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Overview

We introduce RoToR: which ensures robustness to the order of input contexts by
modifying attention. This is done in a zero-shot manner, by (1) Global Sorting +
Circular Position IDs and (2) Selective Routing for Mixed Inputs, which achieve
SOTA robustness on 3 benchmarks and lower FLOPs v.s. Baselines (PINE)

1. Motivation: positional bias for listwise inputs

2. Limitations of prior works

3. Contributions of RoToR with Selective Routing

4. Experimental results



Motivation: Positional Bias for listwise inputs

- Lost-in-the-Middle (RAG)
- First-choice bias (75%) in LLM-as-a-judge
- MMLU rank shifts by 8 with shuffle

- Need neutral handling for sets, tables,
multiple-choice questions

Liu et al., Lost in the Middle: How Language Models Use Long Contexts
Zheng et al., Judging lim-as-a-judge with mt-bench and chatbot arena.
Alzahrani et la., When Benchmarks are Targets: Revealing the Sensitivity of Large Language Model Leaderboards
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Prior works to enforce invariance for listwise inputs

Which one is red?| Which one is red?
- Self-consistency (swap A/B in A. Apple ange
LLM-as-a-judge, ...) -> Needs N! forwards or . Orange B. Apple )
approximations C. Grape C. Grape
- Attention alteration methods Answer: O | Answer X
- PCW, Set-based Prompting -> A. Apple >
- PINE

Wang et al., Eliminating Position Bias of Language Models: A Mechanistic Approach



Original Model

Example: enforcing invariance via altering self-attention

Key: Given

Query: Given Apple Orange Banana Grape which Is red?

Listwise segments



Original Model

Example: enforcing invariance via altering self-attention

1 2

Key: Given Apple

Query: Given Apple | Orange Banana Grape which Is red?
Listwise segments



Original Model

Example: enforcing invariance via altering self-attention

1 2 3

Key: Given Apple Orange

Query: Given Apple | Orange | Banana Grape which Is red?
—————+———————— Listwise segments




Original Model

Example: enforcing invariance via altering self-attention

1 2 3 4

Key: Given Apple Orange Banana

Query: Given Apple Orange ‘ Banana\ Grape which Is red?

= Listwise segments




Invariant Model

Example: enforcing invariance via altering self-attention

Key: Given

Query: Given Apple Orange Banana Grape which Is red?

Listwise segments



Invariant Model

Example: enforcing invariance via altering self-attention

Causal X, open ALL attention for segments (bidirectional)
1 2 3 4 )

Key: Given  Apple Orange Banana Grape

Query: Given Apple |Orange Banana Grape which Is red?
Listwise segments

10



Invariant Model

Example: enforcing invariance via altering self-attention

Causal X, open ALL attention for segments (bidirectional)
1 2 3 4 )

Key: Given  Apple Orange Banana Grape

Query: Given Apple | Orange Banana Grape Wwhich Is red?
Listwise segments

But, the position of query tokens should be placed last to follow

the causal nature!
1



Invariant Model

Example: enforcing invariance via altering self-attention
- Query token Last

1 2 3 4 S

Key: Given Orange Banana Grape | Apple

Query: Given Apple | Orange Banana Grape Wwhich Is red?
Listwise segments

But, the position of query tokens should be placed last to follow

the causal nature!
12



Invariant Model

Example: enforcing invariance via altering self-attention
- Query token Last

1 2 3 4 S

Key: Given Orange Banana Grape | Apple

Query: Given Apple | Orange Banana Grape Wwhich Is red?
Listwise segments

Also, the order of segments should not depend on the initial

ordering (apple -> orange -> banana) of segments!
13



Invariant Model: PINE's way

Example: enforcing invariance via altering self-attention

- Query token Last
- Order of segments

Key:

Query:

How? compute pairwise attention (relevance) among segments

Given

Given

X X

Orange Banana Grape

| 06 //0-2 0.4

Apple

Orange Banana

without positional ID

independent on initial ordering

Apple

Which

14



Invariant Model: PINE's way

Example: enforcing invariance via altering self-attention

Key:

Query:

1

Given

Given

2

Banana

Re-order segments so that relevant
segment get closer to query segment!

3 4

Grape Orange

| 0.2 /y 0.6

Apple

Orange Banana

- Query token Last
- Order of segments
independent on initial ordering

3

Apple

Which one Is red?

15



Invariant Model: PINE's way

Example: enforcing invariance via altering self-attention

- Query token Last
- Order of segments
independent on initial ordering

X X X

Key: Given Banana Grape Apple | Orange

[

Query: Given Apple | Orange | Banana Which one Is red?

Problem: need to re-calculate pairwise relevance labels for every query tokens

16



Invariant Model: PINE's way

Example: enforcing invariance via altering self-attention

- Query token Last
- Order of segments

independent on initial ordering

X X X

Key: Given Grape Apple Orange | Banana

Query: Given Apple Orange | Banana | Which one Is red?

Problem: need to re-calculate pairwise relevance labels for every query tokens

17



Methodology: Order-invariant causal LMs
- PINE: Bidirectional processing with Q-K similarity

- Has to obtain the same attention representation,
regardless of initial ordering of segments

- Places query IDs last, sorts other segments in a order-invariant way
Self-attention patterns (x = query, y = key) across order-invariant models

Query O } — Position ID of keys K lTleferent (with query)  Simila

IO row aops s nery Ba .n
: segment attentlon E
Banana (B) [ . for invariance. 1
Orange (O) f ?} : .B

|

|

: | |
Emnon oong

Grape (G)

Which one

Lot A [Blo K] G| BB.G.
LSSl A [BlolKk[cha Ao K B)

Causal LM (order-sensitive) 5 PINE

Similar Different

/ N
0.77 0.59
< 075 o0s4
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-> Zero-shot order-invariant LMs have

o ] _ been proposed, but had limitations in two
Limitations of prior works aspects:

1. Training and inference distribution mismatch
- PCW, Set-based prompting: No cross-segment context
- PINE: per-query sort -> O(O(n?) + instability)
- Frequent ID changes cause OOD behavior -> drops its ability $D

- Computationally expensive (per-query KV attention compute)
- Numerical Instability (arising from attention assignment)

Tied values

0.2
0-8-a-
0.2 0.5
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Limitations of prior works

-> Zero-shot order-invariant LMs have

been proposed, but had limitations in two
aspects:

2. Fail to extend to real-life scenarios (order-invariant + order-sensitive)
- Does not consider hybrid cases (e.g., MMLU)
- Cannot mix order-sensitive segments

In 8085 name/names of the 16 bit registers is/are:]

Order sensitive

— A. stack pointer

B. program counter
C. both A and B.

__ D. none of these

Order invariant

— A. stack pointer

B. program counter
C. accumulator

D). microprocessor

20



Methodology: Order-invariant causal LMs

- Solution;: RoToR

- Keep the bidirectional structure, but alter the position assignment in a
simple and stable way!
- Define a single global ordering + circular arrangement

Circular arrangement: Reuse global ordering by allocating them in a circular
way!

- shift global orders so that query token gets last, but relative ordering of
others is maintained

21



RoToR, global ordering + circular arrangement

How? simple Hierarchical Lexical Sorting* of
segments depending on their tokenized IDs

Apple [16, 1] 16 > 12
8§>5>3
Orange [12, 8]
a 12 5 Global
rape 12, 5, 2] order: Apple > Orange > Grape

Banana [12, 3]

>

Banana

* We also experiment with other global sorting methods, such
as reranking-based and fregency-based

22



Invariant Model: RoToR's way

Example: enforcing invariance via altering self-attention

1 2 3 4 S

Key: Given Orange Grape Banana| Apple

Query: Given Apple JOrange Banana Grape which Is red?

Listwise segments

Global
Order:

Apple | Orange Grape Banana Apple | Orange Grape Banana




Invariant Model: RoToR's way

Example: enforcing invariance via altering self-attention

1 2 3 4 S

Given Grape Banana Apple ‘Orange

Key:

Query: Given Apple ‘ Orange ‘ Banana Grape which Is red?
_—— |_iStwise segments

Global
Order:

Apple Orange | Grape Banana Apple Orange | Grape Banana

24



RoToR - Key Contributions

1. Training and inference distribution mismatch

- Stable, order-invariant solution (RoToR)
- Query-agnostic global ordering with minimal positional ID modifications

2. Fail to extend to hybrid cases

- Selective Routing, which switches between original / invariant LMs based on

confidence
Selective Routing

Listwise Input

(e.g., MMLU) - Answer: A Seo | Answer:
A~ RRCUEUE b/ onability: 0.5 + a (0.2) ‘-
C

VELER ALY e [5} Answer: C
(RoToR) Probability: 0.8 / .

R



RoToR v.s. PINE (Schematic)

PINE: query-dependent grid, RoToR: fixed order, rotate per query
-> Stable IDs, zero collisions, less computation
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RoToR v.s. PINE (Schematic)

PINE: query-dependent grid, RoToR: fixed order, rotate per query
-> Stable IDs, zero collisions, less computation

Position Assignment of Key Token ->

Roles: Query 1 2 3 4 5 6 7 8 9 10 1 1 2 3 4 5 6 7 8 9 10 11
Token:
!;(;iz)r: Given T1 Global Ordering:
S AppIeEng | Start
Segment B T3 \J A1, pos SCOrEs on T2 T§1—>T3 T4 s2
Tok an- : :
- N 75 <( T3 T4) T~ X /
-ana : T4: T5
S3 S2 /
S3 Orange : T5': 3 7( S3
- End
which one T6
ismost T7
Suff
Tok related to ' T8
the color T9
red? T10
%?(le,:ated Arltis T11

PINE RoToR



Selective Routing: extend to hybrid cases (e.g., MMLU)

- Compute confidence of Original & RoToR outputs

- Choose higher p + a (a=0.2)

In 8085 name/names of the 16 bit registers is/are: |

[

Order sensitive

A. stack pointer

B. program counter
C. both A and B.

D. none of these

[

A. stack pointer

B. program counter
C. accumulator

D. microprocessor

Selective Routing
Listwise Input

(e.g., MMLU) - Answer: A Seo | Answer:
A~ BCREEEE o obability: 05 + 2 (02) A

NZUERTRY T [I) Answer: C
—_—
(:030)z)0 Probability: 0.8 —
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Experimental Setup

- Benchmarks:
- Lost-in-the-Middle (LitM)
- Knowledge Graph QA (KGQA): Mintaka
- MMLU: selective routing cases
- LongBench: long context scenarios (Appendix)
- Model backbones:
- Llama-3.1-8B/70B
- Qwen-1.5-4/7/72B-Chat
- Metrics: best subspan_em (LitM), EM, F1, Acc. (KGQA), Acc. (MMLU)
- Methods: Original (order-sensitive), PCW, Set-based prompting, PINE, RoToR

29



Model Benchmark | PINE RoToR Reduction
(a) Overhead FLOPs, relative to original model

. . MMLU, N — 4 059x  0.55x 7.6%
Efficiency Gains (over PINE) e 55070, 0% d4six 3iom
“mstruct -y iM, N = 30 243%  15.05x  32.9%

Llama-3.1- KGQA, N = 30 127 094x  26.0%

- Less Computation: 70B-Instruct KGQA, N = 50 1.82x  1.29x 29.0%
Qwenl5-  KGQA, N = 30 045x  001x  98.0%

- Overhead FLOPS l 98 % (728) 72B-Chat KGQA, N =50 0.58x  0.03x 94.8%

(b) End-to-end latency (s)

- Faster: Llama-3.1-  LitM, N = 10 57,352 44,219 22.9%
70B-Instruct  LitM, N = 20 87,091 58,680 32.6%

- E2E Latency | 23-43 % on LitM | ,..5,. MMLUN=4 7371 6608 104%

OB Inomeg LM N =10 18,551 14,264 23.1%

- Red uces OOD- LitM, N = 30 41,664 23,569 43.4%

(c) Perplexity & Collision rate, (on LitM)

- Perplexity |; collision rate 0 % Llama-3.1-  Perplexity (N =20) | 691 665 _
8B-Instruct  Collision rate (N = 30) | 42.3% 0 (None) -

Table 4: Unified efficiency comparison of ROTOR
vs. PINE, reporting (a) Additional FLOPs, (b) Latency,
and (c) Perplexity & Collision rate. Columns list each
metric for PINE and RoToR, and the relative reducti?)oon.
Yellow rows separate sub-sections.



Results: Lost-in-the Middle (LitM)

Performance with ndoc=10

Performance with ndoc=20

Performance with ndoc=30

65.0 65.0 8507
62.5 62.5 62.5 4
g 61.2% = 60.9% 60.7%  60.7% 60.8%  60.8% 60.7% 60
*r——e ® ® ® . 2 J
.0 1 60.0 60.0 > oas = o =
60.0 T b o * -9 . ® —e
o o * v ] ———
€ 57.5 g 57.5 - 25751 % @ T ————e ®
g 55.0 1 E 55.0 E 55.0
52.5 1 . wIg 52.5 52'5 J
—e— pine \
50.0 A
—8— ours 50.0 50.0
~&— ours-reversed
47.5 A
—— ours-monot5 47.5 475
0 2 4 6 8 0.0 2.5 5.0 7.5 10.0 125 15.0 175 0 5 10 15 20 25 30
Gold Index Gold Index Gold Index

- Original Model fluctuates performance
- Ours (RoToR): maintains stable & higher performance than other
order-invariant models

31
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Results:
Lost-in-the

Middle
(LitM)

- Full results

Total ndoc (segments) 10 20 30

Gold idx at: o 4 9]0 4 9 14 190 4 9 14 19 24 29
Llama-3.1-8B-Instruct

Original 547 530 502|548 526 528 524 510|556 515 524 528 521 523 530
PCW 124 119 122 |37 40 40 40 39|23 18 20 20 21 20 20
Set-Based Prompting | 42.5 42.5 425|263 263 263 263 263|141 141 141 141 141 141 141
PINE 58.6 588 59.0 | 562 557 555 557 555|542 548 543 537 548 542 540
ROTOR-lexical 614 61.6 61.6 | 614 598 59.6 59.6 59.8 592 59.5 594 59.1 59.0 59.3 59.1
ROTOR-reversed lexical | 61.6 61.8 61.8 | 58.9 593 588 586 587|579 582 579 574 579 576 575
ROTOR-MonoT5 612 614 612|609 610 612 612 612|609 60.7 60.7 60.7 60.8 60.8 60.7
ROTOR-Freq. 61.0 61.1 61.1|604 603 586 602 600|593 604 597 59.5 59.5 59.6 59.2
Qwen1.5-4B-Chat

Original 61.3 548 53.1[59.5 49.1 479 459 483|568 456 449 446 453 435 483
PINE 572 574 570 | 48.6 482 482 481 489 (464 459 467 466 464 464 463
ROTOR 58.5 584 58.1|49.9 49.7 49.6 498 499 [44.6 448 447 447 449 448 447
ROTOR-MonoT5 589 585 587|522 521 521 522 526|506 507 505 50.6 50.5 50.6 504
ROTOR-Freq. 56.7 569 569|519 515 518 51.6 524|468 467 467 464 470 468 46.6
Qwen1.5-7B-Chat

Original 725 633 629|725 585 561 560 582731 586 558 533 532 525 575
PINE 654 655 663 |59.1 594 59.1 586 592|580 553 557 563 551 558 56.1
ROTOR 68.6 687 68.6 | 62.6 629 627 630 627|570 573 59.7 574 573 628 57.0
ROTOR-MonoT5 688 69.4 69.0 | 652 655 650 649 650 |62.6 628 629 627 629 628 625
ROTOR-Freq. 682 684 684|626 629 628 627 623|595 598 59.7 59.6 59.7 59.7 59.7
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Results: KGQA

- Top-30 and Top-50 knowledge triples per query

- Test before / after shuffling segments to see robustness

- RoToR obtains lower stdev (better stability) + higher performance than PINE
- Trend persists for > 70B model variants

| Llama-3.1-8B-Instruct \ Qwenl.5-4B-Chat | Qwenl1.5-7B-Chat

| N=30 | N =50 | N=30 | N=50 | N=30 | N=50
Method | Acc. EM Fl |Acc. EM Fl |Acc. EM Fl |Acc. EM Fl |Acc. EM Fl |Acc. EM Fl
Initial, no shuffling of segments
Original 502 440 519500 440 517307 279 349|316 286 358|315 278 354|317 280 357
PINE 515 450 526|516 451 526|316 287 356|316 288 353|323 288 364|320 285 359
RoToR 53.1 465 541|529 460 536|320 290 357|327 296 362|343 298 377|343 301 380

RoToR-MonoT5 | 51.6 45.0 525|524 454 528|323 29.1 36.2|323 293 359|329 284 363|329 289 36.6
RoToR-Freq. 52.6 46.1 537|531 464 537|323 292 360|323 292 359|337 295 372|335 295 372

After shuffling segments, averaged over 3 seeds

Original 49.5 433 51.0 | 497 435 51.0|30.1 275 347|303 276 350|314 273 350|316 279 355
—stdev. (£) | 007 014 017 | 034 028 046 | 041 034 043 | 026 024 035| 026 028 029 | 040 056 042
PINE 51.8 452 528|518 453 527|315 287 356|315 287 353|323 288 357|317 282|357
—stdev. (£) | 005 007 016 | 015 016 019 | 020 018 013 | 017 020 021 | 017 020 013 | 018 0.16 |0.14
RoToR 52.8 46.2 53.8 | 527 459 535|318 288 355|325 296 36.1 | 342 299 37.7 342 301 |38.0
—>stdev. (£) | 005 005 002 | 005 009 004| 005 002 009 | 011 006 009| 009 007 006 | 006 005 0.04
RoToR-MonoT5 | 51.6 450 52.6 | 522 452 528|324 292 363|323 294 359|330 288 365|328 288 365
—stdev. (£) | 012 006 010 | 016 0.8 018 | 004 002 013 | 016 0.I3 007 | 012 009 007 | 016 009 0.07
RoToR-Freq. 525 459 535|531 464 537|323 293 360|324 293 361|338 29.6 374|337 296 374
—>stdev. (£) | 010 015 011 | 002 007 003| 013 016 009 | 009 004 006| 004 000 009 | 004 0.16 022




Results: MMLU (selective routing)

Llama-3.1-8B-Instruct Qwenl.5-4B-Chat Qwenl.5-7B-Chat
Method Init. Revw. Avg. Init. Rev. Avg. Init. Rev. Avg.
Orig. 683 648 655+10 536 519 526+06|60.1 56.6 58.6+0.9
PCW 57.0 551 56.1+1.1 - -
Set-Based Prompting | 31.1 33.0 31.6+£0.8 - -
PINE 648 633 63.6+07 505 493 494+05|570 544 558+09
RoToR 632 626 628407 |49.6 477 483+0.7 | 565 558 562+0.6
— +S.R. 685 651 657+09 537 518 526+0.6 | 60.1 574 58.8+0.7
RoToR - MonoT5 642 629 635+05|49.7 476 487+0.7 |562 544 555+0.7
— +S.R. 684 652 658+09 538 519 526406 60.1 573 58.7+0.8
RoToR - Freq. 643 63.6 63.8+06|499 476 487+05|564 547 557+0.7
— +S.R. 68.5 653 658108 | 537 523 526406 | 60.0 573 58.6+0.8
RoToR + S.R. (Oracle) | 750 719 727+1.0 | 61.8 60.1 61.1+£1.0| 68.1 662 67.2+0.7

- Order-invariant models fail (than the original model) with single use (expected)
- Selective Routing shows improved performance and stability across input
re-orderings

- High S.R. (Oracle) value indicates high potential for further accuracy gains by
optimizing choices on routing methods



Summary

We propose RoToR: a simple,
effective order-invariant LM that..
- Can be applied to any zero-shot
decoder-only model (with RoPE)

Code Paper

- Global sort + circular IDs mitigate
positional bias

- Selective Routing enables practical use
- Paper: https://arxiv.org/pdf/2502.08662
- Code: github.com/soyoung97/RoToR Thank you!
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Appendix



Appendix: computational overhead

PINE requires two additional operations:
(1) computing attention scores without rotary po-
sition embeddings (O(n?d)) and (2) sorting k seg-
ments for each query token (O(nklog k)), total-
ing O(n?d + nklog k) (Wang et al., 2024)*.

our lexicographical sorting requires only
a single global sort of k segments (O(klogk)),
each with length O(n), achieving O(nklogk)
and eliminating the expensive O(n?d) term en-
tirely. This can be further optimized to O(nk)
using radix sort.’
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Appendix: Example Input/Output

lost in the middle

Prefix:
<lbegin_of_textl><Istart_header_idI>system<lend_header_idI>

You are a helpful, respectful and honest assistant. Always answer as helpfully as possible, while
being safe. Please ensure that your responses are socially unbiased and positive in nature. If a
question does not make any sense, or is not factually coherent, explain why instead of answering
something not correct. If you don’t know the answer to a question, please don’t share false
information.<leot_idI><Istart_header_idlI>user<lend_header_idl>

Write a high-quality answer for the given question using only the provided search results (some of
which might be irrelevant).

Parallel texts:
Document [1](Title: List of Nobel laureates in Physics) The first ...

Document [10](Title: Nobel Prize in Chemistry) on December 10, the ...
Suffix:

Question: who got the first nobel prize in physics<leot_idI><Istart_header_id|>assistant
<lend_header_idl>

Figure 7: Example input for the lost in the middle dataset.
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Appendix: Example Input/Output

Prefix:
<Ibegin_of_textI><Istart_header_idl>system<lend_header_idl>

Below are the facts in the form of the triple meaningful to answer the question. Answer the given
question in a JSON format, such as "Answer": "xxx". Only output the JSON, do NOT say any
word or explain.

<leot_idI><lIstart_header_idI>user<lend_header_idl>

Parallel texts:

(Super Bowl XLII, winner, New York Giants)

(Super Bowl XLII, participating team, New York Giants)
(Super Bowl XLII, point in time, time: +2008-02-03)
(Super Bowl XLII, followed by, Super Bowl XLIII)
(Super Bowl XLII, location, State Farm Stadium)

(Super Bowl XLII, sport, American football)
(Super Bowl XLII, instance of, Super Bowl)

Suffix:
Question: which team did the super bowl xlii mvp play for?, Answer: <leot_idI><Istart_header_idl>
assistant <lend_header_idI>

Gold Answer(s):
(‘NYG’, ‘Giants’, ‘NY Giants’, ‘New York Giants’)

Example generated output:
{"Answer": "New York Giants"} (Parsed to: New York Giants)

Figure 10: Example input for the Mintaka dataset.
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Appendix: Example Input/Output

MMLU

Prefix:
The following are multiple choice questions (with answers) about moral disputes.

Norcross agrees that if a being is incapable of moral reasoning, at even the most basic level, then it
cannot be

Parallel texts:

A. a being of value.

B. an object of moral sympathy.
C. a moral agent.

D. a moral patient.

Suffix:
Answer:

Figure 11: Example input for the MMLU benchmark.
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Appendix: LongBench-2WikiMultiHopQA

| Llama 3.1-8B-Instruct | Qwen 1.5-7B-Chat
Order Method | 04k 4-8k 8k+ Total | 0-4k 4-8k 8k+ Total
Count | 25 131 144 300 | 23 121 156 300

Initial Orig. 483 56.8 34.0 45.1 | 656 479 267 382
(e.g., PINE 51.0 476 - - |702 451 - =
1,2,3,4,5) RoToR | 59.0 527 41.8 48.0 | 757 47.8 31.0 41.2

Reversed  Orig. 57.0 51.5 390 46.0 | 534 433 34.2 393
(e.g., PINE 43.0 498 - - | 641 489 - -
5,43,2,1) RoToR | 59.0 52.0 41.0 47.3 | 72.8 47.6 30.8 40.8

Center flip Orig. | 47.0 47.7 356 41.8 | 61.0 40.6 327 38.1
(e.g.. PINE |463 492 - - [702 435 - -
32.154) RoToR | 59.0 525 415 47.8 | 771 47.3 309 410

Table 9: F1 scores (%) on LONGBENCH-2WikiMultihopQA with ~10k-token contexts. “Count” is the number of
examples per length bucket; “— denotes out-of-memory.



Appendix: Selective Routing ratio

Table 11: Selection ratio (%) of the RoToR variant under SR. Higher values indicate more frequent routing to

RoToR.

Llama-3.1-8B-Instr.

Qwenl.5-4B-Chat

Qwenl.5-7B-Chat

Sorting Init. Rev. Avg. Init. Rev.  Avg. Init. Rev. Avg.

Lexical 7.0 85 7308 59 62 6.24+04 103 106 9.940.6
MonoT5 69 7.6 6.7£1.5 8.0 125 9.84+2.1 10.7 109 10.7+£0.7
Freq. 64 6.7 69+05 85 109 94+1.6 10.7 11.1 11.1+0.8
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