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THE METHOD IN ONE TRACE BETTER EYES, OR A BETTER DIRECTOR?

: Swap the actively driven VLM for a precomputed
Reasoner-LM (writes Python) Perceiver (VLM) OCR channel (page text + figure captions + search).
_ ks Ll Same reasoner, REPL, and text interface. It falls to
[1. Survey 10 candidate pages [ i
i per-page summaries
in one batched call

14.7%, the study floor, with 0/10 in all 8 trials on
M ;ll layout-bound categories (drawings, maps). What col-
lapses is not perception but agency over it: question-

2. Locate via a table-of-
contents pointer

—h—[“the table is on p. 76” ! . .
1 1 chap D286 70|01 181 blind reading cannot replace directed looks.
1e cropped chart

band the agent re-read crop & zoom
(the Fiscal 2025 bar
—h—[ 2,287.07 / $238.19 ] is clipped off the top) 278 32.8 37.2 41.9
g = seza ) +3.1 +6.2 +5.8

T’T’

[3. Read page 76 (full page)

4. Distrust & verify: crop to $978.42 / $190~b57

Reasoner (drives the REPL)

[the chart and re-read (disagrees!) % 194'44 183'89 254'23
i

g . . ™\

5. Adjudicate: re-read top & |, [$2 287.07 / $238.19 v 4B 14.2 17.3 21.1

bottom halves separately

L ) +3.8 +1.6 +3.2

(r6' ComPUte in Python ) - * Perceiver (VLM behirgmc? the perception call) °e

(arithmetic the VLM cannot : Ay T 3

do): # Fig. 3. Reasoner x VLM matrix (val ANLS). Across a row

3%1‘ %78_/238 ) = S DLEWUIHL (to 27B eyes) +6—-9 pts; down a column (better reasoner) +21.

e ’ A 27B reasoner with 4B eyes (32.8) beats the reverse (21.1).

Fig. 1. Perceive—Reason—Code on a 181-page report. The reasoner-LM writes Python that calls the Perceiver (VLM) on _ .

regions it chooses: it surveys pages, locates the table, distrusts a full-page read, re-reads a tighter crop that disagrees, ADVANTAGE TRACKS VISUAL DENSITY
adjudicates, and computes the answer in Python — finding across pages and reading within one. The crop-verify catches
a wrong number a single read would have submitted. The advantage tracks visual density

engineering drawing +36

ABSTRACT THE RESULT pusiness reper

DocVQA (Mathew et al., 2021) asks a model to nfographic

_ System (held-out test) Score comics
answer questions over documents from a one-page science poster
infographic to a 281-page report. General VLMs Qwen 3.5 27B (ours) — tuned 43.8% maps
read pages at fixed resolution and miss fine detail Qwen 3.5 27B (ours) — general 39.4% science paper
on dense ones. We give a code-capable model Gemini 3 Pro 37.5% siide
(Qwen 3.5 27B) a Python REPL and one percep- GPT-5.2 35.0% 0o 5 Mo ;5 0w B o B
tiop primitivg —an on.—demand VLM call it invokes Gemini 3 Flash 33 8%, Fig. 4. Advantage over ReAct (Yao et al., 2023) by cat-
o e M wa e o ihe 0. | | GPT-5 Mini 22.5% egory. Largest on dense pages — engineering cravings
DAR 2026 DocVQA challenge (8-35B tier), ahead of Eua:::nzzt?ret::trewzr:r:::r t:;‘::z:e;n%jz\?ziz- T.::.e (+36), business report_s (+30), infographics (+19) — small-
the far larger Gemini 3 Pro and GPT-5.2. Ablations y PECITIC \ est on text-linear ones: science papers (+4), slides (+1). |
. .. prompts + OCR/search (43.8%); the general method here
show the lift comes Jointly from the REPL and the strips those and still clears the frontier. Specializing b
perception call; the trajectory format is a free choice, Ps T | L - pecidiizing buys 4 : L. _
and a general sub-agent or added OCR even costs | (W Points; generalizing gives them back. , actaifnneeree“a:::\llq C:Zt:‘ ﬁzlr:ial_VpLel\;ICizﬂo(rLI1SBa Srfeg'g/”ga)"f
accuracy. Perception Is the bindi.ng constraint — unconétrained recm?rsion can be ruinously expgnsivé
e o oo aceu, | | Qen 35 278 as reasoner and VLM, DocVQA- | | Borchmann ot al 2026) More sicps mark a har
racy twice as much as scal-ing the %/LM 2026 val (25 docs / 80 Q), 8 trials, ANLS. Remove document, not a better answer. Cheap OCR retrieval
' ' )| one part at a time: or a smaller VLM behind the call are open efficiency
with Sub-VLM o sub-VLM levers,
Documents are hard along several axes at once: with REPL 41.9% 20 39, And a floor: the harness amplifies a strong-enough
. Across pages — up to 281 pages; the evidence U1l method display() only coder (31B Gemma: +15 pts over ReAct) but can-
must first be found among them. without REPL 57 20y, 50 99, |r;0t rescue one too weak to code (Gemma E4B col-
- Within a page — a page can be large (high- ReAct raw multi-image g pses). )
r.esolutlon) and dense (cr.owc!ed.wﬂh Iabg s, cells, Both halves are essential — drop either and the
ines), so the answer region is tiny relative to the score falls to the low-20s. Enrichments don’t help: The REPL is a symbolic substrate for a neural
page. _ a general sub-agent costs points (36.7%), the trajec- model — a medium to hold, compose, and compute
Hand a VLM all pages at once and it reads each tory format is a wash (39.5% vs. 41.9%), and OCR + what its context cannot. That code helps at test time
at fixed resolution with a fixed slice of attention — search on top costs accuracy (36.6%): misparsed is established. The open question: could the sym-
fine on a sparse page, but on a large, dense one it pages arrive as confident text and crowd out the ver- bolic substrate become part of the model itself —
cannot resolve the answer. The task is both finding ifying look. woven into how it learns and computes, not bolted on
\ the right page and reading the right region on it. ) Three clean tiers at inference?
e The signal is there. Over 8 trials the right answer
Give a code-capable model a persistent REPL and s oo e :isai)els g;gg uf;g(gj ﬁn?;tiigg e_(o;azc;%gﬁ]stsg(fs )ablg;i:
one perception primitive — an on-demand VLM call React(no RERL | . _
on any region of any page — and let it direct per- e o e ing procedure could capture.
ception (Fig. 1): Competition prompt (no scafol) | — b P v—
- Perceive — a VLM call on a chosen crop. e P | e | Full technical write-up
- Reason — in language, in the transcript. _ e R | o
. Code — act in Python: observations flow back in. I.=|g.. 2. Three clean tiers: REPL + perception (~36—42%), b?.rlsdenlz .is-a.dev
_ _ missing one half (21-27%), OCR-only floor (15%). github.com/bdsaglam/docvga
Builds on Recursive Language Models (Zhang et al., N / ' 3
2025), CodeAct (Wang et al., 2024), and visual pro- THE ADVANTAGE GROWS WITH LENGTH L )
gramming (Gupta & Kembhavi, 2023; Suris et al., On short MP-DocVQA (<20 pages) RLM leads
. 2023) ) the raw mUIti'image baseline by N4 PtS, on |0n9 Zhang, A.L., Kraska, T., Khattab, O. (2025). Recursive Language Models.
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Wang, X. et al. (2024). Executable Code Actions Elicit Better LLM Agents (CodeAct).

stays flat across both — it navigates the document ICML.

. . . T ” . Yao, S. et al. (2023). ReAct: Synergizing Reasoning and Acting in LMs. ICLR.
oWhlle thoe base“_ne S Unknown ra_'te CllmbS from Gupta, T., Kembhavi, A. (2023). Visual Programming (VisProg). CVPR.
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get. On moderate DOCVQA-2026 the edge comes Borchmann, t. et al. (2026). Strategic Navigation or Stochastic Search? (MADQA).
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