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Preliminaries-SPLADE

Motivation

SparTerm(literal-only) 27.46 51.05 6021 7155  78.28 £3.27 B8.33 91.16
SparTerm{expansion-only) 19.8 40.93 - 6342  T0.96 77.62 84.81 89,08
SparTerm{expansion-enhanced) 27.94 51.95 6158 7248 7895 £4.05 89.5 92.45

« BM252| Term Mismatch Problem (“I}AE} AlCk 3L *ATHA|E| SAIF"S L BT 4~ 91 8)

- O|Z 3l Z5l7| ?let O|F Sparse Encoder 2 (SparTerm)0| {2 S&5t1, end-to-end= h5a 4= BIL.
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Preliminaries-SPLADE

Method
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Preliminaries-SPLADE
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Quer't/: "do any lo\rge monkeys come From the jungle_s of Indonesia?"

with query expansion

without query expansion

D "Or‘amgu'tams are native to the rainforests of
ocC. Indonesia and Malo\&{sia"

(Hef= dock =HEHE)
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Preliminaries-SPLADE

Method

1%
l>

b
1. Ranking Loss (Contrastive Loss)
es(qi.d))

es(qi,d:.’) +€s(qi’df_) + Zj eS(Qi,d;’j)

Lyrank-1BN = — log

2. Flops Loss (Sparse Loss)
- Z0'E: "BEX| Lhol| Ri= 2F E2C| Wi Bl =5 A&t 1, O] 2fS M=ot [ ASHSHAL

- 23k SHRSHH0C 7HEX|E 022 HLfHE|1D, & ot Hho g =
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Preliminaries-SPLADE

Method

 %|= Loss

_ 9 d
L= Lmnk—IBN + Aqireg + /.ldLreg
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Preliminaries-SPLADE

Method

« Decoding OllA|

Model: naver/splade-v3

Sentence: The weather is lovely today.

Decoded: [
('weather', 2.754288673400879),
('today', 2.610959529876709),
('lovely', 2.431990623474121),
(‘currently’', 1.5520408153533936),
('beautiful', 1.5046082735061646),
('cool', 1.4664798974990845),
('pretty', 0.8986214995384216),
('yesterday', 0.8603134155273438),
('nice', ©.8322536945343018),
('summer', 0.7702118158340454)
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Motivation

 HCH Learned Sparse Retrieval (LSR) models= L2 vocab0i| 2|ZX0|C}
« vocabdil 2|3l vectorZ} k|7 TH20|, Xt =AE O{F 1 multilingual, cross-lingual retrieval= HELL.

r&ot7| o1gAl &Lk

ot

« cased HTC| L, LSRE

]

a Antoine Chaffin £ @antoine chaffin - Mar 30 (A e

After the first token issue for NER, | am learning that ModernBERT using a
cased tokenizer might be damaging for sparse models (and static ones as
well | believe) == ==

Can we get rid of tokenizers already?

Qa9 131 Q 37 i 7.3K &

11/ 51



257> Natural Language Processing
& Artificial Intelligence

SPLARE: Learning Retrieval Models with Sparse Autoencoders

Preliminaries

SAEZl?
o LLM U8 SZto| s 2 2ol LLMO| MM 3= representations Al 715t latent features2 Ealjst= IS HE

« SAE= th=35| encoder-decoder= 14 El single hidden layer 22!
SAE Activations

.
.t .
.
B

e L=|x% —x|? Input ‘."'-A.__.Output

« Zt EZ9| hidden stateE encode/decodedtH, Reconstruction Loss = & &

- 0|, activation2 sparsedtA| BHS7| {8l ReLU, Top-K Z2 &4 AL

o O|ZH A &&=l SAEZL Eoi6t activatek|= X212 19t semanticS LIEHH

Encoder ‘ a Decoder
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Motivation

« SAEE=
« mono-semantic (5tLt2| feature?| StLt2| semanticS LIEFH)
- multilingual (feature=0| language-agnostic)
- multimodal (feature=0| modalityE €M 2|0| align=2 EXHZE)

|
=> SAE= LSR Modelso|| 23] fitSHCH

¢}
AIm

Xl
(=)

1[0

7tX|32 QUEH= A0 A AAS S Sl

ol

HEE|
o

|
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Contribution

1. SPLARE: SParse LAtent REtrieval - pre-trained SAESE AIE3610{ LSR RES ItE= MEZ2 HhAl Aot

3. 7B, 2B 27|2] SOTA 4= EO0|= multilingual sparse embedding model 7H&}

14 / 51



257> Natural Language Processing

& Artificial Intelligence

Importance
Estimation

‘l'oke_n-leve_l

- 2l SPLADE

Method

SPLARE: Learning Retrieval Models with Sparse Autoencoders

¢
0 |
g =
-0 I
5 |+
A T 7 4
>~ I
| <
l.m F===== A
g !
3 |+
O
|
| _AI
||||| T
| |
| _‘l
P I
I
! |
Lo =
! I
| _Al
. |
|
| |
||||| A
! I
| <
T T T

MM Heod

Transformer

TOkenIDS

of indonesia  and malw.,sia Lsepl

the [MASKI ##s

are native to

[eLs]  or ‘#’#omg H##uto H##ns

15/ 51



;9. Natural Language Processing
& Artificial Intelligence

liu

SPLARE: Learning Retrieval Models with Sparse Autoencoders

Method

Final SAE Activations (131k)

- SPLARE
dimension-wise max poohng
012 131071 31072 o2 131071 131072
h1 SAE Activations (131k) ||| eeecese h5 SAE Activations (131k)
“.. SAE Encoder 2 eeeeeeeaaa. ., SAE Encoder .’
h1 h2 h3 h4 h5
to24) | ||[c1024) (1024) || |[¢1024) (1024)

bt tf

Transformer Layer

1z
on

Lt= |7F_E1I:H ‘ FOl A
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Method

transformer backbone

terms related to flux and its variations in a scientific con | N /.22
e RIWI \references to electromagnetic components and their interacti | SN 3. 6°
f \ terms related to magnetic fields and their properties | I 314
references to categorization and the relationships between s | [N 2.8°
. = I ) mathematical symbols and structures used in theoretical fram | [N 2.75
I inference
L LN

s

g><...-- ................. !

= [[TN

see LORA~..'
S
tl1 2 3 t4

) O O
{ magnetic flux r [flux magnétiquer ( K& I~

- — J

LSPLARE index (offline)

retrieval
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SPLARE: Learning Retrieval Models with Sparse Autoencoders
Method

* MOde"ng We used the KLDiv because it's one of the recipes that works well for

- EXH layer0ll SAE Z0lM at&

distillation. It worked better than only contrastive in our case, We did

not apply any normalization other than the softmax and tuning the

« SAE Encoder= freezedt XHE 'o;l-ﬁ temperature hyperparam within the KLDiv.

* Training Method

« 2I2 LSR ModelsE &&3}7| 2|8l Contrastive Learnings 2 AF23HX|2t SPLARE &&0i=

Cross Encoder Teacher scoresZ KL Divergence 2 &2%! DistillationS At

« <query, positive, hard_negatives>7} =0{ £l 32, student model (SPLARE)”} O§Z! query®t pos, query2l hn=2| &

At score 22X 7t teacher model (reranker)?t 07! SALE score X E UI2HIIEE St

L=Lg, +A1 LFLOPS + AaLl%Lops

 Inference Time

« T OFX| 20}l Top-K pooling E0tA AFE (query=40, document=400)
18 /51
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Experimental Setup

« Backbone & SAE
« Backbone: Llama-3.1-8B, Gemma-2-2B

« SAE: Llama Scope (AHHSISEl Llamag SAE) // Gemma Scope (A& E Gemma& SAE)

1. Pretrain

« SPLADESE bidirectional attention0| &%t =%t 2tA msmarco HO|E{Z2 Masked Next Token Prediction (MNTP) =&

2. Exp1(Hel SH| &£€)

fujo

ol Ad

or

1. English ¢10{0i| CHsH, msmarco[train] 2 £ & A2 H|

2. 5X: Transformer2| 0l layer0®iA 850] 7Kg Z2%I, SAE2| 0|7 S50l ot JFS Dix[=X] 24

3. Exp2

1. Exp10lA &3t design choice M&3t1, 271 El multilingual data AF23t0{ SOTA multilingual sparse 22! &%

)
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Experimental Setup

Enabling Bidirectional Attention Masked Next Token Prediction
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Experimental Setup

* Exp1
» Dataset: msmarco, HN mine w/ SPLADE-v3

» Teacher: DeBERTa-v3 reranker

 Exp2
« Dataset: bge-multilingual-gemma2 &t& 2[5 AFEEl multilingual dataset (1.3M)
« Msmarco, ng, hotpotqga, zh reteival, miracle, mrtidy s5..

* Teacher: bge-reranker-v2-m3 reranker

* Details
« KLDiv temperature: {1, 10, 20, 40, 50, 80, 100} grid search w/NanoBEIR

« LoORA training

21 /51
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Experimental Setup

* Details

Component Value
LoRA rank r 64
Max training sequence length (english models) 128
Max training sequence length (multilingual models) 512
Epochs 1
Batch size (w/ gradient accumulation) 128
Learning rate 5x107°
Warmup ratio 0.01
Nb negatives per query 8

Ad 0.0001
Ag 0.0001
7 SPLARE - Llama Scope 80

7 SPLARE - Gemma Scope 50

7 SPLADE-Llama 10
Evaluation max context size 1024
Adam Ss 0.9, 0.999

%7 Natural Language Processing
& Artificial Intelligence
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Experimental Setup

« Evaluation
« MTEB, MMTEB retrieval E{A3 CHAIO = T}

 MIRACL (multilingual), XTREME-UP (cross-lingual: X =» EN)
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Results & Analysis — Exp1

Llama vocab2 £ st& (SPLADE-Llama) vs. SAE EO0A ek& (SPLARE)

« RQ1. ™ transformer layerol| A 7%k

MTEB(eng, v2)

(%)
o

o
9y}

S
o

w
wu

S ItHQl sparse vectorE =712

—4— | lama-Scope, |[W| =131k

——o— Gemma-Scope, |W|

Llama-Scope, |W)|

=32k
=65k

10

15 20 25
Layer

30
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Results & Analysis — Exp1

* RQ2. SAE width (&3 At )0 et d50| |0t Hop=71?

———h 50.0 —/._.
50 49.5
o N 49.0
-~ 45 >-.
o 5 48.5
] c
2 L 8.0
@ 40 m
= —4— |Llama-Scope, |W| =131k B 47.5
= 35 Llama-Scope, [W]| =32k = 470 —e— Gemma-2B, Layer 12
——o— Gemma-Scope, |W| =65k 6.5 Gemma-2B, Layer 19
0 5 10 15 20 25 30 10° 10°
Layer SAE width
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Results & Analysis — Exp1

« RQ3. Efficiency-Effectiveness trade-off &4

e 107
50 2 108 SPLADE-Llama
N @ 10° — SPLARE
> 45 -
o S 104
& -
9 40 Y 3
IM-'I 35 0 1072
2
= —e— SPLARE £
=
30 SPLADE-Llama 2
10°
0 50 100 150 200 250 300 350 400 0 20000 40000 60000 80000 100000120000
Top-K document Sorted dimensions
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Results & Analysis — Exp1

* RQ4. & CHE Z2S1 H| WS mie| HiX|0l2 85

English  Multilingual Code Medical Law ChemTEB

English Models

SPLADE-v3 (Lassance et al., 2024) 50.7 38.1 44.5 44.2 40.4 75.6
Lion-SP-8B (Zeng et al., 2025) 48.5 50.0 53.3 54.4 48.5 71.1
SPLADE-Llama 52.9 54.3 57.3 61.0 49.0 75.9
SPLARE 52.9 56.3 55.1 62.9 51.2 70.0
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Results & Analysis — Exp2

1. SPLARE vs. SPLADE-Llama - CI=0{ H|0|E{ =

Jm

IEARS e 9527

English  Multilingual Code Medical Law ChemTEB

Multilingual Models
SPLADE-Llama 58.9 61.7 64.3 67.6 60.7 77.4
SPLARE 59.3 62.3 63.0 67.7 60.8 78.1

Table 2: Multilingual comparison of SPLARE and SPLADE (Top-K = (40, 400)).

indic sca deu fra kor XTREME-UP MIRACL

SPLADE-Llama 919 704 573 65.6 748 56.2 69.9
SPLARE 923 708 571 648 76.0 58.6 71.7
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SPLARE: Learning Retrieval Models with Sparse Autoencoders

Results & Analysis — Exp2

2. JEE3| H|W

English  Multilingual XTREME-UP
Top Open Source models
e5-mistral-7b-instruct (Wang et al., 2024a) 57.6 55.8 -
NV-Embed-v2 (Lee et al., 2025a) 62.8 56.7 -
multilingual-e5-large-instruct (Wang et al., 2024b)  53.5 57.1 18.7
GritLM-7B (Muennighoff et al., 2024) 55.0 58.3 -
SFR-Embedding-Mistral (Meng et al., 2024) 59.3 594 -
Ling-Embed-Mistral (Kim et al., 2024) 60.1 58.7 24.6
gte-Qwen2-7B-instruct (Li et al., 2023b) 58.1 60.1 17.4
voyage-3-large (AL, 2025) 53.5 66.1 39.2
jina-embeddings-v4 (Giinther et al., 2025) 56.2 66.4 -
inf-retriever-v1 (Yang et al., 2025) 64.1 66.5 -
Qwen-3-Embedding-8B (Zhang et al., 2025) 69.4 70.9 -
Commercial models
Cohere-embed-multilingual-v3.0 (Cohere, 2023) 55.7 59.2 -
text-embedding-3-large (OpenAl, 2024) 58.0 593 18.8
gemini-embedding-001 (Lee et al., 2025b) 64.4 67.7 64.3
SPLARE 59.3 62.3 58.6
SPLARE - no-pooling 61.4 63.8 61.4
SPLARE - Top-K = (20, 200) 55.9 59.9 53.8
SPLARE - Top-K = (10, 100) 50.1 56.0 46.5
SPLARE-2B 55.9 59.1 41.6

%7 Natural Language Processing
& Artificial Intelligence
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SPLARE: Learning Retrieval Models with Sparse Autoencoders
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Harness design for long-running
application development

Harness design for long-running
application development

[ 4

i e Harness design is key to performance at the frontier of agentic coding. Here's how
we pushed Claude further in frontend design and long-running autonomous
software engineering.
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1. Ralph mode

Ralph

Ralph is an autonomous Al agent loop that runs Al coding tools (Amp or Claude Code) repeatedly until all PRD items
are complete. Each iteration is a fresh instance with clean context. Memory persists via git history, progress.txt,

and prd.json . 37 /51
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1. Ralph mode
Ralp‘r\ Mode for Deep Agents

9.0
..‘w y

Ralph Loop

TASK
l'Builo( a Pytlr\on coume"
Iteration 1
Iteration 2 OOP to Keep
Iteration 3 beepAge.nt tfle"t Running
Ctrl+C to stop

or max_iters reached \l/
FILESYSTEM
(work persists)
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Harness Engineering

2. Anthropice| =H| X|H

1. Context Anxiety

« Context window?} XIQE4F, REI0| 202 MaotH| 0HR 2|5tz 2

2. Self-Evaluation Bias
o DRIO| XpAe| Zt=E ™It | X|LEX[AH| ZtCHSHK|= oA

« £9| 0|= 2N HE0| 02 C|AI0|LE UX SHO|M FE=E3

%7, Natural Language Processing
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CEE

GANO-"klcl ZHd I-g __I.I.I

1. Generator2} EvaluatorE 2HHsHA| 22|5HA}H !
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e Update(docs/superpowers/specs/2026-03-31-adaptive-rubric-generation-design.md)]j
Added 2 lines, removed 2 lines
123
124 4. Statistical Dimension Selection (2=, LLM OtH ):
125 a. Discriminative power: d_j = |pass_rate(f_j=1) - pass_rate(f_j=0)|
126 b. Redundancy H H : corr(f_j, T k) > 0.B0|% d & & F HA
127 c. Top—K features & (d_j ?|&)

126 + b. Top—K features #1% (d_j 7I& UWE Xe)
127 + (Note: 2/0|% Z % HHE Step 2clM 0[O0 M2 F)

128
129 5. Weight Estimation (2Z, LLM OfH ):
138 wj=dj/EZdj (normalized discriminative power)

s {IEMBSLIC. O =JMNY U24727 2l2H spec BFEHASLICH.
yE BEE® A AU EA HI AE 227 W7D e MAdE SEEE evaluator agent (Opus 4.6)8 288 M HY M HOHEE agentttE system promptE F1 HUMEA #E += AN 7
e B2 OO0y L. SR A2 Opus evaluatorE L 88 M specE 2|5 &AH &ASLC.
® oh-my-claudecode:architect(Independent spec review by evaluator agent) Opus 4.6
Done (5 tool uses - 34.6k tokens : 1m 58s)

(ctri+o to expand)
e Evaluator Agent 2|7 & =

Overall: "Strong core idea, needs surgical simplification."

ey L 2T (Ce-C6 controlled comparison, attention failure framing, same-model design). &t & @ B7tX| weaknessB X H#SLICH. 71 F S2# 2AEE F2&dH:

SA wrIsor B A (S2H)

# XA o=

W2 Dynamic ARG’ under-specifiedSt® S E 4 Cjuyl 7t%] 8B & . 1, L, decay_factor 0| ¥, cross-task Static ARGE main® 2 2 2, Dynamic® preliminary exploration® 2 & -
attributiond| EHH =22 gy 223 SogtuUc. ojay ¥ ST 30% T2

W5 SWE-bench Lites standard refinement loop2l 2 % S . Repo-level taskWl & agentic scaffolding0l SWE-bench ® # , C} & benchmark® 2 & (APPS, CodeContests, £ & LiveCodeBench)

o#g, 213%™ controlled comparisonO| 7§ &

W3 C4 (Generic rubric) o7t 2E. Mo E QHEH (58 07|12, & UEDH A= o Eg C48 "LLMO| generic prompt® 4 4 # rubric (CFA gl0])"22 Fe| - C4 vs (57}
Z CFA2] EE &F % clean test

WE CFA sample model mismatch O 8f & Main experiment¥] M CFAT Opus2 # ¥ . Haiku CFAE ablation2 2

5 runs &7

olo

W7 Irunse BAHAESE 2&. (3/C4/05 & 0|7 HE + 8
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1. Generator®} EvaluatorE 2tHSHA| E2|SHA} I

2. 7= BT MMHE2E ML

» Design quality: Does the design feel like a coherent whole rather than a

collection of parts? Strong work here means the colors, typography, layout,
imagery, and other details combine to create a distinct mood and identity.

Originality: Is there evidence of custom decisions, or is this template layouts,
library defaults, and Al-generated patterns? A human designer should
recognize deliberate creative choices. Unmodified stock components—or
telltale signs of Al generation like purple gradients over white cards—fail here.

Craft: Technical execution: typography hierarchy, spacing consistency, color
harmony, contrast ratios. This is a competence check rather than a creativity
check. Most reasonable implementations do fine here by default; failing
means broken fundamentals.

Functionality: Usability independent of aesthetics. Can users understand
what the interface does, find primary actions, and complete tasks without
guessing?
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4. Case Study1

Frontend A}=2}

* Playwright MCPE AIEdH| A Evaluator Agent7t 2|1 2tHO| HE S2{E1, AT E s{E 1 024 2l

EEIMS 2 2 9l= 312 N2
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4. Case Study1

https://cdn.sanity.io/files/4zrzovbb/website/9877febd34432f7f582aecdO
023b951223605c6a.mp4
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4. Case Study2

Scale-Up: EAEH X1 7|

1. Planner; 2 I=ETEE

3-Agent system

HE AHOZ =

%7, Natural Language Processing
& Artificial Intelligence

2. Generator: A2 HIEFO 2 SILIC| 7|54 281 (Sprint ™EK)

3. Evaluator: Playwright=

Harness

Solo

Full harness

N2 AIESEH HO

Duration

20 min

6 hr

S 9 Bt 2T B O 2

$9

$200
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4. Case Study2

https://www.anthropic.com/engineering/harness-design-long-running-

apps
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Harness Engineering

4. Ablation (Opus 4.6)

« D M50| ZOFX|HA, Sprint 71X (A3 SHLHA sHHSHLIH=
=HE FAIE = A1, O A2 Al 2ol 7HEO| VSRS

* Insight: Evaluatore| M2 IH™El A
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4. Conclusion & Takeaways

Hl As0| £O0RICHLT S A, Harness Engineering®| 7tX|7} 20 == 0] OfL|C},

=]
- 25[2] slid D20 [HE Harness2| iENE M=Z F#=310F SHH, %X 2| Agent Harness
x

o
otS Xh= 70| M Z2SE 27|0|C}.
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Lto| 42}

* Agent Debate 71220 EIO{L} SXH77LX| O] Ralph #1227t RX|=[11 U= SEHOA,

1A = Q35 742 EvaluationO| O}l 77 22

o QM AMHENME ZAEEIU}KX|ZE Evaluation AgentZt HEH It 7| =S 7K 10 JY=X]

« 222 Open Question2 2HHS i
. "228|9| 7|2 Evaluator Agentol| Of"2A| & MEt & = QUSX|” or

« “Evaluator Agent7} 02| YEUEAMISIA| 21Zte] 7|=S rHst ™I} 7| =2 M6l W &~ JASX|"

Aol = 20| 7HK| UX| =77 o= 42
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Meta-Harness: End-to-End Optimization of Model Harnesses

Roshen Nair
Stanford

Yoonho Lee
Stanford

Omar Khattab
MIT

Qizheng Zhang
Stanford

Kangwook Lee
KRAFTON

Chelsea Finn
Stanford

Project page w/ interactive demo: https://yoonholee.com/meta-harness/
Optimized harness: https://github.com/stanford-iris-1lab/meta-harness-tbench2-artifact

Harness Optimizer Search Progress

Meta-Harness

TTT-Discover
OpenEvolve
................................................................... ACE

Best Performance (%)

Zero-shot

I T T T T
o 10 20 30 40

Harness Evaluations

Figure 1: (Left) On text classification, Meta-Harness outperforms the best prior hand-
designed harnesses (ACE) and existing text optimizers (TTT-Discover, OpenEvolve), match-
ing the next-best method’s final accuracy after just 4 evaluations. (Right) On TerminalBench-

TerminalBench-2 Harness Performance

Meta-Harness ] Human—wr.uttfzn
{ours) [ Model-optimized (ours)

37.6 Goose

355 Terminus-KIRA
337
Mini-SWE-
Agent
Terminus-2  Claude
29.8 Code

30 1 28.3

Pass Rate (%)

275

[
w
1

20 -

2, Meta-Harness outperforms all reported Claude Haiku 4.5 harnesses.

Filesystem w/ Mamm ze
All Experience

Ok

Propose
= Harness Code

T

‘b Natural Language Processing
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!&'u

Harness Harness+LLM Tasks
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@ Store all Logs to Filesystem
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