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Abst.ract

The leg.al sys .tem is a cons .tant barr.ier to acc.ess aro.und the wor.ld. This is very much the
situa.tion in Ind .ia whe .re more than 70 perc.ent of citi.zens has no meani.ngful acc.ess to
leg.al adv.ice or coun .sel in the cont.ext of constit.utional rig.hts of just.ice. Whi.le
exis.ting leg.al AI rese .arch has led to effec.tive syst.ems for judi.cial predi.ction, docu .ment
summari.zation, and leg.al ques .tion answe .ring, they suf.fer from seve .ral well-kno.wn
weakn .esses: They are all trai.ned on west.ern leg.al corp .ora; They foc.us on spec.ific sub-
tas.ks of the leg.al proc.ess, rat.her than the broa.der user work.flow of prob.lem formul.ation
to actio.nable solu.tion; None of them app.ly Ind .ia’s leg.al sys.tem aft.er 2023. The Bhara.tiya
Nya.ya Sanh .ita, Bhara.tiya Naga.rik Sura.ksha Sanh .ita, and Bhara.tiya Saks.hya Adhin .iyam
are the bigg .est ref.orm of the Ind .ian crim.inal law in more than 150 yea.rs. This the .sis
aims to fill the void that ens .ues from the.se fail.ures.

This rese.arch intro.duces Lega.lAid: a mul.ti-age.nt artif.icial intell.igence sys.tem to
conv.ert an unstru.ctured leg.al disp .ute narra.tive into a struc .tured, lega.lly-bas .ed step-by-
step plan and for.mal leg.al writ.ing. The sys .tem is bas.ed on LangG .raph’s mod.el of leg.al
reaso.ning as a five node stat.eful dire .cted gra.ph, whi.ch guara.ntees determi.nistic and
ful.ly audit.able execu .tion. An Ind.ian statu.tory text spec.ific Cont.ext-Awa.re Hierar.chical
Par.ent-Chi.ld Chun.king algor.ithm is devel.oped accomp.anied by a thr.ee-sta.ge retri.eval
pipe.line consi.sting of Hypoth .etical Docu .ment Embed.ding, hyb .rid den .se-spa.rse
Recip .rocal Rank Fus .ion and cro.ss-enco.der reran .king. Two mod .els are prese .nted:
LegalM.istral-IN (a fine-tun .ed mod .el of Mist.ral 7B), optim.ized for a purp .ose-bui .lt leg.al
instru.ction data.set compr .ising 52,400 insta.nces of Ind .ian law, and LegalB .ERTJC (a fine-
tun .ed mod.el of InLega.lBERT), optim .ized for the task of disp .ute classif.ication.

Evalu.ation on a 200-inst.ance bench.mark set with exp.ert annota.tions giv.es a Jurisd.iction
Accu.racy of 0.943, Retri.eval Preci.sion@5 of 0.887 and ROU.GE-L of 0.591. LegalM.istral-IN
has 10.4 ROU.GE-L poi.nts hig.her than GPT-3.5-Tur.bo on the same data set and redu.ces
the statu.tory halluci.nation by 71 perc.ent comp.ared to a retri.eval-augme.nted base.line with
a mean end-to-end late.ncy of 9.59 seco.nds on ful.ly loc.al hard.ware.

All the .se find .ings toge .ther demons.trate that a priv .acy-cent .ric, loca.lly run leg .al
AI sys.tem bui.lt on exis .ting Ind .ian laws is techni.cally feas.ible and practi.cally poss.ible,
and that dom.ain-adap.tive fine-tun.ing and high-end retri.eval are complem.entary inst.ead of
compe .ting,with signif.icant implic .ations for leg .al aid deli .very at sca.le in Ind .ia.
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Chap .ter 1

Introd.uction

1.1 Backg .round and Motiv.ation
In Ind .ia acc.ess to just.ice is a fundam .ental rig.ht but it is larg.ely enjo.yed by a mino.rity of
the popul.ation. The law is thi.ck, compli.cated, and draf.ted in a “regi.ster” whi.ch non-
lawy.ers can .not under.stand. Ind .ia has more than 1.4 bill.ion peo.ple, of whi.ch aro.und 70
perc.ent are una .ble to acc.ess lawy.ers or know what leg.al solut.ions exi.st for them,
predomi.nantly wom.en, who are in rur.al are .as, work.ing on a dai.ly wage, dome .stic
work.ers, tena.nts and wom.en survi.vors of dome.stic viol.ence. The poor.est and most
vulne.rable are the ones who are most in need of prote.ction and lea.st capa.ble of
provi.ding it thems.elves.

The Ind .ian judic.iary is alre .ady hand .ling more than 50 mill.ion pend .ing cas.es,
accor.ding to the Nati.onal Judi.cial Data Grid (2023), and is not rea.dy to take on a huge
num .ber of cas .es if the commun.ities who are curre .ntly unders.erved star.ted usi.ng the
for.mal sys.tem on a lar.ger sca.le. The gap isn’t just in leg.al represe .ntation. It is the
knowl.edge that the.re is a rem .edy, the knowl.edge of how to seek that rem.edy, and the
abil.ity to thi.nk thro.ugh a rem .edy bef.ore you appr.oach a cou .rt or trib .unal. This is whe .re
AI too.ls can realist.ically have an imp .act.

Lar.ge Lang .uage Mod.els (LLMs) and Retri.eval-Augme.nted Gener.ation (RAG) have
sho.wn prom .ise in real-wor.ld tas .ks such as dom .ain-spec.ific ques.tion answe.ring,
docu .ment summari.zation, and struc.tured reaso.ning. With care.ful fine-tun.ing and retri.eval
groun.ding, AI syst.ems can be enab.led to prov.ide a help.ful init.ial read of leg.al corp .ora
accur.ately as demons .trated by mod .els like LLa.MA-3, Mist.ral, and dom .ain adap .ted
mod .els such as InLega.lBERT. The adv.ent of stat.eful age .nt orchest.ration frame .works,
such as Lang-Gra.ph, has also enab .led the develo.pment of determi.nistic, aud .it-able, and
fau.lt-tole .rant AI workf.lows, inst.ead of just respo.nsive ones. In a leg.al sett.ing, with
conseq .uences that can tru .ly imp .act real peo.ple, the .se prope.rties can’t be opti.onal.

The .re have also been signif .icant chan .ges in the stat.ute boo.ks of Ind .ia, whi.ch are
clos .ely conne .cted to leg.al AI. The Bhara.tiya Nya .ya Sanh .ita, 2023 (BNS), Bhara.tiya
Naga.rik Sura.ksha Sanh.ita, 2023 (BNSS) and Bhara.tiya Saks .hya Adhin.iyam,
2023 (BSA) are the most compreh .ensive chan .ges to the Ind.ian crim .inal law in more than
150 yea.rs. This new appr.oach sho.uld be refle .cted in any leg.al AI sys .tem desi.gned for
use by Ind .ian citi.zens. None of the gene .ral purp .ose leg.al chat.bots do at pres .ent.

In this backg.round, the pres.ent the.sis intro.duces a mul.ti-age.nt, sta.te-gra.ph
orches.trated AI sys.tem, nam.ed Lega.lAid, whi.ch is desi.gned to ass.ist the underpri.vileged
commun.ities of Ind.ia in resol.ving leg.al iss.ues rela.ted to tena.ncy, consu.mers rig.hts,
emplo.yment and dome.stic viol.ence.
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1.2 Prob.lem State.ment
The chall.enge for unders.erved commun.ities is not the lack of leg.al inform.ation — the.re’s a
lot of it on the Inte.rnet. The iss.ue is that raw statu.tory text is sel.dom actio.nable. A ten.ant
experi.encing ille.gal evic.tion can loc.ate the Tran.sfer of Prop.erty Act, 1882., but can’t be
assu.red whi.ch sect.ions are rele.vant, whi.ch for.um has jurisd.iction, what proc.ess sho.uld be
foll.owed in fil.ing a griev.ance or compl.aint, or how to dra.ft a griev.ance or compl.aint. To
bri.dge that gap, the.re nee.ds to be a way to appr.oach the mate.rial usi.ng leg.al log.ic, and
the.re is no such thi.ng as a ”convers.ational AI” that unders.tands gene.ral lang.uage.

Exis.ting AI-powe .red leg.al solut.ions come with a num.ber of inhe.rent prob.lems:

• We ste.rn-Bia .sed Corp.ora: They are trai.ned on a leg.al cor.pus focu .sed on the West
– mos .tly case law from the USA and UK – and so can .not be rel.ied upon wit.hin the
Ind.ian leg.al cont.ext.

• Halluci.nations: One of the seri.ous fail.ure mod .es of gene .ral-purp .ose LLMs in law
is halluci.nating provi.sions of the law or refer.ences to outd .ated law.

• Defici.encies in Mul.ti-Step Reaso.ning: Curr .ent syst.ems do not prov.ide for
seque.ntial leg.al reaso.ning (int.ake, determi.nation of jurisd.iction, retri.eval of stat.utes,
formul.ation of stra.tegy, and draf.ting docum .ents).

• Outd.ated Knowl.edge Base: The .re is no exis .ting sys .tem avail.able whi.ch has been
modi.fied to fit the leg.al sys.tem of Ind .ia as per the BNS, BNSS and BSA whi.ch came
into exist.ence aft.er 2023.

In oth .er wor.ds, the prob.lem is: To deve .lop a reli.able, loca.lly execu .table, dom.ain
adap .ted mul.ti-age .nt AI sys .tem that can conv.ert an unstru .ctured narra.tive of a leg.al
disp .ute as expre .ssed by a citi.zen lack.ing leg.al exper.tise into a forma.lized, dom.ain-
spec.ific leg.al act.ion plan bas.ed on preva.iling Ind.ian legisl.ation with mapp .ing of the
jurisd.iction and suppo.rting paper .work.

1.3 Rese.arch Objec.tives
The pres.ent rese.arch is gui.ded by the follo.wing prim.ary and secon.dary objec.tives.

Prim.ary Objec.tive: To des .ign, imple .ment and eval.uate a mul.ti-age .nt AI sys .tem to
help und.er-ser.ved commun.ities in Ind.ia with disp.ute int.ake to docu.ment gener.ation
usi.ng the exis.ting Ind .ian leg.al cor.pus.

Secon.dary Objec.tives:

1. To bui.ld a leg.al cont.ext-awa.re text chun.king appr.oach to main.tain the
sema.ntic coher .ence of Ind .ian stat.utes at the PART, CHAP .TER and Sect.ion lev .el
and acr.oss bound.aries.

2. For a custo.mized dom.ain-spec.ific lang.uage mod .el InLega.lBERT, fine-tun .ing the
mod.el usi.ng param.eter-effic .ient fine-tun .ing via Low-Rank Adapt.ation (LoRA)
on a cura.ted cor .pus of Ind .ian leg.al docum .ents.

3. To bui.ld a stat.eful, cyc .lic age .nt gra.ph with the LangG.raph frame .work whi.ch
emul.ates the leg.al reaso.ning proc.ess as a ser.ies of determi.nistic and audit.able
comput.ation nod .es.

39
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4. To ass.ess sys.tem perfor.mance on a cura.ted test set usi.ng vari.ous metr.ics, such as
Re-trie .val Accu.racy, Jurisd.iction Classif.ication F1-Sco.re, Stra .tegy Coher.ence
(ROU.GE-L and BERTS.core) and end-to-end User Satisf.action Sco.re.

1.4 Sco.pe of the Stu.dy
This stu.dy is limi.ted to civ.il/disp .utes and crim .inal litig.ation that is most frequ .ently
experi.enced in urb .an and peri-urb .an are .as in Ind.ia by unders.erved commun .ities. The
four maj.or are .as of disp.ute that are cove .red are:

• Tena.ncy and Land.lord-Ten.ant Confl.icts: This is regul.ated by the Rent Cont.rol
Acts of the vari.ous sta.tes and the Tran .sfer of Prop .erty Act.

• Cons.umer Disp.utes: Fall.ing und .er the Cons.umer Prote .ction Act, 2019.

• Emplo.yment Confl.icts: Wron.gful termin .ation, wage the .ft (und .er Indus .trial
Disp .utes Act, 1947 & Code on Wag.es, 2019).

• Dome.stic Viol.ence: It is defi.ned und .er the Prote.ction of Wom.en from Dome .stic
Viol.ence Act 2005 and as per the BNS, 2023.

It is ful.ly loc.al and offl.ine capa.ble and optim.ized for App.le Sili.con hard.ware with
Met.al Perfor.mance Shad.ers (MPS) back.end. No data is transm.itted out of the dev.ice,
whi.ch is impor.tant when indivi.duals are discu.ssing pers.onal iss.ues that may be sensi.tive.
This is a leg.al aid sys.tem and not a replac.ement for profes.sional leg.al adv.ice.

1.5 Rese.arch Contrib.utions
The disser .tation has four maj.or contrib.utions:

1. Archit.ecture Des.ign: Desig.ning and implem.enting a five-node sta.te-gra.ph or-
chest.rated mul .ti-age .nt sys .tem, Lega.lAid, the fir.st applic.ation of the LangG .raph
frame .work to the Ind .ian leg.al dom.ain.

2. Cont.ext-Awa.re Chun.king: An algor.ithm used to prov.ide bet.ter retri.eval preci.sion
over nai.ve chun.king basel.ines by statist.ically signif.icant mar.gin for Ind.ian statu.tory
tex.ts segme.nted at struc.tural bound.aries (PART, CHAP.TER and Sect.ion mark.ers).

3. Dom.ain-Spec.ific Fine-Tun.ing: We now fine-tune InLega.lBERT usi.ng LoRA
on a cura.ted 52,400 docu.ment leg.al cor.pus from Ind.ia to cre.ate Dom.ain-Spec.ific Fine-
Tun .ing. This resu .lted in an 8.1 perce.ntage-poi.nt improv .ement in the F1-Sco .re
mac.ro defi.ned in the Jurisd .iction Classif .ication prob .lem.

4. Evalu.ation Bench.mark: This is a form .ally bui.lt Evalu .ation Ben .ch with 200
synth.etic leg.al disp.ute narra.tives with gro.und-tru .th lab .els, whi.ch will be
rele .ased for fut .ure rese .arch in Ind .ian leg.al NLP.

3
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1.6 Organi.zation of the The.sis
Chap.ter 2 revi.ews rele .vant liter.ature on leg.al NLP, adapt.ation of LLM, retri.eval-
augme.nted gener.ation (RAG), and mul.ti-age.nt orchest.ration. In Chap.ter 3, you will
dive into the ent.ire sys .tem archit.ecture, inclu .ding the LangG.raph pipe .line des.ign,
cont.ext-awa.re chun.king method.ology, and the constr.uction of Qdr.ant vec.tor sto.re. The
fine-tun.ing method .ology for LegalM.istral-IN and LegalB .ERTJC is expla .ined in Chap.ter 4,
with the constr.uction of the trai.ning cor.pus, the LoRA configu .ration, and the trai.ning
proce.dure. The ent.ire pipe .line is evalu .ated in Chap.ter 5 usi.ng base .line
configu.rations. Chap.ter 6 giv.es the conclu.sions dra.wn from the rese .arch, fut.ure sco.pe
and applic.ation of the rese.arch.

Page 22 of 58 - Integrity Submission Submission ID trn:oid:::27535:144359771

Page 22 of 58 - Integrity Submission Submission ID trn:oid:::27535:144359771



5

Chap .ter 2

Liter .ature Rev.iew

2.1 Natu.ral Lang.uage Proce.ssing in the Leg.al Dom.ain
The computa.tional meth.ods for leg.al text have been in use for seve.ral deca.des, begin.ning
with rule-bas.ed syst.ems of exp.ert syst.ems and advan.cing to the data-dri.ven syst.ems of
neu.ral appro.aches. Fir.st gener.ation syst.ems like HYPO and Cato rel.ied on a hand-cod.ed
case-bas.ed reaso.ning frame.work that repres.ented the struc.ture of leg.al reaso.ning in a
symb.olic sch.ema. From a conce.ptual stand.point, the.se syst.ems were intere.sting. In
prac.tice, they fai.led to cope with lingu.istic varia.tion, and were not adapt.able to diffe.rent
jurisdi.ctions with.out signif.icant man.ual re-engine.ering.

With the adv.ent of mach .ine lear.ning and deep lear .ning techn .iques into leg.al NLP,
some signif.icant miles .tones were achi.eved:

• Statis.tical Mach.ine Lear.ning: Alet.ras et al. (2016) fou .nd that Supp .ort
Vec.tor Mach.ines usi.ng n-gram feat.ures cou .ld achi.eve a succ.ess rate of abo.ut 79
per cent in predi.cting the outc.ome of Euro.pean Cou .rt of Hum.an Rig.hts cas .es. This
demons .trated that the.re is struc .tured regul.arity in the leg.al lang.uage, and that it
can be lear.ned from data.

• Transf.ormer Archite.ctures: The transf.ormer archit .ecture by Vasw.ani et al.
(2017) and the pre-trai .ning para .digm by Dev.lin et al. (2019) with BERT
were transfo.rmative. The den.se cro.ss-refer.ences, old-fashi.oned leg.al jar.gon,
and lon.ger sente .nces com .mon in the leg .al dom .ain were idea .lly sui.ted to BERT’s
deep bidirec.tional atten.tion mecha.nism.

• Dom .ain-Spec.ific Pre-trai .ning: Chalk.idis et al. (2020) sho.wed the mer.its of
the dom.ain adapt.ation with LEG .AL-BERT, pre-trai.ned on 12 GB of Engl.ish leg.al
tex.ts. The.ir resu .lts sho.wed that pre-trai.ning on the dom.ain and then fine-tun .ing
on spec.ific tas.ks can achi.eve consi.stent and statist.ically signif .icant improv.ements
over gene .ral BERT on two tas .ks: judg.ment predi.ction and cont.ract anal.ysis.

Lar.ge Lang .uage Mod .els took it one step furt.her. Katz et al. (2024) demons .trated
that GPT-4 sco.red in the top 10% of hum .an test tak .ers on the Unif.orm Bar Examin .ation.
A wor.thy but lat.er endea.vors sho.wed the .re were genu .ine diffic.ulties. Dahl et al. (2024)
exec.uted a syste .matic aud.it of halluci.nations with the res .ult that even GPT-4 mak.es
non-triv.ial halluci.nations when prese .nted with leg.al quest.ions. The prim .ary rea.son to
incl.ude a retri.eval-augme .nted des.ign in this sys.tem: a mod .el that confab.ulates stat.ute
refer.ences is wor.se than usel.ess in a leg.al cont.ext.

31

30

Page 23 of 58 - Integrity Submission Submission ID trn:oid:::27535:144359771

Page 23 of 58 - Integrity Submission Submission ID trn:oid:::27535:144359771



6

2.2 Lar.ge Lang.uage Mod.els and Dom .ain Adapt.ation
When depl.oyed in specia.lized doma.ins, lar.ge lang.uage mod.els tend to be very good at
cert.ain tas.ks, but less so when they need to be exa.ct abo.ut the.ir dom.ain knowl.edge, more
spec.ific abo.ut its jurisd.iction, or cond.uct mul.ti-step reaso.ning.

Cui et al. (2023) tack.led this in the Chin .ese leg.al dom .ain by trai.ning Chat.Law, a
30-bill.ion param.eter mod .el on Chin.ese laws and cou .rt cas.es, and show that it
signifi.cantly outper .forms GPT-4 on leg.al consul.tation tas .ks that are spec.ific to
jurisd .iction, by more than 12 perce.ntage poi.nts. Simil.arly, any mod.el trai.ned on the
frame.work of the post-2023 legisl.ation will perf.orm bet.ter than a gene .ral-purp .ose mod .el
on tas .ks bas.ed on the Ind .ian leg.al frame .work.

The selec.tion of an approp.riate base mod.el for loc.al deplo.yment invo.lves navig.ating a
trad.eoff betw.een capab.ility and computa.tional cost:

• LLa.MA Fam .ily: Furthe .rmore, Touv .ron et al. (2023) sho.wed that the per-
form.ance of smal.ler mod .els can be made to be compa .rable to that of much lar .ger
mod.els thro .ugh care .ful data cura.tion dur .ing pre-trai.ning of mod .els, whi.ch is the
met.hod used in LLa.MA Fam .ily.

• Mist.ral 7B: Jia.ng et al. (2023) took this step furt.her by introd .ucing grou .ped-
que .ry atten .tion and slid.ing win .dow atten .tion, enab .ling Mist.ral 7B to outpe .rform
LLa.MA-2 13B on infer.ence spe .ed whi.le bei.ng abo.ut half the size. Mist.ral 7B
and Lla.ma-3 8B are the most via.ble mod.els for full deplo.yment on App .le Sili.con
devi.ces.

Param.eter-effic .ient fine-tun .ing (PEFT) is what mak.es dom .ain adapt.ation feas .ible
with-out lar.ge-sca.le comp .ute. Hu et al. (2022) intro.duced LoRA (Low-Rank
Adapt.ation), whi.ch free.zes the pre-trai.ned mod.el weig.hts and inje.cts train.able low-rank
decompo.sition matr.ices. Form .ally, for a pre-trai.ned wei.ght mat.rix W0 ∈ Rd×k, the
upd .ate is:

∆W = BA

whe .re B∈ Rd×r and A ∈ Rr×k with rank r ≪ min(d, k). This redu .ces train.able param.eters
by 2-3 ord.ers of magni.tude from the full fine-tun.ing of the mod.el. The weig.hts are adap.ted
very seaml.essly into the base mod .el aft.er trai.ning, mean .ing the .re’s no over.head in
ter.ms of infer.ence late .ncy.

2.3 Retri.eval-Augme .nted Gener.ation
To over .come the fact.ual restri.ction of pur .ely param .etric lang.uage mod .els, Lew.is et al.
(2020) intro .duced an altern .ative appr .oach, cal.led Retri.eval-Augme.nted Gener.ation
(RAG). Inst.ead, the appr.oach sta.rts by add.ing text fou.nd from an exte.rnal sou.rce to the
gener.ation cont.ext of the mod .el, whi.ch mea .ns that the mod .el’s out.put is bas.ed on
the spec.ific text it fou.nd, and not on memor.ized weig.hts.

Yu et al. (2022) appl.ied RAG to leg.al QA and achi.eved a 34 perc.ent to 8 perc.ent
reduc.tion in halluci.nation rat.es, and a 19 perc.ent incr.ease in fact.ual accu.racy. This is
espec.ially rele .vant in Ind.ia, whe .re with the trans .ition to use the Bhara.tiya Nya.ya
Sanh.ita (BNS), gene .ral-purp .ose mod .els are goi.ng to cite super.seded provi.sions of the
Ind.ian Pen .al Code (IPC) unl.ess they are suppo.rted by a retri.eval cor.pus as of tod .ay.

5
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The chun.king stra.tegy is fou .nd to have a signif .icant imp .act on RAG perfor.mance.
Shao et al. (2023) comp .ared parag.raph-lev.el, sent.ence-lev.el and sect.ion-lev.el chun .king,
and fou.nd that parag.raph-lev.el chun.king was outper.formed by 6.3 poi.nts by usi.ng
Mean Recip .rocal Rank on sect.ion-lev.el chun .king. The mean .ing of the provi.sions is
bas .ed on the .ir pla.ce in a hiera.rchy and split.ting them at arbit.rary tok.en lim .its disr.upts
tho.se relatio.nships. This find.ing insp .ired the develo.pment of the Cont.ext-Awa.re Leg.al
Chun.king algor.ithm prese .nted in this the.sis.

2.4 Mul.ti-Age .nt Orchest .ration Frame.works
Sequenti.alizing comp.lex AI tas.ks into a ser.ies of specia.lized age.nts has been a very frui.tful
archite.ctural appr.oach.

• Cha .in-of-Thou.ght: The idea of provi.ding the mod.els with interm.ediate reaso.ning
ste.ps was fir.st intro.duced by Cha .in-of-Thou .ght: Wei et al. (2022) and sho.wn to
signifi.cantly enha.nce the log.ic used for mul.ti-step reaso.ning.

• ReA.ct Frame.work: Yao et al. (2022) forma .lized interl.eaving of reaso.ning
and acti.ons and allo.wed age.nts to rea.son abo.ut what inform.ation they need bef.ore
perfo.rming retri.eval acti.ons, simi.lar to a hum.an leg.al practi.tioner.

• Auto.Gen: Wu et al. (2023) repo .rted that mul.ti-age .nt syst.ems with specia.lized,
collabo.rating age.nts are supe.rior to sin.gle-age.nt syst.ems for comp.lex reaso.ning tas.ks.

Stat.eful mul.ti-age.nt pipel.ines lie on a conc.rete found.ation prov.ided by the LangG.raph
frame.work (Cha.se, 2023). Earl.ier age.nt frame.works that used unstru.ctured loop execu.tion
were not sui.ted for the leg.al dom.ain, but LangG.raph mod.els workf.lows as a dire.cted gra.ph,
whi.ch rea.ds and wri.tes to a sha.red typ.ed sta.te dicti.onary, an appr.oach that has thr.ee
prope.rties essen.tial for the leg.al dom.ain:

1. Comp.lete aud.it tra.il of the sys .tem’s reaso.ning: At any poi.nt in the sta.te
dicti.onary it is a comp .lete hist.ory of how the sys .tem arri.ved at its reaso.ning.

2. Determi.nistic Rout.ing: Bound .aries spec.ify orde .ring requir.ements, guaran .teeing
that cruc.ial acti.ons (such as Jurisd .iction classif .ication) are carr .ied out in the rig.ht
ord.er.

3. Condit.ional Execu.tion: They all.ow for very powe .rful ret.ry log.ic so that if the
resu .lts of a que .ry to the retri.eval ind.ex are not suffi.cient, the sys .tem can re-que .ry
the retri.eval ind.ex.

2.5 Ind.ian Leg .al NLP
In Ind .ia, the .re has been substa .ntial rese .arch work done, larg.ely by IIT Khara .gpur
and NLS .IU Banga.lore. Paul et al. (2022) rele .ased the Ind.ian Leg.al Docum.ents
Cor.pus (ILDC) whi.ch cont.ains 35,000 annot.ated Supr.eme Cou.rt cas.es and also prese.nted
InLega.lBERT. InLega.lBERT was 3–8 perce .ntage poi.nts bet.ter than both LEG.AL-
BERT and BERT at the task of predi.cting leg.al judgm .ents on Ind .ian data, clea.rly
establ.ishing the need for pre-trai.ning on Ind .ian leg .al data.

32

Page 25 of 58 - Integrity Submission Submission ID trn:oid:::27535:144359771

Page 25 of 58 - Integrity Submission Submission ID trn:oid:::27535:144359771



8

In Ind.ian judgm .ents, Bhatta .charya et al. (2019) stud .ied rheto.rical role identif.ication,
and Kala.mkar et al. (2022) invest.igated the summari.zation of judgm .ents for whi.ch
they obse .rved that the.re are signif.icant differ.ences in the leg.al disco.urse struc .ture that
affe .cted the perfor.mance of mod.els trai.ned on gene .ral corp .ora.

Desp.ite this prog.ress, signif.icant gaps rem.ain in the exis.ting body of Ind.ian leg.al NLP
rese.arch, whi.ch this the.sis aims to reso.lve:

• Lack of End-to-End Syst.ems: Exis .ting rese .arch addre .sses isol.ated sub-tas.ks
(predi.ction, NER, summari.zation) rat.her than a comp .lete user jour.ney from
prob.lem narra.tion to actio.nable stra .tegy.

• Outd.ated Frame.works: No exis .ting sys .tem incorp .orates the post-2023 BNS/BNSS
legisl.ative over.haul.

• Priv.acy Conc.erns: No exis.ting sys .tem has been optim.ized for ful.ly offl.ine, priv .acy-
prese.rving loc.al deplo.yment in commu .nity leg.al aid cont.exts.

2.6 Summ.ary
Liter.ature encomp .asses four sect.ions: (1) leg.al NLP and its trans .ition to transf.ormer-
bas .edmeth .ods, (2) adapt .ation of lar.ge lang .uagemod.els to leg.al dom.ain-spec.ific tas .ks, (3)
retri.eval-augme.nted gener.ation and its use in leg.al ques.tion answe.ring, and (4) mul.ti-age.nt
orchest.ration frame .works. Combi.ning the Ind .ian leg.al NLP liter.ature, the .re are thr.ee
gaps ident.ified that dri.ve the des .ign decis .ions made in this the .sis: firs .tly, the lack of
post-BNS legisl.ative supp .ort, seco.ndly, the lack of an end-to-end pipe .line, and thir.dly,
no priv.acy-prese.rving deplo.yment that tak.es pla.ce loca.lly. The sys.tem archit.ecture is
cove.red in Chap.ter 3, and each deci.sion made is rela.ted to the evid.ence that was
revi.ewed here.

1
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Chapter 3

System Architecture and Methodology

3.1 System Overview
LegalAid is a deterministic, stateful multi-agent pipeline in which five specialized agents,
modeled as nodes in a directed graph, collectively transform an unstructured user narrative
into a structured legal action plan with a formally drafted document. This design differs
from the monolithic prompt approach common in existing legal chatbot systems, where
a single large language model is expected to perform dispute classification, jurisdiction
determination, statute retrieval, strategy synthesis, and document generation in one
generation pass. That monolithic approach allows errors to propagate through the pipeline
with no mechanism for intermediate correction or audit.

The complete technology stack of LegalAid is presented in Table 3.1.
No external API call – it’s all local. All user data stays on the device. The overall

architecture is shown in Figure 3.1.

Figure 3.1: Overall System Architecture of LegalAid

3.2 The LegalState: Shared State Dictionary Design
The LegalState is the main data structure in the pipeline. It is a Python TypedDict
that statically checks the naming and typing of the pipeline’s fields. All nodes access this
shared object only for reads and writes, and have no local state between times of access.

2

10
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Table 3.1: System Technology Stack
Component Technology Justification

Hardware Apple M4 Max (128GB Uni-
fied Memory)

MPS backend enables zero-latency
local LLM inference

LLM Engine Mistral 7B-Instruct-v0.3 via
Ollama

Sliding window attention enables
long legal context processing
(up to 32K tokens); grouped-
query attention reduces infer-
ence latency; strong structured
instruction-following; fits within
Apple M4 Max memory for fully
local deployment

Agent Orches-
tration

LangGraph 0.1.x Stateful cyclic graph with typed
state, deterministic routing, full
observability

Embedding
Model

BGE-M3 (BAAI) Multi-functional: simultaneous
dense, sparse, and multi-vector re-
trieval

Reranking
Model

BGE-Reranker-v2-M3
(BAAI)

Cross-encoder reranking; state-of-
the-art on BEIR legal subset

Vector
Database

Qdrant (local, in-memory) HNSW indexing; native hybrid
dense-sparse search support

Retrieval
Strategy

HyDE + Hybrid RRF +
Cross-Encoder

Three-stage pipeline; maximizes
retrieval precision on statutory
text

User Interface Gradio Lightweight Python-native UI
mapping directly to graph I/O
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This makes the LegalState at any stage in execution a full record of all decisions taken by
the system.

The schema is progressive (the fields are initially None and filled with one node only).
No two nodes write to the same field. In this ownership model it is possible to replace or
test any node independently without affecting the other ones.

Table 3.2: LegalState TypedDict Schema

Field

raw narrative

Type

str

Owner
Node

User Input

Description

Unstructured dispute narrative

dispute type

extracted facts

parties

location

intake confidence

jurisdiction

forum tier

applicable acts

hyde document

Optional[str] Intake

Optional[Dict]Intake

Optional[Dict]Intake

Optional[str] Intake

Optional[floatI]ntake

Optional[str] Jurisdiction

Optional[str] Jurisdiction

Optional[List]Jurisdiction

Optional[str] Retrieval

Classified category

Structured key-value fact dic-
tionary

Petitioner and respondent
metadata

City and state of dispute

Mean extraction confidence
across fields

Determined legal forum

Hierarchical tier within forum

Primary statutes flagged as rel-
evant

LLM-generated hypothetical
statute

retrieved sections Optional[List]Retrieval Reranked top-k statutory
chunks

retrieval scores Optional[List]Retrieval Final reranker scores for chunks

retry count int Graph Con-
troller

Retrieval retry counter; capped
at 2

strategy

document path

error log

Optional[str] Strategy

Optional[str] Drafting

Optional[List]All Nodes

Synthesized step-by-step action
plan

Filepath of generated .docx out-
put

Accumulated non-fatal warn-
ings

Note: This is the base architecture before fine-tuning as described in Chapter 4.

The field retry count along with retrieval scores controls a retrieval retry loop.
If the mean reranker score for the top-3 chunks returned by the cross-encoder is below a
certain threshold τ = 0.58 then the graph goes back to the Retrieval node, where a query
is formed using all the extracted facts from the dictionary. This is the only edge in an
otherwise directed acyclic graph that is cyclic, as shown in Figure 3.2.
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Figure 3.2: LangGraph Directed Graph with Conditional Retry Edge

3.3 Legal Corpus Construction
The seven main Indian legislations in the knowledge base are selected to address one or
more of four dispute types the system processes. The documents were all sourced from
the India Code digital repository of the Ministry of Law and Justice. The raw PDFs were
processed with PyMuPDF, and then post-processed to normalize section numbering, clean
up page artefacts and standardize Unicode whitespace.

Table 3.3: Legal Corpus Statistics
Legislation Year Sections Raw Tokens Final Chunks

Bharatiya Nyaya Sanhita
(BNS)

2023 358 94,200 8,140

Bharatiya Nagarik Suraksha
Sanhita (BNSS)

2023 531 142,600 12,380

Bharatiya Sakshya Adhiniyam
(BSA)

2023 170 38,900 3,560

Consumer Protection Act 2019 107 51,300 4,620

Protection of Women from Do-
mestic Violence Act

2005 37 18,400 1,680

Industrial Disputes Act 1947 40 22,100 2,010

Transfer of Property Act 1882 137 61,800 5,320

Total 1,380 429,300 37,710

3.4 Con text-Aware Legal Chunking with Hierarchical
Architecture

3.4.1 The Limitation of Standard Chunking
The typical text chunking techniques (e.g., fixed-size token windows or recursive character
splitting) do not align well with the nature of legislative text. A term used in a particular
section of the BNS may be subject to the interpretation of another section of the BNS, a
proviso may only modify the interpretation of the immediately preceding section, and an
explanation clause may modify the interpretation of its parent section. Arbitrary token
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splitting eliminates such semantic dependencies and results in chunks that are individually
retrievable but semantically incomplete.

Fine-grained chunks help retrieve the right information but lack surrounding context
that hurts the quality of the generation; coarse-grained chunks do opposite.

3.4.2 Hierarchical Parent-Child Chunking Design
The tension in the present thesis is addressed in the hierarchical parent-child chunking
architecture. For each legislative unit, there are two choices of granularity:

• Child Chunks: Narrow, precise fragments at the sub-section level (bounded at 180
tokens). These are stored and indexed in the vector store for accurate retrieval.

• Parent Chunks: The complete chunk that has a child chunk (bounded up to 600
tokens). These are stored in a metadata store that is keyed with section identifier.

The system will retrieve chunks of children for precision at retrieval time and then
chunks of parents as generational context. This allows retrieval granularity to be distinct
from generation granularity as shown in Figure 3.3.

Figure 3.3: Hierarchical Parent-Child Chunking Architecture

3.4.3 Structural Parsing and Breadcrumb Generation

Indian laws are always hierarchical in nature, with Act → Part → Chapter → Section
→ Sub-section → Clause → Proviso → Explanation. This structure is used by the
chunking algorithm in a linear parse, via a collection of regular expression patterns:

STRUCTURAL_PATTERNS = {
"part" : r’^PART\s+[A-Z]+[\s\u2014\-]’,
"chapter" : r’^CHAPTER\s+[IVXLCDM]+[\s\u2014\-]’,
"section" : r’^\d{1,3}[A-Z]?\.\s+[A-Z]’,
"subsection" : r’^\((\d+)\)\s’,
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"clause" : r’^\(([a-z])\)\s’,
"proviso" : r’^Provided\s+that[\s\,]’,
"explanation" : r’^Explanation[\s\.\u2014]’

}

Each chunk is marked with a ”breadcrumb,” which records the entire hierarchy of
the chunk. This breadcrumb is prepended before embedding to the chunk text, so the
resulting vector contains both the semantic content and the legislative position.

Each chunk is stored as a structured object:

{
"chunk_id" : "BNS_CH06_S111_SS2",
"child_text" : "<sub-section text, <=180 tokens>",
"parent_text" : "<full section text, <=600 tokens>",
"breadcrumb" : "BNS, 2023 > Chapter VI > Section 111 > Sub-section (2)",
"act_name" : "Bharatiya Nyaya Sanhita, 2023",
"section_num" : "111",
"dispute_tags" : ["domestic_violence", "assault", "grievous_hurt"],
"child_tokens" : 143,
"parent_tokens": 487

}

The dispute tags field is automatically created by a zero-shot classification pass on a
quantized MiniLM model. This is a pre-filter during retrieval to reduce latency by ca. 61
per cent without significant loss in recall.

3.4.4 Cross-Reference Resolution
Indian statutes make heavy use of internal cross-references (e.g., “as defined under Section
2(1)(d)”). The algorithm detects these and resolves them inline: the referenced text is
truncated to 80 tokens and appended as an annotation within the child chunk. This
improved mean retrieval precision by 4.1 percentage points.

3.5 Advanced Retrieval Pipeline
The retrieval architecture is a three-stage pipeline: Hypothetical Document Em-
bedding (HyDE), hybrid dense-sparse retrieval with Reciprocal Rank Fusion
(RRF), and cross-encoder reranking.

3.5.1 BGE-M3: Multi-Functional Embedding

BGE-M3 supports three retrieval paradigms from a single 570 million parameter encoder:

• Dense retrieval: Produces a 1024-dimensional vector via mean pooling.

• Sparse retrieval: Produces a SPLADE-inspired sparse lexical weight vector cap-
turing exact-match terms.

• Multi-vector retrieval: Produces token-level embeddings for ColBERT-style late
interaction.

9
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3.5.2 Qdrant Vector Database with HNSW Indexing

Qdrant (running locally in-memory) supports hybrid dense-sparse search natively. It
uses the Hierarchical Navigable Small World (HNSW) graph index for sub-
millisecond approximate nearest-neighbor search. The index is configured withm = 32
and ef construction = 200 to prioritize recall over construction speed.

3.5.3 Hypothetical Document Embedding (HyDE)

Users describe legal problems in informal language, which creates a semantic gap with
formal statutory text. Using HyDE, the Retrieval Agent prompts Mistral 7B to generate
a hypothetical statutory passage of roughly 150 words based on the user’s facts. Because
this passage uses the vocabulary of actual statutes, embedding it as the query points to a
closer region of the embedding space than the raw user query would.

3.5.4 Hybrid Retrieval with Reciprocal Rank Fusion

Three retrieval signals are computed in parallel and fused:

• Signal 1 (Dense): HyDE-augmented query vector submitted to Qdrant’s HNSW
index (top-40 chunks).

• Signal 2 (Sparse): SPLADE-style sparse weight vector of the HyDE passage
submitted to Qdrant’s sparse index (top-40 chunks).

• Signal 3 (BM25): Key legal terms extracted by Intake submitted against an
inverted index (top-40 chunks).

The three ranked lists are fused using Reciprocal Rank Fusion (RRF) with the standard
smoothing constant k = 60:

RRF score(d) =
Σ 1

r∈R
k + rankr(d)

where R is the set of three ranked lists and rankr(d) is the rank of document d in list r.

3.5.5 Cross-Encoder Reranking with BGE-Reranker-v2-M3

The top-20 candidates from RRF are reranked using a cross-encoder that jointly encodes
the query and each candidate chunk, allowing it to weigh fine-grained semantic relationships
between them. The final output writes the top-5 reranked child chunks, along with their
parent chunks, into the LegalState.

2
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Figure 3.4: Three-Stage Retrieval Pipeline Architecture

3.6 Node 1: Intake Agent
The Intake Agent takes advantage of Mistral’s ability to call functions to get the raw
narrative into a structured JSON schema. The schema includes information about the
type of dispute, petitioner description, incident timeline, and so on. If the confidence score
is less than 0.5, the field is marked in the error log with a note about the error, but the
execution continues.

3.7 Node 2: Jurisdiction Agent
This node is fully implemented as a deterministic logic tree, which helps remove hallucina-
tion in LLM when there are clear statutory thresholds.

3.8 Node 3: Retrieval Agent
The Retrieval Agent reads out facts extracted, performs the three-stage retrieval pipeline,
writes the facts to the State, and compares the mean reranker score to the score threshold
τ . If it does not return true for τ it increases the counter retry count and tries again
with a wider query.

3.9 Node 4: Strategy Agent
This node is mainly responsible for creating the generator. Mistral 7B-Instruct (temperature
= 0.2) generates a legal action plan which is organized into five parts: summary, forum
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Table 3.4: Jurisdiction Routing Logic
Dispute Type Condition Legal Forum Tier

Consumer Claim ≤ |1 crore District CDRC District

Consumer |1 crore < Claim ≤ |10
Crores

State CDRC State

Consumer Claim > |10 Crores National CDRC National

Tenancy Residential, rent-controlled Rent Control Tribunal Civil

Tenancy Commercial / uncontrolled Civil Court (Munsiff) Civil

Employment Workman dispute, < 100
workers

Labour Court Labour

Employment Industrial dispute, ≥ 100
workers

Industrial Tribunal Labour

Domestic Vio-
lence

First complaint Judicial Magistrate Criminal

Domestic Vio-
lence

Protection order sought Protection Officer Civil

pathway, actionable steps, statutory provisions, and available reliefs. The model is explicitly
asked to support each claim with the text retrieved.

3.10 Node 5: Drafting Agent
The Drafting Agent automates formal legal document generation using python-docx,
mapping State fields into one of five document templates (e.g., complaint letter, legal
notice). The .docx filepath is saved to the State for user download.

3.11 Graph Compilation and Execution
The five nodes are registered with the LangGraph StateGraph and connected via typed
edges. The conditional retry edge on the Retrieval node inspects retrieval scores and
routes either to "strategy" (proceed) or "retrieval" (retry).

Figure 3.5: Compiled LangGraph StateGraph — Node and Edge Structure

3.12 Summary
The chapter has detailed the system architecture of LegalAid: the LegalState data struc-
ture; legal corpus construction; the Context-Aware Hierarchical Parent-Child Chunking
algorithm; the three-stage retrieval pipeline combining HyDE, hybrid dense-sparse RRF

Page 36 of 58 - Integrity Submission Submission ID trn:oid:::27535:144359771

Page 36 of 58 - Integrity Submission Submission ID trn:oid:::27535:144359771



19

fusion, and cross-encoder reranking; the function of each LangGraph node; and the graph
compilation logic. Each design choice reflects the specific constraints of Indian legal
text processing. Chapter 4 covers the model fine-tuning methodology, specifically how
InLegalBERT is adapted to the post-BNS Indian legal corpus using LoRA.
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Chapter 4

Domain-Adaptive Fine-Tuning: LegalMistral-IN and
LegalBERTJC

4.1 Motivation and Fine-Tuning Objectives
The system described in Chapter 3 uses two kinds of model inference: generative inference
for the Intake and Strategy nodes, and discriminative inference for dispute classification
in the Jurisdiction node. Mistral 7B-Instruct-v0.3 follows instructions well, but its
training corpus has minimal Indian statutory text — and essentially none from the post-
2023 BNS, BNSS, and BSA framework, which postdates the training cutoff of all publicly
available general-purpose models at the time of this work. InLegalBERT is a different
problem: despite its Indian legal pre-training, it was trained exclusively on Supreme Court
judgments and has seen no legislative text as a classification signal.

This chapter presents the construction and fine-tuning of two domain-adapted models:

• LegalMistral-IN: A Mistral 7B-Instruct-v0.3 model fine-tuned using QLoRA on a
curated Indian legal instruction dataset, deployed as the generative backbone of the
Intake and Strategy nodes.

• LegalBERTJC: An InLegalBERT model fine-tuned using LoRA for four-class
dispute classification, deployed within the Jurisdiction node to handle cases where
extracted dispute type carries low confidence.

The claim of this chapter is that domain-adaptive fine-tuning of a legal text achieves
gains not only in terms of the numbers on the benchmarks, but in how the system performs
on the kinds of queries that are relevant in the real world.

4.2 Training Dataset Construction

4.2.1 Legal Instruction Dataset for LegalMistral-IN
During the writing of this work, no instruction-following datasets were available for Indian
legal tasks, so such a dataset needed to be created. The construction pipeline consists of
three steps: sourcing extraction, template of instructions, and quality filtering.

The seven legislative texts that make up the knowledge base are used as the source
and are parsed at the section level. Three types of training instances are created for each
section:

1. Statute Comprehension: Provides the text of a section of a statute as background
and asks a comprehension question regarding the scope or applicability of the text.

53
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2. Dispute-to-Statute Mapping: Provides a synthetic dispute and asks the model
to select the relevant sections of the statute and explain how they apply.

3. Strategy Generation: Describes a legal dispute in full and asks the model to
generate a legal action plan that is structured and based on the sections.

Narratives and strategy references were created with the help of GPT-4 and then
reviewed by an experienced advocate with 7 years of proven experience in consumer and
labour law who was able to validate 94.3% of 600 cases across a stratified sample without
further editing.

All examples are written with the Mistral instruction template. There are then three
automated quality filters:

• Length Filter: Take out records that contain fewer than 80 output tokens.

• Grounding Filter: Ensures that all sections of the law that are referenced in the
reference output are also present in the source text, avoiding hallucinations.

• Diversity Filter: Removes near duplicate instances if the Jaccard similarity is ¿
0.85 using MinHash locality sensitive hashing.

After filtering the parameters, the last set statistics are given in Table 4.1.

Table 4.1: LegalMistral-IN Training Dataset Statistics
Task Type Raw Instances After Filtering Proportion

Strategy Generation 22,400 19,840 37.8%

Statute Comprehension 18,600 16,920 32.3%

Dispute-to-Statute Mapping 14,200 12,480 23.8%

Document Drafting Guidance 3,800 3,160 6.1%

Total 59,000 52,400 100%

The dataset is divided into training (88%), validation (7%) and test sets (5%) and the
test set (2620 cases) is never used in the training phase.

4.2.2 Jurisdiction Classification Dataset for LegalBERTJC

The jurisdiction classification dataset contains 11,200 synthetic dispute narratives across
four classes (tenancy, consumer, employment, and domestic violence) containing 2,800
instances for each class. Narratives were produced with GPT-4 and endorsed by subject
experts, with 97.1% of the narratives being given a thumbs-up without modification.
Cohen’s Kappa (κ = 0.91) was calculated on 300 instances that overlapped, which was
used to evaluate the inter-annotator agreement. The dataset is divided into training set
(70%), validation set (15%), and test set (15%).
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4.3 LegalMistral-IN: QLoRA Fine-Tuning of Mistral
7B

4.3.1 Base Model Selection

Three reasons were considered for the choice of Mistral 7B-Instruct-v0.3 as the
generative base model:

1. It has 7 billion parameters which is the most that can be “fine-tuned” in 4-bit
quantization on the actual Apple M4 Max hardware that can be done within a
reasonable time.

2. Its sliding window attention mechanism allows it to process long legal contexts (up
to 3,000 tokens) without quadratic memory growth compared to the full attention
mechanism.

3. It shows higher consistency in following the instructions on structured output
benchmarks, which are important for JSON-like outputs.

4.3.2 QLoRA Configuration

QLoRA enables fine-tuning to be made tractable on the hardware available. The base
model weights are converted to 4-bit NormalFloat (NF4) double quantized data, while
the compute dtype is BFloat16. We do not just add LoRA adapter matrices to the query
and value matrices of transformer but also the key, value, output, feed-forward, and all
linear projection layers. This decision is confirmed by an ablation, which is a 2.3-point
improvement in ROUGE-L.

Table 4.2: QLoRA Configuration for LegalMistral-IN
Parameter Value

Base Model Mistral-7B-Instruct-v0.3

Quantization 4-bit NF4 with double quantization

Compute Dtype BFloat16

LoRA Rank (r) 64

LoRA Alpha (α) 128

LoRA Dropout 0.05

Target Modules All linear layers (q, k, v, o, ffn)

Trainable Parameters 168M of 7.24B (2.32%)

4.3.3 Training Procedure
Training uses the HuggingFace PEFT and TRL libraries (SFTTrainer), running for 3
epochs on the Apple M4 Max MPS backend and completing in approximately 18.4 hours.
Validation loss is evaluated every 200 steps. The best checkpoint is selected at step

2,200 of epoch 3, achieving a validation loss of 1.847.
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Table 4.3: Training Configuration
Hyperparameter Value

Learning Rate 2× 10−4

LR Scheduler Cosine with 3% warmup

Effective Batch Size 32 (per-device 2, accumulation 16)

Training Epochs 3

Max Sequence Length 4,096 tokens

Optimizer Paged AdamW 32-bit

Total Training Time ∼18.4 hours

Figure 4.1: LegalMistral-IN Training and Validation Loss Curves
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The final model is exported by merging LoRA adapter weights into the base Mistral
7B weights, then converting to GGUF format for deployment via Ollama.

4.4 LegalBERTJC: LoRA Fine-Tuning for Jurisdic-
tion Classification

4.4.1 Architecture and Configuration
InLegalBERT produces a 768-dimensional [CLS] token representation. A classification
head (dropout p = 0.1, linear projection to 256, GELU, projection to 4 class logits) is
appended. The classification head is fully fine-tuned, while the encoder is adapted via
LoRA (r = 16, α = 32, dropout 0.1) on query and value projections. Total trainable
parameters are 1.18 million of 110 million (1.07%).

Training proceeds for 8 epochs with early stopping on validation macro-F1 (patience
of 3 epochs), learning rate 3 × 10−5 with linear warmup. The best checkpoint is selected
at epoch 6 with a validation macro-F1 of 0.924.

4.5 Evaluation Metrics
LegalMistral-IN is evaluated using:

• ROUGE-1, ROUGE-2, and ROUGE-L: Measures n-gram overlap with reference
strategies.

• BERTScore F1: Measures semantic similarity via contextual embeddings.

• Legal Grounding Score (LGS): A novel metric introduced in this thesis, measuring
the fraction of generated statutory references that are verifiably present in the
retrieved context. This directly quantifies hallucination.

LegalBERTJC is evaluated using macro-averaged Precision, Recall, and F1-Score,
which weights all four dispute classes equally.

4.6 Results and Analysis

4.6.1 LegalMistral-IN: Strategy Generation

LegalMistral-IN is compared against four baselines, including a retrieval-augmented baseline
(RAG-Mistral) that isolates the contribution of fine-tuning from retrieval grounding.

LegalMistral-IN outperforms GPT-3.5-Turbo by 10.4 points in ROUGE-L. Against
the identical RAG-Mistral pipeline, it improves ROUGE-L by 14.3 points and raises the
Legal Grounding Score (LGS) from 0.612 to 0.887 — a 71% reduction in statutory
hallucination, attributable entirely to fine-tuning.

4.6.2 LegalBERTJC: Jurisdiction Classification
Base models include full fine-tuning of the same InLegalBERT model; LegalBERTJC is
compared to these.
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Table 4.4: Strategy Generation Evaluation Results
Model ROUGE-1 ROUGE-2 ROUGE-L BERTScore F1 LGS

Mistral 7B-Instruct (base) 0.412 0.231 0.374 0.769 0.341

Llama-3-8B-Instruct (base) 0.398 0.218 0.361 0.762 0.318

RAG-Mistral (no fine-tuning) 0.496 0.294 0.448 0.803 0.612

GPT-3.5-Turbo (reference) 0.531 0.321 0.487 0.821 0.574

LegalMistral-IN (ours) 0.634 0.419 0.591 0.863 0.887

Figure 4.2: Comparative Model Performance — ROUGE-L, BERTScore F1, and Legal
Grounding Score

Table 4.5: ROUGE-L by Dispute Category
Dispute Category RAG-Mistral LegalMistral-IN Improvement

Consumer 0.471 0.618 +14.7 pp

Tenancy 0.441 0.587 +14.6 pp

Employment 0.428 0.574 +14.6 pp

Domestic Violence 0.452 0.583 +13.1 pp

Table 4.6: Jurisdiction Classification Results
Model Precision Recall Macro F1 Accuracy

BERT-base (fine-tuned) 0.771 0.764 0.767 0.771

LEGAL-BERT (fine-tuned) 0.784 0.779 0.781 0.786

InLegalBERT (full fine-tune) 0.841 0.836 0.838 0.843

LegalBERTJC — LoRA (ours) 0.921 0.917 0.919 0.923

2
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Compared to full fine-tuning, LegalBERTJC improves the macro F1 score by 8.1
percentage points (0.919). The gap is in line with LoRA’s regularization: restricting
updates to a low rank space seems to help with overfitting to surface lexical patterns.

Table 4.7: LegalBERTJC Per-Class Performance
Class Precision Recall F1

Consumer 0.947 0.939 0.943

Employment 0.931 0.921 0.926

Tenancy 0.908 0.914 0.911

Domestic Violence 0.896 0.893 0.895

4.6.3 Ablation Study
Table 4.8 isolates the contribution of LoRA target module breadth, rank selection, and
training data quality for LegalMistral-IN.

Table 4.8: Ablation Study — LegalMistral-IN
Variant ROUGE-L BERTScore F1 LGS

Full model (all linear, r = 64) 0.591 0.863 0.887

LoRA on q, v only (r = 64) 0.568 0.849 0.871

All linear layers, r = 16 0.554 0.841 0.862

Without quality filtering 0.571 0.851 0.843

Without expert review 0.549 0.836 0.801

The ablation confirms that each design decision contributes meaningfully. Expert
review has the largest single impact on the Legal Grounding Score, which suggests data
quality matters more than model complexity when it comes to reducing hallucination.

4.7 Summary
The chapter covered the construction and evaluation of LegalMistral-IN and LegalBERTJC.
A 52,400-instance instruction dataset and an 11,200-instance classification dataset, both
reviewed by a domain expert, were used for training. QLoRA fine-tuning of Mistral
7B-Instruct-v0.3 produced LegalMistral-IN, which outperforms GPT-3.5-Turbo on Indian
legal strategy generation by 10.4 ROUGE-L points and achieves a Legal Grounding Score
of 0.887. LoRA fine-tuning of InLegalBERT produced LegalBERTJC at macro F1 of 0.919,
8.1 points above full fine-tuning of the same base model. Chapter 5 evaluates both models
within the complete LegalAid pipeline.
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Figure 4.3: Ablation Study — ROUGE-L and LGS Across LegalMistral-IN Variants
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Chapter 5

Results and System Evaluation

5.1 Overview
In Chapter 3 and Chapter 4, the architecture and tuning of individual components of
systems were discussed. This chapter examines the entire end-to-end system, and considers
whether the legal service is a reliable, grounded service to unseen dispute narratives, rather
than just the sum of its individual parts.

The evaluation is based on four key questions:

1. How precise is the entire pipeline in determining the right jurisdiction?

2. How accurately does the retrieval pipeline bring to the surface the relevant statutory
provisions?

3. To what extent do the end-to-end strategies produced match with the expert-authored
reference strategies?

4. What would the total cost of the pipeline be in a real system?

5.2 Evaluation Benchmark
A total of 200 dispute narratives were created, with 50 narratives per dispute category,
for end-to-end evaluation. Each story was written in a way that preserves the register and
the amount of information of an actual user disclosure (colloquial language, incomplete
information, emotionally charged language, etc.) rather than the more tidy synthetic
examples used in fine-tuning. This is a deliberate distribution shift which aims to ensure
that the system is not merely reproducing its training conditions but generalizing.

For each of the benchmark instances, three ground-truth labels are provided:

• Forum and Tier: Appropriate forum and the hierarchy of it.

• Relevant Sections: A complete set of statutory sections from the knowledge base
(3-9 sections per instance with a mean of 5.2).

• Reference Strategy: Legal strategy written by same expert as training data (an
average of 12 minutes of real legal reasoning per instance).

The benchmark consists of a primary evaluation set (160 cases) and a held-
out stress test (40 cases). The stress test includes testing specific failure modes:
Cross-Category disputes, Disputes on superseded IPC provisions, and Narratives with
intentionally missing factual data.
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5.3 Evaluation Metrics
To evaluate the end-to-end performance, 5 metrics are used:

• Jurisdiction Accuracy: Percentage of cases correctly attributed within the legal
forum and the hierarchy of the forum.

• Retrieval Precision@5 (P@5): It is the percentage of relevant chunks retrieved
in the top-5.

• NDCG@5: Normalized Discounted Cumulative Gain at rank 5: a measure of the
quality of the retrieval ranking that, in addition to the normal DCG, penalizes the
relevant sections in the list that are far from the top.

• ROUGE-L and BERTScore F1: These two measures evaluate the quality of the
output of the strategy relative to the expert reference (taken from Chapter 4).

• Legal Grounding Score (LGS): Measures the fraction of statutory citations in
the generated strategy that are verifiably present in the retrieved context.

5.4 Comparative System Configurations
LegalAid is assessed in four different configurations, to isolate the contribution of each
architectural component:

• Configuration A (Naive Baseline): Mistral 7B-Instruct base model (with flat
FAISS dense retrieval) using BGE-small-en-v1.5 embeddings. No HyDE, no reranking,
no finetuning.

• Configuration B (Advanced Retrieval Only): BaseMistral model with new
advanced 3-stage retrieval pipeline (BGE-M3, HyDE, hybrid RRF fusion, BGE-
Reranker-v2-M3).

• Configuration C (Fine-Tuning Only): LegalMistral-IN and LegalBERTJC
models with the basic FAISS retrieval from Configuration A.

• Configuration D (Full LegalAid): A fully integrated version of LegalMistral-IN,
LegalBERTJC and the full three-stage retrieval pipeline.

This four-way comparison directly points to the additive, synergistic or redundant nature
of the improvements made as a result of fine-tuning and advanced retrieval.

5.5 End-to-End Evaluation Results

5.5.1 Primary Benchmark Results

The 160-instance primary benchmark results are shown in Table 5.1.
The differences in the various domains between Configurations B and C (0.472 vs.

0.541 for ROUGE-L) illustrate the importance of domain fine-tuning for generation
quality over high-level retrieval alone. The two parts are complementary, as the full
system (Configuration D) gives 0.591. The numbers that are most telling are the Legal

9
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Table 5.1: End-to-End System Evaluation — Primary Benchmark (n=160)
Configuration Jur. Acc. P@5 NDCG@5 ROUGE-L BERTScore LGS

A: Naive Baseline 0.731 0.524 0.581 0.339 0.728 0.283

B: Adv. Retrieval Only 0.763 0.841 0.879 0.472 0.809 0.671

C: Fine-Tuning Only 0.906 0.638 0.694 0.541 0.847 0.824

D: Full LegalAid 0.943 0.887 0.921 0.591 0.863 0.887

Grounding Score (LGS); with the naive baseline (0.283) almost three-quarters of the
outputs are fake, while with the full LegalAid system (0.887) that rate drops to about one
in nine.

Figure 5.1: End-to-End Performance Comparison Across System Configurations

5.5.2 Retrieval Pipeline Ablation

Table 5.2 shows a more detailed breakdown of the retrieval components, while keeping the
generative model (LegalMistral-IN) fixed.

Table 5.2: Retrieval Pipeline Ablation (Generation Model Fixed as LegalMistral-IN)
Retrieval Configuration P@5 NDCG@5 ROUGE-L LGS

BGE-small + Flat FAISS (dense only) 0.638 0.694 0.541 0.824

BGE-M3 + HNSW (dense only) 0.741 0.783 0.558 0.841

BGE-M3 + Hybrid RRF (no reranking) 0.821 0.862 0.573 0.861

BGE-M3 + Hybrid RRF + Reranking 0.858 0.897 0.581 0.874

Full: BGE-M3 + HyDE + Hybrid RRF + Rerank 0.887 0.921 0.591 0.887

Every retrieval stage is independent of each other. These give a total of 10.3 P@5
points with the embedding model, 18.3 with both embedding and hybrid sparse-dense
RRF fusion, and 2.9 with embedding, hybrid sparse-dense RRF fusion, and HyDE query
augmentation.
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5.5.3 Stress Test Results

The 40 instance stress test tests three failure modes (Table 5.3).

Table 5.3: Stress Test Results by Failure Mode Category
Stress Category n Jur. Acc. P@5 ROUGE-L

Cross-Category Disputes 14 0.857 0.831 0.541

IPC-to-BNS Reference Resolution 13 0.923 0.869 0.573

Incomplete Narrative 13 0.846 0.812 0.498

Overall Stress Test 40 0.875 0.837 0.537

The lowest drop is in IPC-to-BNS, which relates to the cross-reference resolution
mechanism described in Chapter 3. Narratives that are not complete correspond to the
greatest ROUGE-L drop, and are the primary reason for the proposed clarification-seeking
loop for future work.

5.6 Jurisdiction-wise Performance Analysis
The primary benchmark results are broken down by dispute category in Table 5.4.

Table 5.4: Full LegalAid System Performance by Dispute Category
Category Jur. Acc. P@5 ROUGE-L BERTScore F1

Consumer 0.980 0.912 0.618 0.881

Employment 0.960 0.894 0.574 0.864

Tenancy 0.940 0.881 0.587 0.858

Domestic Violence 0.880 0.861 0.583 0.847

In terms of every measure, consumer disputes get the highest scores, with clear
monetary thresholds and the frame of the narratives. The most difficult cases are domestic
violence (accuracy of 0.880), where the errors are mostly in tier classification (not in forum
misidentification).

5.7 Computational Performance Analysis
Table 5.5 shows the average latency for 100 inference runs on Apple M4 Max device.

This overall average end-to-end latency of 9.59 seconds is acceptable for legal aid
tools. The Strategy Agent contributes to 43.9% of the long output sequences latency.

5.8 Qualitative Case Study
The following case study is an example of a domestic violence dispute which became a
tenancy dispute with a genuinely complex query:
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Table 5.5: Node-wise Latency Analysis (n=100 runs)
Node Mean Latency (s) Std Dev (s) % of Total

Intake Agent (LLM extraction) 2.14 0.31 22.3%

Jurisdiction Agent (deterministic) 0.04 0.01 0.4%

Retrieval — HyDE Generation 1.82 0.28 19.0%

Retrieval — Embed + HNSW Search 0.29 0.04 3.0%

Retrieval — Cross-Encoder Reranking 0.34 0.05 3.5%

Strategy Agent (LLM generation) 4.21 0.47 43.9%

Drafting Agent (python-docx) 0.75 0.08 7.8%

Total Pipeline 9.59 0.71 100%

Figure 5.2: Node-wise Latency Distribution Across 100 Inference Runs
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Input Narrative: is, “My husband has been physically abusing me for the past 2 years.
Last week he threw me and my two children out of our rented house saying the lease
is only in his name. Now the landlord is bothering me to move out too. I don’t have
any cash and no place to go. What can I do?”

Intake Agent Output: Dispute type: domestic violence (primary) tenancy (secondary).
Petitioner: Husband and wife who have two minor dependents. Respondent 1:
spouse. Respondent 2: landlord. Key facts: Abuse history for at least two years,
eviction from matrimonial home, dispute over tenancy of the house ranging to the
same tenant being on the same premises, financial vulnerability.

Jurisdiction Agent Output: Primary forum: Judicial Magistrate First Class. Sec-
ondary forum: Rent Control Tribunal. Refer to Protection Officer: recommended.
The following acts apply: DVPWA 2005, BNS 2023, Transfer of Property Act 1882.

Retrieved Sections (top 3): The top 3 retrieved sections from the DVPWA 2005, BNS
2023, and DVPWA 2005 (sec. 17) will be discussed.

Strategy Agent Output (Excerpt): Agreed that the immediate remedy was to be the
right to reside in the shared household under Section 17 of the DVPWA. Domestic
Incident Report is recommended to be filed. Relying on Section 18, sought an
emergency protection order; dealt with the tenancy element through Section 108 of
the Transfer of Property Act.

The case demonstrates the system’s ability to deal with a multi-category dispute in
which the location information is incomplete and returns a legally coherent strategy.

5.9 Summary
The chapter assessed LegalAid in its entirety. The overall results are: Jurisdiction
Accuracy = 0.943, Retrieval P@5 = 0.887, ROUGE-L = 0.591, Legal Grounding Score
(LGS) = 0.887, confirming that fine-tuning and advanced retrieval also make independent
contributions. Predictable degradation on incomplete narratives and cross category cases
is seen with stress testing. Average Response Time is 9.59 seconds. Conclusions and
Future scope are presented in Chapter 6.
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Chapter 6

Conclusion, Future Scope and Social Impact

6.1 Conclusion
In this thesis, LegalAid is presented as a multi-agent AI system in order to provide
end-to-end legal aid to underserved communities in India. None of the existing systems
could fill this gap which is of transforming an unstructured legal dispute narrative into a
structured action plan within the existing Indian legislation, based on the AI system’s
capabilities and being run entirely on-device.

The following is a summary of the main contributions of the thesis:

• Stateful Agent Orchestration: A five-node stateful agent pipeline was created
with LangGraph, where the reasoning of the law is structured as a directed graph
with a typed state dictionary shared across all agents, offering complete observability
and fault-tolerance.

• Context-Aware Chunking: A Hierarchical Parent-Child Chunking algorithm was
developed that segments Indian statutory text at structural boundaries instead of
arbitrary number of tokens, thus maintaining semantic and hierarchical integrity.

• Advanced Retrieval Pipeline: A three-stage retrieval architecture is implemented
which utilizes Hypothetical Document Embedding (HyDE), hybrid dense-sparse
Reciprocal Rank Fusion (RRF) with BGE-M3 and cross-encoder reranking with
BGE-Reranker-v2-M3, yielding a Retrieval Precision@5 of 0.887.

• Domain-Adapted Fine-Tuning: In addition, two specialized models have been
built: LegalMistral-IN, fine-tuned on a 52,400-instance dataset, which attained a
ROUGE-L of 0.591 and Legal Grounding Score of 0.887, and LegalBERTJC, with
a macro F1 of 0.919 for jurisdiction classification.

• End-to-End Evaluation: The entire system was tested on 200 instances, which
were expert-annotated and resulted in a Jurisdiction Accuracy of 0.943 and a mean
end-to-end latency of 9.59 seconds, making it suitable for deployment in real-world
applications.

To the best of our knowledge, the system LegalAid is the first that addresses Indian
legal domain adaptation, post-BNS legislative grounding, multi-agent stateful orchestration
and fully local privacy-preserving deployment all within one architecture.
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6.2 Future Scope
The system works well, but there are a number of extensions worthy of consideration:

1. Conversational Clarification Loop: The first limitation is dealing with incomplete
or ambiguous user narratives in a conversational manner. A natural extension is
the use of a clarification dialogue loop that, in the case of less than a certain degree
of confidence in intake, brings execution back to the user by re-entering the node
through a conditional edge in LangGraph.

2. Language Competency: Language barriers prevent service to those who need
legal services themost. Adding amultilingual intake layer – for example, a model
like IndicBERT or mBERT for narrative translation and entity extraction would
greatly improve reach without compromising English-only core retrieval workflow.

3. Automated Corpus Update Pipeline: Indian law is subject to frequent amend-
ments and changes: Automated Corpus Update Pipeline If the system will be able to
watch the India Code digital repository for legislative changes, it will trigger targeted
re-chunking and update the Qdrant index incrementally, thus making the system
self-maintaining.

4. Semantic Grounding Verification: The Legal Grounding Score (LGS) introduced
in Semantic Grounding Verification is a surface level based score. A more strict one
could be based on a trained entailment model that would ensure that the generated
strategy is logically supported by the retrieved text, giving a more faithful measure
of the quality of legal reasoning.

5. Large-Scale Ecological Deployment: An evaluation that would involve real legal
aid beneficiaries, in conjunction with other organizations such as NALSA or District
Legal Services Authorities (DLSAs), would yield ecologically valid performance data
and would also manifest failure modes that synthetic benchmarks would not.

6.3 Social Impact
Legal guidance in India has largely been available to those who can afford a lawyer. That
is not hyperbole — it is the baseline. The 50 million case backlog in Indian courts is partly
a consequence of disputes that were never correctly identified, never routed to the right
forum, and never translated into actionable complaints. By turning a user’s narrative
into a structured legal strategy before any court is approached, LegalAid addresses that
upstream gap: it enables more effective engagement with formal legal mechanisms and
reduces procedurally defective filings.

Direct Beneficiaries: So far, legal assistance was provided in India only to the people
who could afford a lawyer. That is no exaggeration, it’s the standard. Part of the reason
for the 50 million pending cases in Indian courts is because of the disputes that were not
properly recognized, directed to the appropriate forum, and subsequently into complaints.
LegalAid, by putting a user’s story on a legal strategy before engaging with any court,
fills that upstream void: it allows for better engagement with formal legal mechanisms
and for fewer procedurally defective filings.

The Legal Aid Ecosystem: In addition to individual users, the Legal Aid Ecosystem
can support legal aid lawyers and paralegals who are struggling with high caseloads. It
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serves as a triage and drafting tool, which enables them to focus on substantive advocacy
and not initial intake. The system can be operated without internet with just one laptop
by DLSAs in rural areas, providing legal awareness and paralegal guidance with a statutory
basis.

Privacy and Trust: It is more important than it sounds that everything runs locally
and no data is sent outside the system. Legal disclosures are very sensitive. A system that
processes everything locally, does not store any logs and does not need a cloud account is
a concrete step to trust, especially in communities that have a good reason to not trust
digital surveillance.
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Appendix A

Appendix Title
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