(Attention Dilution) ¥}
'Z7F 2 (Lost in the Middle)' @Are] 4=5+2
RS WA HEohs 22 209 Al &3] 2
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1. & e(Lost in the Middle)Z} 718~ E 2]
oI=] ] J—V?V (Cognitive Tax)

"We find that pertormance can degrade
significantly when changing the position of
relevant information, indicating that current
language models do not robustly make use of
information in long input contexts. In particular,
we observe that performance is often highest
when relevant information occurs at the
beginning or end of the input context, and
significantly degrades when models must access
relevant information in the middle of long
contexts, even for explicitly long—context
models.” (f2fi= #E O] PIXE HEHS
§&o] ZA AFE 7 USE AR e, o=
FRje] ¢lof melo] 7] 98 FHAES] YHE
Hizops g&olx] Fg= yEdn. Eof
A0 & FAHYAE REYRIE P JHI}
s AT W Fkol JjeE+AoR
S752 Felgi))

&%/° Lost in the Middle: How Language
Models Use Long Contexts (TACL, 2024 /
Stanford & Meta Al

"Even with 100% pertfect retrieval of relevant
information, pertormance degrades 13.9% to 85%
as input length increases. [...] Sheer context
length itself imposes a cognitive tax on LLMs
independent of content quality.” (100% 25 oF
YH  FHAo] o]Folxrlai,  9lg  Zo]7}
Fopgol w2 13.9%04 5 855714
HJspElct AHAES Fefl Zo] A}
el EFIF RPN LMY A
T (cognitive tax) E F2Fof= Zo]tf.)

=2/ Context Dilution: When More Tokens
Hurt Al (diffray Research, 2025)

2 AgAE

of 419] K

Eifl(Context Rot)2} £ ZEDA
57| (Representational Collapse)

"We observe that model performance varies
significantly as input length changes, even on
simple tasks... Models do not use their context
uniformly; instead, their performance grows
increasingly unreliable as input length grows.”
(Fe ol ZF9J o 412 @8] & o7} ¥iglo] whef =g
d&of 24 FEgE HEFAT. 2l
HEAEE o Yol Apgops] o, 9
é70/7/. é]of/?]/“ﬁ /<-7'- O XJX-] E/ K]g]g _7/5 &7’777
s otot))

&%/, Context Rot. How Increasing Input
Tokens Impacts LLM Performance (Chroma
Technical Report, 2025)

"..softmaxs fundamental property that forces
probability mass to be distributed across all

tokens, with attention weights necessarily



approaching an unitorm distribution as context
grows... representational collapse occurs due to
softmaxs inability to maintain distinct attention
patterns as sequence length grows, erasing
meaningtul distinctions between tokens." (B&
2 BE EZd PUGEE FAdE
R YT ola
A G el 5
2 79 BIE(Uniform distribution)o]]
. AIES Zol7f Sofgke] mpEl FEIor
S 7Xo}R] FHols £EEHAO]
olgf Eg -FP(representational
collapse) 7} 2FYa}r, of= EZ 7k o] =

22 A9/ E)

&%), Long—Context Generalization with
Sparse Attention (arXiv, 2026)
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3 ofeld Y= (Attention Sinks)SF =E]F
oyl o

'‘Because  softmax  normalization  forces
attention weights to sum to 1, models must
dump'attention somewhere when no tokens are
highly relevant... since attention is zero—sum,
adding more tokens monotonically increases
noise in representations.” (£ ZE WA Z 7ok
oy EAS Fe FEA 12 A
mjiZof, oj-2 HEy =S Eo] fE o ZYe
ofHdE  ofH o HlF oK dump)'TF ot
Oof B {2 X2 (zero—sum) A YO[B =2, EFES
o Fofols AL HH F7F Y o]RE HXE

Ml

57Hmonotonically  increases)A|7]= &EZE
=gyjeh #Eolrt.)

=2/ Context Dilution: When More Tokens
Hurt Al (diffray Research, 2025)
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"Although it seems counterintuitive, models
pertorm worse when the haystack preserves a
logical Hlow of ideas. Shuffling the haystack and
removing local coherence consistently improves
performance.” (REo] EFof= ZIR]8 H ol 2] o,
EAEZ} ofo]rjo]o] {=p]X] & FS HEG o
wnyo] Y& Lo/ XfolHr]
P2po] 2 Kjo] 42 AP (local coherence)=
AAfE Ao] eoj8 B9 Ye& JE
FYAIZI)

=
HAEEZ

&4/, Context Rot. How Increasing Input
Tokens Impacts LLM Performance (Chroma
Technical Report, 2025)



Chapter 4. AFE4 op7|E| Ao DA Q17 A2l A (The Necessity of

Deterministic Architecture: The Return of Human Control)

sn il ) Zo]—%()ﬂj\:i l&%éﬂ%’ —1/_'}"{’\— — E—F'_
(LLM)ol A&d< Fosto] =214 524
DA Wk HRolE A ghAet Sata

Bl A gk

i Qo] =do] &4 AoAHg(Multi-
Agent  Workflow)S 53l
gHeHE Aes, 7iE oolHES FEA
a7t wmolmeEigle]  Zlold
7Ishardos FEEE R/
(Compounding  Errors)’ @442 FxHo=2
Wxeh= 9ok AAE
Truth)o] FHgt
4t "AAHo
Amplification) ¥} IE 2 1] B3] (Entropy Decay)
= x5, A2"ES EAA EH(Statistical

Drift) AH| 2 Zold 1},
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N
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jaboy
D
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@)
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(@

23 2z oy
= 5

Bt Z  (Variance

mebA, A o FEAAY AR
JHEsH7] Qe fdd AFH T o,
AlofAl Folgl AL ‘HFolghs A&
Ve AW HiEst= Aolth JAE 7124
ZF2(Symbolic Reasoning)2 3T HAHA
HRIg  mlAYFZe] fdHor  HAstnz,

A29e) BADLS A AHEH A7} s
QZre A2 £75] W] ool G,

oj2fet QIZt FA 9] 72 Ted| ZEILES
HASA AdE  fEel  Relad
(Heuristics)S 2u|s}#] @it} o] A|AH 9]

oEHE TRACR AAASE Tgolt.

=
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It of7JdlE (Human Architect)= AHHgh
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FE9 & 54w

9= sfiAIst, o & e W L Z(DAG,
Directed Acyclic Graph) dEfe] AH ==
+z Control  Grid)'e2
2| Zofjof gttt o] AAR A st A Al=

= AAske FA7t

(Deterministic

oAy A
oftm, Q2] QIZto] PAA 2 At =4A
2 (Local ol ARt
Helsl= ARty SA WHE 2ERestricted
Statistical Rendering Module)'2 Z3}%]ojof
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=
HAEE

o17ke] 'L A Ak (Structural Constraints)'o]tt.
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Z M= FHsteste 9n] e
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FZYDAG) 2 Ve
Constraints)'©] <}

s
Fyots 229 A9 47 AL YU,

1. 9Jo]FE p&Fe mk 279 OF
2 a](Compounding Errors)9} o] X 5=

"If you have a pipeline of n sequential steps,
and each step succeeds with probability p, the
probability thar the tull pipeline succeeds is P"

. That is the individual reliabilities multiplied
Not averaged. Multiplied. [...]

Independent, decentralised agent architectures

together.

amplity errors 17.2 times compared to a single—
agent baseline. Multi-agent variants degraded
sequential reasoning performance by 39 to 70%,
challenging the assumption that more agents
improve outcomes.” (7§ R
= 3 mpojmelels ZF HA po
gEae, IA molzaele] §F
Bato] ofzp P' ez FoF
SE&o[1 PLFE A& OJO]HE of7]E A=
HY oJo]FYE  HjojxafQlo] Hgf LFE
17.28)1} FFAZIG. o5 o] TE HES
=AY FE SeZ O 70%71F SFA7,
N HEZ} FEr5F a7} HIH T = BiE
Yo Brapottt))

&%/ The Compounding Errors Problem:
Why Multi-Agent Systems Fail and the
Architecture That Fixes It (Zartis, 2026)

'Reasoning  LLMs DeepSeek—V3)

already embed sophisticated error—detection

(eg.,

and correction processes. As a result, additional
self=correction methods conter only marginal
gains and may increase computational overhead,

highlighting a performance ceiling in highly

16

reasoning LLMs." (2Z9] F2 HEEL ojn]
Yol QF HX ZEAIAE yigelr Qo)
FHR O 2 ofJo]HE & W HEHE FIFolE
9] ot &S AFolH  AF
QL BGER FIIAZ] B o ZEEZ HEo]
Zgst  F&59o  FHEF(Ceiling)E  FEolA
Hojzrf)

=%/. Can LLMs Correct Themselves? A
m LLMs

o
12

Benchmark of Self—Correction
(NeurlPS, 2025)

2. EAF HEFZ(Statistical Drift) e} ZE=2
Z(Symbolic Anchor)2] Z 97§

"Without external grounding (a—0), the
model mean follows a random walk driven by
optimisation noise. Symbolic constraints and
algorithmic complexity act as a discretisation
anchor... preventing the continuous degradation
(random walk) characteristic of purely neural
updates.” (9]-7°] HYEZ 7o) FHE
SEfoNA BEe] Faghs FHFsF Zoj=of
o/Zd F2FP dlHE(Random Walk)E ofr]
HFoT. Z]TF(FAH) AF FHES o]t
w7 Y YHo[ESF BHH O F= A
SHE Blof7E 47 8 '0]{1E H(Discretisation
anchor) 02 X}-§oF})

&£%/° On the Limits of Self-Improving in
LLMs and Why AGIL ASI and the Singularity
Are Not Near Without Symbolic Model
Synthesis (arXiv, 2026)

"The projection /7S enforces syntactic,
grammatical, or invariant structure, thereby
eliminating large regions of the hypothesis space.

A small value of o indicates that symbolic



structure is highly informative, leading to a

rapid  collapse  toward — low-complexity
15 EAHISE B
HARE ZIAelo 24 sFEX] 7} F7Fo] AjoF
29Uy gUs  AARH. gAEE
AN E G2 e FolEio] ALHE
B2Fyo] Ww Yy 2 E@oZ wer)
SEAI)

&£%/° On the Limits of Self—Improving in
LLMs and Why AGL ASI and the Singularity
Are Not Near Without Symbolic Model

Synthesis (arXiv, 2026)

representations. "

3 /\E/{—’] H]-oﬁx-i H/_/,S_Q,L jgyﬂ@AG)g_ §]'
YIRLZ] YA} 01 7FO] ZR X AJOF

"Error compounding requires an unbroken
chain. You break it by decomposing complex
tasks into a directed acyclic graph (DAG) of
atomic sub—tasks, each small enough that its
output can be independently evaluated before it
" (27 FF
FEL ZojAx ghe AEe BRZ § o
ST G BYT IYE FTY
e THZDAG) G D5

oz e oo, T HEEO] e
27075}7/ ;(Jo77 Ea]x#o/_z
.02 FAHA = HE)T)

&%/ The Compounding Errors Problem:

enters any downstream context,

My,
oy
FHu

Why Multi-Agent Systems Fail and the
Architecture That Fixes It (Zartis, 2026)

"The Inspector pattern's 96.4% fault recovery
rate is achievable not because the Inspector is
smarter than the primary agent, but because it

reviews from outside the primary agents error

17

(d mHo] 96.4%9) HeF H78E
24z + HAp7 IE
AJoJHEHT § EEAF oRj 17
ofo]HEZ} Zaf Qo7 AEHAE(Error
Context)®] 9]R29J4 FHZo] H2j¥o] (&&=
W) o)) B o]t

&%/ The Compounding Errors Problem:

context.,

o] L
AR T

Ze I

07.5

Why Multi-Agent Systems Fail and the
Architecture That Fixes It (Zartis, 2026)



3. A& (Conclusion)

ANo|HE HIAE=5-2] AHA S} stol Bt o7l A o] WA/ (Redesigning
Agentic Workflows and the Inevitability of Hybrid Architectures)

AF7HA] 9] =5& T, =5 SEEH AL Y (LLM)Oﬂ A& Fofsto] =2] 4 Ad2 gste =
AE+ AHo|EH

Correction)'2 2212
FTEA7= T 715 7| A = A
2 th 9 F 71| op7| 8l A A Meke 2 A4 Q‘:]'

AR A AEH Z7Re AA3] olzto] A Symbolic ~ Anchor)7t  ofo]HES] &7+
AAEA =2 Fxof o5l SA = ofof gt whef Zolule AT ez AFdopt @ 7o <14
ol zmetel of Ha o] HETE E7HusH FEP )& A 43l
L= ojof ftpH, 11 A2 SHEA Lo|x7t
ojn] g Az oy T A4t HH= ol2fgt HFH A, HHO|EA A= A
AT Ao 2 grlelhs o AMREE A2 & Qurt ALFAA S A 253 7] B2t 715l St
Tk Al dAARe] SHAHR] ZEIE ZA 9 A& AT @A) B2 71dE0l &4t
=2 A4S AAA oz Aokl WA s il ol 7ho] oAk 9 2e 4 FEve
WAow  AghE|ojof ity KPS Y A Zlsdor UMY olHdE HaE=S
AAo=m Y B FEEHEE, =249 FES (Agentic Workflow)'& ZF-&2Fstal Qleh. 12t
AASHL §l 3& AH24 02 Ao 4 = o 50| T AAHA AL ot o s
A 2|32 A £ol7] miFo|t. ‘?J%QX] o ol Edtste, dlEmeto]=

2ol ot w2 vy FEAES

=4, A7t MY HAaFStHA T bt A&Ho07 %1'56]—7] = pxA kAo
AL dHstE QZzoes jEsiuzt EL-IR R0
e, = Al R 2R 75 ool E S 2=
7] =ofoF ottt ARt ou|e] s HFol Aoz dA =5 Al ofo|HERtC R
dHotH, FEEA A RA(LLM)T FAIA T35 wholzaRelS ——rL——%—ﬁ}h 71959 7=
ole] A7t 7hsqt MEA A4t AA(CPU SR (Moat)&F 4421 Wi/ oll thet Ale] 7HA]
719re] AAEA HFE)7E AdE StolEeE B 7FValuation)+= ™ ]Olo} YAsHA Ax4=E
o] HE 12EZ=9(Hybrid Agent Workflow)' Z=dto]| ¢l-& Zlojt} m|gjo] Al A Frgt
7} e jojoput dtry, I EE Ad¥stal, 4-5H4 A4 M GEEA 24| W52 wHelo]
g2 FHotH, @F dolgHo|l~e] HMEES oftje}, <Ixte] AHek FAEH AAHEA
=92 o=® tixsh= HAFY oY (l2d #
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StolHeE o7|ElAE duh}

#3901 2
AnabA Fae) Uetel gef o,

AEJA AZIEH &4 Al oo]ME HE
HAIAEZ(LLM-as—a—Judge) 9] A A4
it olE A AREH 7IE
A H(Symbolic  Systems, CPU)o] ZAgH
stolHe]lE op7|gA o] HAHS FHsl=
=24 449 A7 DA 24 A I YU

.5 Al A5 (LLM-as-a—Judge) 9] +F2]
o} {7} o] MHE X] 217)

"A single agent evaluating its own outputs
faces elevated risk of correlated error’ sharing
training data, inductive biases, and blind spots...
An Inspector that uses the same model, the same
context, and the same prompt as the primary
agent will share its failure modes. Two instances
of the same model reasoning from the same
context will hallucinate on the same inputs.”
(8] Ao HE} A1) 9] 2 5L Bt A2
g8 Hois, AFH 0 F 7517
mfi2o] & QXFCorrelated error)9] Hg<
St Eolrt. 17 oo HEY FUT
iz4=/ & ot
H+ A (Inspector)= 7 o] BEE 7oz
v FUT Ul FESE £ e
E Yol 2y QAEAE HIER] F oo 9/glo)

t.)

gj&l E zFo] 2} (Hallucinate)S &

le]
HES

AGAES

~
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-

~
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&4 Limits of Selt-Correction in LLMs: An
Information—"Theoretic Analysis of Correlated

Errors & The Compounding Errors Problem

‘Multi-agent variants degraded sequential
by 39 to 70%,

challenging the assumption that more agents

reasoning  performance

always improve outcomes. " (F}5 O] FE B9
BUES £5 R2E 5L 39%04
0% BHNFCH, o= ool HE}
Horg+E 34 Aol AHE Aol W]
Yo zotd))

&%/ The Compounding Errors Problem:
Why Multi-Agent Systems Fail and the
Architecture That Fixes It

2 &gfo]Ha]E o}z7]Ez]o] B!
LXK CPU/Symbolic) 7} 2522 EA]

75

"The

neurosymbolic AL.. the fusion of linguistic

technical foundation of DSS Is

fuency of neural networks (System 1) with the
logical rigor of symbolic systems (System 2).
Neural networks excel at intuition... symbolic
systems provide the verifiable, step—by—step
logic required for high—stakes reasoning.”
(ool B3 ZA&(DSS)S] 7led ZJPRS
TrE A EE AT of& {F 0] o013 7357

e AAHEYEY AFGY =
Juge §FE Aot UFHS Hpo
Holupxju, 19]8 FEANN LFHE HE
= E R R

A|2E)(Symbolic systems)7Fo] &8 = YTt.)
5/ An

Generative Al

Alternative  Trajectory — for



"Purely distributional learning leads ro model
collapse, hybrid neurosymbolic approaches
offer a coherent framework for sustained self—
improvement." (=70} SF& £IZ) SfEof=
of2 Wolx o2 i2d B (Model collapse)Z
oJolFIEt 93] GOIBAE 2 B A TET
25 Fep) Fywe] A% e 48 AL
Pt YEhE Za] Y7 E A Folt)

&%/° On the Limits of Self—Improving in
LLMs and Why AGL ASI and the Singularity
Are Not Near Without Symbolic Model

Synthesis

"Verification transforms LLMs from purely
probabilistic  generators into more reliable
decision—making agents. Formal language can
function as a powerful abstraction that enables

reliable

neurosymbolic  systems, rather than relying

mathematical — reasoning — within

solely on probabilistic approximations.” (F5+2
LIME o7 BFFEX] Y7o 4] {1=Zg 7 =
OX}EHE  ofojHEZ  HEAZITE 4]

ool(FFEH FE)E Bes] FEH A

YfE=ofE gt rEAEE AI2H o)A HEE

7 e 7Y FES JFEH ofs dEe
Fer2 ] sert)

4. An Alternative  Trajectory  for
Generative Al
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w7 JOJHE J]YES] IR HEYTF
Al F
"Distributed intelligence is still distributed
systems, and distributed systems aren't cheap to
build or maintain... lower production costs don't
automatically translate into higher productivity.
They often just make it easier to manufacture
fragility at scale.” (LM & (015 9o E)E
=t 2P A2EY Holn, o]F ol
FRoRE HS EH Gl .. AlE Q19
YL HoF ofgfo] AECE S YYo=
o] A= GRET]. ol FF bl EE A AHE]
/Y (Fragility) & A= oF7] €7 2F& #9]5F.)
&1 Multi-agent Al is the new microservices
(InfoWorld, 2026)

"Deterministic Guardrails. Verification layers
prioritize accuracy over probability for business
logic. (Valuation Levers: 10x — 12x High-
growth Agentic Premium)" (2°dE2% 7= Y.

H|=U 2 238 Zajgro] Qo] H35 #]o]ol=
25 (Probability) 2o} §28Fy (Accuracy)' =
PLIg)of otr). ojejor FYER EAYS ZE
&)  10~124]9] ofol g
Zejn] g ZIXjE Feepe 7 o)

=2/ Generative Al Platforms Valuation. Q4
2025 Market Analysis
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